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Welcome to this special issue. Advanced computing tech-
nologies are one of the hot research fields in artificial
intelligence. This special issue aims to promote the research,
development, and applications of advanced computing tech-
nologies by providing a high-level international forum for
researchers and practitioners to exchange research results and
share development experiences. The papers in this edition
were selected among the highest rated papers in submitted
manuscripts. The selection of papers featured here covers
the topics of the main advanced computing technologies and
experimental studies of some application systems.

C.-W. Lin et al. proposed a privacy-preserving data
mining method by using a compact prelarge GA-based
algorithm to delete transactions for hiding sensitive itemsets.
Thismethod solves the limitations of the evolutionary process
by adopting both the compact GA-based mechanism and
the prelarge concept. A. Adam et al. build a framework for
peak detection on EEG signals in time domain analysis using
feature selection and classifier parameters estimation based
on particle swarm optimization. The proposed framework
tries to find the best combination for all the available features
that offers good peak detection and a high classification
rate from the results in the conducted experiments. Y. Pei
et al. propose a method to establish a human model in
high dimensional search space by kernel classification for
enhancing interactive evolutionary computation search. N.
Sulaiman et al. propose a modified artificial bee colony
algorithm to enhance the convergence speed and improve

the ability of the standard artificial bee colony algorithm
to reach the global optimum by balancing the exploration
and exploitation processes. This method was tested on the
reactive power optimization problem and has outperformed
other compared algorithms. Aiming at solving the biased
feature selection in random forests, T. T. Nguyen et al.
propose a modified random forests algorithm to select good
features in learning random forests for high dimensional
data. L. Li et al. put forward a prediction model based on
membrane computing optimization algorithm for chaos time
series; the model optimizes simultaneously the parameters of
phase space reconstruction and least squares support vector
machine by using membrane computing optimization algo-
rithm. M. R. Al-Othman et al. propose a heuristic ranking
approach on capacity benefit margin (CBM) determination
using Pareto-based evolutionary programming technique.
This paper introduces a novel multiobjective approach for
CBM assessment taking into account tie-line reliability of
interconnected systems and presents a new Pareto-based
evolutionary programming (EP) technique used to perform
a simultaneous determination of CBM for all areas of the
interconnected system.

In order to build a QoS-aware bufferless network-on-
chip scheme for datacenters, J. Fang et al. propose QBLESS, a
QoS-aware bufferless NoC scheme for datacenters. QBLESS
consists of two components: a routing mechanism (QBLESS-
R) that can substantially reduce flit deflection for high-
priority applications and a congestion-control mechanism

Hindawi Publishing Corporation
e Scientific World Journal
Volume 2015, Article ID 239723, 2 pages
http://dx.doi.org/10.1155/2015/239723

http://dx.doi.org/10.1155/2015/239723


2 The Scientific World Journal

(QBLESS-CC) that guarantees performance for high-priority
applications and improves overall system throughput. S.
K. Chandrasekaran et al. propose a framework of primary
path reservation admission control protocol, which achieves
improved QoS by making use of backup route combined
with resource reservation. In this paper, a network topology
has been simulated and the present approach proves to be a
mechanism that admits the session effectively. V.Uc-Cetina et
al. propose a Markov decision process model for solving the
web service composition problem. Iterative policy evaluation,
value iteration, and policy iteration algorithms are used to
experimentally validate the present approach. S. U. Rehman
and A. Nadeem propose a novel approach to the testing of
multiagent systems based on Prometheus design artifacts. In
the proposed approach, different interactions between the
agent and actors are considered to test the multiagent system.
M. Bal et al. study 11 machine learning methods (SVM,
MLP, C4.5, etc.) for the inference mechanism of medical
decision support system based on ALARM network. The
performances of 11 machine learning algorithms are tested on
44 synthetic data sets (11 different dependent variables and 4
different dataset sizes).The comparison of algorithms applied
two different tests (statistically difference and average rank
tests). C4.5 decision tree is the best algorithm according to
both of the tests for our 44 datasets.The datasets havingmore
samples can be better predicted than having fewer samples.

A comparative study on interaction of form and motion
processing streams by applying two different classifiers in
mechanism for recognition of biological movement is pro-
posed by B. Yousefi and C. K. Loo. The presented approach
has addressed a very substantial interrelevant comparison
of the interaction of two processing streams of mammalian
brain visual system. For mining data streams, A. O. Dı́az et
al. present a fast adapting ensemble method which adapts
very quickly to both abrupt and gradual concept drifts,
and the method has been specifically designed to deal with
recurring concepts. After initializing color image by utilizing
the unsupervisedOrchard and Bouman clustering technique,
D. Khattab et al. present a comparative study using different
color spaces to evaluate the performance of color image
segmentation using the automatic GrabCut technique. M.-
L. Huang et al. combine feature selection and SVM recursive
feature elimination to investigate the classification accuracy
of multiclass problems for Dermatology and Zoo databases.
Meanwhile, Taguchi’s method was jointly combined with
SVM classifier in order to optimize parameters to increase
classification accuracy for multiclass classification.

For image compression, N. A. Abu and F. Ernawan
propose a psychovisual threshold on the large discrete cosine
transform (DCT) image block which will be used to auto-
matically generate the much needed quantization tables. G.
C. Kim proposes a fully autonomous feature selection and
camouflaged object detection method based on the online
analysis of spectral and spatial features.

Z.Wang et al. point out that spectral clustering algorithms
applied in community detection have two inadequacies and
present a novel community detection algorithm based on
topology potential and spectral clustering that contains rich
structural information of the network. A. Rodan et al. utilize

an ensemble of multilayer perceptrons whose training is
obtained using negative correlation learning for predicting
customer churn in a telecommunication company. S. Chen
et al. describe a hybrid approach for forecasting fraudulent
financial statements. The authors firstly screen the important
variables using the stepwise regression and then use logistic
regression, support vector machine, and decision tree to
construct the classification models to make a comparison.

J. D. Gazzano et al. propose a complete grid infras-
tructure for distributed high-performance computing based
on dynamically reconfigurable FPGAs. This infrastructure
was tested and significant performance gains have been
achieved. P systems are a class of distributed parallel com-
puting models, H. Peng et al. present a novel clustering
algorithm, which is inspired from mechanism of a tissue-
like P system with a loop structure of cells, called membrane
clustering algorithm. Q. Luo et al. propose a discrete bat
algorithm (DBA) for optimal problem of permutation flow
shop scheduling. The authors construct a direct relationship
between the job sequence and the vector of individuals in
DBA.
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Random forests (RFs) have been widely used as a powerful classificationmethod. However, with the randomization in both bagging
samples and feature selection, the trees in the forest tend to select uninformative features for node splitting. This makes RFs
have poor accuracy when working with high-dimensional data. Besides that, RFs have bias in the feature selection process where
multivalued features are favored. Aiming at debiasing feature selection in RFs, we propose a new RF algorithm, called xRF, to select
good features in learning RFs for high-dimensional data. We first remove the uninformative features using 𝑝-value assessment,
and the subset of unbiased features is then selected based on some statistical measures. This feature subset is then partitioned into
two subsets. A feature weighting sampling technique is used to sample features from these two subsets for building trees. This
approach enables one to generate more accurate trees, while allowing one to reduce dimensionality and the amount of data needed
for learning RFs. An extensive set of experiments has been conducted on 47 high-dimensional real-world datasets including image
datasets. The experimental results have shown that RFs with the proposed approach outperformed the existing random forests in
increasing the accuracy and the AUC measures.

1. Introduction

Random forests (RFs) [1] are a nonparametric method that
builds an ensemble model of decision trees from random
subsets of features and bagged samples of the training data.

RFs have shown excellent performance for both clas-
sification and regression problems. RF model works well
even when predictive features contain irrelevant features
(or noise); it can be used when the number of features is
much larger than the number of samples. However, with
randomizingmechanism in both bagging samples and feature
selection, RFs could give poor accuracy when applied to high
dimensional data. The main cause is that, in the process of
growing a tree from the bagged sample data, the subspace
of features randomly sampled from thousands of features to

split a node of the tree is often dominated by uninformative
features (or noise), and the tree grown from such bagged
subspace of features will have a low accuracy in prediction
which affects the final prediction of the RFs. Furthermore,
Breiman et al. noted that feature selection is biased in the
classification and regression tree (CART) model because it is
based on an information criteria, called multivalue problem
[2]. It tends in favor of features containingmore values, even if
these features have lower importance than other ones or have
no relationship with the response feature (i.e., containing
less missing values, many categorical or distinct numerical
values) [3, 4].

In this paper, we propose a new random forests algo-
rithm using an unbiased feature sampling method to build
a good subspace of unbiased features for growing trees.
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We first use random forests to measure the importance of
features and produce raw feature importance scores. Then,
we apply a statistical Wilcoxon rank-sum test to separate
informative features from the uninformative ones. This is
done by neglecting all uninformative features by defining
threshold 𝜃; for instance, 𝜃 = 0.05. Second, we use the Chi-
square statistic test (𝜒2) to compute the related scores of
each feature to the response feature. We then partition the
set of the remaining informative features into two subsets,
one containing highly informative features and the other
one containing weak informative features. We independently
sample features from the two subsets and merge them
together to get a new subspace of features, which is used
for splitting the data at nodes. Since the subspace always
contains highly informative features which can guarantee a
better split at a node, this feature sampling method enables
avoiding selecting biased features and generates trees from
bagged sample data with higher accuracy. This sampling
method also is used for dimensionality reduction, the amount
of data needed for training the random forests model.
Our experimental results have shown that random forests
with this weighting feature selection technique outperformed
recently the proposed random forests in increasing of the
prediction accuracy; we also applied the new approach
on microarray and image data and achieved outstanding
results.

The structure of this paper is organized as follows.
In Section 2, we give a brief summary of related works.
In Section 3 we give a brief summary of random forests
and measurement of feature importance score. Section 4
describes our newproposed algorithmusing unbiased feature
selection. Section 5 provides the experimental results, evalu-
ations, and comparisons. Section 6 gives our conclusions.

2. Related Works

Random forests are an ensemble approach to make classifi-
cation decisions by voting the results of individual decision
trees. An ensemble learner with excellent generalization
accuracy has two properties, high accuracy of each compo-
nent learner and high diversity in component learners [5].
Unlike other ensemble methods such as bagging [1] and
boosting [6, 7], which create basic classifiers from random
samples of the training data, the random forest approach
creates the basic classifiers from randomly selected subspaces
of data [8, 9]. The randomly selected subspaces increase
the diversity of basic classifiers learnt by a decision tree
algorithm.

Feature importance is the importancemeasure of features
in the feature selection process [1, 10–14]. In RF frameworks,
the most commonly used score of importance of a given
feature is the mean error of a tree in the forest when the
observed values of this feature are randomly permuted in
the out-of-bag samples. Feature selection is an important step
to obtain good performance for an RF model, especially in
dealing with high dimensional data problems.

For feature weighting techniques, recently Xu et al. [13]
proposed an improved RF method which uses a novel fea-
ture weighting method for subspace selection and therefore

enhances classification performance on high dimensional
data. The weights of feature were calculated by information
gain ratio or 𝜒2-test; Ye et al. [14] then used these weights
to propose a stratified sampling method to select feature
subspaces for RF in classification problems. Chen et al.
[15] used a stratified idea to propose a new clustering
method. However, implementation of the random forest
model suggested by Ye et al. is based on a binary classification
setting, and it uses linear discriminant analysis as the splitting
criteria. This stratified RF model is not efficient on high
dimensional datasets with multiple classes. With the same
way for solving two-class problem, Amaratunga et al. [16]
presented a feature weighting method for subspace sampling
to deal with microarray data, the 𝑡-test of variance analysis
is used to compute weights for the features. Genuer et al.
[12] proposed a strategy involving a ranking of explanatory
features using the RFs score weights of importance and a
stepwise ascending feature introduction strategy. Deng and
Runger [17] proposed a guided regularized RF (GRRF),
in which weights of importance scores from an ordinary
random forest (RF) are used to guide the feature selection
process. They found that the regularized least subset selected
by their GRRF with minimal regularization ensures better
accuracy than the complete feature set. However, regular
RF was used as a classifier due to the fact that regularized
RF may have higher variance than RF because the trees are
correlated.

Several methods have been proposed to correct bias of
importance measures in the feature selection process in RFs
to improve the prediction accuracy [18–21]. These methods
intend to avoid selecting an uninformative feature for node
splitting in decision trees. Although the methods of this kind
were well investigated and can be used to address the high
dimensional problem, there are still some unsolved problems,
such as the need to specify in advance the probability
distributions, as well as the fact that they struggle when
applied to large high dimensional data.

In summary, in the reviewed approaches, the gain at
higher levels of the tree is weighted differently than the gain
at lower levels of the tree. In fact, at lower levels of the tree,
the gain is reduced because of the effect of splits on different
features at higher levels of the tree. That affects the final
prediction performance of RFs model. To remedy this, in
this paper we propose a new method for unbiased feature
subsets selection in high dimensional space to build RFs. Our
approach differs from previous approaches in the techniques
used to partition a subset of features. All uninformative
features (considered as noise) are removed from the system
and the best feature set, which is highly related to the response
feature, is found using a statistical method. The proposed
samplingmethod always provides enough highly informative
features for the subspace feature at any levels of the decision
trees. For the case of growing an RF model on data without
noise, we used in-bagmeasures.This is a different importance
score of features, which requires less computational time
compared to the measures used by others. Our experimental
results showed that our approach outperformed recently the
proposed RF methods.
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input: L = {(𝑋
𝑖
, 𝑌
𝑖
)
𝑁

𝑖=1
| 𝑋 ∈ R𝑀, 𝑌 ∈ {1, 2, . . . , 𝑐}}: the training data set,

𝐾: the number of trees,
mtry: the size of the subspaces.

output: A random forest RF
(1) for 𝑘 ← 1 to 𝐾 do
(2) Draw a bagged subset of samples L

𝑘
from L.

(4) while (stopping criteria is not met) do
(5) Select randomlymtry features.
(6) for 𝑚 ← 1 to ‖𝑚𝑡𝑟𝑦‖ do
(7) Compute the decrease in the node impurity.
(8) Choose the feature which decreases the impurity the most and

the node is divided into two children nodes.
(9) Combine the 𝐾 trees to form a random forest.

Algorithm 1: Random forest algorithm.

3. Background

3.1. Random Forest Algorithm. Given a training dataset L =

{(𝑋
𝑖
, 𝑌
𝑖
)
𝑁

𝑖=1
| 𝑋
𝑖
∈ R𝑀, 𝑌 ∈ {1, 2, . . . , 𝑐}}, where 𝑋

𝑖
are

features (also called predictor variables), 𝑌 is a class response
feature, 𝑁 is the number of training samples, and 𝑀 is the
number of features and a random forest model RF described
in Algorithm 1, let �̂�𝑘 be the prediction of tree 𝑇

𝑘
given input

𝑋. The prediction of random forest with𝐾 trees is

�̂� = majority vote {�̂�
𝑘
}
𝐾

1
. (1)

Since each tree is grown from a bagged sample set, it is
grown with only two-thirds of the samples in L, called in-bag
samples. About one-third of the samples is left out and these
samples are called out-of-bag (OOB) samples which are used
to estimate the prediction error.

The OOB predicted value is �̂�OOB
= (1/‖O

𝑖
‖)∑
𝑘∈O
𝑖

�̂�
𝑘

whereO
𝑖
 = L\O

𝑖
, 𝑖 and 𝑖 are in-bag and out-of-bag sampled

indices, ‖O
𝑖
‖ is the size of OOB subdataset, and the OOB

prediction error is

Êrr
OOB

=
1

𝑁OOB

𝑁OOB

∑

𝑖=1

E (𝑌, �̂�
OOB

) , (2)

where E(⋅) is an error function and 𝑁OOB is OOB samples’
size.

3.2. Measurement of Feature Importance Score from an RF.
Breiman presented a permutation technique to measure the
importance of features in the prediction [1], called an out-of-
bag importance score.The basic idea for measuring this kind
of importance score of features is to compute the difference
between the original mean error and the randomly permuted
mean error in OOB samples.Themethod rearranges stochas-
tically all values of the 𝑗th feature in OOB for each tree and
uses the RF model to predict this permuted feature and get
the mean error. The aim of this permutation is to eliminate
the existing association between the 𝑗th feature and 𝑌 values

and then to test the effect of this on the RF model. A feature
is considered to be in a strong association if the mean error
decreases dramatically.

The other kind of feature importance measure can
be obtained when the random forest is growing. This is
described as follows. At each node 𝑡 in a decision tree, the
split is determined by the decrease in node impurity Δ𝑅(𝑡).
The node impurity 𝑅(𝑡) is the gini index. If a subdataset in
node 𝑡 contains samples from 𝑐 classes, gini(𝑡) is defined as

𝑅 (𝑡) = 1 −

𝑐

∑

𝑗=1

𝑝
2

𝑗
, (3)

where 𝑝2
𝑗
is the relative frequency of class 𝑗 in 𝑡. Gini(𝑡) is

minimized if the classes in 𝑡 are skewed. After splitting 𝑡 into
two child nodes 𝑡

1
and 𝑡
2
with sample sizes𝑁

1
(𝑡) and𝑁

2
(𝑡),

the gini index of the split data is defined as

Ginisplit (𝑡) =
𝑁
1
(𝑡)

𝑁 (𝑡)
Gini (𝑡

1
) +

𝑁
2
(𝑡)

𝑁 (𝑡)
Gini (𝑡

2
) . (4)

The feature providing smallest Ginisplit(𝑡) is chosen to split the
node.The importance score of feature𝑋

𝑗
in a single decision

tree 𝑇
𝑘
is

IS
𝑘
(𝑋
𝑗
) = ∑

𝑡∈𝑇
𝑘

Δ𝑅 (𝑡) , (5)

and it is computed over all𝐾 trees in a random forest, defined
as

IS (𝑋
𝑗
) =

1

𝐾

𝐾

∑

𝑘=1

IS
𝑘
(𝑋
𝑗
) . (6)

It is worth noting that a random forest uses in-bag sam-
ples to produce a kind of importance measure, called an in-
bag importance score.This is themain difference between the
in-bag importance score and an out-of-bag measure, which is
produced with the decrease of the prediction error using RF
inOOB samples. In other words, the in-bag importance score
requires less computation time than the out-of-bag measure.



4 The Scientific World Journal

4. Our Approach

4.1. Issues in Feature Selection on High Dimensional Data.
When Breiman et al. suggested the classification and regres-
sion tree (CART) model, they noted that feature selection is
biased because it is based on an information gain criteria,
called multivalue problem [2]. Random forest methods are
based on CART trees [1]; hence this bias is carried to random
forest RF model. In particular, the importance scores can be
biased when very high dimensional data contains multiple
data types. Several methods have been proposed to correct
bias of feature importance measures [18–21]. The conditional
inference framework (referred to as cRF [22]) could be suc-
cessfully applied for both the null and power cases [19, 20, 22].
The typical characteristic of the power case is that only one
predictor feature is important, while the rest of the features
are redundant with different cardinality. In contrast, in the
null case all features used for prediction are redundant with
different cardinality. Although the methods of this kind were
well investigated and can be used to address the multivalue
problem, there are still some unsolved problems, such as
the need to specify in advance the probability distributions,
as well as the fact that they struggle when applied to high
dimensional data.

Another issue is that, in high dimensional data, when
the number of features is large, the fraction of importance
features remains so small. In this case the original RF model
which uses simple random sampling is likely to perform
poorly with small 𝑚, and the trees are likely to select an
uninformative feature as a split too frequently (𝑚 denotes
a subspace size of features). At each node 𝑡 of a tree, the
probability of uninformative feature selection is too high.

To illustrate this issue, let 𝐺 be the number of noisy
features, denote by𝑀 the total number of predictor features,
and let the features 𝑀 − 𝐺 be important ones which have a
high correlationwith𝑌 values.Then, if we use simple random
sampling when growing trees to select a subset of 𝑚 features
(𝑚 ≪ 𝑀), the total number of possible uninformative a
C𝑚
𝑀−𝐺

and the total number of all subset features isC𝑚
𝑀
. The

probability distribution of selecting a subset of 𝑚 (𝑚 > 1)
important features is given by

C𝑚
𝑀−𝐺

C𝑚
𝑀

=
(𝑀 − 𝐺) (𝑀 − 𝐺 − 1) ⋅ ⋅ ⋅ (𝑀 − 𝐺 − 𝑚 + 1)

𝑀 (𝑀 − 1) ⋅ ⋅ ⋅ (𝑀 − 𝑚 + 1)

=
(1 − 𝐺/𝑀) ⋅ ⋅ ⋅ (1 − 𝐺/𝑀 − 𝑚/𝑀 + 1/𝑀)

(1 − 1/𝑀) ⋅ ⋅ ⋅ (1 − 𝑚/𝑀 + 1/𝑀)

≃ (1 −
𝐺

𝑀
)

𝑚

.

(7)

Because the fraction of important features is too small, the
probability in (7) tends to 0, which means that the important
features are rarely selected by the simple sampling method
in RF [1]. For example, with 5 informative and 5000 noise or
uninformative features, assuming𝑚 = √(5 + 5000) ≃ 70, the
probability of an informative feature to be selected at any split
is 0.068.

4.2. Bias Correction for Feature Selection and Feature Weight-
ing. The bias correction in feature selection is intended to
make the RF model to avoid selecting an uninformative fea-
ture. To correct this kind of bias in the feature selection stage,
we generate shadow features to add to the original dataset.
The shadow features set contains the same values, possible
cut-points, and distribution with the original features but
have no association with 𝑌 values. To create each shadow
feature, we rearrange the values of the feature in the original
dataset 𝑅 times to create the corresponding shadow.This dis-
turbance of features eliminates the correlations of the features
with the response value but keeps its attributes. The shadow
feature participates only in the competition for the best split
and makes a decrease in the probability of selecting this kind
of uninformative feature. For the feature weight computation,
we first need to distinguish the important features from the
less important ones. To do so, we run a defined number
of random forests to obtain raw importance scores, each of
which is obtained using (6). Then, we use Wilcoxon rank-
sum test [23] that compares the importance score of a feature
with the maximum importance scores of generated noisy
features called shadows.The shadow features are added to the
original dataset and they do not have prediction power to the
response feature. Therefore, any feature whose importance
score is smaller than the maximum importance score of
noisy features is considered less important. Otherwise, it is
considered important. Having computed theWilcoxon rank-
sum test, we can compute the 𝑝-value for the feature. The 𝑝-
value of a feature in Wilcoxon rank-sum test is assigned a
weight with a feature 𝑋

𝑗
, 𝑝-value ∈ [0, 1], and this weight

indicates the importance of the feature in the prediction.
The smaller the 𝑝-value of a feature, the more correlated the
predictor feature to the response feature, and therefore the
more powerful the feature in prediction. The feature weight
computation is described as follows.

Let𝑀 be the number of features in the original dataset,
and denote the feature set as S

𝑋
= {𝑋

𝑗
, 𝑗 = 1, 2, . . . ,𝑀}.

In each replicate 𝑟 (𝑟 = 1, 2, . . . , 𝑅), shadow features are
generated from features𝑋

𝑗
in SX, and we randomly permute

all values of𝑋
𝑗
𝑅 times to get a corresponding shadow feature

𝐴
𝑗
; denote the shadow feature set as S

𝐴
= {𝐴

𝑗
}
𝑀

1
. The

extended feature set is denoted by S
𝑋,𝐴

= {S
𝑋
,S
𝐴
}.

Let the importance score of S
𝑋,𝐴

at replicate 𝑟 be IS𝑟
𝑋,𝐴

=

{IS𝑟
𝑋
, IS𝑟
𝐴
} where IS𝑟

𝑋
𝑗

and IS𝑟
𝐴
𝑗

are the importance scores
of 𝑋
𝑗
and 𝐴

𝑗
at the 𝑟th replicate, respectively. We built a

random forest model RF from the S
𝑋,𝐴

dataset to compute
2𝑀 importance scores for 2𝑀 features.We repeated the same
process𝑅 times to compute𝑅 replicates getting IS

𝑋
𝑗

= {IS𝑟
𝑋
𝑗

}
𝑅

1

and IS
𝐴
𝑗

= {IS𝑟
𝐴
𝑗

}
𝑅

1
. From the replicates of shadow features,

we extracted the maximum value from 𝑟th row of IS
𝐴
𝑗

and
put it into the comparison sample denoted by ISmax

𝐴
. For each

data feature 𝑋
𝑗
, we computed Wilcoxon test and performed

hypothesis test on IS
𝑋
𝑗

> ISmax
𝐴

to calculate the 𝑝-value
for the feature. Given a statistical significance level, we can
identify important features from less important ones. This
test confirms that if a feature is important, it consistently
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scores higher than the shadow over multiple permutations.
This method has been presented in [24, 25].

In each node of trees, each shadow 𝐴
𝑗
shares approxi-

mately the same properties of the corresponding 𝑋
𝑗
, but it is

independent on 𝑌 and consequently has approximately the
same probability of being selected as a splitting candidate.
This feature permutation method can reduce bias due to
different measurement levels of 𝑋

𝑗
according to 𝑝-value

and can yield correct ranking of features according to their
importance.

4.3. Unbiased FeatureWeighting for Subspace Selection. Given
all 𝑝-values for all features, we first set a significance level as
the threshold 𝜃, for instance 𝜃 = 0.05. Any feature whose 𝑝-
value is greater than 𝜃 is considered a uninformative feature
and is removed from the system; otherwise, the relationship
with 𝑌 is assessed. We now consider the set of features X̃
obtained from L after neglecting all uninformative features.

Second, we find the best subset of features which is highly
related to the response feature; ameasure correlation function
𝜒
2
(X̃, 𝑌) is used to test the association between the categorical

response feature and each feature 𝑋
𝑗
. Each observation is

allocated to one cell of a two-dimensional array of cells (called
a contingency table) according to the values of (X̃, 𝑌). If there
are 𝑟 rows and 𝑐 columns in the table and𝑁 is the number of
total samples, the value of the test statistic is

𝜒
2
=

𝑟

∑

𝑖=1

𝑐

∑

𝑗=1

(𝑂
𝑖,𝑗
− 𝐸
𝑖,𝑗
)
2

𝐸
𝑖,𝑗

. (8)

For the test of independence, a chi-squared probability of less
than or equal to 0.05 is commonly interpreted for rejecting
the hypothesis that the row variable is independent of the
column feature.

Let X
𝑠
be the best subset of features, we collect all feature

𝑋
𝑗
whose 𝑝-value is smaller or equal to 0.05 as a result

from the 𝜒2 statistical test according to (8). The remaining
features {X̃ \ X

𝑠
} are added to X

𝑤
, and this approach is

described in Algorithm 2. We independently sample features
from the two subsets and put them together as the subspace
features for splitting the data at any node, recursively. The
two subsets partition the set of informative features in data
without irrelevant features. GivenX

𝑠
andX

𝑤
, at each node,we

randomly select𝑚𝑡𝑟𝑦 (𝑚𝑡𝑟𝑦 > 1) features from each group of
features. For a given subspace size, we can choose proportions
between highly informative features and weak informative
features that depend on the size of the two groups. That
is 𝑚𝑡𝑟𝑦

𝑠
= ⌈𝑚𝑡𝑟𝑦 × (‖X

𝑠
‖/‖X̃‖)⌉ and 𝑚𝑡𝑟𝑦

𝑤
= ⌊𝑚𝑡𝑟𝑦 ×

(‖X
𝑤
‖/‖X̃‖)⌋, where ‖X

𝑠
‖ and ‖X

𝑤
‖ are the number of features

in the groups of highly informative features X
𝑠
and weak

informative features X
𝑤
, respectively. ‖X̃‖ is the number of

informative features in the input dataset.These are merged to
form the feature subspace for splitting the node.

4.4. Our Proposed RF Algorithm. In this section, we present
our new random forest algorithm called xRF, which uses
the new unbiased feature sampling method to generate splits

at the nodes of CART trees [2]. The proposed algorithm
includes the following main steps: (i) weighting the features
using the feature permutation method, (ii) identifying all
unbiased features and partitioning them into two groups X

𝑠

and X
𝑤
, (iii) building RF using the subspaces containing

features which are taken randomly and separately from X
𝑠
,

X
𝑤
, and (iv) classifying a new data. The new algorithm is

summarized as follows.

(1) Generate the extended dataset SX,𝐴 of 2𝑀 dimen-
sions by permuting the corresponding predictor fea-
ture values for shadow features.

(2) Build a random forest model RF from {SX,𝐴, 𝑌} and
compute 𝑅 replicates of raw importance scores of all
predictor features and shadows with RF. Extract the
maximum importance score of each replicate to form
the comparison sample ISmax

𝐴
of 𝑅 elements.

(3) For each predictor feature, take 𝑅 importance scores
and computeWilcoxon test to get 𝑝-value, that is, the
weight of each feature.

(4) Given a significance level threshold 𝜃, neglect all
uninformative features.

(5) Partition the remaining features into two subsets X
𝑠

and X
𝑤
described in Algorithm 2.

(6) Sample the training set L with replacement to gener-
ate bagged samples L

1
,L
2
, . . . ,L

𝐾
.

(7) For each 𝐿
𝑘
, grow a CART tree 𝑇

𝑘
as follows.

(a) At each node, select a subspace of𝑚𝑡𝑟𝑦 (𝑚𝑡𝑟𝑦 >
1) features randomly and separately fromX

𝑠
and

X
𝑤
and use the subspace features as candidates

for splitting the node.
(b) Each tree is grown nondeterministically, with-

out pruning until the minimum node size 𝑛min
is reached.

(8) Given a 𝑋 = 𝑥new, use (1) to predict the response
value.

5. Experiments

5.1. Datasets. Real-world datasets including image datasets
and microarray datasets were used in our experiments.
Image classification and object recognition are important
problems in computer vision. We conducted experiments
on four benchmark image datasets, including the Caltech
categories (http://www.vision.caltech.edu/html-files/archive
.html) dataset, the Horse (http://pascal.inrialpes.fr/data/
horses/) dataset, the extended YaleB database [26], and the
AT&T ORL dataset [27].

For the Caltech dataset, we use a subset of 100 images
from theCaltech face dataset and 100 images from theCaltech
background dataset following the setting in ICCV (http://
people.csail.mit.edu/torralba/shortCourseRLOC/). The ex-
tended YaleB database consists of 2414 face images of 38
individuals captured under various lighting conditions. Each
image has been cropped to a size of 192 × 168 pixels
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input: The training data set L and a random forest RF.
𝑅, 𝜃: The number of replicates and the threshold.

output: X
𝑠
and X

𝑤
.

(1) Let S
𝑋
= {L \ 𝑌},𝑀 = ‖S

𝑋
‖.

(2) for 𝑟 ← 1 to 𝑅 do
(3) S

𝐴
← 𝑝𝑒𝑟𝑚𝑢𝑡𝑒(S

𝑋
).

(4) S
𝑋,𝐴

= S
𝑋
∪ S
𝐴
.

(5) Build RF model from S
𝑋,𝐴

to produce {IS𝑟
𝑋𝑗
},

(6) {IS𝑟
𝐴𝑗
} and ISmax

𝐴
, (𝑗 = 1, . . . ,𝑀).

(7) Set X̃ = 0.
(8) for 𝑗 ← 1 to 𝑀 do
(9) Compute Wilcoxon rank-sum test with IS

𝑋𝑗
and ISmax

𝐴
.

(10) Compute 𝑝
𝑗
values for each feature𝑋

𝑗
.

(11) if 𝑝
𝑗
≤ 𝜃 then

(12) X̃ = X̃ ∪ 𝑋
𝑗
(𝑋
𝑗
∈ S
𝑋
)

(13) Set X
𝑠
= 0, X

𝑤
= 0.

(14) Compute 𝜒2(X̃, 𝑌) statistic to get 𝑝
𝑗
value

(15) for 𝑗 ← 1 to ‖X̃‖ do
(16) if (𝑝

𝑗
< 0.05) then

(17) X
𝑠
= X
𝑠
∪ 𝑋
𝑗
(𝑋
𝑗
∈ X̃)

(18) X
𝑤
= {X̃ \ X

𝑠
}

(19) return X
𝑠
,X
𝑤

Algorithm 2: Feature subspace selection.

and normalized. The Horse dataset consists of 170 images
containing horses for the positive class and 170 images of the
background for the negative class. The AT&T ORL dataset
includes of 400 face images of 40 persons.

In the experiments, we use a bag of words for image
features representation for theCaltech and theHorse datasets.
To obtain feature vectors using bag-of-words method, image
patches (subwindows) are sampled from the training images
at the detected interest points or on a dense grid. A visual
descriptor is then applied to these patches to extract the local
visual features. A clustering technique is then used to cluster
these, and the cluster centers are used as visual code words
to form visual codebook. An image is then represented as a
histogram of these visual words. A classifier is then learned
from this feature set for classification.

In our experiments, traditional 𝑘-means quantization is
used to produce the visual codebook. The number of cluster
centers can be adjusted to produce the different vocabularies,
that is, dimensions of the feature vectors. For the Caltech
and Horse datasets, nine codebook sizes were used in the
experiments to create 18 datasets as follows: {CaltechM300,
CaltechM500, CaltechM1000, CaltechM3000, CaltechM5000,
CaltechM7000, CaltechM1000, CaltechM12000, CaltechM-
15000}, and {HorseM300, HorseM500, HorseM1000, Horse-
M3000, HorseM5000, HorseM7000, HorseM1000, HorseM-
12000,HorseM15000}, whereM denotes the number of code-
book sizes.

For the face datasets, we use two type of features:
eigenface [28] and the random features (randomly sample
pixels from the images). We used four groups of datasets
with four different numbers of dimensions {𝑀30, 𝑀56,

𝑀120, and𝑀504}. Totally, we created 16 subdatasets as

Table 1: Description of the real-world datasets sorted by the number
of features and grouped into two groups, microarray data and real-
world datasets, accordingly.

Dataset No. of
features

No. of
training No. of tests No. of

classes
Colon 2,000 62 — 2
Srbct 2,308 63 — 4
Leukemia 3,051 38 — 2
Lymphoma 4,026 62 — 3
breast.2.class 4,869 78 — 2
breast.3.class 4,869 96 — 3
nci 5,244 61 — 8
Brain 5,597 42 — 5
Prostate 6,033 102 — 2
adenocarcinoma 9,868 76 — 2
Fbis 2,000 1,711 752 17
La2s 12,432 1,855 845 6
La1s 13,195 1,963 887 6

{YaleB.EigenfaceM30, YaleB.EigenfaceM56, YaleB.Eigenface-
M120, YaleB.EigenfaceM504}, {YaleB.RandomfaceM30, YaleB.
RandomfaceM56, YaleB.RandomfaceM120, YaleB.Random-
faceM504}, {ORL.EigenfaceM30, ORL.EigenM56, ORL.Eigen-
M120, ORL.EigenM504}, and {ORL.RandomfaceM30, ORL.
RandomM56, ORL.RandomM120, ORL.RandomM504}.

The properties of the remaining datasets are summarized
in Table 1. The Fbis dataset was compiled from the archive of
the Foreign Broadcast Information Service and the La1s, La2s
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datasets were taken from the archive of the LosAngeles Times
for TREC-5 (http://trec.nist.gov/). The ten gene datasets are
used and described in [11, 17]; they are always high dimen-
sional and fall within a category of classification problems
which deal with large number of features and small samples.
Regarding the characteristics of the datasets given in Table 1,
the proportion of the subdatasets, namely, Fbis, La1s, La2s,
was used individually for a training and testing dataset.

5.2. Evaluation Methods. We calculated some measures such
as error bound (𝑐/𝑠2), strength (𝑠), and correlation (𝜌)
according to the formulas given in Breiman’s method [1].
The correlation measures indicate the independence of trees
in a forest, whereas the average strength corresponds to the
accuracy of individual trees. Lower correlation and higher
strength result in a reduction of general error bound mea-
sured by (𝑐/𝑠2) which indicates a high accuracy RF model.

The twomeasures are also used to evaluate the accuracy of
prediction on the test datasets: one is the area under the curve
(AUC) and the other one is the test accuracy (Acc), defined
as

Acc = 1

𝑁

𝑁

∑

𝑖=1

𝐼 (𝑄 (𝑑
𝑖
, 𝑦
𝑖
) −max
𝑗 ̸=𝑦
𝑖

𝑄 (𝑑
𝑖
, 𝑗) > 0) , (9)

where 𝐼(⋅) is the indicator function and 𝑄(𝑑
𝑖
, 𝑗) =

∑
𝐾

𝑘=1
𝐼(ℎ
𝑘
(𝑑
𝑖
) = 𝑗) is the number of votes for 𝑑

𝑖
∈ D
𝑡
on class

𝑗, ℎ
𝑘
is the 𝑘th tree classifier, 𝑁 is the number of samples in

test data D
𝑡
, and 𝑦

𝑖
indicates the true class of 𝑑

𝑖
.

5.3. Experimental Settings. The latest 𝑅-packages random
Forest and RRF [29, 30] were used in 𝑅 environment to
conduct these experiments.TheGRRFmodel was available in
the RRF 𝑅-package. The wsRF model, which used weighted
sampling method [13] was intended to solve classification
problems. For the image datasets, the 10-fold cross-validation
was used to evaluate the prediction performance of the mod-
els. From each fold, we built the models with 500 trees and
the feature partition for subspace selection in Algorithm 2
was recalculated on each training fold dataset. The𝑚𝑡𝑟𝑦 and
𝑛min parameters were set to √𝑀 and 1, respectively. The
experimental results were evaluated in two measures AUC
and the test accuracy according to (9).

We compared across awide range the performances of the
10 gene datasets, used in [11].The results from the application
of GRRF, varSelRF, and LASSO logistic regression on the
ten gene datasets are presented in [17]. These three gene
selection methods used RF 𝑅-package [30] as the classifier.
For the comparison of themethods, we used the same settings
which are presented in [17], for the coefficient 𝛾 we used
value of 0.1, because GR-RF(0.1) has shown competitive
accuracy [17] when applied to the 10 gene datasets. The
100 models were generated with different seeds from each
training dataset and each model contained 1000 trees. The
𝑚𝑡𝑟𝑦 and 𝑛min parameters were of the same settings on the
image dataset. From each of the datasets two-thirds of the
data were randomly selected for training. The other one-
third of the dataset was used to validate the models. For

comparison, Breiman’s RF method, the weighted sampling
random forest wsRF model, and the xRF model were used
in the experiments. The guided regularized random forest
GRRF [17] and the twowell-known feature selectionmethods
using RF as a classifier, namely, varSelRF [31] and LASSO
logistic regression [32], are also used to evaluate the accuracy
of prediction on high-dimensional datasets.

In the remaining datasets, the prediction performances
of the ten random forest models were evaluated, each one
was built with 500 trees. The number of features candidates
to split a node was𝑚𝑡𝑟𝑦 = ⌈log

2
(𝑀) + 1⌉. The minimal node

size 𝑛min was 1.The xRFmodel with the new unbiased feature
sampling method is a new implementation.We implemented
the xRF model as multithread processes, while other models
were run as single-thread processes. We used 𝑅 to call
the corresponding C/C++ functions. All experiments were
conducted on the six 64-bit Linux machines, with each one
being equipped with Intel 𝑅Xeon 𝑅CPU E5620 2.40GHz, 16
cores, 4MB cache, and 32GB main memory.

5.4. Results on Image Datasets. Figures 1 and 2 show the
average accuracy plots of recognition rates of the models
on different subdatasets of the datasets 𝑌𝑎𝑙𝑒𝐵 and 𝑂𝑅𝐿.
The GRRF model produced slightly better results on the
subdataset ORL.RandomM120 and ORL dataset using eigen-
face and showed competitive accuracy performance with
the xRF model on some cases in both 𝑌𝑎𝑙𝑒𝐵 and ORL
datasets, for example, YaleB.EigenM120, ORL.RandomM56,
andORL.RandomM120. The reason could be that truly infor-
mative features in this kind of datasets were many.Therefore,
when the informative feature set was large, the chance of
selecting informative features in the subspace increased,
which in turn increased the average recognition rates of the
GRRF model. However, the xRF model produced the best
results in the remaining cases.The effect of the new approach
for feature subspace selection is clearly demonstrated in these
results, although these datasets are not high dimensional.

Figures 3 and 5 present the box plots of the test accuracy
(mean ± std-dev%); Figures 4 and 6 show the box plots of
the AUCmeasures of the models on the 18 image subdatasets
of the Caltech and Horse, respectively. From these figures,
we can observe that the accuracy and the AUC measures
of the models GRRF, wsRF, and xRF were increased on all
high-dimensional subdatasets when the selected subspace
𝑚𝑡𝑟𝑦 was not so large. This implies that when the number
of features in the subspace is small, the proportion of the
informative features in the feature subspace is comparatively
large in the three models. There will be a high chance that
highly informative features are selected in the trees so the
overall performance of individual trees is increased. In Brie-
man’s method, many randomly selected subspaces may not
contain informative features, which affect the performance
of trees grown from these subspaces. It can be seen that
the xRF model outperformed other random forests models
on these subdatasets in increasing the test accuracy and the
AUC measures. This was because the new unbiased feature
sampling was used in generating trees in the xRF model;
the feature subspace provided enough highly informative
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Figure 1: Recognition rates of themodels on the YaleB subdatasets, namely, YaleB.EigenfaceM30, YaleB.EigenfaceM56, YaleB.EigenfaceM120,
YaleB.EigenfaceM504, and YaleB.RandomfaceM30, YaleB.RandomfaceM56, YaleB.RandomfaceM120, and YaleB.RandomfaceM504.
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Figure 2: Recognition rates of the models on the ORL subdatasets, namely, ORL.EigenfaceM30, ORL.EigenM56, ORL.EigenM120,
ORL.EigenM504, and ORL.RandomfaceM30, ORL.RandomM56, ORL.RandomM120, and ORL.RandomM504.

features at any levels of the decision trees. The effect of the
unbiased feature selection method is clearly demonstrated in
these results.

Table 2 shows the results of 𝑐/𝑠2 against the number
of codebook sizes on the Caltech and Horse datasets. In a
random forest, the tree was grown from a bagging training
data. Out-of-bag estimates were used to evaluate the strength,
correlation, and 𝑐/𝑠2. The GRRF model was not considered
in this experiment because this method aims to find a small
subset of features, and the same RF model in 𝑅-package [30]
is used as a classifier. We compared the xRF model with
two kinds of random forest models RF and wsRF. From this
table, we can observe that the lowest 𝑐/𝑠2 values occurred
when the wsRF model was applied to the Caltech dataset.

However, the xRFmodel produced the lowest error bound on
the𝐻𝑜𝑟𝑠𝑒 dataset. These results demonstrate the reason that
the new unbiased feature sampling method can reduce the
upper bound of the generalization error in random forests.

Table 3 presents the prediction accuracies (mean ±

std-dev%) of the models on subdatasets CaltechM3000,
HorseM3000, YaleB.EigenfaceM504, YaleB.randomfaceM504,
ORL.EigenfaceM504, and ORL.randomfaceM504. In these
experiments, we used the four models to generate random
forests with different sizes from 20 trees to 200 trees. For
the same size, we used each model to generate 10 ran-
dom forests for the 10-fold cross-validation and computed
the average accuracy of the 10 results. The GRRF model
showed slightly better results on YaleB.EigenfaceM504 with
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Figure 3: Box plots: the test accuracy of the nine Caltech subdatasets.

different tree sizes. The wsRF model produced the best
prediction performance on some cases when applied to small
subdatasets YaleB.EigenfaceM504, ORL.EigenfaceM504, and
ORL.randomfaceM504. However, the xRF model produced,
respectively, the highest test accuracy on the remaining sub-
datasets andAUCmeasures on high-dimensional subdatasets
CaltechM3000 and HorseM3000, as shown in Tables 3 and
4. We can clearly see that the xRF model also outperformed
other random forests models in classification accuracy on
most cases in all image datasets. Another observation is that
the new method is more stable in classification performance
because the mean and variance of the test accuracy measures
were minor changed when varying the number of trees.

5.5. Results on Microarray Datasets. Table 5 shows the aver-
age test results in terms of accuracy of the 100 random forest
models computed according to (9) on the gene datasets. The
average number of genes selected by the xRFmodel, from 100
repetitions for each dataset, is shown on the right of Table 5,
divided into two groups X

𝑠
(strong) and X

𝑤
(weak). These

genes are used by the unbiased feature sampling method for
growing trees in the xRF model. LASSO logistic regression,
which uses the RF model as a classifier, showed fairly good
accuracy on the two gene datasets srbct and leukemia. The
GRRF model produced slightly better result on the prostate
gene dataset. However, the xRF model produced the best
accuracy on most cases of the remaining gene datasets.



10 The Scientific World Journal

0.85

0.90

0.95

1.00
AU

C

0.75

0.80

0.85

0.90

0.95

1.00

AU
C

0.85

0.90

0.95

1.00

RF GRRF wsRF xRF
CaltechM1000

RF GRRF wsRF xRF
CaltechM7000

RF GRRF wsRF xRF
CaltechM15000

RF GRRF wsRF xRF
CaltechM12000

RF GRRF wsRF xRF
CaltechM1000

RF GRRF wsRF xRF
CaltechM5000

RF GRRF wsRF xRF
CaltechM3000

RF GRRF wsRF xRF
CaltechM500

RF GRRF wsRF xRF
CaltechM300

AU
C

0.8

0.9

1.0

AU
C

0.94

0.96

0.98

1.00
AU

C

0.94

0.96

0.98

1.00

AU
C

0.92

0.94

0.96

0.98

1.00

AU
C

0.90

0.95

1.00

AU
C

0.7

0.8

0.9

1.0
AU

C

Figure 4: Box plots of the AUC measures of the nine Caltech subdatasets.

The detailed results containing the median and the
variance values are presented in Figure 7 with box plots.
Only the GRRF model was used for this comparison; the
LASSO logistic regression and varSelRF method for feature
selection were not considered in this experiment because
their accuracies are lower than that of the GRRF model, as
shown in [17]. We can see that the xRF model achieved the
highest average accuracy of prediction on nine datasets out of
ten. Its result was significantly different on the prostate gene
dataset and the variance was also smaller than those of the
other models.

Figure 8 shows the box plots of the (𝑐/𝑠2) error bound of
the RF, wsRF, and xRF models on the ten gene datasets from
100 repetitions.The wsRF model obtained lower error bound

rate on five gene datasets out of 10. The xRF model produced
a significantly different error bound rate on two gene datasets
and obtained the lowest error rate on three datasets. This
implies that when the optimal parameters such as 𝑚𝑡𝑟𝑦 =

⌈√𝑀⌉ and 𝑛min = 1 were used in growing trees, the number
of genes in the subspace was not small and out-of-bag data
was used in prediction, and the results were comparatively
favored to the xRF model.

5.6. Comparison of Prediction Performance for Various Num-
bers of Features and Trees. Table 6 shows the average 𝑐/𝑠2
error bound and accuracy test results of 10 repetitions of
random forest models on the three large datasets. The xRF
model produced the lowest error 𝑐/𝑠2 on the dataset La1s,
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Figure 5: Box plots of the test accuracy of the nine Horse subdatasets.

while the wsRF model showed the lower error bound on
other two datasets Fbis andLa2s.TheRFmodel demonstrated
the worst accuracy of prediction compared to the other
models; this model also produced a large 𝑐/𝑠2 error when
the small subspace size 𝑚𝑡𝑟𝑦 = ⌈log

2
(𝑀) + 1⌉ was used to

build trees on the La1s and La2s datasets. The number of
features in the X

𝑠
and X

𝑤
columns on the right of Table 6

was used in the xRF model. We can see that the xRF model
achieved the highest accuracy of prediction on all three large
datasets.

Figure 9 shows the plots of the performance curves of the
RF models when the number of trees and features increases.
The number of trees was increased stepwise by 20 trees
from 20 to 200 when the models were applied to the La1s

dataset. For the remaining data sets, the number of trees
increased stepwise by 50 trees from 50 to 500. The number
of random features in a subspace was set to 𝑚𝑡𝑟𝑦 = ⌈√𝑀⌉.
The number of features, each consisting of a random sum
of five inputs, varied from 5 to 100, and for each, 200 trees
were combined. The vertical line in each plot indicates the
size of a subspace of features 𝑚𝑡𝑟𝑦 = ⌈log

2
(𝑀) + 1⌉.

This subspace was suggested by Breiman [1] for the case of
low-dimensional datasets. Three feature selection methods,
namely, GRRF, varSelRF, and LASSO, were not considered in
this experiment.Themain reason is that, when the𝑚𝑡𝑟𝑦 value
is large, the computational time of the GRRF and varSelRF
models required to deal with large high datasets was too long
[17].
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Figure 6: Box plots of the AUC measures of the nine Horse subdatasets.

It can be seen that the xRF and wsRF models always
provided good results and achieved higher prediction accu-
racies when the subspace 𝑚𝑡𝑟𝑦 = ⌈log

2
(𝑀) + 1⌉ was used.

However, the xRF model is better than the wsRF model in
increasing the prediction accuracy on the three classification
datasets.The RFmodel requires the larger number of features
to achieve the higher accuracy of prediction, as shown in the
right of Figures 9(a) and 9(b). When the number of trees
in a forests was varied, the xRF model produced the best
results on the Fbis and La2s datasets. In the La1s dataset
where the xRF model did not obtain the best results, as
shown in Figure 9(c) (left), the differences from the best
results were minor. From the right of Figures 9(a), 9(b),
and 9(c), we can observe that the xRF model does not need

many features in the selected subspace to achieve the best
prediction performance.These empirical results indicate that,
for application on high-dimensional data, when the xRF
model uses the small subspace, the achieved results can be
satisfactory.

However, the RF model using the simple sampling
method for feature selection [1] could achieve good predic-
tion performance only if it is provided with a much larger
subspace, as shown in the right part of Figures 9(a) and 9(b).
Breiman suggested to use a subspace of size 𝑚𝑡𝑟𝑦 = √𝑀 in
classification problem.With this size, the computational time
for building a random forest is still too high, especially for
large high datasets. In general, when the xRF model is used
with a feature subspace of the same size as the one suggested



The Scientific World Journal 13

Table 2: The (𝑐/𝑠2) error bound results of random forest models against the number of codebook size on the Caltech and Horse datasets.
The bold value in each row indicates the best result.

Dataset Model 300 500 1000 3000 5000 7000 10000 12000 15000

Caltech
xRF .0312 .0271 .0280 .0287 .0357 .0440 .0650 .0742 .0789
RF .0369 .0288 .0294 .0327 .0435 .0592 .0908 .1114 .3611

wsRF .0413 .0297 .0268 .0221 .0265 .0333 .0461 .0456 .0789

Horse
xRF .0266 .0262 .0246 .0277 .0259 .0298 .0275 .0288 .0382
RF .0331 .0342 .0354 .0374 .0417 .0463 .0519 .0537 .0695

wsRF .0429 .0414 .0391 .0295 .0288 .0333 .0295 .0339 .0455
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Figure 7: Box plots of test accuracy of the models on the ten gene datasets.
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Table 3: The prediction test accuracy (mean% ± std-dev%) of the models on the image datasets against the number of trees 𝐾. The number
of feature dimensions in each subdataset is fixed. Numbers in bold are the best results.

Dataset Model 𝐾 = 20 𝐾 = 50 𝐾 = 80 𝐾 = 100 𝐾 = 200

CaltechM3000

xRF 95.50 ± .2 96.50 ± .1 96.50 ± .2 97.00 ± .1 97.50 ± .2
RF 70.00 ± .7 76.00 ± .9 77.50 ± 1.2 82.50 ± 1.6 81.50 ± .2

wsRF 91.50 ± .4 91.00 ± .3 93.00 ± .2 94.50 ± .4 92.00 ± .9
GRRF 93.00 ± .2 96.00 ± .2 94.50 ± .2 95.00 ± .3 94.00 ± .2

HorseM3000

xRF 80.59 ± .4 81.76 ± .2 79.71 ± .6 80.29 ± .1 77.65 ± .5
RF 50.59 ± 1.0 52.94 ± .8 56.18 ± .4 58.24 ± .5 57.35 ± .9

wsRF 62.06 ± .4 68.82 ± .3 67.65 ± .3 67.65 ± .5 65.88 ± .7
GRRF 65.00 ± .9 63.53 ± .3 68.53 ± .3 63.53 ± .9 71.18 ± .4

YaleB.EigenfaceM504

xRF 75.68 ± .1 85.65 ± .1 88.08 ± .1 88.94 ± .0 91.22 ± .0
RF 71.93 ± .1 79.48 ± .1 80.69 ± .1 81.67 ± .1 82.89 ± .1

wsRF 77.60 ± .1 85.61 ± .0 88.11 ± .0 89.31 ± .0 90.68 ± .0
GRRF 74.73 ± .0 84.70 ± .1 87.25 ± .0 89.61 ± .0 91.89 ± .0

YaleB.randomfaceM504

xRF 94.71 ± .0 97.64 ± .0 98.01 ± .0 98.22 ± .0 98.59 ± .0
RF 88.00 ± .0 92.59 ± .0 94.13 ± .0 94.86 ± .0 96.06 ± .0

wsRF 95.40 ± .0 97.90 ± .0 98.17 ± .0 98.14 ± .0 98.38 ± .0
GRRF 95.66 ± .0 98.10 ± .0 98.42 ± .0 98.92 ± .0 98.84 ± .0

ORL.EigenfaceM504

xRF 76.25 ± .6 87.25 ± .3 91.75 ± .2 93.25 ± .2 94.75 ± .2
RF 71.75 ± .2 78.75 ± .4 82.00 ± .3 82.75 ± .3 85.50 ± .5

wsRF 78.25 ± .4 88.75 ± .3 90.00 ± .1 91.25 ± .2 92.50 ± .2
GRRF 73.50 ± .6 85.00 ± .2 90.00 ± .1 90.75 ± .3 94.75 ± .1

ORL.randomfaceM504

xRF 87.75 ± .3 92.50 ± .2 95.50 ± .1 94.25 ± .1 96.00 ± .1
RF 77.50 ± .3 82.00 ± .7 84.50 ± .2 87.50 ± .2 86.00 ± .2

wsRF 87.00 ± .5 93.75 ± .2 93.75 ± .0 95.00 ± .1 95.50 ± .1
GRRF 87.25 ± .1 93.25 ± .1 94.50 ± .1 94.25 ± .1 95.50 ± .1

Table 4: AUC results (mean ± std-dev%) of random forest models against the number of trees 𝐾 on the CaltechM3000 and HorseM3000
subdatasets. The bold value in each row indicates the best result.

Dataset Model 𝐾 = 20 𝐾 = 50 𝐾 = 80 𝐾 = 100 𝐾 = 200

CaltechM3000

xRF .995 ± .0 .999 ± .5 1.00 ± .2 1.00 ± .1 1.00 ± .1
RF .851 ± .7 .817 ± .4 .826 ± 1.2 .865 ± .6 .864 ± 1

wsRF .841 ± 1 .845 ± .8 .834 ± .7 .850 ± .8 .870 ± .9
GRRF .846 ± .1 .860 ± .2 .862 ± .1 .908 ± .1 .923 ± .1

HorseM3000

xRF .849 ± .1 .887 ± .0 .895 ± .0 .898 ± .0 .897 ± .0
RF .637 ± .4 .664 ± .7 .692 ± 1.5 .696 ± .3 .733 ± .9

wsRF .635 ± .8 .687 ± .4 .679 ± .6 .671 ± .4 .718 ± .9
GRRF .786 ± .3 .778 ± .3 .785 ± .8 .699 ± .1 .806 ± .4

Table 5: Test accuracy results (%) of random forest models, GRRF(0.1), varSelRF, and LASSO logistic regression, applied to gene datasets.
The average results of 100 repetitions were computed; higher values are better. The number of genes in the strong group X

𝑠
and the weak

group X
𝑤
is used in xRF.

Dataset xRF RF wsRF GRRF varSelRF LASSO X
𝑠

X
𝑤

colon 87.65 84.35 84.50 86.45 76.80 82.00 245 317
srbct 97.71 95.90 96.76 97.57 96.50 99.30 606 546
Leukemia 89.25 82.58 84.83 87.25 89.30 92.40 502 200
Lymphoma 99.30 97.15 98.10 99.10 97.80 99.10 1404 275
breast.2.class 78.84 62.72 63.40 71.32 61.40 63.40 194 631
breast.3.class 65.42 56.00 57.19 63.55 58.20 60.00 724 533
nci 74.15 58.85 59.40 63.05 58.20 60.40 247 1345
Brain 81.93 70.79 70.79 74.79 76.90 74.10 1270 1219
Prostate 92.56 88.71 90.79 92.85 91.50 91.20 601 323
Adenocarcinoma 90.88 84.04 84.12 85.52 78.80 81.10 108 669
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Table 6:The accuracy of prediction and error bound 𝑐/𝑠2 of the models using a small subspace𝑚𝑡𝑟𝑦 = [log
2
(𝑀)+ 1]; better values are bold.

Dataset 𝑐/𝑠2 Error bound Test accuracy (%) X
𝑠

X
𝑤RF wsRF xRF RF GRRF wsRF xRF

Fbis .2149 .1179 .1209 76.42 76.51 84.14 84.69 201 555
La2s 152.6 .0904 .0780 66.77 67.99 87.26 88.61 353 1136
La1s 40.8 .0892 .1499 77.76 80.49 86.03 87.21 220 1532
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Figure 8: Box plots of (𝑐/𝑠2) error bound for the models applied to the 10 gene datasets.

by Breiman, it demonstrates higher prediction accuracy and
shorter computational time than those reported by Breiman.
This achievement is considered to be one of the contributions
in our work.

6. Conclusions

We have presented a new method for feature subspace
selection for building efficient random forest xRF model for

classification high-dimensional data. Our main contribution
is to make a new approach for unbiased feature sampling,
which selects the set of unbiased features for splitting a
node when growing trees in the forests. Furthermore, this
new unbiased feature selection method also reduces dimen-
sionality using a defined threshold to remove uninformative
features (or noise) from the dataset. Experimental results
have demonstrated the improvements in increasing of the test
accuracy and the AUC measures for classification problems,
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Figure 9: The accuracy of prediction of the three random forests models against the number of trees and features on the three datasets.
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especially for image and microarray datasets, in comparison
with recent proposed random forests models, including RF,
GRRF, and wsRF.

For futurework, we think it would be desirable to increase
the scalability of the proposed random forests algorithm by
parallelizing themon the cloud platform to deal with big data,
that is, hundreds of millions of samples and features.
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This paper introduces a novel multiobjective approach for capacity benefit margin (CBM) assessment taking into account tie-line
reliability of interconnected systems. CBM is the imperative information utilized as a reference by the load-serving entities (LSE)
to estimate a certain margin of transfer capability so that a reliable access to generation through interconnected system could be
attained. A new Pareto-based evolutionary programming (EP) technique is used to perform a simultaneous determination of CBM
for all areas of the interconnected system.The selection of CBM at the Pareto optimal front is proposed to be performed by referring
to a heuristic ranking index that takes into account system loss of load expectation (LOLE) in various conditions. Eventually, the
power transfer based available transfer capability (ATC) is determined by considering the firm and nonfirm transfers of CBM. A
comprehensive set of numerical studies are conducted on themodified IEEE-RTS79 and the performance of the proposedmethod is
numerically investigated in detail.Themain advantage of the proposed technique is in terms of flexibility offered to an independent
system operator in selecting an appropriate solution of CBM simultaneously for all areas.

1. Introduction

In a deregulated power system environment, electricity is
considered as a commodity that can be traded in a freemarket
where the generators and loads participated. The transition
to a new structure of electricity market is to ensure the
quality and efficient production of electrical energy that can
be offered at a lower electricity price as well as maximizing
the utilization of generation and transmission facilities [1, 2].
Hence, it is important for the independent system operator
(ISO) to calculate and provide the information of available
transfer capability (ATC) associated with the transfer paths

to the open access same-time information system (OASIS)
so that electricity market could be conducted in an effective
manner [3, 4]. ATC is defined as the maximum amount of
power that can be transferred from a selling area to a buying
area without jeopardizing a system security [5]. ATC can
be calculated as the total transfer capability (TTC) reduced
by the transmission reliability margin (TRM), capacity ben-
efit margin (CBM), and existing transmission commitment
(ETC). CBM is one of the main components considered
in the ATC calculation and is defined as the amount of
transfer capability reserved by load-serving entities, which is
anticipated to be used in cases of generation deficiency [5–9].
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Inaccurate determination of CBMmay result in either under-
estimation or overestimation of the ATC. Underestimating
the ATC value possibility will cause an ineffective use in the
transmission facility, while overestimating the ATC value will
threaten a power system security [3, 7].

So far, several methods have been proposed to determine
CBM [10–19]. The basic method used to compute the CBM
for each area of an interconnected system is based on trial
and error [10], by prescribing 5% of the maximum transfer
capability [11] or the CBM value is specified as zero [12, 13].
Reference [14] has proposed an analytic model used for mul-
tiarea generation reliability assessment and then applied into
the sequential quadratic programming (SQP) for determin-
ing the CBM values considering the loss of load expectation
(LOLE) as the system reliability criterion. Rajathy et al. [15]
use the differential evolution and Monte Carlo techniques
to determine the CBM. A method that has been proposed
in [16] is used to determine the CBM for each area of an
interconnected system using the evolutionary programming
(EP) as an accelerated search technique. Furthermore, CBM
determination is formulated as an optimization problem
which is solved by using the particle swarm optimization
(PSO) technique [17, 18]. In order to provide a set of choices
for different cases, three methods have been proposed in
[17, 18] which will provide different values of CBM. It is
observed that the existing CBM calculations do not provide
adequate flexibility for the ISO to select a CBM value in
accordance with system requirements [10–19]. In addition,
tie-line availability is an influential factor which has an effect
on the reliability of an interconnected system followed by the
value of CBM. This imperative factor has been taken into
account for CBM calculation in [19].

A novel multiobjective based optimization approach is
presented in this paper to determine several optimum values
of CBM using the Pareto-based EP technique that takes into
account the tie-line reliability of an interconnected system.
The proposed Pareto-based EP technique has several advan-
tages compared to the methodology previously presented
in [16] and it provides the ISO with several choices of
optimum CBM values. The multiobjective function of EP
technique is referred to as the transfer capability margin of
CBM for all areas with LOLE less than a specified value
at initial condition. Moreover, the CBMs of all areas are
obtained simultaneously at every execution of the proposed
technique. The first order sensitivity with modified Gaussian
formulation is used as a new mutation technique to enhance
the EP performance in searching for a new population at
globalmaximumdomainwith less computational time.Then,
the Pareto optimal front approach is used to select several
optimal solutions of CBM values using the ranking index of
total LOLE and total difference of LOLE. A modified IEEE-
RTS79 is used as the numerical test bed to verify effectiveness
of the proposed method in providing the solutions of CBMs
[17]. The robustness of the proposed method in CBM deter-
mination is compared with that of the basic methodology
used for the CBM calculation [17]. Performance comparison
has also been performed which investigates the effect of tie-
line reliability included in the CBM determination. Finally,
the significance of CBM considered as firm and nonfirm

transfers can be observed through its impact on the ATC
determination.

2. Multiobjective Functions of Capacity
Benefit Margins Determination

A process involved in the Pareto-based EP technique used
for determining the multiobjective function of CBMs is
described as follows.

Step (a). Establish a solved base case power flow solution.

Step (b). Determine the LOLE for each area of the intercon-
nected system at the base case condition.

Step (c). Identify the assisting areas with LOLE less than the
specified value, 𝜉 (e.g., 2.4 hrs/yr). It signifies that these areas
conserve a certain amount of reserve generating capacity that
could be used to compensate for the generation deficiency
which may occur in the assisted area. LOLE associated with
the assisted area is usually greater than 𝜉. It is important to
mention that the assisting and assisted areas are the terms
used to signify the direction of power transfer based CBM
(CBMPareto

asg ) and this is different from the selling and buying
areas which are the terms used to signify the direction of
power transfer based ATC.

Step (d). Identify the assisted areawith the largest LOLE above
𝜉.

Step (e). Determine the parent or initial population for each
assisting area with LOLE below 𝜉. Equation (1) is used to
generate the individuals 𝑥par

𝑚,asg, for parent or initial popu-
lation using uniform randomdistribution.Thedetermination
of 𝑥par

𝑚,asg is based on either total rating of all tie-lines
connecting between the assisting and assisted areas, PLItasg,
or the total reserve generating capacity of the assisting area,
DPGtasg. The 𝑥par

𝑚,asg is determined based on the former
condition when DPGtasg exceeds the PLItasg. This means that
tie-lines are the constraining factors for power transfer based
CBM and, thus, 𝑥par

𝑚,asg are generated randomly based on
PLItasg. The latter condition is used to determine 𝑥par

𝑚,asg
when DPGtasg is less than PLItasg. Each individual, 𝑥par, is
considered as an external generating capacity, PGExt, or CBM,
which is provided by the assisting area to support generating
capacity deficiency in the assisted area having the highest
LOLE:

𝑥par
𝑚,asg = {

rand
𝑚
(DPGtasg) , if DPGtasg < PLItasg,

rand
𝑚
(PLItasg) , if DPGtasg > PLItasg,

(1)

where
DPGtasg = PGtasg − PLtasg,

PLItasg =
𝐿

∑

𝑙=1

PLIasg
𝑙
.

(2)

CBM
𝑚,asg or 𝑥par

𝑚,asg is the CBM in the case of transfer
from assisting area to assisted area; PGt is the total generating
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capacity; PLt is the total peak load; PLI is the tie-line rating;
𝐿 is the total number of tie-lines; 𝑚 is 1, 2, 3, . . . , pop; asg is
1, 2, 3, . . . , 𝑁asg; pop is the population size; and 𝑁asg is the
total number of assisting areas.

Step (f). Calculate a new total generation capacity, new
PGt
𝑚,asg, for each assisting area according to CBM or

𝑥par
𝑚,asg as given in (3) and (4). The generating capacity of

the assisting area is reduced as it is partially assigned to the
assisted area. The new generating capacity for each bus 𝑔 of
the assisting area newPGt

𝑚,asg is obtained based on the ratio
of generating capacity as

newPGt
𝑚,asg =

NG
∑

𝑔=1

newPG𝑚,asg
𝑔

, (3)

where

newPG𝑚,asg
𝑔

= PGasg
𝑔
−

PGasg
𝑔

∑
NG
𝑔=1

PGasg
𝑔

× 𝑥par
𝑚,asg. (4)

PG is the generating capacity and NG is the total number of
generator buses.

Step (g). Determine the LOLE for each assisting area
(LOLE

𝑚,asg) considering the newPGt
𝑚,asg, hourly peak load,

and cumulative probability of generation capacity outage
(PC(𝐶

𝑠
)) as discussed in [19].

Step (h). Determine a new total generation capacity, new
PGt
𝑚,asd=1, for an assisted area with the largest LOLE above 𝜉

using (5) and (6). In (6), apportionment of the total 𝑥par
𝑚,asg

or total CBM
𝑚,asg to each generator is performed based on

the ratio of generating capacity and total generating capacity
of an assisted area. For an assisted area, there are pop number
of individuals for the size of new total generating capacity,
newPGt

𝑚,asd=1,

newPGt
𝑚,asd=1 =

NG
∑

𝑔=1

newPG𝑚,asd=1
𝑔

, (5)

where

newPG𝑚,asd=1
𝑔

= PGasd=1
𝑔

+
PGasd=1
𝑔

∑
NG
𝑔=1

PGasd=1
𝑔

𝑁asg

∑

asg=1
𝑥par
𝑚,asg, (6)

where asd is the number of assisted areas, 1.

Step (i). Calculate the fitness value (𝑓
𝑚
), that is, LOLE

𝑚,asd=1
as discussed in [19]. 𝑓

𝑚
is an important parameter used

to assist the determination of a new 𝑥par
𝑚,asg and the

convergence criteria for the optimization process. This will
be explained thoroughly in the following steps. 𝑓

𝑚
or

LOLE
𝑚,asd=1 is calculated by taking into account the increased

amount of newPGt
𝑚,asd=1 obtained in Step (h).

Step (j). Perform the mutation to obtain an offspring for
each assisting area with LOLE less than 𝜉. In the proposed

mutation approach, the modified Gaussian technique is used
to improve the capability of global maximum search of a new
population with less computational time [16]. This technique
is suitable in solving the optimization problems in which
considerable discrepancy does exist among the individual
values. Each offspring comprising new individuals, 𝑥off

𝑚,asg,
is originated from 𝑥par

𝑚,asg. The new individuals, 𝑥off
𝑚,asg,

are obtained using a new mutation technique that incorpo-
rates the first order sensitivity, 𝜕𝑥parasg/𝜕𝑁 (𝑓, 𝜉, 𝜎), and the
modified Gaussian formulation,𝑁(𝑓

𝑚
, 𝜉, 𝜎), as expressed in

(7). The value of 𝑥off
𝑚,asg is varied in accordance with the

changes in 𝑓
𝑚
to the estimated LOLE limit, 𝜉. Consider

𝑥off
𝑚,asg = 𝑥par𝑚,asg + (



𝜕𝑥parasg
𝜕𝑁 (𝑓, 𝜉 ⋅ 𝜎)



(1 − 𝑁 (𝑓
𝑚
, 𝜉, 𝜎))) ,

(7)

where

𝜕𝑥parasg
𝜕𝑁 (𝑓, 𝜉, 𝜎)

=
max𝑥parasg −min𝑥parasg

max𝑁(𝑓, 𝜉, 𝜎) −min𝑁(𝑓, 𝜉, 𝜎)
,

𝑁 (𝑓
𝑚
, 𝜉, 𝜎) = 𝑒

(−(𝑓
𝑚
−𝜉)
2
/2𝜎
2
)
,

(8)

where max𝑥parasg and min𝑥parasg are the maximum and
minimum values of 𝑥par

𝑚,asg for every assisting area, respec-
tively; max𝑁(𝑓, 𝜉, 𝜎) and min𝑁(𝑓, 𝜉, 𝜎) are the maximum
and minimum values of 𝑁(𝑓

𝑚
, 𝜉, 𝜎), respectively; and 𝜎 or

𝑓max is the maximum value of fitness, 𝑓
𝑚
or LOLE

𝑚,asd=1.
The first order sensitivity is used to overcome the imped-

iment of local maxima or minima which normally occurs in
the case of large 𝑓

𝑚
. Hence, robustness in searching for the

global maxima or minima can easily be guaranteed by using
the new mutation technique.

Step (k). Perform Steps (h) and (i) to determine 𝑓
𝑚

or
LOLE

𝑚,asd=1 in relation to a new value of newPGt
𝑚,asd=1

obtained according to (5) considering 𝑥off
𝑚,asg. This implies

that the 𝑥par
𝑚,asg in (6) has been replaced by 𝑥off

𝑚,asg,
yielding to a new value of newPGt

𝑚,asd=1. Apart from the
newPGt

𝑚,asd=1 obtained based on 𝑥off𝑚,asg, determination of
LOLE

𝑚,asd=1 also requires several other parameters such as
the hourly peak load and new cumulative probability of the
generation capacity outage (PC(𝐶

𝑠
)) as discussed in [19].

Step (l). Perform pairwise comparison to determine the next
generation of population comprising the best individuals
selected from 𝑥off

𝑚,asg and 𝑥par𝑚,asg. For each assisting area,
𝑓
𝑚
or LOLE

𝑚,asd=1 has been used as a reference for selecting
the best individuals as the next generation of 𝑥par

𝑚,asg. In this
case, 𝑓

𝑚
for 𝑥par

𝑚,asg and 𝑥off𝑚,asg are obtained from Steps
(h) and (j), respectively.The concept of selection is elucidated
in terms of the formulation given in (9). Otherwise, when
the total number of chosen individuals is not adequate for
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population size, pop, then the offspring, 𝑥off
𝑚,asg, is selected

as the next generation of 𝑥par
𝑚,asg as illustrated in

𝑥sel
𝑚,asg =

[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[

[

𝑥off
𝑚=1,asg

𝑓
𝑚=1
(𝑥off
𝑚=1,asg)<𝜉

.

.

.

.

.

.

𝑥off
𝑚,asg

𝑓
𝑚
(𝑥off
𝑚,asg)<𝜉

⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅

𝑥par
𝑚=1,asg

𝑓
𝑚=1
(𝑥par
𝑚=1,asg)<𝜉

.

.

.

.

.

.

𝑥par
𝑚,asg

𝑓
𝑚
(𝑥par
𝑚,asg)<𝜉

]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]

]

,

(9)

𝑥par
𝑚,asg = {

𝑥sel
𝑚,asg, if size (𝑥sel

𝑚,asg) ≥ pop,
𝑥off
𝑚,asg, if size (𝑥sel

𝑚,asg) < pop,
(10)

where 𝑥sel
𝑚,asg is the best individuals selected from 𝑥off

𝑚,asg
and 𝑥par

𝑚,asg having 𝑓
𝑚

< 𝜉; 𝑓
𝑚
(𝑥off
𝑚,asg) is the 𝑓

𝑚

corresponding to the 𝑚th value of individual 𝑥off
𝑚,asg;

𝑓
𝑚
(𝑥par
𝑚,asg) is the 𝑓𝑚 corresponding to the 𝑚th value of

individual 𝑥par
𝑚,asg; and size (𝑥sel𝑚,asg) is the size of 𝑥sel𝑚,asg.

Step (m). The convergence criteria for the EP optimization
process is achieved when the mismatch between maximum
fitness, 𝑓max, and minimum fitness, 𝑓min, is within a specified
range, 𝜀. 𝑓max and 𝑓min are the maximum and minimum
values of 𝑓

𝑚
, respectively, obtained based on the 𝑥par

𝑚,asg in
Step (l):

𝑓max − 𝑓min ≤ 𝜀, (11)

where 𝑓min is the minimum value of 𝑓
𝑚
or LOLE

𝑚,asd=1 and 𝜀
is the desired accuracy, 0.1 for an example [16].

Go to Step (f) for the next generation of EP optimization
processwhen themismatch does not reach to the desired level
and the new value of𝑥par

𝑚,asg obtained in Step (l) will be used
to calculate a newPGt

𝑚,asg in Step (f). Otherwise, proceed to
Step (n) once the mismatch has reached the predetermined
limit 𝜀.

Step (n). Record the optimized multiobjective function of
CBMasg for the transfer case from assisting areas to an assisted
area. The optimized multiobjective CBMasg will be recorded
at the last iteration of the optimization process. The CBMasg
is obtained as the average value of 𝑥par

𝑚,asg or CBM
𝑚,asg

associated with the assisting area previously calculated in
Step (l). This implies that the CBMasg is calculated through
(12). Hence, the multiobjective function (M.O.F) comprising
several optimized CBMasg for the case of power transferred
from the assisting areas can be expressed by (13). Then,

LOLEasg is computed based on the CBM allocated for each
assisting area, CBM

𝑚,asg, as discussed in [19]. Consider

CBMasg = 𝜇 (𝑥par
𝑚,asg) = 𝜇 (CBM𝑚,asg) , (12)

M.O.F = [CBMasg=1,CBMasg=2, . . . ,CBMasg=𝑁asg] . (13)

Therefore, CBMasd for an assisted area is calculated by
summing the optimum amount of CBMasg transferred from
all the assisting areas as given in

CBMasd=1 =

𝑁asg

∑

asg=1
CBMasg. (14)

Step (o). Repeat Steps (a)–(n) several times in order to obtain
numerous optimal solutions of multiobjective CBMasg. These
results will be applied into the Pareto optimal concept in such
away to find several superiormultiobjective CBMasg. Figure 1
presents the flowchart of the proposed EP optimization
technique used to determine several multiobjective functions
of CBMs.

3. Ranking Index in the Pareto Optimality
Concept for the Best Selection of Optimal
Multiobjective Capacity Benefit Margins

Pareto optimality is a concept that has been commonly
used to select several optimal solutions of the multiobjective
CBMasg designated as multiobjective CBMPareto

asg . This implies
that the concept of Pareto does not provide a single solution
that can be considered as the global optima for a problem
related to the multiobjective CBMasg. This is important to the
ISO since it will provide flexibility to select the optimal as well
as the most inexpensive result of multiobjective CBMPareto

asg .
These inexpensive results usually fall under the cluster of the
Pareto optimal front. However, it is not worthy to select an
expensive optimal result of multiobjective CBMasg and this
type of solution is usually categorized under the cluster of
non-Pareto optimal. Figure 2 shows an example elucidating
two clusters of the Pareto optimal concept. In Figure 2, 𝐹1
represents the axis plane of CBMasg=1 solution for the transfer
case from assisting area 3 to assisted area 1.𝐹2 is the axis plane
of CBMasg=2 solution for the transfer case from assisting area
2 to assisted area 1.

The EP optimization technique is performed several
times in order to provide numerous optimal solutions of
CBMasg. In addition, solution 𝑥 is the intersection point
for the two CBMasg results. The solutions 𝑥 marked with a
circle represent the cluster of Pareto optimal front. Usually,
the best optimal solution of CBMasg, so-called CBMPareto

asg , is
selected from the cluster of Pareto optimal front. Solutions
𝑥marked with × represent the cluster of non-Pareto optimal
front which do not have the best optimal solution of CBMasg
due to their expensive multiobjective function. For instance,
this can be observed through the comparison between 𝑥

1
and

𝑥
3
, which have the same CBMasg=1 value for the 𝐹1 axis, that

is, the transfer case from assisting area 3 to assisted area 1.
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the Pareto-optimality concept.

(e) Determine the xparm,asg for every assisting

(i) Calculate fm or LOLEm,asd=1 in relation with the

(j) Perform mutation process to obtain xoffm,asg for every

CBMasg for the transfer case.

several multi-objective functions of CBMasg for

Calculate a new PGtm,asg for every assisting

new PGtm,asd=1 obtained from xparm,asg .

(h) Determine new PGtm,asd=1for an assisted area

(g) Determine LOLEm,asg for new PGtm,asg .

new PGtm,asd=1obtained based on the xoffm,asg .

Figure 1: Proposed EP technique to determine several multiobjec-
tive functions of CBMs.

However, by referring to the 𝐹2 axis, that is, the transfer
case from assisting area 2 to assisted area 1, 𝑥

3
yields to an

expensive CBMasg=2 value compared to 𝑥
1
. Thus, 𝑥

3
and 𝑥

1

are optimal solutions of multiobjective CBMasg which can be
categorized under the non-Pareto and Pareto optimal fronts,
respectively.

Non-Pareto optimal front
Pareto optimal front

F2

F
1

x1 x3

x2

Figure 2: Pareto and non-Pareto optimal fronts for the multiobjec-
tive function CBMasg.

Theoretically, the Pareto optimal front can be defined as
the solution 𝑥 that is not dominated by any other feasible
solutions 𝑥 [20]. If the domination operator is labeled “≻,”
the Pareto optimal concept can be described through the
following criteria and this is referring to Figure 2.

(a) 𝑥
1
≻ 𝑥
3
and 𝑥

2
≻ 𝑥
3
. Hence, the 𝑥

3
solution is said to

be dominated or a non-Pareto optimal front solution.
(b) 𝑥
1
≻ 𝑥
2
and 𝑥

2
≻ 𝑥
1
. Hence, the 𝑥

1
and 𝑥

2
solutions

are said to be nondominated or Pareto optimal front
solution.

The aforementioned criteria can also be used to determine the
Pareto optimal front for a multiobjective function which has
more than two transfer case solutions of CBMasg.

Furthermore, the selection of CBMPareto
asg will be per-

formed by the ISO according to the ranking index of either
total LOLE or total LOLE difference. The proposed method
has the advantage of introducing CBMPareto

asg which will also
provide the optimum results of LOLE and LOLE difference
located at the Pareto optimal front cluster. In the initial
selection based on the ranking index of total LOLE,CBMPareto

asg
is arranged according to the ranking index of total LOLE
sorted in an ascending order. Then, the CBMPareto

asg is selected
in accordance with the ranking index of total LOLE as shown
in

CBMPareto
asg ∈ Rank (total LOLE) , (15)

where

total LOLE =
𝑁asg

∑

asg=1
LOLEasg. (16)

Equation (15) shows that CBMPareto
asg is selected based on

the ranking index of reliability or total LOLE in the assisting
areas.
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In the subsequent selection based on the ranking index of
total LOLE difference, CBMPareto

asg is arranged according to the
ranking index of total LOLE difference sorted in an ascending
order. Then, the ranking index of total LOLE difference is
used to select CBMPareto

asg . This is illustrated in

CBMPareto
asg ∈ Rank (totalΔLOLE) , (17)

where

totalΔLOLE =
𝑁asg

∑

asg=1
(LOLEasg − LOLE𝑜asg) , (18)

where LOLE𝑜asg is the LOLE at the base case condition of each
assisting area.

Finally, the selected CBMPareto
asg will be taken into account

as firm and nonfirm transfer margins in the ATC determina-
tion.

4. Firm and Nonfirm Available Transfer
Capability Determination

This section discusses the ATC determination that takes into
account each optimum CBMPareto

asg value selected by referring
to the ranking index of total LOLE and total LOLE difference.
The proposed method uses the iterative power flow solutions
to determine ATC by taking into account CBMPareto

asg for the
transfer case from an assisting area to an assisted area [21].
Basically, the determination of ATC considering CBMPareto

asg
requires an iterative power flow solution to be performed
at every increase of generation capacity and load at the
respective selling and buying areas until one of the system
constraints is met. This method is used to determine ATC
considering CBMPareto

asg for the next case of power transfer.
It is important to note that two approaches are available
to calculate ATC taking into account CBMPareto

asg as firm or
nonfirm transfer. In the former approach, the assisting and
assisted areas are experiencing changes in total generation
capacity according to the firm transfer of CBMPareto

asg , whereas,
in the latter approach, ATC is determined as the total transfer
capability, TTC, reduced by CBMPareto

asg . The procedure for
both approaches discussed in this paper are implemented as
follows.

Step (a). Establish a solved base power flow solution.

Step (b). Specify the selling and buying areas for a power
transfer.

Step (c). Proceed to Step (e) if CBMPareto
asg is considered to be

a nonfirm transfer. Otherwise, adjust the generation outputs
according to CBMPareto

asg for all areas. The modification of

generation outputs in assisted area and assisting area is done
by using (19) and (20), respectively,

newPGasd=1
𝑔

= PGasd=1
𝑔

−
PGasd=1
𝑔

∑
NG
𝑔=1

PGasd=1
𝑔

𝑁asg

∑

asg=1
CBMPareto

asg , (19)

newPGasg
𝑔

= PGasg
𝑔
+

PGasg
𝑔

∑
NG
𝑔=1

PGasg
𝑔

CBMPareto
asg . (20)

Notice that (19) and (20) may cause the assisting area
to transfer its reverse generation capacity (CBMPareto

asg ) for
compensating the generation deficiency which may occur in
the assisted area. This is different from what has been dealt
previously with, with (4) and (6) whereby the generating
capacity of an assisting area and assisted area is decreased
and increased, respectively, in order to identify the amount
of generation capacity reserved for the CBM so that LOLE
will be less than 𝜉.

Step (d). Perform the power flow solution to allow an
assisting area to transfer power based CBMPareto

asg required
for compensating the generation deficiency occurring in the
assisted area.

Step (e). Simultaneously, increase the power injection and
extraction at the selling and buying areas, respectively, until
either one of the line flows or voltage constraints is met
through the load flow solution. The lower and upper voltage
limits are considered to be 0.90 and 1.10 p.u., respectively.
The injected power is referring to the increase of generation
capacity in a selling area resulting in a power transfer which
will be extracted by the load increased in a buying area. The
maximum power transfer so-called TTC is acquired once
the increased power flow solution has met one of the system
constraints as mentioned previously.

Step (f). Calculate the ATC at three different cases of TTC
determined in Step (e). In conjunction with the TTC𝑜 for
the first case, the ATC at base case condition is obtained by
employing (21) which does not require the execution of Steps
(c) and (d):

ATC𝑜 = TTC𝑜 − ETC, (21)

where TTC𝑜 is the total transfer capability or the maximum
power transfer at base case condition obtained and ETC is
the existing transmission commitment or base case load flow
solution considering system components variations.

With regard to the TTC𝑜 and CBMPareto
asg for the second

case, (22) is used to calculate ATC taking into account
nonfirm transfer of CBM:

ATCnonfirm = TTC𝑜 − CBMPareto
asg − ETC. (22)

By referring to TTC|CBMPareto
asg

given for the third case, the CBM
is taken as a firm transfer for ATC determination and the
associated formulation is introduced through

ATCfirm = TTC|CBMPareto
asg

− ETC. (23)
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By referring to (23), the modification of generation capacity
is performed in Step (c) consecutively with the load flow
solution performed in Step (d) so that the ATC is determined
by considering the firm transfer of CBM.

Step (g). Repeat Steps (a)–(f) to determine ATC for the
next transfer case between the selling and buying areas. The
determination of ATC for the next transfer case will also
consider the same CBMs determined for the assisting and
assisted areas.

The flowchart of ATC determination that takes into
account the firm and nonfirm transfer margins of CBMPareto

asg
is illustrated in Figure 3.

5. Results and Discussion

Amodified IEEE-RTS79 is used to demonstrate the effective-
ness of the proposed method in determining the CBM for
each area [19, 22]. The generating units and transmission line
information are given in [19, 22]. In this paper, the specified
value of LOLE limit, 𝜉, is assumed to be 2.4 hrs/yr.

5.1. Capacity Benefit Margin Considering Interconnected Sys-
tem Reliability. In the base case condition of a modified
IEEE-RTS79, the total generation, total load, and LOLE
associated with each area is presented in Table 1. Based on
the predetermined LOLE, areas 2 and 3 are considered the
assisting areas and area 1 is referred to as the assisted area.

Table 2 presents the results of CBM considering tie-line
reliability and is determined using the basic methodology
discussed in [19]. It is observed that 88MW and 33MW
are the amount of CBM reserved for the transfer from
assisting areas 2 and 3 to area 1, respectively, resulting in the
LOLE value being below 2.4 hrs/yr. Hence, new generation
capacities of 2156MW, 1660MW, and 751MW are obtained
for areas 1, 2, and 3, respectively.

5.2. Multiobjective Capacity Benefit Margins Result Deter-
mined by the Ranking Index in Pareto-Based Evolutionary
Programming Technique. It is noteworthy that Table 1 has
presented the total generation capacity and total load for
every area at base case condition of IEEE-RTS79. In conjunc-
tion with this matter, the LOLE less than 2.4 hrs/yr implies
that the assisting areas 2 and 3 have sufficient amount of total
reserve generation capacity that can be used as a reference
to estimate the amount of CBM for accommodating the
generation deficiency which may occur in the assisted area
1 with LOLE above 2.4 hrs/yr. Hence, the EP optimization
technique is used to perform simultaneous determination of
CBM that can be transferred from the assisting areas 2 and 3
towards the assisted area 1.

In the EP optimization technique, there are 10 individuals
in a population representing the 𝑥par

𝑚,asg=1 or CBMs for
assisting area 2. The same situation goes to the next pop-
ulation representing the 𝑥par

𝑚,asg=2 or CBMs for assisting
area 3. The initial process of EP optimization technique
will randomly generate a uniform distribution of 𝑥par

𝑚,asg
using (1) based on the reserve generating capacity available

Yes

(b) Specify the selling and buying areas.

(a) Establish a solved base case power 
solution.

(c) Change the generation outputs of all 
areas according to taken as a 

firm transfer.

(d) Run the power flow solution.

Start

End

as firm transfer?

(e) Perform the power flow solution for every
increase in power injection and extraction 
until one of the system limits is reached.

No

ATC for the next transfer case.

CBMPareto
asg

(g) Repeat Steps (a)–(f) to determine

(f) Calculate the ATC∘

and ATCfirm.

Is the CBMPareto
asg considered

, ATCnonfirm,

Figure 3: Flowchart of firm and nonfirm ATC determination
technique.

Table 1: Generation, load, and LOLE for the three areas.

Area Generation [MW] Load [MW] LOLE [hrs/yr]
1 2035 1125 4.7756
2 1748 1141 0.6380
3 784 584 0.6917

Table 2: CBM results considering interconnected system reliability
using the method introduced in [19].

Area Generation [MW] CBM [MW] LOLE [hrs/yr]
Assisted area 1 2156 121 2.3972
Assisting area 2 1660 88 1.3943
Assisting area 3 751 33 1.3569

in the assisting area. In particular, the initial population,
𝑥par
𝑚,asg=1, for assisting area 2 is obtained through the

randomly generated variables that are in the range of 1MW
and 607MW. This signifies that 1748MW − 1141MW =
607MW is the reserved generating capacity available in the
assisting area 2. In the overleaf case, that is, referring to



8 The Scientific World Journal

the assisting area 3, the initial population, 𝑥par
𝑚,asg=2, is

obtained via the randomly generated variables which are
within the range of 1MW and 200MW. Both of the 𝑥par

𝑚,asg
representing the initial population for assisting area 2 and
area 3 are tabulated in Table 3. Simultaneously, both of the
initial populations are applied into the mutation in (7) and
pairwise comparison process (10) to obtain 𝑥off

𝑚,asg and a
new 𝑥par

𝑚,asg, respectively, for the assisting areas 2 and 3. All
of the optimization process embedded in the EP optimization
technique is repeated until the difference between maximum
fitness, 𝑓max, and minimum fitness, 𝑓min, for the assisted
area 1 is equal or less than the specified 𝜀 = 0.1. In the
last iteration of EP optimization process, the average value
of 𝑥par

𝑚,asg for both populations represents the optimum
value of CBM for assisting areas 2 and 3. The 𝑥par

𝑚,asg
obtained at the final iteration of EP optimization process are
shown in Table 4. In relation to each population of 𝑥par

𝑚,asg,
it is obvious that a relatively similar value is obtained for
all of the individuals, and the average value of 𝑥par

𝑚,asg
in (12) may yield to CBM specified for the assisting areas
2 and 3. This result is obtained only for one optimization
run of EP technique. The EP optimization technique is
executed for several times so that the Pareto optimal fronts
of CBMs (CBMPareto

asg ) are obtained which provides flexibility
to the transmission provider in selecting optimum CBMs in
tandem with the changes of economic, load-serving entity
requirement or resource planner. The analysis of CBMPareto

asg
will be elucidated in the following discussion.

Figure 4 shows different optimized values of CBM
obtained at every execution of the EP optimization process.
The 𝑥-axis represents the CBM transferred from the assisting
area 2 to assisted area 1, whereas the 𝑦-axis represents the
CBM transferred from assisting area 3 to assisted area 1.

It is observed that, with an increase in CBM associated
with a particular assisting area, CBM at the other assisting
area would decrease and vice versa.The best optimum values
for the multiobjective function of CBMs are obtained based
on the Pareto optimal front and the cluster for this case is
illustrated in Figure 4. The other cluster represents the non-
Pareto optimal front of CBMs with excessive value which
may yield to an invidious violation of power system security
and ineffective utilization of the existing network resources.
Figure 5 represents the cluster of Pareto optimal front of
CBMs extracted from Figure 4. In the Pareto optimal front,
the results of CBM have less potential in violating system
security compared with the excessive amount of CBMs
obtained based on the non-Pareto optimal front.

Furthermore, the Pareto optimal front approach used in
the EP technique gives sufficient flexibility to the ISO in
selecting the optimum value of CBM for every transfer case
depending on the system requirements. This is obviously
contradictory with CBM results tabulated in Table 2 which
are obtained using a basic approach [19]. Based on the
CBM results shown in Table 2, ISO does not have the
flexibility to select other choices with suitable set of CBMs for
compensating any generation deficiency at different system
operating states. In relation to Figure 5, CBM results for each
area yielding to the Pareto optimal front are also tabulated in
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Figure 4: Pareto and non-Pareto optimal fronts of CBM for the two
transfer cases.
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Figure 5: Pareto optimal fronts of CBMs for the two transfer cases.

Table 5. Every result of Pareto optimal front CBMwill be used
as a reference to estimate the power transferred from assisting
areas 2 and 3 to accommodate possible generation deficiency
in the assisted area 1.

It is observed that the Pareto optimal front of CBM values
was obtained while fulfilling the LOLE criterion of less than
2.4 hrs/yr. The other advantage of the proposed method is
that CBMPareto

asg results also yield Pareto optimal front clusters
of LOLE and difference in LOLE values. This can be verified
in Figure 6 where LOLE located at the Pareto optimal front
cluster refers to the CBMPareto

asg results obtained for each case
of power transfer depicted in Figure 4. Consequently, the
results of total LOLE obtained through (15) are arranged in
ascending order and the ranking index is assigned to every
result to distinguish the reliability of the assisting areas shown
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Table 3: Initial population of EP technique for the assisting areas 2 and 3.

Number of individuals Assisting area 2 Assisting area 3
𝑥par
𝑚,asg=1 or CBM (MW) LOLE (hrs/yr) 𝑥par

𝑚,asg=2 or CBM (MW) LOLE (hrs/yr)
1 474.61 52.67 47.96 1.89
2 237.57 5.22 71.63 3.44
3 147.71 2.29 165.24 37.63
4 246.18 5.46 4.08 0.70
5 59.55 1.03 9.60 0.80
6 81.11 1.25 34.80 1.43
7 572.83 137.47 130.82 15.57
8 581.37 148.06 147.35 23.20
9 350.15 15.24 130.55 15.57
10 37.29 0.85 91.19 5.62

Table 4: Final population for the assisting areas 2 and 3 based on one run of EP optimization process.

Number of individuals Assisting area 2 Assisting area 3
𝑥par
𝑚,asg=1 or CBM (MW) LOLE (hrs/yr) 𝑥par

𝑚,asg=2 or CBM (MW) LOLE (hrs/yr)
1 86 1.32 35 1.43
2 86 1.32 35 1.43
3 86 1.32 35 1.43
4 86 1.32 35 1.43
5 86 1.32 35 1.43
6 86 1.32 35 1.43
7 86 1.32 35 1.43
8 86 1.32 35 1.43
9 85 1.29 35 1.43
10 85 1.29 35 1.43
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Figure 6: Pareto optimal fronts of LOLE for areas 2 and 3.

in Table 6. With respect to each value of total LOLE, total
CBMPareto

asg was obtained based on the two transfer cases also

shown in Table 6. The total CBMPareto
asg is equivalent to CBM

for an assisted area, CBMasd=1.
Figure 7 represents the difference between LOLE values

located at the Pareto optimal front cluster. The results are
referring to the CBMPareto

asg obtained based on the power
transfer cases shown in Figure 4. Then, the results of total
LOLE difference calculated using (17) were arranged in
ascending order and the ranking index is assigned to each
result indicating level of reliability available for the assisting
areas as shown in Table 6. Table 6 reveals that the total
CBMPareto

asg or CBMPareto
asd values were arranged according to

the total LOLE and total LOLE difference possessing the
same ranking index.The results divulge that the Pareto-based
EP method has the advantage of providing simultaneous
optimum results of CBMPareto

asg , LOLE, and difference of LOLE
in which all are located at the Pareto optimal front cluster.

As noted earlier and clearly presented in Table 6, the
proposed method has the advantage of providing several
choices of CBM that can be selected by ISO based on the
ranking index of total LOLE and/or total LOLE difference.
For instance, the ISO shall set the CBMPareto

asg , respectively, to
125MW and 6MW for the transfer case from assisting areas
2 and 3, respectively, to the assisted area 1 so that the assisting
areas will operate in a highly reliable condition because
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Table 5: Pareto optimal front of CBM values for each area.

EP run Assisted area 1 Assisting area 2 Assisting area 3
CBM [MW] LOLE [hrs/yr] CBM [MW] LOLE [hrs/yr] CBM [MW] LOLE [hrs/yr]

1 114 2.3997 63 1.0646 51 2.0485
2 117 2.3627 69 1.1475 48 1.8874
3 117 2.3794 73 1.1739 44 1.731
4 121 2.3967 85 1.2913 36 1.4705
5 117 2.3656 70 1.1458 47 1.9693
6 117 2.3723 71 1.1237 46 1.8714
7 116 2.3867 70 1.1458 46 1.8714
8 116 2.3941 71 1.1237 45 1.7887
9 118 2.3641 74 1.1847 44 1.731
10 118 2.3667 76 1.2076 42 1.6394
11 121 2.3996 86 1.3183 35 1.431
12 122 2.3785 86 1.3183 36 1.4705
13 125 2.3411 90 1.3775 35 1.431
14 121 2.3954 84 1.2902 37 1.539
15 122 2.3766 85 1.2913 37 1.539
16 124 2.3534 90 1.3775 34 1.3913
17 123 2.3695 90 1.3775 33 1.3569
18 123 2.3711 91 1.3914 32 1.2769
19 122 2.3931 93 1.428 29 1.2597
20 128 2.3248 102 1.5166 26 1.1351
21 125 2.3697 102 1.5166 23 1.0929
22 131 2.3091 110 1.6479 21 1.0247
23 132 2.3999 112 1.7002 20 1.0107
24 133 2.3934 113 1.7095 20 1.0107
25 132 2.3985 114 1.7198 18 0.9511
26 134 2.373 116 1.7116 18 0.9511
27 133 2.3841 116 1.7116 17 0.9235
28 136 2.3455 119 1.7702 17 0.9235
29 132 2.3932 121 1.8074 11 0.8044

the aforementionedpower transfers are obtained based on the
lowest total LOLE of 2.608 hrs/yr at the 1st ranking index.The
combination of CBMPareto

asg for both transfer cases will provide
a total CBMPareto

asg of 131MW which results in the lowest total
LOLE difference of 1.278 hrs/yr at the 1st ranking index as
shown in Table 6. Due to a relatively large total CBMPareto

asg
of 131MW, the tie-line capacity will not be fully utilized as
a medium power transfer based ATC for electricity transfer.
The total CBMPareto

asg of 131MWcan also be obtained at the 10th
ranking index as shown inTable 6.However, a total CBMPareto

asg
of 131MW at the 10th ranking index will not be the best
choice for the ISO since the assisting areas will operate in a
less reliable condition due to the total LOLE of 2.673 hrs/yr
and total LOLE difference of 1.343 hrs/yr. Furthermore, the
10th ranking index yields to a result that is close with the
largest total CBMPareto

asg of 136MW located at the 12th ranking

index. However, total LOLE of 2.694 hrs/yr and total LOLE
difference of 1.364 hrs/yr signify a reasonable or moderately
reliable operation of the assisting areas in conjunction with
the largest total CBMPareto

asg of 136MW at the 12th ranking
index.

In another situation whereby the ISO is not interested in
a highly reliable condition of a power system, the CBMPareto

asg
of 70MW can be selected for the transfer case from assisting
area 2 to area 1 and the CBMPareto

asg of 47MW can be chosen
for the transfer case from assisting area 3 to assisted area 1.
This would be a less reliable choice prior to the largest value
of total LOLE which is 3.115 hrs/yr at the 29th ranking index
as tabulated in Table 6. Consequently, the total CBMPareto

asg of
117MW is obtained contributing to the largest total LOLE
difference of 1.785 hrs/yr located at the 29th ranking index.
For this case, a highly reliable condition incurred from
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Table 6: CBM results with ranking index of total LOLE and total LOLE difference.

CBMPareto
asd received by area 1

[MW]

CBMPareto
asg from area 2

to area 1 [MW]

CBMPareto
asg from area 3

to area 1 [MW]
Total LOLE [hrs/yr] Total difference of

LOLE [hrs/yr] Rank index

131 125 6 2.608 1.278 1
125 102 23 2.610 1.280 2
132 121 11 2.612 1.282 3
132 125 7 2.629 1.300 4
133 116 17 2.635 1.305 5
128 102 26 2.652 1.322 6
134 116 18 2.663 1.333 7
123 91 32 2.668 1.339 8
132 114 18 2.671 1.341 9
131 110 21 2.673 1.343 10
122 93 29 2.688 1.358 11
136 119 17 2.694 1.364 12
132 112 20 2.711 1.381 13
133 113 20 2.720 1.391 14
123 90 33 2.734 1.405 15
124 90 34 2.769 1.439 16
122 86 36 2.789 1.459 17
125 90 35 2.809 1.479 18
121 84 37 2.829 1.500 19
122 85 37 2.830 1.501 20
118 76 42 2.847 1.517 21
117 73 44 2.905 1.575 22
116 71 45 2.912 1.583 23
118 74 44 2.916 1.586 24
117 71 46 2.995 1.665 25
116 70 46 3.017 1.688 26
117 69 48 3.035 1.705 27
114 63 51 3.113 1.783 28
117 70 47 3.115 1.785 29

a specific amount of CBM reserved through tie-line capacity
is not the main intention for the ISO. Besides, ISO is more
interested in the utilization of tie-line capacity for ATC
in order to enhance and perform as an important role in
the electricity market. Similar to the 29th ranking index, the
CBMPareto

asg of 117MW at the 22nd ranking index can also be
used in this case study. It has the advantage in providing
total LOLE of 2.905 hrs/yr and total LOLE difference of
1.575 hrs/yr which is much better than the results obtained
at the 29th ranking index. By comparing with the total CBM
of 117MW at the 22nd ranking index, ISO may choose the
lowest value of total CBM, that is, 114MWat the 28th ranking
index, only when the objective is not solely on the reliability
improvement of the assisting areas.

In a detailed analysis, ISO may select the CBMPareto
asg of

90MW and 33MW for the transfer case from the assisting
areas 2 and 3 to the assisted area 1, respectively, so that

the assisting areas are operating at the mid ranking level
(index 15) having the total LOLE of 2.734 hrs/yr and total
LOLE difference of 1.405 hrs/yr. This indicates that ISO has
chosen the value of CBMPareto

asg for both transfer cases resulting
in 50% priority on the reliability of assisting areas and
50% priority on the power transfer based ATC reserved for
electricity market activities. The aforementioned discussion
shows that the optimal value of CBM specified for each case
of power transfer is actually dependent on similar ranking
indices of total LOLE and total LOLE difference.

The previous results have well demonstrated that
CBMPareto

asg , LOLEs, and difference of LOLEs clustered in
the Pareto optimal front are the criteria to be satisfied by
the ISO before conducting the finest selection of CBMPareto

asg .
The performance of the Pareto optimal front embedded in
the proposed optimization technique is not limited only
to the CBMPareto

asg value that provides the highest reliability
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Figure 7: Pareto optimal fronts of LOLE difference for areas 2 and 3.

of assisting areas due to the lowest total LOLE and total
LOLE difference associated with the 1st ranking index.
Nevertheless, it also is not confined to the CBMPareto

asg value
with large amount of ATC yielding to the largest total LOLE
and total LOLE difference selected at the 29th ranking index.
This implies that ISO has several choices for CBM for each
case of power transfer depending on the ranking index
selected based on the Pareto optimal front of total LOLE and
total LOLE difference.

5.3. Performance Comparison with Existing Capacity Benefit
Margin Calculation Methods. It is worthwhile to mention
that the proposed method is robust in providing simultane-
ous optimum results of the CBMPareto

asg , LOLE, and difference
in LOLE, all of which are located at the Pareto optimal
front cluster. In the proposed method, the ranking index
has the advantage of providing a clearer depiction on the
relationship between the three optimal results which will
be a great help to the ISO in making the finest decision
for selecting optimum CBM values. This is contradictory
to other methods in [17], whereby the optimization process
is performed separately to find the minimum total LOLE,
minimum total LOLE difference, or minimum CBM consid-
ering weight of the tie-lines. As shown in Figure 8, the lowest
total LOLE of 2.608 hrs/yr and lowest total LOLE difference
of 1.278 hrs/yr, computed using the method presented in
[17], will give a total CBM result of 131MW which is quite
large according to the Pareto optimal front tabulated in
Table 6. Using both methods discussed in [17], ISO does not
have a choice other than to utilize a large total CBM value
of 131MW to ensure a highly reliable operating condition
of the assisting areas in accordance with the lowest total
LOLE of 2.608 hrs/yr and lowest total LOLE difference of
1.278 hrs/yr. Thus, the proposed method of Pareto optimal
front provides a solution to the abovementioned problem by
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Figure 8: Total CBMPareto
asg selection based on the ranking index in

Pareto optimal front concept.

providing the total CBMPareto
asg of 125MW at the 2nd ranking

index considered as the other option that is smaller than
the total CBM of 131MW at the 1st ranking index in Table 6
and Figure 8. The result of total CBMPareto

asg , that is, 125MW
at the 2nd ranking index, also provides a highly reliable
operating condition for the assisting areas that are nearly
identical with the lowest total LOLE and lowest total LOLE
difference at the 1st ranking index. Consequently, the total
CBMPareto

asg of 125MW at the 2nd ranking index provides a
more conservative space to transfer the power based ATC
compared with the total CBM of 131MW at the 1st ranking
index.

The method discussed in [17] provides some limited
choices of CBM results as it considers the weight specified
on each tie-line. However, the proposed method provides
several CBMPareto

asg values without considering the weight for
the tie-lines. Once the tie-line weight is not considered in
[17], the minimum total CBM of 114MW is obtained. It
is depicted in Figure 8 and Table 6 that the total CBM of
114MW is obtained at the assisted area when the CBMs of
63MW and 51MW are transferred from the assisting areas
2 and 3, respectively. However, the total LOLE of 3.113 hrs/yr
and total LOLE difference of 1.783 hrs/yr are relatively large
at the 28th ranking index although the minimum total CBM
of 114MW is obtained using the abovementioned equa-
tion given in [17]. Therefore, the proposed Pareto optimal
front concept is used to provide several choices of solution
that are relatively similar to the minimum total CBM of
114MW. For this case, the total CBMPareto

asg of 116MW is
chosen from the 23rd ranking index of Pareto optimal front
and it is the nearest value to the minimum total CBM
of 114MW. By referring to Figure 8 and Table 6, it can be
observed that the total CBMPareto

asg of 116MW will improve
the reliability of the assisting areas due to the total LOLE
of 2.912 hrs/yr and total LOLE difference of 1.583 hrs/yr
which are smaller than the LOLE results obtained from
the minimum total CBM of 114MW. For other cases of
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Table 7: Results of ATC from area 1 to area 2.

EP run ATCbase [MW] ATCfirm [MW] ATCnonfirm [MW]

1 586 542 523
2 586 538 517
3 586 535 513
4 586 527 501
5 586 537 516
6 586 537 515
7 586 537 516
8 586 537 515
9 586 535 512
10 586 533 510
11 586 526 500
12 586 526 500
13 586 524 496
14 586 528 502
15 586 527 501
16 586 524 496
17 586 524 496
18 586 523 495
19 586 522 493
20 586 515 484
21 586 515 484
22 586 510 476
23 586 508 474
24 586 508 473
25 586 507 472
26 586 506 470
27 586 506 470
28 586 504 467
29 586 502 465

different weights assigned to each tie-line, the selection
of CBM result is performed similarly by referring to the
abovementioned explanation of Pareto optimal front con-
cept.

5.4. Results of Available Transfer Capability Incorporating
Capacity Benefit Margin. In this section, the ATC results are
obtained based on the four cases of power transfer as shown
in Tables 7, 8, 9, and 10. The results of ATCs are obtained
by considering the firm and nonfirm transfers of CBMPareto

asg
located at the Pareto optimal front cluster as depicted in
Table 6. Hence, for every case of power transfer, there are 29
results of ATC that give the flexibility to the ISO in choosing
a suitable power transfer. It is noted that CBMPareto

asg taken as
a firm transfer contributes to slightly larger ATC values as
compared toCBMPareto

asg which is taken as a nonfirm transfer. It
can be concluded that, by incorporating the nonfirm transfer
of CBMPareto

asg into ATC, there will be loss for certain amount
of ATC in the power transfer contracts.

Table 8: Results of ATC from area 1 to area 3.

EP run ATCbase [MW] ATCfirm [MW] ATCnonfirm [MW]

1 271 258 220
2 271 259 223
3 271 260 227
4 271 262 235
5 271 259 224
6 271 259 225
7 271 259 225
8 271 260 226
9 271 260 227
10 271 260 229
11 271 262 236
12 271 262 235
13 271 262 236
14 271 262 234
15 271 262 234
16 271 263 237
17 271 263 238
18 271 263 239
19 271 264 242
20 271 265 245
21 271 265 248
22 271 266 250
23 271 266 251
24 271 266 251
25 271 267 253
26 271 267 253
27 271 267 254
28 271 267 254
29 271 268 260

6. Conclusion

This paper has presented a new approach for calculatingCBM
taking into account tie-line reliability in the interconnected
system. The proposed approach employs the ranking index
in a Pareto-based EP technique that provides several choices
of optimum CBM values. The effectiveness of the proposed
method in determining theCBMhas been tested on themod-
ified IEEE-RTS79. The results presented have shown that the
Pareto optimal front of CBMs is an inexpensive solution
compared to the CBMs located at the non-Pareto optimal
front. The other advantage associated with the proposed
method is due to its ability in providing simultaneous optimal
results of CBM, LOLE, and LOLE difference whereby all are
located at the Pareto optimal front cluster. Hence, selection
of the result does not rely solely on the value of CBM, but it
is also concurrently based on the impact of total LOLE and
total LOLE difference included under the ranking of Pareto
optimal front. In short, ISO has the flexibility to select the
CBM at the Pareto optimal front referring to the ranking
index of total LOLE and total difference of LOLE. Finally,
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Table 9: Results of ATC from area 2 to area 1.

EP run ATCbase [MW] ATCfirm [MW] ATCnonfirm [MW]

1 1171 1115 1108
2 1171 1110 1102
3 1171 1106 1098
4 1171 1096 1086
5 1171 1109 1101
6 1171 1108 1100
7 1171 1109 1101
8 1171 1108 1100
9 1171 1106 1097
10 1171 1104 1095
11 1171 1095 1085
12 1171 1095 1085
13 1171 1091 1081
14 1171 1097 1087
15 1171 1096 1086
16 1171 1091 1081
17 1171 1091 1081
18 1171 1090 1080
19 1171 1088 1078
20 1171 1080 1069
21 1171 1080 1069
22 1171 1073 1061
23 1171 1071 1059
24 1171 1070 1058
25 1171 1069 1057
26 1171 1067 1055
27 1171 1067 1055
28 1171 1065 1052
29 1171 1063 1050

CBM taken as a firm transfer yields to a relatively large value
of ATC compared to CBM considered as nonfirm transfer.
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Table 10: Results of ATC from area 3 to area 1.

EP run ATCbase [MW] ATCfirm [MW] ATCnonfirm [MW]

1 71 21.5 20
2 71 24.5 23
3 71 28.5 27
4 71 36.5 35
5 71 25.5 24
6 71 26.5 25
7 71 26.5 25
8 71 27.5 26
9 71 28.5 27
10 71 30.5 29
11 71 37.5 36
12 71 36.5 35
13 71 37.5 36
14 71 35.5 34
15 71 35.5 34
16 71 38.5 37
17 71 39.5 38
18 71 40.5 39
19 71 43.5 42
20 71 46.5 45
21 71 49.5 48
22 71 51.5 50
23 71 52.5 51
24 71 52.5 51
25 71 54.5 53
26 71 54.5 53
27 71 55.5 54
28 71 55.5 54
29 71 21.5 20

References

[1] J. Zhang and A. Yokoyama, “Application of interline power flow
controller toATC enhancement by optimal power flow control,”
in Proceedings of the IEEE Lausanne POWERTECH, pp. 1226–
1231, Lausanne, Switzerland, July 2007.

[2] M. M. Othman, A. Mohamed, and A. Hussain, “Determination
of transmission reliability margin using parametric bootstrap
technique,” IEEE Transactions on Power Systems, vol. 23, no. 4,
pp. 1689–1700, 2008.

[3] A.V.Gheorghe,M.Masera,M.Weijnen, and L. deVries,Critical
Infrastructures at Risk: Securing the European Electric Power
System, Springer, 2006.

[4] Available Transfer Capability Definitions and Determination,
NERC Report, North American Electric Reliability Council,
Atlanta, Ga, USA, 1996.

[5] P.W. Sauer, “Technical challenges of computing available trans-
fer capability (ATC) in electric power systems,” in Proceedings



The Scientific World Journal 15

of the 30th Annual Hawaii International Conference on System
Sciences, pp. 589–593, January 1997.

[6] K. Thai and T. Tran, “Use of capacity benefit margin,” NERC
Standard MOD-006-0.1 and MOD-007-0, Tacoma Public Util-
ities, 2009.

[7] S. C. Savulescu, “A metric for quantifying the risk of blackout,”
in Proceedings of the IEEE PES Power Systems Conference and
Exposition, pp. 1661–1664, October 2004.

[8] P. Kundur, J. Paserba, V. Ajjarapu et al., “Definition and
classification of power system stability IEEE/CIGRE joint task
force on stability terms and definitions,” IEEE Transactions on
Power Systems, vol. 19, no. 3, pp. 1387–1401, 2004.

[9] I. Dobson, S. Greene, R. Rajaraman et al., “Electric power trans-
fer capability: concepts, applications, sensitivity and uncer-
tainty,” PSERC Publication 01-34, Power Systems Engineering
Research Centre, Cornell University, New York, NY, USA, 2001.

[10] Y. Ou and C. Singh, “Assessment of available transfer capability
and margins,” IEEE Transactions on Power Systems, vol. 17, no.
2, pp. 463–468, 2002.

[11] Y. Liu, J. Wang, L. Zhang, and D. Zou, “Research on effect
of renewable energy power generation on available transfer
capability,” Journal of Software, vol. 8, no. 4, pp. 802–808, 2013.

[12] H. Farahmand, M. Rashidinejad, A. Mousavi, A. A. Gharaveisi,
M. R. Irving, and G. A. Taylor, “Hybrid mutation particle
swarm optimization method for available transfer capability
enhancement,” International Journal of Electrical Power and
Energy Systems, vol. 42, no. 1, pp. 240–249, 2012.

[13] T. Akbari, A. Rahimikian, and A. Kazemi, “A multi-stage
stochastic transmission expansion planning method,” Energy
Conversion and Management, vol. 52, no. 8-9, pp. 2844–2853,
2011.

[14] R.-F. Sun, Y.-H. Song, and Y.-Z. Sun, “Capacity benefit margin
assessment based on multi-area generation reliability expo-
nential analytic model,” IET Generation, Transmission and
Distribution, vol. 2, no. 4, pp. 610–620, 2008.

[15] R. Rajathy, R. Gnanadass, K. Manivannan, and H. Kumar,
“Computation of capacity benefit margin using differential
evolution,” International Journal of Computing Science and
Mathematics, vol. 3, no. 3, pp. 275–287, 2010.

[16] M. M. Othman, A. Mohamed, and A. Hussain, “Available
transfer capability assessment using evolutionary programming
based capacity benefit margin,” International Journal of Electri-
cal Power and Energy Systems, vol. 28, no. 3, pp. 166–176, 2006.

[17] M. Ramezani, M. R. Haghifam, C. Singh, H. Seifi, and M.
P. Moghaddam, “Determination of capacity benefit margin in
multiarea power systems using particle swarm optimization,”
IEEE Transactions on Power Systems, vol. 24, no. 2, pp. 631–641,
2009.

[18] M. Ramezani, H. Falaghi, and C. Singh, “Capacity benefit
margin evaluation in multi-area power systems including wind
power generation using particle swarm optimization,” inWind
Power Systems, Green Energy and Technology, pp. 105–123,
Springer, Berlin, Germany, 2010.

[19] N. B. A. Rahman, M. M. Othman, I. Musirin, A. Mohamed,
and A. Hussain, “Capacity Benefit Margin (CBM) assessment
incorporating tie-line reliability,” in Proceedings of the 4th
International Power Engineering and Optimization Conference
(PEOCO ’10), pp. 337–344, Shah Alam Selangor, Malaysia, June
2010.

[20] D. Goldberg, Genetic Algorithm in Search, Optimization and
Machine Learning, Addison-Wesley, New York, NY, USA, 1989.

[21] N. A. Salim, M. M. Othman, M. S. Serwan, M. Fotuhi-
Firuzabad, A. Safdarian, and I. Musirin, “Determination of
available transfer capability with implication of cascading col-
lapse uncertainty,” IET Generation, Transmission and Distribu-
tion, vol. 8, no. 4, pp. 705–715, 2014.

[22] P. M. Subcommittee, “IEEE reliability test system,” IEEE Trans-
actions on Power Apparatus and Systems, vol. 98, no. 6, pp. 2047–
2054, 1979.



Research Article
New Enhanced Artificial Bee Colony (JA-ABC5) Algorithm with
Application for Reactive Power Optimization

Noorazliza Sulaiman,1 Junita Mohamad-Saleh,1 and Abdul Ghani Abro2

1 School of Electrical & Electronic Engineering, Universiti Sains Malaysia, 14300 Nibong Tebal, Penang, Malaysia
2 College of Engineering, King Saud University, Muzahmyiah Campus, Riyadh 11451, Saudi Arabia

Correspondence should be addressed to Junita Mohamad-Saleh; jms@usm.my

Received 24 June 2014; Accepted 6 October 2014

Academic Editor: Ahmad T. Azar

Copyright © 2015 Noorazliza Sulaiman et al. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

The standard artificial bee colony (ABC) algorithm involves exploration and exploitation processes which need to be balanced
for enhanced performance. This paper proposes a new modified ABC algorithm named JA-ABC5 to enhance convergence speed
and improve the ability to reach the global optimum by balancing exploration and exploitation processes. New stages have been
proposed at the earlier stages of the algorithm to increase the exploitation process. Besides that, modified mutation equations have
also been introduced in the employed and onlooker-bees phases to balance the two processes. The performance of JA-ABC5 has
been analyzed on 27 commonly used benchmark functions and tested to optimize the reactive power optimization problem. The
performance results have clearly shown that the newly proposed algorithm has outperformed other compared algorithms in terms
of convergence speed and global optimum achievement.

1. Introduction

Bioinspired algorithms (BIAs) are metaheuristics method
that imitates the biological phenomenon of nature [1, 2].
Various BIAs have been developed to solve complex opti-
mization problems. For example, Davidović et al. (2011) have
implemented Bee Colony Optimization (BCO) algorithm to
solve𝑝-center problem [3] and, in 2012, Badar et al. have used
particle swarm optimization (PSO) algorithm to handle a
reactive power control problem [4]. Karaboga and Latifoglu
then applied artificial bee colony (ABC) algorithm as a tool to
solve adaptive filtering noisy transcranial Doppler signal [5].
Bacanin and Tuba (2014) have recently employed firefly algo-
rithm to encounter cardinality constrained mean-variance
portfolio optimization problem [6]. A few new BIAs have
also been developed such as in the work of Obagbuwa and
Adewumi that introduced ImprovedCockroach SwarmOpti-
mization (CSO) algorithm.The algorithm includes the inser-
tion of hunger element to the existing CSO to enhance the
exploration capabilities and the diversity of cockroach popu-
lation [7].Meanwhile, Zhou et al. (2014) have proposedCloud

Model Bat algorithm which is based on the ideas of bat
echolocation together with the attribute of cloud model in
order to depict good performance in optimization [8].

BIAs consist of several classes such as evolutionary algo-
rithms (EA), swarm-intelligence-based (SI) algorithms, and
many more. Among them, SI is the most prominent BIAs. SI
algorithms imitate the social behavior of nature, such as bird
flocking, fish schooling, and bees’ swarming. SI has basically
been a technique which is based on the interaction of organ-
isms in a population, such as the flocks of bird and a swarm
of bees. The optimization algorithms have been developed
by observing the interaction among the swarm members [7].
Various optimization algorithms which are based on this
technique have been successfully used in various optimiza-
tion applications such as in real power loss minimization
[4], estimation of induction motor’s parameter [9], multi-
level image thresholding [10], and many more. Among the
techniques, optimization algorithms based on honeybees’
behaviors have become the most commonly investigated and
explored phenomenon by optimization researchers. Abbass
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(2001) has investigated marriage in honeybees [11]. Later on,
Karaboga (2005) has proposed the artificial bee colony (ABC)
algorithm based on the foraging behavior of honeybees [12].
Next, the concept of honeybees mating has been studied by
Marinakis et al. [13] and Niknam et al. [14] in 2011. Besides
that, the idea of the waggle dances of honeybees has been
investigated by Duangphakdee et al. in 2011 who found out
that the honeybees have complexity in waggle dances as soon
as the sun comes close to its zenith. Thus, they have studied
the relation of foraging and absconding to the azimuth [15].

ABC was proposed by Karaboga in 2005 [12]. It mimics
the intelligent foraging behavior of honeybees that shows how
organized the honeybees interact among them to search for
food. ABC has fewer tuned parameters compared to other
optimization algorithms such as genetic algorithm (GA) and
differential evolution (DE). Thus, it is a simple and efficient
optimization algorithm [16].Moreover, ABChas been proven
to show superior performance in comparison to other promi-
nent optimization algorithms such as genetic algorithm (GA),
differential evolution (DE), evolutionary strategies (ES), and
particle swarm optimization (PSO) algorithms [16–18]. Nev-
ertheless, ABC has been found to suffer from few limitations
such as slow convergence speed [19, 20] and premature
convergence [21, 22]. Due to that, researchers have tried to
solve them by developing various ABC variants, for example,
Gbest-guided ABC (GABC) by Zhu and Kwong in 2010 [23],
Best-so-far ABC (BsfABC) by Banharnsakun et al. [24], and
Improved ABC (IABC) by Gao and Liu [25] in 2011 as well
as modified ABC (MABC) by Gao and Liu [20], Global-best
ABC (BABC) by Gao et al. [19], and enhanced ABC by Abro
and Mohamad-Saleh [26] in 2012. However, some of these
variants are still incapable of efficiently solving the problems,
whilst a number of the variants could still be improved. For
instance, the idea of IABC using the best solution is very
convincing because it enhances the convergence speed [25].
Furthermore, its incorporation of random search equation
into the algorithm is rather promising as the equation is
known for its randomness and able to generate diverse pop-
ulation [25]. However, IABC is unable to solve Rosenbrock
function as it is actually poor in exploitation [25].Meanwhile,
one of the BABC variants, BABC1, has also incorporated the
idea of using the previous best solution as the guidance for
the search [19]. With some adjustment to the solution search
equation, BABC1 has shown the best performance among
other variants at that time. Nevertheless, BABC1 is actually
prone to premature convergence when dealing with complex
multimodal problems [27]. With the motivation from one of
the BABC variants which is BABC2, enhanced ABC (EABC)
has been proposed with the idea to balance the exploration
and exploitation abilities of the algorithm. Nonetheless,
EABC has a tendency to suffer from slow convergence speed
(i.e., lack of exploitation process) as shown in [28]. With
the motivation from the existing ABC variants and their lim-
itations, a new modified ABC is proposed in this paper. This
new enhancedABC is expected to give excellent performance
in terms of convergence speed and robust global minimum
search.

2. Artificial Bee Colony (ABC)
Algorithm Model

The standardABC algorithm is a population-based optimiza-
tion algorithm.Theworking principle of ABC is as illustrated
in Figure 1. Based on the figure, the working principle of ABC
can be categorized into five main phases which are ini-
tialization, employed-bees, onlooker-bees, scout-bee, and
termination phases which consist of a total of twelve stages
or processes.

In ABC, three phases are performance-deciding phases
which are employed-bees, onlooker-bees, and scout-bee
phases while the other two are supporting phases. The explo-
ration process of the algorithm takes place in employed-bees
and onlooker-bees phases where the bees need to explore the
neighborhood of the food sources allocated to them. Mean-
while, the exploitation process happens in the onlooker-bees
phase when onlooker-bees apply fitness-proportion selection
scheme in order to select the selected-fitter food sources.The
details of the phases are discussed in the following subsec-
tions and more details of ABC can also be found in [18].

2.1. Initialization. In ABC algorithm, food sources represent
the possible solution among the population of a problem.
They are randomly initialized. The initialization of the pop-
ulation is based on user predetermined values of the popu-
lation size. These food sources are then assigned to the
employed-bees. Next, the nectar amounts which represent
the fitness value of each food source are calculated using
equation found in [18, 29, 30]:

fit
𝑖
=

{

{

{

1

1 + 𝑓
𝑖

, 𝑓
𝑖
≥ 0,

1 + abs (𝑓
𝑖
) , 𝑓

𝑖
< 0,

(1)

where 𝑓
𝑖
is objective function value of 𝑖th food source.

2.2. Employed-Bees Phase. In this phase, employed-bees
explore the neighborhood of the food sources assigned to
them and update the food sources using the mutation
equation given by

𝑧
𝑖𝑗
= 𝑦
𝑖𝑗
+ 𝜙
𝑖𝑗
(𝑦
𝑖𝑗
− 𝑦
𝑘𝑗
) , (2)

where 𝑧
𝑖𝑗
is the candidate solution of food sources, 𝑦

𝑖𝑗
is the

𝑗th dimension of the 𝑖th food sources, and 𝑦
𝑘𝑗
is the 𝑘th food

sources that are randomly chosen from a neighborhood of 𝑖th
food sources for 𝑘 ∈ [1, 2, . . . , 𝑆𝑁] and 𝑆𝑁 is the number of
food sources. Subscripts 𝑘 and 𝑖 are mutually exclusive food
sources. For the equation, 𝑘 and 𝑗 are chosen randomly and
𝑗 ∈ [1, 2, . . . , 𝐷] where 𝐷 represents the dimension of the
search space and 𝜙

𝑖𝑗
is the control parameter that represents

random number from [−1, 1], inclusively.
The explorations by employed-bees generate new food

sources (i.e., candidate solutions of food sources). A selection
between the candidate solution and the old food sources is
based on which of them exhibits the best fitness value. This
selection is done using greedy-selection scheme. The chosen
food sources are potentially fitter food sources and are shared
with onlooker-bees in onlooker-bees phase.
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Figure 1: The flowchart of standard ABC algorithm.

2.3. Onlooker-Bees Phase. During this phase, the onlooker-
bees do not update all potentially fitter food sources shared
with them by employed-bees. They apply fitness-proportion
selection scheme to choose few selected-fitter food sources
among all the food sources shared with them. The exploita-
tion of the food sources by onlooker-bees has actually made
the algorithm converge fast. The fitness-proportion selection
scheme is dependent on the probability value, 𝑃

𝑖
given by

𝑃
𝑖
=

fit
𝑖

∑
𝑆𝑁

𝑗=1
fit
𝑗

, (3)

where 𝑃
𝑖
is the probability of 𝑖th food source, fit

𝑖
is the fitness

value of 𝑖th food source, and 𝑆𝑁 represents the number of
available food sources.

Onlooker-bees then explored the neighborhood of the
selected-fitter food sources and update the food sources using
the equation given in (2). The new candidate solution is then
comparedwith the old food source using the greedy-selection
scheme. Next, the best food source so far for that generation
is memorized before entering the scout-bee phase.

2.4. Scout-Bee Phase. In scout-bee phase, a food sourcewhich
has become exhausted and does not show improvement over
a limit is abandoned [23]. Limit is a control parameter used

to signify exhausted food source [19]. Employed-bee whose
food source has reached limit will become scout-bee. The
scout-bee will take consequent flights and search the search
space randomly to find new food source using

𝑦
𝑗

𝑖
= 𝑦
𝑗

min + rand (0, 1) (𝑦
𝑗

max − 𝑦
𝑗

min) , (4)

where 𝑦
𝑗

min and 𝑦
𝑗

max are the lower and upper limit of the
search space, respectively. rand(0, 1) is a function which
randomly generates numbers within [0, 1].This action is nec-
essary for the scout-bee to replace the abandoned food source
with new food source and thus balance the number of
populations again.

2.5. Termination. The termination criterion of the algorithm
is based on the maximum number of generations or max-
imum cycle number (MCN) [18]. This number is preset by
user prior to the simulation of ABC algorithm.

3. New Enhanced ABC (JA-ABC5) Algorithm

The limitations of ABC are due to (2) that is known to be
good in exploration but poor in exploitation.This imbalances
of exploration and exploitation capabilities of the standard
ABC algorithm contribute to its lack in performance. Thus,
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Figure 2: The flowchart of new enhanced ABC (JA-ABC5) algorithm.

few modifications have been introduced to the standard
ABC algorithm for the purpose of balancing the exploration
and exploitation capabilities of the algorithm. The proposed
algorithm introduces fourmodifications to the standardABC
algorithm as highlighted in Figure 2.

The first modification is the insertion of new phase
between initialization and employed-bees phases. This phase
consists of two stages illustrated by stages 4 and 5 in Figure 2.
The first stage aims to identify few food sources that have
the lowest fitness values, referred to as poor food sources.
Next, these poor food sources are updated around global best
(𝑔-best) food source using the mutation equation inspired
from [19] given by

𝑧
𝑖𝑗
= 𝑦best,𝑗 + 𝜙

𝑖𝑗
(𝑦
𝑝𝑗

− 𝑦
𝑘𝑗
) , (5)

where 𝑧
𝑖𝑗
represents the candidate solution of 𝑖th food source

with 𝑗th dimension. 𝑦best,𝑗 is the best food source, 𝑦
𝑝𝑗

is
𝑗th dimension of 𝑝th food source and is randomly chosen.
Subscripts 𝑖, 𝑘, and 𝑝 are mutually exclusive food sources and
the rest of the parameters are the same as in (2).

The generated food sources would now be fitter since
they are being directed towards the global best food source
based on (5). This has increased the exploitation process of
the algorithm and makes the current population consist of
fitter food sources. The random selection of food sources has
also made the population not only fitter, but diverse as well.

Then, in employed-bees phases, the fitter populations
are updated. Here comes the second modification which is
represented by stage 6 in Figure 2. Since the population is now

fitter, there is a possibility for the algorithm to be trapped in
local optima.Thus, to overcome this, the exploration process
should be enhanced. The enhancement of the exploration
process has been done by adapting new mutation equation
in employed-bees phase. This new mutation equation is
obtained by adapting modified mutation equation inspired
from [25] which is well known for its randomness. The
modification produces a modified equation given by

𝑧
𝑖𝑗
= 𝑦
𝑟1𝑗

+ 𝜙
𝑖𝑗
(𝑦
𝑟2𝑗

− 𝑦
𝑟3𝑗

) , (6)

where 𝑧
𝑖𝑗
represents the candidate solution of 𝑖th food source

with 𝑗th dimension. 𝑦
𝑟1𝑗
, 𝑦
𝑟2𝑗
, and 𝑦

𝑟3𝑗
are the 𝑟1th, 𝑟2th,

and 𝑟3th food sources that are randomly chosen from neigh-
borhood of 𝑖th food sources. Subscripts 𝑟1, 𝑟2, and 𝑟3 are
mutually exclusive food sources and the rest of the parameters
are the same as in (2). Equation (6) updates the food sources
by directing the interaction among randomly chosen food
sources.This increases the diversity of the exploration process
that enhances the capability of the algorithm to avoid local
optima trapping.

The next modification is aimed at increasing the conver-
gence speed of the algorithm since random searching has a
tendency to slow down the execution of the algorithm. The
enhancement of the exploitation capability in onlooker-
bees phase has been formulated to overcome this problem.
The onlooker-bees have been directed to update only few
most-fit-selected-fitter food sources. As already mentioned,
onlooker-bees basically do not update all food sources but
update only selected-fitter food sources. Hence, in this
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proposed algorithm, onlooker-bees will update only few
most-fit food sources among the selected-fitter food sources.
Thus, with only few fitter food sources to be updated, the
convergence speed of the algorithm has been increased. This
modification is shown by stage 9 in Figure 2.

The fourth modification is to replace the mutation of
onlooker-bees from (2) to the equation adapted from the
work of [25]

𝑧
𝑖𝑗
= 𝑦best,𝑗 + 𝜙

𝑖𝑗
(𝑦
𝑖𝑗
− 𝑦
𝑚𝑗

) , (7)

where 𝑧
𝑖𝑗
represents the candidate solution of 𝑖th food source

with 𝑗th dimension. 𝑦best,𝑗 is the best food source and 𝑦
𝑚𝑗

represents 𝑗th dimension of𝑚th food source and is randomly
chosen. Subscripts 𝑖 and 𝑚 are mutually exclusive food
sources and the rest of the parameters are the same as (2).

Equation (7) is able to enhance the convergence speed
since the fitter food sources in onlooker-bees phase have
been updated towards the 𝑔-best food sources. This mod-
ification is presented by stage 10 in Figure 2. Thus, in the
end, the proposed algorithm, JA-ABC5, has enhanced and
balanced exploration and exploitation processes. With this,
it is expected to converge faster and to be able to reach global
optimum efficiently. Its ability is assessed by comparing its
performance with existing variants on 27 benchmark func-
tions and at solving the reactive power optimization problem.

4. Simulations on Benchmark Functions

In order to justify the robustness of the proposed JA-ABC5
algorithm, it has been simulated on 27 commonly used
benchmark functions as listed in Table 1. These benchmark
functions vary from different types of functions such as ran-
dom shifted, unimodal, multimodal, and rotated functions
prior to testing the capabilities of the algorithm to solve awide
range of problems.

The performance of JA-ABC5 has been compared with
the standard ABC algorithm and three other sophisticated
existing ABC variants: Improved ABC (IABC) [25], Global
best ABC (BABC1) [19], and enhanced ABC (EABC) [26,
29] to show the effectiveness of JA-ABC5 in solving those
functions.

For all algorithms, the dimensionality of the benchmark
functions has been set to 30, the population size has been set
to 50, number of generations has been limited to 1000, and the
parameter limit has been set as 𝐷 × 𝑆𝑁, where 𝐷 represents
the dimension of the search space and 𝑆𝑁 is the number
of food sources. The 𝑃 value of IABC has been set to 0.25
[25]. As for global solution validation, each of the compared
algorithms including JA-ABC5 has been set to be simulated
for 30 times on each benchmark function [26]. All these
values follow those used and recommended in the literature
[18–20, 23, 25, 26, 30].

The simulation and testing process have been carried out
usingMatlab R2010a on an Intel Core i7 with 2.80GHz speed
computer.

4.1. Results of Benchmark Functions Simulation. Figures 3,
4, 5, 6, and 7 show the graphical results of the proposed
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Figure 3: The convergence rates of optimization algorithms on
Himmelblau function.

Table 1: Benchmark functions.

Function Function name Initialization range
𝑓1 Griewank ±600
𝑓2 Rastrigin ±15
𝑓3 Rosenbrock ±15
𝑓4 RS Ackley ±32
𝑓5 Schwefel ±500
𝑓6 Himmelblau ±600
𝑓7 RS Sphere ±600
𝑓8 Step ±600
𝑓9 Bohachevsky 2 ±100
𝑓10 RS Schwefel 2.22 ±100
𝑓11 RS Schwefel Ridges ±100
𝑓12 RS Schwefel Ridges with Noise ±15
𝑓13 RS Elliptic ±100
𝑓14 Zekhelip ±15
𝑓15 Non-continuous Rastrigin ±15
𝑓16 Michalewicz 0–180
𝑓17 First Expanded Function ±15
𝑓18 Second Expanded Function ±15
𝑓19 Third Expanded Function ±15
𝑓20 Fourth Expanded Function ±500
𝑓21 Fifth Expanded Function ±100
𝑓22 Sixth Expanded Function ±100
𝑓23 Seventh Expanded Function ±15
𝑓24 Eighth Expanded Function ±100
𝑓25 Rotated Griewank Function 0–600
𝑓26 Rotated Ackley Function ±32
𝑓27 Rotated Rastrigin Function ±5

algorithm, JA-ABC5 algorithm. The figures have shown that
the proposed algorithm has outperformed other algorithms
in terms of convergence speed. It exhibits faster convergence
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Figure 4: The convergence rates of optimization algorithms on
Random Shifted Sphere function.
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Figure 5: The convergence rates of optimization algorithms on
Bohachevsky 2 function.

as compared to others. Moreover, the considerable differ-
ence of the proposed algorithm in comparison with other
compared variants has clearly justified that the proposed
algorithm is a robust ABC variant that has potential to solve
optimization problems.The standard ABC exhibits the worst
performance among all since it has suffered from few limita-
tions as mentioned earlier.

Meanwhile, the statistical data in Table 2 reveal the
numerical performance results of various ABC variants illus-
trating the values ofminimum,mean, and standard deviation
of the compared optimization algorithms. The results have
shown that JA-ABC5 exhibits the least value of minimum,
mean, and standard deviation on most of the benchmark
functions. Thus, this vividly demonstrates that JA-ABC5 has
the best performance in comparison with other compared
ABC variants.
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Figure 6: The convergence rates of the optimization algorithms on
Rotated Griewank function.
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Figure 7: The convergence rates of the optimization algorithms on
Rotated Ackley function.

5. Reactive Power Optimization Application

Reactive power optimization (RPO) is known to be a large-
scale nonlinear combinatorial constrained problem [31]. RPO
basically serves to determine the optimal setting of the power
system network to satisfy few constraints such as the power
flow equation system security and equipment operating limits
[32].This problem has been discovered by Carpentier in 1962
[33] and, since then, many have tried to solve it. Researchers
and engineers have tried to solve it by developing various
search strategies since this kind of problem is very essential to
be solved.This is because this problem is the important tool in
the power system’s operation and planning [34] since it actu-
ally has close contact with the security and economic dispatch
of a power system [35]. For example, they have attempted
to solve RPO problem using various classical methods such
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Table 2: Statistical Results of Optimization Algorithms.

𝑓1 MIN Average STD DEV 𝑓15 MIN Average STD DEV
ABC 1.22𝐸 − 14 1.47𝐸 − 13 1.65𝐸 − 13 ABC 3.56𝐸 − 07 9.44𝐸 − 01 8.38𝐸 − 01
BABC1 4.44𝐸 − 16 6.22𝐸 − 16 1.50𝐸 − 16 BABC1 0.00𝐸 + 00 2.00𝐸 − 01 4.84𝐸 − 01
IABC 4.44𝐸 − 16 6.40𝐸 − 16 4.82𝐸 − 16 IABC 0.00𝐸 + 00 7.01𝐸 − 14 6.95𝐸 − 14
EABC 4.44𝐸 − 16 6.31𝐸 − 16 1.58𝐸 − 16 EABC 0.00𝐸 + 00 6.72𝐸 − 12 2.10𝐸 − 11
JA-ABC5 3.33𝐸 − 16 5.48𝐸 − 16 8.71𝐸 − 17 JA-ABC5 0.00𝐸 + 00 1.00𝐸 − 01 3.05𝐸 − 01
𝑓2 MIN Average STD DEV 𝑓16 MIN Average STD DEV
ABC 2.29𝐸 − 08 3.77𝐸 − 01 5.87𝐸 − 01 ABC −2.92𝐸 + 01 −2.90𝐸 + 01 1.40𝐸 − 01
BABC1 0.00𝐸 + 00 2.98𝐸 − 01 4.64𝐸 − 01 BABC1 −2.96𝐸 + 01 −2.94𝐸 + 01 1.08𝐸 − 01
IABC 0.00𝐸 + 00 0.00𝐸 + 00 0.00𝐸 + 00 IABC −2.96𝐸 + 01 −2.96𝐸 + 01 1.58𝐸 − 02
EABC 0.00𝐸 + 00 8.02𝐸 − 14 3.02𝐸 − 13 EABC −2.96𝐸 + 01 −2.95𝐸 + 01 9.68𝐸 − 02
JA-ABC5 0.00𝐸 + 00 2.32𝐸 − 01 5.01𝐸 − 01 JA-ABC5 −2.96𝐸 + 01 −2.90𝐸 + 01 1.29𝐸 − 02
𝑓3 MIN Average STD DEV 𝑓17 MIN Average STD DEV
ABC 2.23𝐸 − 02 9.03𝐸 + 00 2.11𝐸 + 00 ABC 7.85𝐸 − 03 4.09𝐸 − 02 1.81𝐸 − 01
BABC1 2.32𝐸 − 02 3.04𝐸 + 01 3.30𝐸 + 01 BABC1 7.85𝐸 − 03 5.69𝐸 − 01 5.62𝐸 − 01
IABC 9.66𝐸 − 02 5.63𝐸 + 00 5.85𝐸 + 00 IABC 7.85𝐸 − 03 4.08𝐸 − 02 1.81𝐸 − 01
EABC 1.48𝐸 − 02 4.42𝐸 + 00 7.16𝐸 + 00 EABC 7.85𝐸 − 03 7.85𝐸 − 03 1.75𝐸 − 16
JA-ABC5 1.31𝐸 − 02 4.97𝐸 + 00 1.44𝐸 + 01 JA-ABC5 3.03𝐸 − 03 6.55𝐸 − 03 1.37𝐸 − 01
𝑓4 MIN Average STD DEV 𝑓18 MIN Average STD DEV
ABC 2.48𝐸 − 06 1.82𝐸 − 05 1.12𝐸 − 05 ABC 1.59𝐸 − 14 3.29𝐸 − 13 2.53𝐸 − 13
BABC1 3.46𝐸 − 14 4.86𝐸 − 14 7.52𝐸 − 15 BABC1 4.42𝐸 − 16 6.29𝐸 − 16 1.05𝐸 − 16
IABC 8.98𝐸 − 12 1.97𝐸 − 11 6.75𝐸 − 12 IABC 4.44𝐸 − 16 5.72𝐸 − 16 8.91𝐸 − 17
EABC 1.66𝐸 − 12 4.15𝐸 − 12 1.56𝐸 − 12 EABC 4.92𝐸 − 16 6.62𝐸 − 16 1.23𝐸 − 16
JA-ABC5 2.75𝐸 − 14 3.12𝐸 − 14 3.16𝐸 − 15 JA-ABC5 4.19𝐸 − 16 5.32𝐸 − 16 7.03𝐸 − 17
𝑓5 MIN Average STD DEV 𝑓19 MIN Average STD DEV
ABC 1.07𝐸 − 01 2.96𝐸 + 02 1.20𝐸 + 02 ABC 2.80𝐸 + 01 3.13𝐸 + 01 6.05𝐸 + 00
BABC1 3.82𝐸 − 04 1.54𝐸 + 02 1.33𝐸 + 02 BABC1 2.78𝐸 + 01 6.29𝐸 + 01 3.13𝐸 + 01
IABC 3.82𝐸 − 04 6.71𝐸 + 01 8.62𝐸 + 01 IABC 2.80𝐸 + 01 4.20𝐸 + 01 1.87𝐸 + 01
EABC 3.82𝐸 − 04 9.28𝐸 + 01 1.06𝐸 + 02 EABC 2.76𝐸 + 01 4.76𝐸 + 01 2.68𝐸 + 01
JA-ABC5 3.82𝐸 − 04 1.03𝐸 + 02 1.23𝐸 + 02 JA-ABC5 2.74𝐸 + 01 4.18𝐸 + 01 1.30𝐸 + 01
𝑓6 MIN Average STD DEV 𝑓20 MIN Average STD DEV
ABC −7.83𝐸 + 01 −7.83𝐸 + 01 1.55𝐸 − 07 ABC 3.20𝐸 − 08 6.65𝐸 − 02 3.64𝐸 − 01
BABC1 −7.83𝐸 + 01 −7.82𝐸 + 01 4.09𝐸 − 01 BABC1 0.00𝐸 + 00 5.98𝐸 − 01 9.30𝐸 − 01
IABC −7.83𝐸 + 01 −7.83𝐸 + 01 1.21𝐸 − 14 IABC 0.00𝐸 + 00 0.00𝐸 + 00 0.00𝐸 + 00
EABC −7.83𝐸 + 01 −7.83𝐸 + 01 2.28𝐸 − 01 EABC 0.00𝐸 + 00 1.67𝐸 − 16 5.18𝐸 − 16
JA-ABC5 −7.83𝐸 + 01 −7.83𝐸 + 01 2.39𝐸 − 01 JA-ABC5 0.00𝐸 + 00 1.33𝐸 − 01 5.06𝐸 − 01
𝑓7 MIN Average STD DEV 𝑓21 MIN Average STD DEV
ABC 4.60𝐸 − 11 4.53𝐸 − 10 3.99𝐸 − 10 ABC 1.66𝐸 − 10 2.30𝐸 − 09 3.28𝐸 − 09
BABC1 4.55𝐸 − 16 6.66𝐸 − 16 1.10𝐸 − 16 BABC1 1.11𝐸 − 16 3.89𝐸 − 16 1.66𝐸 − 16
IABC 4.09𝐸 − 16 5.89𝐸 − 16 9.03𝐸 − 16 IABC 5.55𝐸 − 17 3.11𝐸 − 16 1.85𝐸 − 16
EABC 4.72𝐸 − 16 6.57𝐸 − 16 1.24𝐸 − 16 EABC 1.11𝐸 − 16 4.86𝐸 − 16 1.32𝐸 − 16
JA-ABC5 3.29𝐸 − 16 5.62𝐸 − 16 1.08𝐸 − 16 JA-ABC5 5.55𝐸 − 17 3.05𝐸 − 16 1.21𝐸 − 16
𝑓8 MIN Average STD DEV 𝑓22 MIN Average STD DEV
ABC 4.27𝐸 − 11 4.82𝐸 − 10 5.12𝐸 − 10 ABC 1.80𝐸 − 10 2.89𝐸 − 09 3.60𝐸 − 09
BABC1 4.54𝐸 − 16 6.37𝐸 − 16 1.02𝐸 − 16 BABC1 0.00𝐸 + 00 3.94𝐸 − 16 1.45𝐸 − 16
IABC 2.87𝐸 − 16 5.38𝐸 − 16 9.62𝐸 − 17 IABC 0.00𝐸 + 00 2.55𝐸 − 16 1.30𝐸 − 16
EABC 4.69𝐸 − 16 6.65𝐸 − 16 8.62𝐸 − 17 EABC 2.22𝐸 − 16 4.37𝐸 − 16 1.33𝐸 − 16
JA-ABC5 4.21𝐸 − 16 4.66𝐸 − 16 7.66𝐸 − 17 JA-ABC5 0.00𝐸 + 00 2.46𝐸 − 16 1.28𝐸 − 16
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Table 2: Continued.

𝑓9 MIN Average STD DEV 𝑓23 MIN Average STD DEV
ABC 9.72𝐸 − 10 3.85𝐸 − 08 4.32𝐸 − 08 ABC 7.05𝐸 − 12 1.60𝐸 − 10 1.70𝐸 − 10
BABC1 1.11𝐸 − 16 4.57𝐸 − 16 1.36𝐸 − 16 BABC1 4.32𝐸 − 16 6.20𝐸 − 16 1.07𝐸 − 16
IABC 1.11𝐸 − 16 4.09𝐸 − 16 1.42𝐸 − 16 IABC 3.23𝐸 − 16 5.57𝐸 − 16 8.87𝐸 − 17
EABC 2.22𝐸 − 16 5.41𝐸 − 16 1.76𝐸 − 16 EABC 4.80𝐸 − 16 6.78𝐸 − 16 9.50𝐸 − 17
JA-ABC5 1.11𝐸 − 16 3.81𝐸 − 16 1.27𝐸 − 16 JA-ABC5 3.22𝐸 − 16 5.57𝐸 − 16 8.72𝐸 − 17
𝑓10 MIN Average STD DEV 𝑓24 MIN Average STD DEV
ABC 1.96𝐸 − 06 1.07𝐸 − 05 5.44𝐸 − 06 ABC 7.50𝐸 − 01 7.50𝐸 − 01 2.20𝐸 − 04
BABC1 5.55𝐸 − 17 2.44𝐸 − 15 1.79𝐸 − 15 BABC1 7.50𝐸 − 01 7.50𝐸 − 01 3.23𝐸 − 16
IABC 6.93𝐸 − 12 2.64𝐸 − 11 9.63𝐸 − 12 IABC 7.50𝐸 − 01 7.50𝐸 − 01 3.44𝐸 − 16
EABC 2.95𝐸 − 12 8.20𝐸 − 12 4.41𝐸 − 12 EABC 7.50𝐸 − 01 7.50𝐸 − 01 1.78𝐸 − 16
JA-ABC5 0.00𝐸 + 00 1.85𝐸 − 18 1.01𝐸 − 17 JA-ABC5 7.50𝐸 − 01 7.50𝐸 − 01 1.36𝐸 − 16
𝑓11 MIN Average STD DEV 𝑓25 MIN Average STD DEV
ABC 1.85𝐸 − 10 2.62𝐸 − 09 2.40𝐸 − 09 ABC 0.00𝐸 + 00 0.00𝐸 + 00 0.00𝐸 + 00
BABC1 3.93𝐸 − 16 6.42𝐸 − 16 1.11𝐸 − 16 BABC1 0.00𝐸 + 00 0.00𝐸 + 00 0.00𝐸 + 00
IABC 3.95𝐸 − 16 5.77𝐸 − 16 9.15𝐸 − 17 IABC 0.00𝐸 + 00 0.00𝐸 + 00 0.00𝐸 + 00
EABC 4.39𝐸 − 16 6.54𝐸 − 16 1.04𝐸 − 16 EABC 0.00𝐸 + 00 0.00𝐸 + 00 0.00𝐸 + 00
JA-ABC5 3.31𝐸 − 16 5.76𝐸 − 16 1.06𝐸 − 17 JA-ABC5 0.00𝐸 + 00 0.00𝐸 + 00 0.00𝐸 + 00
𝑓12 MIN Average STD DEV 𝑓26 MIN Average STD DEV
ABC 3.33𝐸 − 03 8.34𝐸 − 03 3.92𝐸 − 03 ABC 1.79𝐸 + 01 1.97𝐸 + 01 4.65𝐸 − 01
BABC1 4.60𝐸 − 13 1.77𝐸 − 12 1.30𝐸 − 12 BABC1 1.70𝐸 + 01 1.82𝐸 + 01 6.89𝐸 − 01
IABC 5.65𝐸 − 09 1.82𝐸 − 08 1.15𝐸 − 08 IABC 1.66𝐸 + 01 1.85𝐸 + 01 7.64𝐸 − 01
EABC 2.50𝐸 − 10 8.02𝐸 − 10 5.34𝐸 − 10 EABC 1.80𝐸 + 01 1.92𝐸 + 01 5.92𝐸 − 01
JA-ABC5 5.24𝐸 − 16 8.08𝐸 − 16 1.71𝐸 − 16 JA-ABC5 1.60𝐸 + 01 1.73𝐸 + 01 3.86𝐸 − 01
𝑓13 MIN Average STD DEV 𝑓27 MIN Average STD DEV
ABC 1.63𝐸 − 10 7.50𝐸 − 09 1.60𝐸 − 08 ABC 2.98𝐸 + 02 3.25𝐸 + 02 1.36𝐸 + 01
BABC1 4.49𝐸 − 16 6.38𝐸 − 16 1.06𝐸 − 16 BABC1 2.12𝐸 + 02 2.88𝐸 + 02 2.01𝐸 + 01
IABC 4.21𝐸 − 16 5.41𝐸 − 16 9.08𝐸 − 17 IABC 2.59𝐸 + 02 2.99𝐸 + 02 1.97𝐸 + 01
EABC 4.64𝐸 − 16 6.34𝐸 − 16 1.06𝐸 − 16 EABC 2.50𝐸 + 02 2.93𝐸 + 02 2.32𝐸 + 01
JA-ABC5 2.67𝐸 − 16 5.30𝐸 − 16 8.66𝐸 − 17 JA-ABC5 2.08𝐸 + 02 2.85𝐸 + 02 1.26𝐸 + 01
𝑓14 MIN Average STD DEV
ABC 3.32𝐸 − 08 4.03𝐸 − 04 1.31𝐸 − 03
BABC1 4.08𝐸 − 16 7.40𝐸 − 03 2.82𝐸 − 02
IABC 2.72𝐸 − 16 1.06𝐸 − 15 2.41𝐸 − 15
EABC 3.03𝐸 − 16 1.43𝐸 − 11 4.70𝐸 − 11
JA-ABC5 2.57𝐸 − 16 3.70𝐸 − 03 2.03𝐸 − 02

as linear programming, Newton method, interior point, and
many more. Nonetheless, the methods have shown some
inefficiency in solving it [31]. Recently, researchers have tried
to implement stochastic and heuristics techniques to solve
this problem [31]. Thus, this has shown that RPO basically
can be a perfect tool in order to validate the robustness of the
proposed algorithm.

RPO problem is a combinatorial nonlinear constrained
problem.The general mathematical formulation for that kind
of problem is given by

min (𝑓 (𝑥)) (8)

such that
𝑔 (𝑥) = 0,

ℎ (𝑥) ≤ 0,
(9)

where 𝑓(𝑥) is the objective function to be minimized,
𝑔(𝑥) is the equality constraints, and ℎ(𝑥) is the inequality
constraints. Hence, the mathematical formulation of RPO
problem with equality and inequality constraints is discussed
in next subsections.

5.1. Objective Function-Active Power Loss. Theobjective func-
tion for RPOproblem can be either the active power loss, total
cost of compensation, total energy generation cost, andmany
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more [31]. In this paper, only active power loss is considered
as the objective function to be solved by the proposed
algorithm, JA-ABC5.Themathematical formulation of active
power loss is given by

𝑃loss =
𝑁𝐿

∑

𝑘=1

𝑃loss,𝑘

=

𝑁

∑

𝑖=1

𝑁

∑

𝑗=1

𝑔
𝑖𝑗
[𝑉
𝑖

2
+ 𝑉
𝑗

2
− 2𝑉
𝑖
𝑉
𝑗
cos 𝜃
𝑖𝑗
] ,

(10)

where 𝑃loss is an active power loss, 𝑔
𝑖𝑗
is the conductance

between bus 𝑖 and bus 𝑗, 𝑉
𝑖
is the voltage magnitude of bus 𝑖,

𝑉
𝑗
is the voltage magnitude of bus 𝑗, 𝜃

𝑖𝑗
is the angle difference

of 𝑖𝑗th transmission line, 𝑁 is the total number of system’s
buses, and𝑁𝐿 is the total number of transmission lines.

5.2. Equality Constraints. The equality constraints of the
problem has been set to the power flow equations given by
[36]

𝑃
𝐺𝑖

− 𝑃
𝐷𝑖

−

𝑁

∑

𝑗=1

𝑉𝑖


𝑉
𝑗




𝑌
𝑖𝑗


cos (𝜃

𝑖𝑗
− 𝛿
𝑖
+ 𝛿
𝑗
) = 0,

𝑄
𝐺𝑖

− 𝑄
𝐷𝑖

+

𝑁

∑

𝑗=1

𝑉𝑖


𝑉
𝑗




𝑌
𝑖𝑗


sin (𝜃

𝑖𝑗
− 𝛿
𝑖
+ 𝛿
𝑗
) = 0,

(11)

where 𝑃
𝐺𝑖

is the active power generation at bus 𝑖, 𝑃
𝐷𝑖

is
the active power demand at bus 𝑖, 𝑄

𝐺𝑖
is the reactive power

generation at bus 𝑖,𝑄
𝐷𝑖
is the reactive power demand at bus 𝑖,

𝑌
𝑖𝑗
is the admittance between bus 𝑖 and bus 𝑗, 𝛿𝑖 and 𝛿𝑗 are the

voltage angle at bus 𝑖 and bus 𝑗, respectively, and the rest of the
parameters are the same as in (10).

5.3. Inequality Constraints. The inequality constraints of the
problem are the control variables that are to be optimized
within their ranges. These control variables are the food
sources or possible solutions that need to be optimized by JA-
ABC5.The range of the possible solutions follows the follow-
ing limits:

𝑃
min
𝐺𝑖

≤ 𝑃
𝐺𝑖

≤ 𝑃
max
𝐺𝑖

,

𝑉
min
𝑖

≤ 𝑉
𝑖
≤ 𝑉

max
𝑖

,

𝑄
min
𝐶𝑖

≤ 𝑄
𝐶𝑖

≤ 𝑄
max
𝐶𝑖

,

𝑇
min
𝑖

≤ 𝑇
𝑖
≤ 𝑇

max
𝑖

,

(12)

where 𝑃
𝐺𝑖

is the active power generation at bus 𝑖, 𝑉
𝑖
is the

voltage magnitude at bus 𝑖, 𝑄
𝐶𝑖
is the shunt compensation at

bus 𝑖, and 𝑇
𝑖
is the transformer tap setting at bus 𝑖. Moreover,

𝑃
min
𝐺𝑖

and 𝑃
max
𝐺𝑖

are lower and upper limits of active power
generation,𝑉min

𝑖
and𝑉

max
𝑖

are lower and upper limits of volt-
age magnitude, 𝑄min

𝐶𝑖
and 𝑄

max
𝐶𝑖

are lower and upper limits of
shunt compensation, and 𝑇

min
𝑖

and 𝑇
max
𝑖

are lower and upper
limits of tap setting.

5.4. Penalty Function. Penalty function is derived in order to
convert constrained problem to unconstrained problem by
adding penalty terms. Since RPO problem consists of several
constraints as mentioned in the previous subsection, penalty
terms have been added to (10) and the equation for the
objective function of the problem now becomes

𝑃 (𝑥) = 𝑃loss + Ω
𝑃
+ Ω
𝑄
+ Ω
𝑉
+ Ω
𝐺
+ Ω
𝐶
+ Ω
𝑇
, (13)

where 𝑃(𝑥) is the penalty function and Ω
𝑃
, Ω
𝑄
, Ω
𝑉
, Ω
𝐺
,

Ω
𝐶
, and Ω

𝑇
are the penalty terms of the listed equality and

inequality constraints, respectively. Thus, the penalty terms
are given by

Ω
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(14)

where 𝑃
𝐺𝑖

is the active power generation at bus 𝑖, 𝑃
𝐷𝑖

is the
active power demand at bus 𝑖, 𝑄

𝐺𝑖
is the reactive power gen-

eration at bus 𝑖,𝑄
𝐷𝑖
is the reactive power demand at bus 𝑖,𝑄

𝐶𝑖

is the shunt compensation at bus 𝑖, 𝑇
𝑖
is the transformer tap

settings of transformer 𝑖, 𝐵
𝑖𝑗
is the susceptance between bus

𝑖 and bus 𝑗, 𝑁𝐺 is the total number of generators, 𝑁𝐶 is the
total number of shunt compensator, 𝑁𝑇 is the total number
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Table 3: Performance of optimization algorithms in solving RPO.

Algorithms Ploss (MW)
SARGA 4.5740
PSO 4.6282
CLPSO 4.5615
EGA-DQLF 3.2008
ABC 1.5522
IABC 1.5185
BABC1 1.5215
EABC 1.5180
JA-ABC5 1.4985

of transformers, and the rest of the parameters are the same
as in (10) [31, 36].

The proposed algorithm, JA-ABC5, is implemented to
solve RPO problem by finding the optimal possible solutions
to solve the objective function which is the penalty function
obtained from (13). The possible solutions that need to be
optimized which basically act as the food sources of JA-ABC5
are given by the previous subsection. They are active power
generation, 𝑃

𝐺
, voltage magnitude, 𝑉, shunt compensation,

𝑄
𝐶
, and transformer tap setting, 𝑇, at the required bus. JA-

ABC5 is expected to produce less value of power loss which
is affected by the above mentioned control variables’ values.
Thus, it is important to find the optimal values or settings of
the control variables so that less amount of power loss has
been generated.

5.5. Results of RPO. For the purpose of solving the RPOprob-
lem, IEEE 30-bus power system data has been obtained from
[31]. To validate the performance of JA-ABC5 in solving the
RPO problem, it has been compared with three existing ABC
variants: IABC [25], BABC1 [19], and EABC [26, 29] as well
as with other optimization algorithms available in the work
of [31] which are self-adaptive real coded genetic algorithm
(SARGA) [37], particle swarm optimization (PSO) [38],
comprehensive learning PSO (CLPSO) [38], and enhanced
genetic algorithm with decoupled quadratic load flow (EGA-
DQLF) [39].Theperformance of JA-ABC5 in solving theRPO
problem in comparisonwith other optimization algorithms is
tabulated in Table 3.

From Table 3, it is clear that variants of ABC algorithm
have outperformed the other optimization algorithms. Most
importantly, the results have shown that the proposed algo-
rithm, JA-ABC5, has produced the minimum power loss
of 1.4985MW when compared to other optimization algo-
rithms.Thus, this vividly shows that JA-ABC5 is able to solve
complex optimization problem and hence can be applied to
solve other optimization problems.

6. Conclusion

This work presents a new variant of the ABC algorithm
referred to as JA-ABC5 by modifying the standard ABC
algorithm to balance out the effects of exploration and
exploitation processes into the performance of the algorithm.

The balanced exploration and exploitation capabilities are
able to enhance the performance of the algorithm in terms
of convergence speed and global optimum achievement.
The performance results have clearly exhibited the best
performance of JA-ABC5 in comparison to the compared
ABC variants on 27 benchmark functions. Moreover, the
efficiency of the algorithm in solving a complex real-world
problem, the reactive power optimization (RPO), has vividly
depicted that the algorithm is robust, effective, and reliable in
solving optimization problems.
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colony optimization for the p-center problem,” Computers &
Operations Research, vol. 38, no. 10, pp. 1367–1376, 2011.

[4] A. Q. H. Badar, B. S. Umre, and A. S. Junghare, “Reactive power
control using dynamic Particle Swarm Optimization for real
power loss minimization,” International Journal of Electrical
Power & Energy Systems, vol. 41, no. 1, pp. 133–136, 2012.

[5] N. Karaboga and F. Latifoglu, “Adaptive filtering noisy transcra-
nial Doppler signal by using artificial bee colony algorithm,”
Engineering Applications of Artificial Intelligence, vol. 26, no. 2,
pp. 677–684, 2013.

[6] N. Bacanin andM. Tuba, “Firefly algorithm for cardinality con-
strained mean-variance portfolio optimization problem with
entropy diversity constraint,” The Scientific World Journal, vol.
2014, Article ID 721521, 16 pages, 2014.

[7] I. C. Obagbuwa and A. O. Adewumi, “An improved cockroach
swarm optimization,” The Scientific World Journal, vol. 2014,
Article ID 375358, 13 pages, 2014.

[8] Y. Zhou, J. Xie, L. Li, and M. Ma, “Cloud model bat algorithm,”
The Scientific World Journal, vol. 2014, Article ID 237102, 11
pages, 2014.

[9] A. G. Abro and J. Mohamad-Saleh, “Multiple-global-best
guided artificial bee colony algorithm for induction motor
parameter estimation,” Turkish Journal of Electrical Engineering
& Computer Sciences, vol. 22, no. 3, pp. 620–636, 2014.

[10] K. Charansiriphaisan, S. Chiewchanwattana, and K. Sunat, “A
comparative study of improved artificial bee colony algorithms
applied to multilevel image thresholding,” Mathematical Prob-
lems in Engineering, vol. 2013, Article ID 927591, 17 pages, 2013.



The Scientific World Journal 11

[11] H. A. Abbass, “MBO: marriage in honey bees optimization a
haplometrosis polygynous swarming approach,” in Proceedings
of the Congress on Evolutionary Computation, vol. 1, pp. 207–214,
Seoul, Korea, May 2001.

[12] D. Karaboga, “An idea based on honey bee swarm for numerical
optimization,” Tech. Rep. TR06, 2005.

[13] Y. Marinakis, M. Marinaki, and G. Dounias, “Honey bees
mating optimization algorithm for the Euclidean traveling
salesman problem,” Information Sciences, vol. 181, no. 20, pp.
4684–4698, 2011.

[14] T. Niknam, H. D. Mojarrad, H. Z. Meymand, and B. B. Firouzi,
“A new honey bee mating optimization algorithm for non-
smooth economic dispatch,” Energy, vol. 36, no. 2, pp. 896–908,
2011.

[15] O. Duangphakdee, S. E. Radloff, C. W. W. Pirk, and H. R.
Hepburn, “Waggle dances and azimuthal windows,” Psyche, vol.
2011, Article ID 318985, 7 pages, 2011.

[16] D. Karaboga and B. Basturk, “On the performance of artificial
bee colony (ABC) algorithm,” Applied Soft Computing Journal,
vol. 8, no. 1, pp. 687–697, 2008.

[17] M. El-Abd, “Performance assessment of foraging algorithms
vs. evolutionary algorithms,” Information Sciences, vol. 182, pp.
243–263, 2012.

[18] D. Karaboga and B. Akay, “A comparative study of artificial Bee
colony algorithm,” Applied Mathematics and Computation, vol.
214, no. 1, pp. 108–132, 2009.

[19] W. Gao, S. Liu, and L. Huang, “A global best artificial bee colony
algorithm for global optimization,” Journal of Computational
and Applied Mathematics, vol. 236, no. 11, pp. 2741–2753, 2012.

[20] W.-F. Gao and S.-Y. Liu, “A modified artificial bee colony
algorithm,” Computers and Operations Research, vol. 39, no. 3,
pp. 687–697, 2012.

[21] A. G. Abro and J. Mohamad-Saleh, “Enhanced probability-
selection artificial bee colony algorithm for economic load
dispatch: a comprehensive analysis,” Engineering Optimization,
vol. 46, no. 10, pp. 1315–1330, 2014.

[22] G. Li, P. Niu, and X. Xiao, “Development and investigation of
efficient artificial bee colony algorithm for numerical function
optimization,” Applied Soft Computing Journal, vol. 12, no. 1, pp.
320–332, 2012.

[23] G. Zhu and S. Kwong, “Gbest-guided artificial bee colony
algorithm for numerical function optimization,” Applied Math-
ematics and Computation, vol. 217, no. 7, pp. 3166–3173, 2010.

[24] A. Banharnsakun, T. Achalakul, and B. Sirinaovakul, “The best-
so-far selection in Artificial Bee Colony algorithm,”Applied Soft
Computing Journal, vol. 11, no. 2, pp. 2888–2901, 2011.

[25] W. Gao and S. Liu, “Improved artificial bee colony algorithm for
global optimization,” Information Processing Letters, vol. 111, no.
17, pp. 871–882, 2011.

[26] A. G. Abro and J. Mohamad-Saleh, “Enhanced global-best
artificial bee colony optimization algorithm,” in Proceedings of
the 6th UKSim-AMSS European Modelling Symposium (EMS
’12), pp. 95–100, Valetta, Malta, November 2012.

[27] A. G. Abro and J. Mohamad-Saleh, “An enhanced artificial bee
colony optimization algorithm,” in Recent Advances in Systems
Science and Mathematical Modelling, WSEAS Press, 2012.

[28] N. Sulaiman, J. Mohamad-Saleh, and A. G. Abro, “A modified
artificial bee colony (JA-ABC) optimization algorithm,” in Pro-
ceedings of the International Conference on AppliedMathematics
and Computational Methods in Engineering, pp. 74–79, Rhodes
Island, Greece, July 2013.

[29] A. G. Abro, Performance enhancement of artificial bee colony
optimization algorithm [Ph.D. thesis], 2013.

[30] D. Karaboga and B. Basturk, “A powerful and efficient algo-
rithm for numerical function optimization: artificial bee colony
(ABC) algorithm,” Journal of Global Optimization, vol. 39, no. 3,
pp. 459–471, 2007.
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A fitness landscape presents the relationship between individual and its reproductive success in evolutionary computation (EC).
However, discrete and approximate landscape in an original search space may not support enough and accurate information for
EC search, especially in interactive EC (IEC). The fitness landscape of human subjective evaluation in IEC is very difficult and
impossible to model, even with a hypothesis of what its definition might be. In this paper, we propose a method to establish a
human model in projected high dimensional search space by kernel classification for enhancing IEC search. Because bivalent logic
is a simplest perceptual paradigm, the human model is established by considering this paradigm principle. In feature space, we
design a linear classifier as a human model to obtain user preference knowledge, which cannot be supported linearly in original
discrete search space. The human model is established by this method for predicting potential perceptual knowledge of human.
With the human model, we design an evolution control method to enhance IEC search. From experimental evaluation results with
a pseudo-IEC user, our proposed model and method can enhance IEC search significantly.

1. Introduction

Interactive evolutionary computation (IEC) is an optimiza-
tion method that can incorporate human knowledge into an
optimization process. It converges to a solution accordingly
with certain human preference. From a framework view-
point, IEC can be implementedwith any evolutionary comput-
ation (EC) algorithm by replacing the fitness function with a
human user. General category of IECmethods includes inter-
active genetic algorithm (IGA) [1], interactive genetic pro-
gramming [2], interactive evolution strategy [3], and human-
based genetic algorithm [4]. There are many challenges in
IEC researches and its applications. Reference [5] presented a
review of research on IEC challenges. These research areas
include discrete fitness value input method, prediction of
fitness values, user interface for dynamic tasks, acceleration of
IEC convergence, combination of IEC and non-IEC, active
intervention, and IEC theoretical research. Utilization of IEC
allows fusing human and computer for problem solving.
However, taking the evaluation process into the hands of
an user sets up a different scenario compared to normal
optimizationmethods, and it leads to serious problems when

putting IEC into practice. One of the problems is user fatigue
in an evaluation process of the IEC.

It is necessary to relieve user fatigue for many IEC appli-
cations to improve performance of target systems. References
[6, 7] presented to use semisupervised learning technique
in IGA to enhance IEC search. Reference [8] embedded
decision-maker’s preferences in IEC in multiobjective opti-
mization problem. Another solution to solve this problem is
to accelerate IEC search by using fitness landscape directly
[9]. Fourier transform is applied to obtain frequency infor-
mation to analyze fitness landscape [10, 11]. A landscape
approximationmethodwith simpler shape was proposed, but
the computational cost of approximation in an original high
dimensional search space is costly [12]. Reference [13] pre-
sented an approximationmethod of projecting an original fit-
ness landscape into each lower dimension. From comparison
evaluation results, it can save computational cost significantly
[14]. Dimensionality reduction method can obtain a fitness
landscape in lower dimensional space to support useful infor-
mation for search. This method has been applied to the
travelling salesman problem in a real world application [15,
16]. On the other hand, if we project an original search space
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into a higher dimensional space by kernel method, we can
also obtain useful information for finding optimum region.
For an IEC application, kernel method is a tool to establish a
human model.

When a human conducts an IEC experiment, fitness land-
scape of IEC is an approximate model of human evaluation
landscape. It is different to establish an exact mathematical
model to express IEC fitness landscape, that is, IEC user
model, which is usually nonlinear, discrete, constraint, mul-
timodal, noisy, and high dimension.The great difference bet-
ween an IEC user model (the terms, “user model” and
“human model,” have the same meaning in this paper. How-
ever, user model refers to a concept of individuality in
physical level usually, and humanmodel refers to a concept of
abstraction in logic layer) and an ordinary fitness functions is
in the implementations of (a) relative and (b) discrete fitness
evaluations that are produced by a human user. Unlike an
ordinary fitness function, a human IEC user compares given
objectives in relative terms and never produces an absolute
fitness value. He or she also cannot give precise fitness values,
but rather can only rank according to discrete levels (e.g., 1 to
5 or 1 to 7 levels) every generation, while ordinary fitness
functions give continuous values.When a difference between
individuals is less than aminimumdiscrete fitness range, that
is, an evaluation threshold, a human IEC user cannot distin-
guish the difference. Such difference becomes fitness noise
that IEC user model should implement. Kernel method is a
powerful tool that can project an IEC search space from its
original discrete search space into a new higher dimensional
space (feature space) by conducting a non-linear transforma-
tion with suitable kernel function. After then, we can use a
linearmodel as a humanmodel in the feature space to analyze
human perceptual knowledge easily. The linear model in
feature space corresponds to an original complex nonlinear
model in an original IEC search space.

This paper proposes a method to obtain and analyze IEC
human model in high dimensional search space by kernel
classification method, which is beneficial to a discrete search
space problem, such as IEC. First, we separate some individ-
uals into two groups as training sample data. One group is
near optimumwith related better fitness, and the other group
is beyond optimum with a worse fitness. Second, we project
these individuals into high dimensional feature space by some
kernel functions. Utilization of different kernel function is to
map an original search space into different topological feature
space. Third, in feature space, we establish a human model
by a linear classifier to support correct classified fitness land-
scape that linear classifier in original search space cannot sup-
port. It is a novel method to establish a human model in IEC
research and can be extended into IEC application in many
perspective interdiscipline research. The method for estab-
lishing a human model presents an originality of this paper.
With the obtained human model in a high dimensional
search space, we propose an evolution control method to
enhance IEC search and use four Gaussian mixture models
as pseudo-IEC user to evaluate our proposed methods. From
experimental evaluation results, our proposed evolution con-
trol methods can accelerate IEC search significantly.

The remainder of this paper is structured as follows.
Section 2 presents an overview of human model in compu-
tation. Section 3 presents an overview of kernel method and
introduces our linear classifier design method by kernel clas-
sification in detail. Some kernel functions used in our study
are described, in which they are used to project an original
search space to different feature space. Section 4 proposes
an evolution control method by using human model in
feature space. Fitness landscape in feature space is studied and
discussed. Evaluations are conducted in Section 5 by using
fourGaussianmixturemodels as pseudo-IECuser to evaluate
our proposed methods. Some discussions of our proposed
method and evaluation results and several open topics are
presented in Section 6. Section 7 concludes the whole paper
while some future work is presented.

2. Human Model in Computation

2.1. Human Related Computation. Some computation mech-
anisms need human assistance to complete a certain task,
since the human’s capability and preference were introduced
into computational process.The key words that relate to these
researches and applications are games, interactive optimiza-
tion, and human computation interaction, and so forth. On
the one hand, human has intelligence, such as non-linear
thing, productivity, innovation, hypothesis, that the com-
puter or computation cannot simulate and compute. Human
can therefore compensate these drawbacks of computer or
computation. On the other hand, the computer has powerful
and huge computation capability. The computer can help a
certain user to complete their works in computational way
of releasing their workloads and fatigues. The crucial issue
is type and way in designing these human and computation
cooperations.

The prototype and mechanism related to human and
computation can be categorized into three perspectives.
Firstly, it uses human’s intelligence, computational capabili-
ties, and advantages of computer to compensate each sides’
limitations. Human and computer work together for a certain
task. It is the subjective of human computer cooperation. Sec-
ondly, it obtains human’s potential or unknown knowledge
(e.g., psychological, physiological, or intelligent knowledge)
from a computational process. It belongs to the topics of
humanized information extraction from interaction between
human and computer. Thirdly, it enhances human cognitive
competence by a computational process. It is intelligence
amplification [17].

Human model is an essential research subject in resea-
rches of computational process related to human, such as
human computation, awareness computing, and IEC. In
human computation technique, two prominent human-com-
putation techniques, games with a purpose and microtask
crowd sourcing, can help resolve semantic technology related
tasks, including knowledge representation, ontology align-
ment, and semantic annotation [18]. Human model can
improve these computations and be applied to further com-
mercial outlook. In awareness computing, human model can
be introduced into its computational process to analyze
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Human model

Input: data Output: model

Human computer system

A human model assists real
human’s thinking, judgment, etc.

Interaction

Figure 1: Conceptual diagram of a humanmodel, which can assist a real human in a human computer system. From the interaction between
human and computer, we can obtain the relationship of human’s preference, thinking, knowledge, and so forth, and its related elements in
computer system. And then, we use these data to establish a humanmodel in the computer to assist human to solve a certain task or problem.

human awareness mechanism [19]. In IEC, human model
can be used either to analyze human cognitive knowledge in
human side or to enhance IEC search in the computer side
for releasing user fatigue. This is the subject of this paper as
well.

Figure 1 demonstrates a conceptual diagram of human
model that can assist and extend the human’s capability in a
human computer system. There are two components in this
diagram: one is a human model and the other is a human
computer system. The human computer system supports
learning data to a humanmodel system, which can establish a
human model to help a real human to complete a certain
work in an environment of interaction between human and
computer. The implementations of human model present its
research philosophy.

2.2. Human Model. Model and simulation are important for
theoretical study in human related computation. Any success
of practical applications comes from fundamental research
with the necessary assistance of model and simulation.When
a system relates to a real human, it is essential to establish
a human model to simulate characteristics of a human for
research. Generally, the Turing machine can be considered
as the first human model in the history of computer science

[20]. There are three aspects in a human model, that is,
perceptual model, cognitive model, and physical model [21].
They correspond to concepts of sensation and perception,
consciousness, and behavior in psychological research.

We should clearly define psychological and physiological
characteristics of each layer to establish a human model,
which is as well as a research issue in ergonomics research. In
every aspect of each layer, there are different research scales
for a human model. In perceptual model, it can be separated
into vision model, auditory model, olfactory model, and
gustatory model. In cognitive model, it can be separated into
spacemodel, timemodel,motionmodel, emotionmodel, and
so forth. A study on human emotion and cognition recog-
nition was conducted by soft computing techniques [22]. In
physical model, it can be separated by functions or organs,
and so forth. A human organ model was established to bet-
ter understand human physiological activities and disasters
themselves [23].

Human model is a synthesis model of perceptual and
cognitive model mentioned above, which is established for a
certain computational tasks. It has a variety of implementa-
tions, whatever the purposes and the forms come from. Not
only human but also animal has computational capability in
the world [24, 25]. The study scale of human model can be
extended into the life world as a life model to recognize
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Original space
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Figure 2:Humanmodel by a binary classifier in our experiments.These two categories cannot be separated linearly in original space; however,
after projecting these data into a higher dimensional feature space, they can be separated by a binary classifier. The linearity characteristic
shows the advantage of proposed human model.

and understand the behaviour of the natural world. Some of
primary discussable issues in natural computing are related
to this topic [26]. The prior issue of establishing a human
model is to distinguish differences between pure computing
and human thinking [27].

3. Kernel Methods

3.1. Kernel Trick. Kernel methods present a series of data
transformation techniques in machine learning that projects
original space data into another higher dimensional space,
that is, feature space, in which we can establish a linear
model to reduce complexity of data relation. Typically, kernel
methods are applied in classification and regression problems
[28].

In general, linearity is a special characteristic, and no
model of a real system is actually linear. However, linear rela-
tions have been focused in many research areas. If a model is
nonlinear, we can project it into a feature space for obtaining
linear relation, but not trying to fit a nonlinear model in an
original space [12]. This kind of techniques are known as
kernel trick.

The kernel trick was originally proposed in [29]. Mercer’s
theorem is its mathematical result, which presents that any
continuous, symmetric, positive semidefinite kernel function
𝐾(𝑥, 𝑦) can be expressed as an inner product ⟨𝑥, 𝑦⟩ form in
a high dimensional space [30]. Suppose that there are sample
data (1) in a measurable space 𝑃, the kernel is positive
semidefinite (2).Theremust be a function𝜑(𝑥), that is, feature
map, whose range is in an inner product space 𝑌 of high
dimension, shown in (3). This transformation process can be
expressed in (4):

SampleData = 𝑥
0
, 𝑥
1
, . . . , 𝑥

𝑛
∈ 𝑃, (1)

∑

𝑖,𝑗

𝐾(𝑥, 𝑦) 𝑐
𝑖
𝑐
𝑗
≥ 0, (2)

𝐾(𝑥, 𝑦) = ⟨𝑥 ⋅ 𝑦⟩ , (3)

P → 𝜑 (𝑥) → Y. (4)

There are several advantages of kernel methods. First,
the kernel methods define a similarity measurement among
sample data and present original space complex information
in a simple form in feature space. Second, its computational
complexity depends on the kernel function only and does not
utilize featuremap and feature space explicitly.Third, the ker-
nel methods use training data in the form of kernel function
and kernel matrix rather than the training data themselves,
because there is no need to conduct a feature map explicitly
in a high dimensional feature space.

3.2. Kernel Classification. Mercer theorem presents that ker-
nel function corresponds to some feature space, and its math-
ematical result was presented in [30]. Since it is proposed, ker-
nel methods were used in wide research areas, which include
classification [31], principal component analysis [32], pattern
analysis [33], support vector machine [34], and so forth.

Kernel classification processes the data that is difficultly
distinguished in an original space. It projects them into
higher dimensional space by kernel function to design proper
linear classifier for solving classification problems. In our
proposal, we consider human model as a simple binary
classification problem as in Figure 2. The human model is
applied to IEC formodelling characteristics of an IEC human
user and enhancing IEC optimization.

In Figure 2, two category data properties are hard to be
separated into two groups by a linear model in an original
space. By a feature map, the data in original space is
transferred into a high dimensional feature space, where they
can be separated into two groups by a linear model easily.The
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binary classification problem in the original space and feature
space is described by (5) and (6), respectively,

{(𝑥
1
, 𝑦
1
) , (𝑥
2
, 𝑦
2
) , . . . , (𝑥

𝑛
, 𝑦
𝑛
)} ∈ 𝑅

𝑑
× {+1, −1} , (5)

{(𝜑 (𝑥
1
) , 𝑦
1
) , (𝜑 (𝑥

2
) , 𝑦
2
) , . . . , (𝜑 (𝑥

𝑛
) , 𝑦
𝑛
)}∈ 𝐻 ×{+1, −1} .

(6)

In feature space, we can obtain a vector 𝜔 (9), which is
from one group vector’s center vector (7) to the other (8),
and its middle point is shown in (10). When new unknown
data comes, we can judge its category through the angle of 𝜔
and the vector from 𝜔’s middle point to the unknown point.
The concrete judgement process is shown in (11), where sgn
is a sign function. If the result is positive, the unknown data
belongs to positive group; conversely, it belongs to the other
group (negative group),

𝑐
+
=

1

𝑚
+

𝑚
+

∑

𝑖=1

𝜑 (𝑥
+

𝑖
) , (7)

𝑐
−
=
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𝑚
−

𝑚
−

∑
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𝜑 (𝑥
−

𝑗
) , (8)

𝜔 = 𝑐
+
− 𝑐
−
, (9)

𝑐 =
1

2
(𝜔) =

1

2
(𝑐
+
− 𝑐
−
) , (10)

𝑦 = sgn (⟨𝜑 (𝑥) − 𝑐, 𝜔⟩) , (11)

= 𝐴 − 𝐵 −
1

2
(𝐶 − 𝐷) . (12)

In feature space, we can judge the unknown data’s cate-
gory through (11). However, there is not an explicit feature
map 𝜑 in kernel classification method, we must establish the
feature map 𝜑with some kernel function form. Equation (13)
shows the concrete algorithm of (11) with the forms of kernel
function,
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(13)

3.3. Kernel Functions. The selection of kernel function is a
crucial issue for the success of all kernel algorithms, because
the kernel function constitutes prior knowledge that is avail-
able about a task. Accordingly, there is no free lunch in kernel
function selection. In our proposed human models and
evolution control methods, we use three well known kernel

functions with different parameters in our experimental
evaluation. They are linear kernel, polynomial kernel and
Gaussian kernel (radial basis function, i.e., RBF kernel).
Equations (14), (15), and (16) show their concrete forms:

𝐾 (𝑥, 𝑧) = ⟨𝑥, 𝑧⟩ , (14)

𝐾 (𝑥, 𝑧) = (⟨𝑥, 𝑧⟩ + 1)
𝑟
, (15)

𝐾 (𝑥, 𝑧) = exp − |𝑥 − 𝑧|
2

2𝜎2
, 𝜎 ∈ 𝑅 − {0} . (16)

4. Kernel Classification Based Human Model

4.1. Concept of the Proposal. In an original search space, we
cannot basically utilize a linear classifier to judge an indi-
vidual’s property by fitness, which is preference of a certain
user in IEC. That means it is impossible to establish a linear
humanmodel in original search space. Reference [9] reported
a dynamic fitness threshold technique to ensure fitness
increasing from one generation to the next. However, there is
possibility to lead to local optima due to the fact that classifier
model is linear in an original search space. Reference [35]
proposed a constructivemapping genetic algorithm (CMGA)
to implement this mechanism.

In Figure 2, suppose that circles show the better fitness
area and rhombuses are the worse fitness area. If we use a
dynamic fitness threshold technique (such as CMGA), which
is linear in original search space, to filter new offspring, many
individuals with better fitness will be drawn up so that algo-
rithm performance will become worse. However, in feature
space, this dynamic fitness threshold technique can be imple-
mented by a linear classifier thanks to projecting them into
a higher dimensional search space by kernelmethod.All indi-
viduals can be separated clearly and exactly in feature space,
and this is beneficial to obtain a fitness landscape in high
dimensional feature space. For IEC, it is a human model that
is implemented by a linear classifier in feature space.

4.2. Evolution Control Method by a Human Model. Accor-
dance with the primary motivation and kernel classification
method, we design an evolution control method by establish-
ing a human model in feature space to enhance IEC search
for relieving user’s fatigue. The proposed algorithm is shown
in Algorithms 1 and 2. Algorithm 1 is a framework of kernel
method based GA, and Algorithm 2 is one of its implemen-
tations by using a human model.

4.2.1. Training Data Selection. It is crucial to select labelled
training data in an original search space to distinguish the
individuals’ category (i.e., human preference). We choose 𝑛

and 𝑚 different individuals with the better fitness and the
worse fitness as training data for kernel function, which
shows ones are near the optimum and the others are beyond
the optimum. The parameters 𝑛 = 3 and 𝑚 = 3 are in
experimental evaluation. The performance of selection
method depends on kernel function design corresponding to
a certain fitness landscape in feature space or a certain human
user preference.
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(1)𝐺 = 0

(2) Initialize 𝑃(𝐺)

(3) Computing Fitness(𝑃(𝐺))
(4) while Non-Termination do
(5) Selecting Training Data
(6) Training Linear Classifier
(7) Selection(𝑃(𝐺))
(8) Kernel Based Crossover(𝑃(𝐺))
(9) Kernel Based Mutation(𝑃(𝐺))
(10) 𝐺 = 𝐺 + 1

(11) Computing Fitness(𝑃(𝐺))
(12) end while

Algorithm 1: Kernel based genetic algorithm (𝐺: generation and
𝑃(𝐺): population of the 𝐺th generation).

(1) (𝑃𝑎) = RandomChoose(𝑃(𝐺))
(2) (𝑂𝑓𝑓𝑆)=Operator(𝑃𝑎)
(3) if 𝐿𝐶(𝑂𝑓𝑓𝑆) near 𝐺𝑂𝑝𝑡𝑖𝑚𝑎 then
(4) Put 𝑂𝑓𝑓𝑆 into 𝑃(𝐺 + 1)

(5) end if

Algorithm 2: Kernel based operators (𝐺: generation, 𝑃(𝐺): pop-
ulation, 𝑃𝑎: parent, 𝑂𝑓𝑓𝑆: offspring, 𝐹(𝑥): fitness function, 𝐿𝐶(𝑥):
linear classifier,𝐺𝑂𝑝𝑡𝑖𝑚𝑢𝑚: global optimum, operator: crossover or
mutation).

4.2.2. Human Model Implementation by a Linear Classifier
Based on Kernel Method. After we obtain the labelled train-
ing data as input data for kernel function, we project these
labelled training data (individuals and their fitness) into
high dimensional feature space by a kernel function. In our
experimental evaluation, we use three kernel functions,
which are shown in (14), (15), and (16). Parameter setting is
that 𝑟 = 2, 3, 5, 7 is in polynomial kernel, and 𝜎 = 1, 3, 5, 7 is
in RBF kernel for comparing their optimization performance.
The training and implementation of linear classifier are from
one generation to the next. It is an online training and
utilization method, which can adapt IEC user preference
from one generation to the next.

The utilization of different kernel function is conducing
an operation to map individuals into a different dimensional
and structural feature space, so the performance of linear
classifier (humanmodel) design is decided by the selection of
kernel function and its parameter setting. InAlgorithm 1, Step
(6) shows a linear classifier training in every generation. For a
certain fitness landscape in an original search space, there
must be an optimal linear classifier (human model) design
with a certain kernel function and its parameter setting. It is
a promising study topic to obtain this optimal human model
for IEC search. We will conduct this research topic in the
future.

4.2.3. Human Model Utilization. In a high dimensional fea-
ture space, we establish a human model by a linear classifier

to support preference of a human user that linear classifier in
an original search space cannot support. When IEC obtains
a new offspring, that is, an object for evaluation, we use
the designed human model to classify its category (near or
beyond global optimum, i.e., human subjective preference)
and then to judge whether to put it into the next generation
(Algorithm 2). Because this processing is conducted by com-
puter automatically, it does not increase human evaluation
workload, but can enhance IEC search significantly. The
training and utilizing human model can be applied every
generation or several generation once. In our experimental
evaluation, we evaluate our proposal with the first method,
that is, training and utilizing humanmodel every generation.

5. Experimental Evaluation

5.1. Simulation Experimental Design. User fatigue is a consid-
erable factor in the IEC optimization evaluation. Experimen-
tal evaluations frequently requiremany repeated experiments
under the same conditions, and in this case it is necessary to
perform the evaluations using an IEC user model rather than
with a real human IEC user. We need to evaluate acceleration
methods by analyzing the load of a single evaluation along
with the convergence characteristics through IEC simulation.
After that we must conduct a human subjective evaluation to
evaluate user fatigue and acceleration performance syntheti-
cally and thus conclude our evaluation of methods proposed
here. This paper deals with IEC simulation of the first stage.

Gaussian mixture model is modelled as a pseudo IEC
user in our simulation in Section 5.2. We conducted sim-
ulation evaluations to compare the characteristics of sev-
eral methods with multiple different initializations under
the same experimental conditions. A constructive mapping
genetic algorithm (CMGA) is introduced as a comparison
algorithm in our experiment in Section 5.3. We explain our
proposed algorithms, their parameter setting, and evaluation
metrics, such as several statistical tests in Section 5.4. Some
evaluation results and observations are initially summarized
in Section 5.5,

GMM (𝑥) =

𝑘

∑

𝑖=1

𝑎
𝑖
exp(−

𝑛

∑

𝑗=1

(𝑥
𝑖𝑗
− 𝜇
𝑖𝑗
)
2

2𝜎2
𝑖𝑗

) , (17)

𝜎 = (

1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5

2 2 2 2 2 2 2 2 2 2

1 1 1 1 1 1 1 1 1 1

2 2 2 2 2 2 2 2 2 2

) ,

(18)

𝜇 = (

−1 1.5 −2 2.5 −1 1.5 −2 2.5 −1 1.5

0 −2 3 1 0 −2 3 1 0 −2

−2.5 −2 1.5 3.5 −2.5 −2 1.5 3.5 −2.5 −2

−2 1 −1 3 −2 1 −1 3 −2 1

) ,

(19)

𝑎
𝑖
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𝑇
. (20)
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Table 1: Mean and standard variance of final results.The number in blanket is standard variance, and the bold font shows better result among
the proposed methods.

𝐹 𝑁 Linear Poly2 Poly5 Poly7 Poly10 RBF1 RBF5 RBF7 RBF10

3-D 4.09
(0.87)

4.91
(0.62)

4.81
(0.68)

4.67
(1.10)

4.57
(0.79)

4.66
(0.91)

4.74
(0.73)

4.65
(0.76)

4.81
(0.76)

4.91
(0.59)

5-D 1.68
(0.38)

2.29
(0.25)

2.28
(0.32)

2.27
(0.25)

2.26
(0.32)

2.26
(0.22)

2.26
(0.31)

2.16
(0.39)

2.21
(0.35)

2.27
(0.26)

7-D 0.63
(0.20)

1.00
(0.28)

0.96
(0.30)

1.16
(0.38)

1.06
(0.30)

1.09
(0.31)

0.99
(0.30)

0.88
(0.18)

1.10
(0.39)

1.08
(0.30)

10-D 0.06
(0.01)

0.27
(0.07)

0.35
(0.10)

0.35
(0.10)

0.38
(0.14)

0.24
(0.04)

0.28
(0.18)

0.25
(0.06)

0.29
(0.05)

0.25
(0.04)

Table 2: GA parameters setting.

Parameter Value or setting
Coding Binary number
Number of generation 20
Population size 20
Selection Roulette wheel and elite

Dynamic fitness threshold
Crossover One-point
Crossover rate 80%
Mutation rate 10%

5.2. Gaussian Mixture Model as a Pseudo-IEC User. Refer-
ence [36] discussed some limits of human brain with respect
to information processing. In particular, this research had
found that people are unable to keep up with more than
5–9 different chunks of information at one time. Gaussian
mixturemodel (GMM)with less dimensional setting canwell
simulate it and some features of evaluation when a human
conducts an IEC experiment, that is, relative and discrete
fitness evaluations. GMM consists of different mean, vari-
ance, and peak together to express the characteristics when
a human user conducts IEC evaluation experiments [37].

We use GMM as a pseudo-IEC user to evaluate our
proposedmethods.We choose fourGaussianmixturemodels
as the basis function ofmixturemodel. For each singlemodel,
we set 𝑘 = 4 and dimension as 3, 5, 7, and 10. The GMM is
shown in (17), and parameters 𝜎 (18), 𝜇 (19), and 𝑎

𝑖
(20) are

set as follows.

5.3. Comparison Method: CMGA. In the experiments, we
use genetic algorithm (GA) as an optimization method to
evaluate the proposed methods. We compare our proposed
acceleration methods with CMGA. Algorithm 3 shows the
primary process of CMGA. The difference between canon-
ical genetic algorithm and CMGA is the judgement (steps
(9)–(11)). CMGA can proceed with the next generation once
average fitness of the current population is better than that of
the last one.

5.4. Experimental Conditions. The parameter setting is in
Table 2. We test with 30 trial runs of 20 generations for each
GMM with different dimension setting, and apply statistical

(1) 𝐺 = 0

(2) Initialize 𝑃(𝐺)

(3) Computing Fitness(𝑃(𝐺))
(4) while Non-Termination do
(5) Selection(𝑃(𝐺))
(6) Crossover(𝑃(𝐺))
(7) Mutation(𝑃(𝐺))
(8) Computing Fitness(𝑃(𝐺))
(9) if Ave fitness of 𝑃(𝐺) > Ave fitness of 𝑃(𝐺 − 1) then
(10) 𝐺 = 𝐺 + 1

(11) end if
(12) end while

Algorithm 3: Constructive mapping genetic algorithm. (𝐺: gener-
ation and 𝑃(𝐺): population of the 𝐺th generation).

tests (sign test, Friedman test, and Bonferroni-Dunn test)
to evaluate the significance of our proposals with their
comparison algorithm. All these GMM tasks are posed as
maximization problems with the optimal solution, which is
the point with higher value.

We abbreviate the GA where the evolution control meth-
ods are by the linear kernel as GA-Linear, where the evolution
control methods are by the polynomial kernel (15) with
parameter setting with 2, 5, 7, and 10 as GA-Poly2, GA-
Poly5, GA-Poly7, and GA-Poly10, where the evolution control
methods are by the RBF kernel (16) with parameter setting
with 1, 5, 7, and 10 as GA-RBF1, GA-RBF5, GA-RBF7, GA-
RBF10, and CMGA as GA-N. These abbreviations are also
used in Figures 3, 4, and 5, Tables 1 and 3.

5.5. Experimental Results. Figure 3 shows the average con-
vergence curves of the best fitness values of 30 trial runs
of GA-N, GA-Linear, GA-Poly2, GA-Poly5, GA-Poly7, GA-
Poly10, GA-RBF1, GA-RBF5, GA-RBF7, and GA-RBF10. For
different dimension GMM, Table 1 shows the mean and
standard variance and Figure 4 shows their sign tests at each
generation. From these results, we can obtain the following
results.

(1) Our proposedmethods can significantly accelerate all
of the GMM well.
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Table 3: Algorithm ranking by Friedman test (𝑃 < 0.05).

𝐹 𝑁 Linear Poly2 Poly5 Poly7 Poly10 RBF1 RBF5 RBF7 RBF10
3-D 2.53 6.22 6.03 5.40 5.52 5.15 5.63 6.42 5.65 6.45
5-D 2.87 5.97 6.00 5.97 5.93 5.57 5.83 6.13 5.07 5.67
7-D 2.67 5.80 5.13 6.83 5.87 6.33 5.67 6.27 4.40 6.03
10-D 1.50 5.27 6.13 6.83 7.03 5.30 5.23 6.37 5.53 5.80
Average 2.39 5.81 5.83 6.26 6.09 5.58 5.59 6.30 5.16 5.99
Rank 10 6 5 2 3 8 7 1 9 4
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Figure 3: Average convergence curves of 30 trial runs with 20 generations for (a) 3D Gaussian Mixture Model, (b) 5D Gaussian mixture
model, (c) 7D Gaussian mixture model, (d) 10D Gaussian mixture model, the performance of our proposed method is better than CMGA.
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Figure 4: Sign test results for 30 trial runs of GA-N versus Linear,
GA-N versus GA-Poly2, GA-N versus GA-Poly5, GA-N versus
GA-Poly7, GA-N versus GA-Poly10, GA-N versus GA-RBF1, GA-
N versus GA-RBF5, GA-N versus GA-RBF7, and GA-N versus
GA-RBF10. The + mark means that a propose method converges
significantly better than CMGA, respectively (𝑃 < 0.05). There are
no cases where the proposed methods are significantly poorer than
CMGA.

(2) The performances of nine proposed algorithms are
better than that of the CMGA.

(3) Linear kernel method (GA-Linear) and RBF kernel
methods (GA-RBF) seem to have a better acceler-
ation performance for the lower dimensional task
(GMM with 3 dimensions); however, polynomial
kernel method (GA-Poly) have a better acceleration
performance for the higher dimensional task (GMM
with 10 dimensions).

(4) Most of the cases, RBF kernel method (GA-RBF)
and polynomial kernel method (GA-Poly) have the
same acceleration performance to GMM with 5 and
7 dimensions.
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Figure 5: Rankings obtained through the Friedman test and graphi-
cal representation of the Bonferroni-Dunn’s procedure (Taking GA-
N as a control method). CD means critical difference.

(5) Polynomial kernel method (GA-Poly) is better than
RBF kernel method (GA-RBF) in the 10-dimensional
GMM.

6. Discussions

6.1. Optimization Performance of the Proposal. Experimental
evaluation results show that our proposed evolution control
method with human model can assist and enhance IEC
search significantly. The results indicate that kernel clas-
sification is a powerful tool to establish a human model
that distinguishes property of individual, which is near or
beyond the global optimum (human preference). However,
its performance depends on the tasks, training data, and
kernel function.

From the sign test (Figure 4), we can observe that our
proposedmethods are more effective to the GMMwith 3 and
10 dimensions than that with 5 and 7 dimensions. This result
indicates that feature space projected by linear, polynomial,
and RBF kernel for GMM with 3 and 10 dimensions can
separate near or beyond the global optimum clearly than that
for GMM with 5 and 7 dimensions. It indicates that linear,
polynomial, and RBF kernel are bettermethods to implement
human model by a linear classifier with the fitness landscape
characteristics as the GMM with 3 and 10 dimensions.

From the average convergence result (Figure 3), we
compare four Subfigures (a) to (d) from lower dimension to
high dimension. It sketches acceleration performance of poly-
nomial kernel seems to become better along with the GMM
dimensions’ increasing. It concludes that polynomial kernel
methods have better performance for high dimensional tasks.

We apply Friedman test (𝑃 < 0.05) to rank the algorithms,
which we use in the experimental evaluations (Table 3). We
can observe that GA-Poly methods and GA-RBF methods
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almost have the same optimization performance from the
ranking metric. To evaluate the significant level of all the
algorithms, we apply an additional Bonferroni-Dunn test to
calculate critical difference (CD in (21)) for comparing their
differences in significant level of 𝛼 < 0.05:

CD = 𝑞 ∗ √
𝑘 ∗ (𝑘 + 1)

6 ∗ 𝑁
. (21)

In (21), parameters 𝑘 and𝑁 are the number of algorithms
andnumber of benchmark tasks, respectively.They are 𝑘 = 10

and 𝑁 = 4 in the experimental evaluations. When 𝛼 <

0.05, 𝑞 is 3.261 from Table B16 (two-tailed 𝛼(2)) of [38].
Figure 5 sketches the results of Bonferroni-Dunn test. There
is a significant difference between GA-N methods and some
of our proposed methods. We can conclude that some of
our proposed algorithms by embedding a human model can
enhance IEC search and better than normal method (GA-N)
significantly.

Our proposal is to obtain fitness landscape in feature
space where the correct or accurate preference information
may not be obtained in an original search space and establish
a human model by these obtained information. In our pro-
posed evolution controlmethods, we choose a linear classifier
as a human model to obtain preference information that
original search space cannot support correctly. From the
experimental results, our proposed methods obtain better
performance than that of the dynamic fitness threshold tech-
nique (CMGA) that conducts search strategy only based on
original search space fitness landscape. In a high dimensional
feature space, the important fitness landscape information is
not only individuals’ classification, but also the search direc-
tion or the global optimum’s location, which can directly
guide IEC search. If we can obtain more of such information
from the designed human model in feature space, IEC
performance must be improved significantly. This is the final
objective of our proposal.

6.2. Human Model Design in Feature Space. It is crucial to
design an accurate human model in feature space to obtain
better performance for distinguishing individuals’ property.
There are three aspect issues to be considered. First is training
data selection, second is kernel function selection, and the
thrid is kernel parameter setting.

6.2.1. Training Data. Training data selection decides the cor-
rect classification in feature space. In our experimental eval-
uation, we only choose three individuals with related better
fitness and three individuals with related worse fitness as the
labelled data for training the human model. From the result,
it can be as one of the selection methods; however, if we can
obtain more original search space information to decide how
to select training data, it must improve human model perfor-
mance by a linear classifier and reduce computational cost.

The number of training data depends on population
size and linear classifier learning capability. If we separate
population into two groups with better and worse fitness as
the training data, the overtraining problem may happen. So

how to decide the proper training data number to construct
a human model is a promising topic in our future work.

6.2.2. Kernel Function. Kernel function selection decides
higher feature space topology. From theMercer theorem, any
kernel function corresponds to some feature spaces. It decides
the individuals’ distribution and classification capability of
linear classifier in feature space. On one hand, in a set of well
known kernel function, for a fixed search space of IEC task,
there must be a kernel function with optimal classification
performance. It is a promising study topic on how to select
a proper kernel function for a concrete application. On the
other hand, if we can obtain some a priori knowledge from an
original search space, we also can design a new kernel
function to transfer individuals into the desired feature space,
where the fitness landscape is more beneficial for IEC search.
There is not an absolute rule for selecting a proper kernel
function.Thedesign and selection of a kernel function should
be adapted to a concrete search space in IEC. Some principles
should be considered.

(1) Kernel function selection or design should consider
feature space structure, original search space’s prior
knowledge and training sample data.

(2) Kernel function should induce a priori knowledge
and present an original search space’s information
structure.

(3) Kernel function selection and design must keep
information structure in feature space, that is, linear
characteristic.

6.2.3. Kernel Parameter Setting. Kernel parameter setting
decides the topology of a high dimensional feature space. A
well-known study topic is the parameter setting and tuning,
after we decide a kernel function for a concrete IEC applica-
tion.There is still not a mathematical conclusion which is the
best parameter setting for a kernel function. It depends on
the experimental result and experience from a concrete IEC
application. However, it is a valuable study topic on designing
a better humanmodel to obtain better performance in feature
space for IEC application.

6.2.4. Other Design Issues. In our experimental evaluation,
we design a human model by a binary classifier in feature
space, which is a little imprecise. The possible result is that
individuals in the same generation may have the same fitness
value. It decreases the pressure of selecting superior individ-
uals in GA, which is one of drawbacks of our designed binary
classifier human model. Human model design can be imple-
mented by a multiclass classifier to solve this issue. If there
is more a priori knowledge by a certain IEC human user
and IEC task, we also can improve the design method of the
human model to use a multi class classifier in the evolution
controlmethod. In this way, we can obtainmore novel human
models and evolution control methods to obtain better
performance of IEC search. We will conduct this subject in
our future work.
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6.3. Computational Complexity. From (13) and Algorithm 2,
it presents a concrete algorithm that conducts interactive
search by using a kernel method based human model. The
process needs more algebraic operations, so it is costly. For
a concrete IEC application, the time used in computing is
less than that of human’s subjective evaluation. However, we
should also consider actual time cost in kernel computing and
reduce it.

In our experimental evaluation, we conduct evolution
control method every generation. However, in a concrete IEC
application, we can conduct this strategy several generation
once to save the computational cost rather than conducting it
in every generation. It is necessary to consider the time cost
for this method in a real world application.

6.4. Proposed Methods in Other EC Algorithms and Human
Related Computation. In our experimental evaluation, we
apply a human model with an evolution control method in
four GMM for enhancing IEC search. In general, our pro-
posed human model can be used in all human related com-
puting, such as awareness computing, human computing,
which obtains preference information of a humanuser by ker-
nel method.When applying this humanmodel and evolution
controlmethod in another EC algorithm,we need to consider
the linear classifier design method mentioned above and
make sure obtained information is correct. Otherwise, the
wrong information obtaining can lead to worse performance
of the normal IEC search or other human related computing
applications.

7. Conclusion and Future Work

In this study, we propose a method to relieve IEC user
fatigue by establishing a human model to obtain preference
information by kernel classification. In high dimensional
feature space, we design a linear classifier to judge an individ-
ual property corresponding to human preference. Based on
the obtained fitness landscape, we propose a human model
design method and an evolution control method to enhance
IEC search. The experimental evaluation with four different
dimension GMM as a pseudo-IEC user shows that our pro-
posedmethods are effective.We also analyze the performance
and limitation of our proposed methods. Some open topics
and further opportunities are discussed.

Our further plan of this research is to evaluate our
proposed methods to a concrete IEC application using a real
human user to obtain a practical conclusion of the proposal.
Other issues are to continue designing an efficient search
strategy based on obtained human model in high dimen-
sional fitness landscape to improve the human model by
classifier design for obtaining better enhancement perfor-
mance, and so forth. We will conduct these research topics
in the future.
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The detection of camouflaged objects is important for industrial inspection, medical diagnoses, and military applications.
Conventional supervised learning methods for hyperspectral images can be a feasible solution. Such approaches, however, require
a priori information of a camouflaged object and background. This letter proposes a fully autonomous feature selection and
camouflaged object detectionmethod based on the online analysis of spectral and spatial features.The statistical distancemetric can
generate candidate feature bands and further analysis of the entropy-based spatial grouping property can trim the useless feature
bands. Camouflaged objects can be detected better with less computational complexity by optical spectral-spatial feature analysis.

1. Introduction

The development of an image sensor and optical dispersion
technology has made it possible to capture hyperspectral
image data with lower prices, such as SPECIM or Honeywell
products [1]. Therefore, it is possible to inspect and develop
algorithms from acquired hyperspectral images instead of
a public database of remote hyperspectral images, such as
AVIRIS and Hyperion [2]. Currently, hyperspectral images
are used frequently in a range of areas to detect important
parts such as cavities in medical applications and crime in
forensic applications [1, 3].

Although spectral information can be useful for dis-
criminating camouflaged or abnormal regions, the high
dimensionality of the hyperspectral data leads to a huge
increase in computational time, and the highly correlated
bands contain a degree of redundancy, which might have a
negative impact on detection. For example, if a single scan
of a hyperspectral cube contains 1,392 pixels (samples), 1,000
pixels (scan length), and 1,040 (bands) with a 2 bytes A/D
resolution, the total data size was approximately 3GBytes.
This is 600 times larger than the size of the full HD image
(6MBytes). Therefore, the key problem for the detection of

hyperspectral abnormal regions is to reduce the computa-
tion complexity without degrading the detection accuracy.
Therefore, reducing the dimensionality by the spectral band
selection is often adopted to reduce computational cost and
improve the accuracy.

Band selection can be achieved by supervised or unsuper-
vised learning. The former requires a set of labeled training
databases and produces the high accuracy of detection per-
formance [4–7]. On the other hand, the number of training
samples is limited in most hyperspectral applications. The
latter requires no training images and detects abnormal
regions directly from a test hypercube. Therefore, this study
adopted the unsupervised learning-based band selection
scheme for its convenience in automatic camouflaged or
abnormal region detection. Recently, several studies pro-
posed a range of band selection or elimination methods in
unsupervised learning approaches focusing only on spectral
analysis. Previous techniques of unsupervised band selection
for hyperspectral images can be classified broadly into two
categories: ranking-based methods [8, 9] and clustering-
based methods [10, 11]. The ranking-based methods evaluate
the relevance of each band independently to estimate the
quality of the attributes depending on how well their values
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help classify the patterns using either the information diver-
gences [9] or similarity-based band analysis [8]. On the other
hand, clustering-basedmethods perform clustering on bands
to group them according to their correlation and selects one
band from each cluster representing the whole group, such as
mutual information [11] or affinity propagation [10].

In the first stage of spectral feature analysis, a new statis-
tical distance measure in the ranking-based method instead
of the band clustering method was proposed due to the high
computational complexity. Spectral analysis can generate
candidate bands that maximize the statistical distance. In
the second stage, an entropy-based measure was proposed to
quantify the uncertainty of spatial segmentation. The bands
that generate high entropy value (noisy spatial segmentation)
can be reduced. Therefore, the first contribution is the
proposition of a novel band selection method by considering
both spectral and spatial analysis without prior knowledge.
The second contribution is the automatic detection of a
camouflaged or abnormal region without a training process.
Therefore, the detected results can be obtained without
human intervention if any kinds of hyperspectral test images
are applied to the inspection system. Section 2 introduces
the proposed camouflaged target detection method using
spectral-spatial feature analysis. Section 3 validates the pro-
posed method according to various band selection schemes
and Section 4 concludes the study.

2. Proposed Camouflaged Object
Detection Method

2.1. Overview of the Proposed Inspection System. Figure 1
summarizes the overall flow of the proposed hyperspec-
tral inspection system. Given a test hypercube image, the
automatic band selection block is activated by consecutive
spectral and spatial analysis. Statistical distance analysis of
each spectral band generates a discriminating curve. The
candidate spectral bands can be obtained through the local
maxima of the curve. Segmented regions can be obtained
using each band with cluster labels. The underlying assump-
tion is that good band segments the input image into two
regions: camouflaged and background regions. The number
of segmented regionswas quantized using entropy.Therefore,
entropy can represent the complexity of regions. Based on
entropy, the optimal bands are selected. The final detection
results were obtained using 𝐾-means clustering with the
selected bands.

2.2. Spectral-Spatial Analysis-Based Band Selection

2.2.1. Hypercube Acquisition System (Table 1). The spectral
image acquisition system consists of a SPECIMVNIR camera
(PS-FW-11-V10E) mounted on a linear stage, LED, or halogen
lamps and a target to inspect, as shown in Figure 2(a).
Figure 2(b) shows sample spectral band images.

2.2.2. Spectral Analysis. A camouflaged object detection
problem can be regarded as selecting suitable spectral bands
that discriminate interesting region in normal background.

Test hypercube image

Spectral analysis
Select candidate bands

(statistical distance)

Spatial analysis
Prune bands

(region entropy)

Detection
K-means clustering

(using selected bands)

Detection results

Automatic
band

selection

Automatic
abnormal

region
detection

Figure 1: Overall inspection flow of the proposed system.

Table 1: Specifications of the hyperspectral image acquisition
system.

Item Specifications
Spectral range 400–1000 nm (VNIR)

Spectrograph
ImSpector V10E 30 𝜇 slit, 2.8 nm spectral
resolution

Camera
Kappa 1,392 × 1,040 pixels, 12 bits, 11 fps,
FireWire interface

Lamp 150W A08975, SCHOTT

Scanner Linear stage, length 750mm

The proposed statistical distance metric can be useful to
generate candidate bands because a hypercube image pro-
vides enough samples (aboutmillions) of spectral profiles and
statistical distance canmeasure the distinctiveness of spectral
bands, which leads to easy detection of camouflaged objects.
For example, if a test hypercube consists of a real leaf and
a printed leaf, the spectral profile and specific band image
are obtained as shown in Figure 3. Statistical distance-based,
candidate band selection is motivated by the observation of
band image analysis, as shown in Figure 4(a). The distribu-
tion histogram can be made for a hypothesized band 𝑏 [nm].
According to the distribution, two Gaussian distribution
functions (foreground and background) parameterized from
the means (𝜇

1
, 𝜇
2
) and standard deviations (𝜎

1
, 𝜎
2
) can be

fitted. The class discriminability measure is defined as

𝐷(𝑏) =

𝜇1 (𝑏) − 𝜇2 (𝑏)


𝜎
1
(𝑏) + 𝜎

2
(𝑏)
. (1)

By applying the aforementioned equation to each band,
the band discriminability curve can be obtained according to
the wavelength, as shown in Figure 4(b).The candidate bands
can be selected by applying local maxima or global maxima
to the curve.
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Figure 2: Hypercube: (a) VNIR hyperspectral image acquisition system and (b) sample spectral images.
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Figure 3: Spectral analysis: (a) test hypercube, (b) spectral profiles at the selected points, and (c) band image at 486.36 nm.

2.2.3. Spatial Analysis. 𝐾-means clustering can effectively
cluster data using feature distance [12]. If𝐾-means clustering
(𝐾 = 2) with 𝑏th band image is performed, the discrim-
inability value can be obtained as mentioned above. At the
same time, a segmented image using the class labels in image
space can be acquired. If a hypercube image has the size of
samples (𝑆) × scan length (𝐿) × bands (𝐵), the complexity of
segmented regions at the 𝑏th band can be quantified using
entropy. Entropy canmeasure the complexity of spatial region
distribution. In the camouflaged object detection problem,
the ideal number of regions is just two (foreground and
background). Therefore, high entropy can represent large
number of segmented regions. The region entropy is defined
as

𝐻(𝑏) = −

𝑀

∑

𝑖=1

𝑝
𝑖
(𝑏) log𝑝

𝑖
(𝑏) , (2)

where 𝑝
𝑖
(𝑏) is the probability of the pixels belonging to 𝑖th

region. This is defined as 𝑝
𝑖
(𝑏) = 𝑁

𝑖
(𝑏)/(𝑆 × 𝐿).𝑀 denotes

the total number of segmented regions and 𝑁
𝑖
(𝑏) denotes

the number of pixels belonging to the 𝑖th region at the band
image 𝑏. Ideally, the detection results consist of one abnormal
region and the other background region. If the number of
segmented region increases, the region entropy increases.
Therefore, a threshold is applied for the region entropy to
reduce the candidate bands that generatemany small regions.
Figure 5 shows the region segmentation results according
to the different region entropy values. The region entropy
threshold around 1 is normally used.

3. Experimental Results

The proposed method was validated in terms of the band
selection scheme using the same 𝐾-means clustering (unsu-
pervised classifier). The baseline band selection method was
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Figure 6: Baseline method of band selection by PCA [6]: (a) principal component: PC2 and (b) load function curve of PC2.

principle components analysis (PCA), which is an effective
data reduction technique that is used frequently in hyper-
spectral data analysis [6]. In PCA, a human manually selects
a principle component (i.e., PC2 as shown in Figure 6(a))
that visualizes the abnormal region clearly.The optimal set of
bands can be selected using the local maxima/minima from
the loading curve of PC2 as shown in Figure 6(b).

As a second baseline method, the entire spectrum curve,
where all the bands are selected, is used [13]. These con-
ventional methods are compared with the proposed band
selectionmethods, such as band selection by spectral analysis
(Proposed 1) and by spectral + spatial analysis (Proposed
2). The detection rate (DR), false alarm rate (FAR), and the
number of bands used for quantitative comparison are used.
Table 2 lists the overall performance comparison of the leaf
database. PCA method selected 7 bands (447.4, 475.2, 517.3,
572.9, 600.6, 740.0, and 858.0). PCA and profile methods
showed similar detection results with a high false alarm rate
of 45%. The Proposed 1 method selected 9 bands (416.2,
503.7, 660.7, 732.3, 776.8, 905.2, 948.1, 1000.6, and 1027.3 nm)
and showed 100% of DR with 0.008% of FAR. The Proposed
2 method with 4 selected bands (416.2, 503.7, 660.7, and
732.3 nm) showed the optimal performance with the fewest
number of bands. Figures 7(c)–7(f) show the qualitative
performance comparison results for a given test hypercube
(Figure 7(a)) and a ground truth image (Figure 7(b)). The
Proposed 2 method could detect the camouflaged region
perfectly. In terms of detection time complexity, the Proposed
2 method took only 0.66 seconds which is 9.1 times faster
than the PCA and 84.1 times faster than the profile.The space
complexity is proportional to the number of bands. So, the
Proposed 2 method occupies the smallest memory space.

Another test was conducted to validate the proposed
method for the hair database, which consists of awig and hair.
Table 3 summarizes the overall performance comparison for
the leaf database. PCA, profile, and Proposed 1 methods

Table 2: Comparison of abnormal region detectionmethods for the
leaf database (DR: detection rate, FAR: false alarm rate, Proposed 1:
spectral analysis, Proposed 2: spectral + spatial analysis).

Method DR (%) FAR (%) Number of bands Detection
time (s)

PCA [6] 71.6 45.8 10 6.03
Profile [13] 73.5 45.2 1040 55.53
Proposed 1 100.0 0.0008 9 0.93
Proposed 2 100.0 0.0 4 0.66

Table 3: Comparison of the abnormal region detectionmethods for
the hair database.

Method DR (%) FAR (%) Number of bands
PCA [6] 92.1 3.1 5
Profile [13] 92.8 2.2 1040
Proposed 1 92.4 2.4 8
Proposed 2 99.9 0.2 2

showed similar detection results with a DR of 92% and FAR
of 2∼3%. The Proposed 2 method with 2 selected bands
(945.5 and 1017.3 nm) showed the best performance with
fewest number of bands. Figures 8(c)–8(f) show the quali-
tative performance comparison results for a given hair test
image (Figure 8(a)) and a ground truth image (Figure 8(b)).
As shown in Figure 8(a), detection errors occurred at the
specular regions.

4. Conclusions

This letter proposed a novel band selection and abnormal
region detection method in a completely unsupervised man-
ner. From a test input hypercube, the proposed system gen-
erates candidate bands based on statistical distance analysis.
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Figure 7: Abnormal region detection results: (a) test leaf image, (b) ground truth, (c) PCA method, (d) spectral profile, (e) Proposed 1 band
selection by spectral analysis, and (f) Proposed 2 band selection by spectral-spatial analysis.
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Figure 8: Abnormal region detection results: (a) test hair image, (b) ground truth, (c) PCAmethod, (d) spectral profile, (e) Proposed 1 band
selection by spectral analysis, and (f) Proposed 2 band selection by spectral-spatial analysis.

The system removes bands that generate a number of region
segments based on the region entropymeasure. Experimental
comparisons with the baseline methods validated the outper-
formance of the proposed method in terms of the detection

rate and false alarm rate with a minimal number of bands for
a real test set. The best abnormal region detection result with
a few selected bands (2–4) can be obtained without human
intervention in both band selection and detection.
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The treatment of large data streams in the presence of concept drifts is one of the main challenges in the field of data mining,
particularly when the algorithms have to deal with concepts that disappear and then reappear.This paper presents a new algorithm,
called Fast Adapting Ensemble (FAE), which adapts very quickly to both abrupt and gradual concept drifts, and has been specifically
designed to deal with recurring concepts. FAE processes the learning examples in blocks of the same size, but it does not have to
wait for the batch to be complete in order to adapt its base classification mechanism. FAE incorporates a drift detector to improve
the handling of abrupt concept drifts and stores a set of inactive classifiers that represent old concepts, which are activated very
quickly when these concepts reappear. We compare our new algorithm with various well-known learning algorithms, taking into
account, common benchmark datasets.The experiments show promising results from the proposed algorithm (regarding accuracy
and runtime), handling different types of concept drifts.

1. Introduction

Classification algorithms that learn from data streams in
the presence of concept drifts have received a lot of atten-
tion in recent years. They are very important because of
their application in different areas such as bioinformatics,
medicine, economics and finance, industry, the environment,
andmany other fields of application. For instance, Gama et al.
[1] have grouped the applications requiring adaptation into
four categories: monitoring and control, management and
strategic planning, personal assistance and information, and
ubiquitous environment applications.

Within incremental learning [2], the problem of classifi-
cation is generally defined for a sequence (possibly infinite)
of examples (also known as instances) 𝑆 = 𝑒

1
, 𝑒
2
, . . . , 𝑒

𝑖
, . . .

arriving over time, normally one at a time and not necessarily
time-dependent. Each training example 𝑒

𝑖
= (

→
𝑥
𝑖
, 𝑦
𝑖
) is formed

by a vector →𝑥
𝑖
and a discrete value 𝑦i, named label which is

taken from a finite set 𝑌 named class. Each vector →𝑥
𝑖
∈ 𝑋

has the same dimensions, each dimension is named attribute
and each component 𝑥

𝑖,𝑗
is an attribute value (numeric or

symbolic). It is assumed that there is an underlying function
𝑦 = 𝑓(

→
𝑥
𝑖
) and the goal is to obtain a model from 𝑆 that

approximates 𝑓 as 𝑓 in order to classify or predict the label
of nonlabeled examples (also known as observations), so that
𝑓 maximizes the prediction accuracy [3]. Sometimes it is
assumed that the examples arrive in batches of the same size.
Let us consider concept as the term that refers to the whole
distribution of the problem at a certain point in time [4].
This concept can be characterized by the joint distribution
𝑃(𝑋, 𝑌).

In the real world, concepts are often unstable and change
over time. The underlying data distribution may change
as well. Often these changes make the model built on old
data inconsistent with the new data and an updating of
the model is necessary. This problem, known as concept
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drift, complicates the task of learning a model from data
and requires an additional mechanism in order to maintain
the learning model up-to-date with respect to the current
concept [5].

According to Tsymbal [5], an ideal concept drift handling
system should be able to (1) quickly adapt to concept drift,
both abrupt and gradual; (2) be robust to noise and be able to
distinguish it from concept drift; and (3) recognize and treat
recurring contexts. However, often the mechanisms, used to
favor a fast adaptation to concept drifts, like, for example, the
use of base classifiers that individually adapt to that change
and to their rapid substitution with current classifiers, make
the correct treatment of the recurring conceptsmore difficult.

On the other hand, today’s ensemble systems have gained
in importance as they provide a mechanism that effectively
combines a set of classifiers to obtain not only amore complex
but also a more accurate classification model [6].

In this paper, we present Fast Adapting Ensemble (FAE),
an algorithm that adapts very quickly to both abrupt and
gradual concept drifts and has been specifically built to deal
with recurring concepts.

2. Related Work

Gama et al. [7] distinguish two categories in which strategies
are positioned to address the problem of concept drift: strate-
gies inwhich learning adapts at regular time intervals without
considering that there has been a change in the concept
and strategies in which a concept drift is first detected, and
then learning adapts to this change. Ensembles are usually
included within the first strategy, as they have mechanisms
(to update existing classifiers, to eliminate low-performance
classifiers, to insert classifiers, etc.) that allow them to evolve
without having to directly detect concept drift. However,
recent research proposes different mechanisms of direct
detection of changes that are inserted into the ensembles. One
advantage of incorporating a drift detector is to exploit the
capacity of ensembles to adapt to gradual changes, combined
with the natural working mode of the detector during abrupt
changes.

2.1. Ensembles for Data Stream Mining. One of the first pro-
posals for data stream mining was the Streaming Ensemble
Algorithm (SEA) [8]. SEA divides the training dataset into
batches of the same size and a new base classifier is built
from each one of these batches and added to the ensemble.
The algorithm has a maximum number of classifiers that,
when reached as an adaptation mechanism, requires the
replacement of previous base classifiers by following certain
criteria. To unify the predictions of the base classifiers, SEA
uses unweighted-majority voting. SEA adapts to gradual
changes well, but its adaptation is not as good for abrupt
changes. According to Kolter and Maloof [9], these results
are influenced by the voting mechanism used and also
because classifiers stop learning once they have been created.
An algorithm which follows a similar scheme to SEA is
MultiCIDIM-DS, proposed by del Campo-Ávila [6].

Under the same division scheme of the training dataset,
Wang et al. [10] proposed a new method, called Accuracy
Weighted Ensemble (AWE). To combine the response of base
classifiers, the proposal uses a weighted-majority voting. The
weighting of the base classifiers depends on the accuracy
obtained by them when using the examples from the current
training batch. As SEA, it adapts to gradual changes, but it
has trouble adapting to abrupt concept drifts. One of the
reasons for this inefficiency is that AWE has to wait for the
next batch in order to update the weights of base classifiers.
Unfortunately, reducing the size of the batch does not solve
the problem because that would result in lower overall system
accuracy.

The BatchWeighted Ensemble algorithm (BWE) [11] is an
ensemble that takes the AWE algorithm as its basic precursor.
This proposal is one of those included within the second
strategy proposed byGama et al. [7]; therefore, it incorporates
a drift detector inside the model; this detector is called the
BatchDriftDetectionMethod (BDDM) and uses a regression
model to determine the presence of concept drift. The drift
detector is basically used to determine whether to create
a new base classifier due to concept drifts, or whether the
concept is stable and the ensemble has not been modified.
The idea is to combine the ability of the ensembles to adapt to
gradual changes with the natural working mode of the drift
detector for detecting abrupt changes.

According to Gonçalves and Barros [12], the Accuracy
Updated Ensemble (AUE) [13] is an enhancement of AWE.
Both use classifier ensembles and are associated with weights
that are updated as data arrive. The main difference between
them is the usage of incremental classifiers instead of static
ones; it proposes a simpler weighting function to avoid
zeroing the weight of all classifiers, a possible situation in
AWE, and updates classifiers only if they have been highly
accurate in recent data.

Another idea for data stream mining is to use the train-
ing examples one by one as they arrive, online. An algorithm
that uses this system to update its base classifiers is the
Dynamic Weighted Majority (DWM), proposed by Kolter
and Maloof [9]. DWM is based on the Weighted Majority
Algorithm (WMA) [14], which takes the idea of working with
a group of experts, to which an initial weight is automatically
assigned. Then, when a new example arrives, the base algo-
rithm receives a prediction from each expert and makes a
final decision by combining the predictions and the weights
of each expert; finally, if an expert makes an incorrect
prediction, then its weight is reduced by a multiplicative
constant between 0 and 1. In order to adapt to working with
data streams and to handle concept drifts, DWM includes
mechanisms to add, update, and delete base classifiers. At
each givenmoment 𝑝, a test is performed and a new classifier
is added with a weight value equal to 1 if the system output
is incorrect; moreover, the system deletes each base classifier,
whoseweight falls below a threshold of 𝜃. One of the potential
problems of this algorithm is that it penalizes base classifiers
when they fail but it does not reward them when they are
right; this makes the base classifiers’ weights fall quickly and
they only remain a short while within the ensemble; this,
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coupled with the fact that DWM steadily updates the base
classifiers, does not make it suitable for the treatment of
recurring concepts.

Kolter and Maloof also proposed an algorithm called the
Additive Expert Ensemble (AddExp) [15].This system is very
similar to DWM and both have common mechanisms such
as the type of voting, the way of inserting new classifiers,
and the mechanism, to quickly remove multiple classifiers
simultaneously. They differ in the fact that they propose two
distinct methods for replacing the classifiers: the first one is
based on removing the old ones, for which a constant that
controls how long the expert has been within the ensemble
is included, and the second one is based on the weakest
classifier, as it deletes the one with the lowest weight. Similar
to DWM, AddExp inherits the same deficiencies in the
treatment of recurring concepts.

With the same work strategy with the data stream, the
Ensemble Classification Algorithm for Incremental Data
Streams (ICEA) was proposed [16]. The idea of this proposal
is that each base classifier learns incrementally, automatically
adding the result of their learning as quickly as possible.
According to the authors, a faster detection of the concept
drift is obtained, when compared to some batch-based
algorithms. ICEA uses adapting mechanisms similar to those
of DWM. As in DWM, classifiers may be only a short time
within the ensemble, which makes it inefficient to handle
recurring concepts, this in addition to the fact that base
classifiers are steadily readapted, forgetting the old concepts.

TheDWM-WIN algorithm [17] proposed somemodifica-
tions to the DWM algorithm. The first modification is based
on a characteristic of the version of the Winnow algorithm
implemented by Blum [18]. Winnow is similar to WMA in
the idea of changing the weight of the experts according to
their individual prediction; the difference is that it includes
a new multiplicative constant (𝜂 > 1) to reward the expert
weight when the prediction is correct. By adding this feature,
DWM-WIN ensures that each expert is more likely to stay
within the ensemble if their behavior improves over time;
this makes it more flexible when dealing with recurring
concepts. Another modification is that, in some variants of
the proposed algorithm, when removing experts, their age is
taken into account.

A new ensemble for incremental learning, named Diver-
sity forDealingwithDrifts (DDD), is proposed byMinku and
Yao [19]. DDD maintains several ensembles with different
levels of diversity. If the presence of concept drifts is not
detected in the data, the systemwill consist of two ensembles,
one with a low diversity and one with a high diversity.
When a concept drift is detected, two new ensembles are
built, one with a low diversity and one with a high diversity.
According to the authors, old ensembles are maintained
because this ensures a better exploitation of diversity, the use
of the information learned from old concepts and robustness
against false alarms. The four ensembles are maintained
while two conditions that check the change status are met;
otherwise, using a combinationmechanism, aworkingmodel
with two ensembles starts again.The authors report thatDDD
is able to maintain a better accuracy than other proposals
such as DWM.

Finally, there has been a recent addition to proposals that
adapt the well-known algorithms Bagging [20] and Boosting
[21] for data streammining. Using a heuristic and a weighted
majority voting, Bagging and Boosting are algorithms which
create intermediate models that are the basis for a single final
model whose accuracy improves the accuracy of any one of
them. According to the Bagging algorithm, the final model is
made from the most common rules within several individual
models, and according to the Boosting algorithm, multiple
classifiers, which are voted according to their error rate, are
generated, but unlike the Bagging algorithm, they are not
obtained fromdifferent samples but rather sequentially on the
same training set. Incremental versions of the Bagging and
Boosting algorithms have been proposed by Oza and Russell
since 2001 [22]. But, other versions that adapt to concept drifts
have appeared more recently.

The OzaBagADWIN algorithm proposed by Bifet et al.
[23] is a Bagging algorithm adaptation. The idea of this
proposal is to add a drift detector called AdaptiveWindowing
(ADWIN) [24] to the incremental version of the Bagging
algorithm [22]. The adaptation mechanism is based on
replacing the worst of the classifiers in an instant of time with
a new base classifier created more recently.

The Adaptive Boosting Ensemble Classifier (ACS) [25]
is an adaptive version of Boosting algorithm proposed by
Wankhade and Dongre. This new version uses the Boosting
algorithm for an ensemble method combined with an adap-
tive sliding window and a Hoeffding tree to detect concept
drifts, and if necessary, add a new base classifier; this mech-
anism improves the functioning of the ensemble. According
to the author, the algorithm works well in environments with
concept drifts, as it adapts dynamically and quickly to changes
and it also requires little memory to operate.

Another adaptive version of the Boosting algorithm was
proposed by Dongre and Malik [26]. The new adaptation
follows a similar idea to ACS but combines the well-known
Boosting algorithm with the ADWIN drift detector [24].
The proposal uses the Boosting algorithm as the ensemble
method andADWIN to detect concept drifts and if necessary
handle the input data window and add new base classifiers.
The results show that the proposed method takes less time,
uses less memory, and is more accurate than other known
methods (OzaBag, OzaBoost, and OzaBagADWIN).

None of the aforementioned classifiers take into account
the possible presence of recurring concepts, so they have not
been adapted to work with them.

2.2. Systems for the Treatment of Recurring Concepts. The
online learning system should be able to recognize and
handle recurring concepts. If a concept has appeared before,
previous successful classifiers should be used. Using many
classifiers built from old concepts is one possible way to
handle recurring concepts.

TheAdaptive Classifiers Ensemble (ACE) [27] is a system,
published by Nishida et al., which is able to handle recurring
concepts better than a conventional system. This ensemble is
accompanied by four elements: first, a single classifier that
uses the input data one by one incrementally; this classifier
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replaces the ensemble for the prediction work when abrupt
concept drifts take place because the ensemble takes a long
time to update as it has to wait for the next batch to arrive
to do so; second, a drift detector; third, a sliding window
used to store the results of predictive accuracy and confidence
intervals of each classifier on themost recent data, and finally,
a buffer used to store recent training examples and to build
the new classifiers.

An ensemble especially for the treatment of recurring
concepts was presented by Ramamurthy and Bhatnagar [28].
This approach builds a historical global set of classifiers (deci-
sion trees) from sequential data chunks of same size. Each
individual classifier for this committee represents a different
concept. So a new classifier is only built when the concept
in the data stream changes and when this concept is not
represented by a classifier in the historical global set. These
historic classifiers are never deleted because the concept that
one representsmay reappear. Not all the classifiers participate
in the classification process at the same time.The system uses
a filter which screens the existing classifiers and allows only
those relevant to the current concept to participate in the
classification process. This approach, like AWE, has to wait
for the next chunk in order to update all the mechanisms of
the system.

Although not an ensemble, the algorithm, Recurring
Concept Drifts (RCD) [12], is included here because it is able
to handle recurring concepts. RCD is not a simple classifier
nor an ensemble, but rather a collection of classifiers from
which the one to be used is selected at any time based on
the distribution of the current data; for this, nonparametric
statistical tests are used. A new classifier and a significant
sample of the data used to create it are added to the collection
each time a new detected concept fails to match any of the
previously stored concepts.The authors state that their results
are superior to those of other algorithms when faced with
abrupt changes and they get similar results when addressing
gradual changes.

Finally, we have included two other approaches that are
not ensembles but are able handle recurring concepts. Li
et al. [29] proposed a classification algorithm called REDLLA
for data streams with recurring concept drifts and limited
labeled data. It was built for semisupervised learning and
it adopts a decision tree as the classification model. When
growing a tree, a clustering algorithm based on k-means is
installed to produce concept clusters and to label unlabeled
data at leaves. In the presence of deviations between historical
concept clusters and new ones, potential concept drifts
are distinguished and recurring concepts are maintained.
According to the authors, REDLLA algorithm is efficient and

effective for mining recurring concept drifts even in cases
with a large volume of unlabeled data.

Gama and Kosina [30] present a method that memorizes
learnt decision models whenever a concept drift is signaled.
The system uses meta-learning techniques that characterize
the domain of applicability of previous learnt models. The
meta-learner can detect the reoccurrence of contexts and
take proactive action by activating previously learnt models.
According to the authors, the main benefit of this approach
is that the proposed meta-learner is capable of selecting
similar historical concepts, if indeed such exist, without the
knowledge of true classes of examples.

3. Fast Adapting Ensemble: A New
Ensemble Method

As shown in the previous section, there are a few proposals
that use ensembles to treat recurring concepts.Theuse of base
classifiers which individually adapt to change and the little
time they sometimes remain within the ensemble favor a fast
adaptation to concept drifts but make the correct treatment
of recurring concepts more difficult.

FAE is an ensemble designed to quickly adapt to concept
drifts and specializes in the treatment of recurring concepts.
Like RCD [12], this proposal has a set of classifiers that
represents several of the concepts analyzed; although it differs
in that, these classifiers are organized into active and inactive,
according to their behavior when testing current data. FAE
is an ensemble that takes its global decision from the partial
decision of the active classifiers, while retaining a group of
inactive classifiers as a warehouse of old concepts, which ease
the treatment of recurring concepts.These inactive classifiers
are activated very quickly if the concept that they represent
reappears. Reactivation of classifiers and insertion of new
updated classifiers, if necessary, ensure rapid adaptation,
especially if the concepts are recurring.

Like several of the algorithms analyzed [6, 8, 10, 11], FAE
divides the training data stream into blocks of the same size
and builds, if necessary, a new base classifier, which adds to
the ensemble; thus naturally, it obtains knowledge from large
datasets. The algorithm sets a maximum limit of classifiers
to store, which, when reached as an adaptation mechanism,
requires replacing previous classifiers following certain base
criteria.

FAE associates a weight to each base classifier and uses
weighted-majority voting to unify the partial votes. Like
Wang et al. [10], in order to update the weights, it uses the
precision obtained by each of the base classifiers when testing
the current training set but differs in that FAE proposes a new
formula for adjusting the weights and it also does not have to
wait for the new training block to be completed but continues
updating the weights of the base classifier with parts of the
block. Due to the characteristics of the formula for updating,
the weight associated with each base classifier may decrease
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→
bc: Vector of base classifiers.
→
𝑤: Vector of weights of base classifiers.
→status: Vector of status of base classifiers (Active or inactive).
→concept: Vector of concepts associated with base classifiers.
𝐸 = {

→
bc, →𝑤 ,

→status, →concept}: Ensemble.
𝑏𝑙𝑜𝑐𝑘: Set of examples necessary for building a new base classifier.
𝑡 𝑏𝑙𝑜𝑐𝑘: Set of examples necessary for testing the ensemble.
ne: Number of examples necessary for building a new base classifier.
nt: Number of examples necessary for testing the ensemble.
General FAE algorithm
Initialization ensemble
While (next example) // Start the training of the ensemble.
𝑏𝑙𝑜𝑐𝑘 ← 𝑏𝑙𝑜𝑐𝑘 ∪ {𝑒𝑥𝑎𝑚𝑝𝑙𝑒}

𝑡 𝑏𝑙𝑜𝑐𝑘 ← 𝑡 𝑏𝑙𝑜𝑐𝑘 ∪ {𝑒𝑥𝑎𝑚𝑝𝑙𝑒}

𝑖 ← 𝑖 + 1

if (𝑖 mod nt = 0) // each nt examples weights and status are updated.
Update base classifier weight
Update base classifier status
𝑡 𝑏𝑙𝑜𝑐𝑘 ← 0

end if // End of the update block
if (𝑖 mod ne = 0) //each ne examples creating a new base classifier is analyzed.
Add new base classifier
𝑏𝑙𝑜𝑐𝑘 ← 0

end if
end while

Algorithm 1

concept: current concept.
Initialization ensemble
𝑐𝑜𝑛𝑐𝑒𝑝𝑡 ← 1

𝑏𝑙𝑜𝑐𝑘 ← 0

For 𝑖 = 1, . . . , ne
next 𝑒𝑥𝑎𝑚𝑝𝑙𝑒
𝑏𝑙𝑜𝑐𝑘 ← 𝑏𝑙𝑜𝑐𝑘 ∪ {𝑒𝑥𝑎𝑚𝑝𝑙𝑒}

end for
bc
1
← build base classifier (𝑏𝑙𝑜𝑐𝑘) // a new base classifier is built

𝑤
1
← 1

𝑠𝑡𝑎𝑡𝑢𝑠
1
← 𝑎𝑐𝑡𝑖V𝑒

𝑐𝑜𝑛𝑐𝑒𝑝𝑡
1
← 𝑐𝑜𝑛𝑐𝑒𝑝𝑡

𝑏𝑙𝑜𝑐𝑘 ← 0

𝑡 𝑏𝑙𝑜𝑐𝑘 ← 0

𝑖 ← 0

Algorithm 2

or increase depending on its behavior when testing the new
data.

This proposal is included in the second strategy men-
tioned by Gama et al. [7] because it incorporates a drift
detector to the model. As discussed by Deckert [11], the drift
detector is used to determine when to create a new base

classifier according to the presence or absence of concept
drifts; if the concept is stable, an unnecessary new classifier
is not created, which contributes to saving memory and
favors previous base classifiers representing other concepts
remaining within the ensemble. The purpose of this idea
is to take advantage of the capacity of ensembles to adapt
to gradual changes combined with the natural work of the
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drift detector for abrupt changes. Because of this, FAE is able
to manipulate both gradual and abrupt concept drifts (see
Algorithm 1).

3.1. Initialization of the Ensemble. For the ensemble to be
functional, though, of course, not properly trained, it is
necessary to ensure that there is at least one active base
classifier. For this reason, the initial step is to create, with the
first block of training, a base classifier with its active status
and initial weight equal to 1. In addition, the first concept to
be analyzed is initialized (see Algorithm 2).

3.2. Update the Weights and Status of the Base Classifiers.
The weights and status of base classifiers are updated each
nt period. The value nt is the number of examples needed to
update the weights and status of base classifiers; this value
should be less than that defined for a set of examples (ne
number of examples needed to create a new base classifier),
in order not to wait unnecessarily for a block to be completed
to update the base classifier weight. This is one of the
shortcomings of the algorithm proposed by Wang et al. [10],
which is why it was difficult to detect abrupt concept drifts.

The formula used to update the weights is inspired by
studies in disciplines such as telecommunications [31], specif-
ically formulas for smoothing to calculate a stable measure of
the usability of communication lines. This way of updating
the weights of the classifiers allows them to be increased or
decreased according to the behavior of the classifiers when
testing the current training set. It is intended that the base
classifiers can remain longer within the ensemble.

Preset constants 𝛽
1
and 𝛽

2
(𝛽
1
+ 𝛽
2

= 1) represent
the level of importance they have given to the behavior of
base classifiers over old data and current data, respectively.
A high value of 𝛽

1
(compared to the value of 𝛽

2
) means that

more importance will be given to the historical behavior of
the classifier than to its behavior over current data; change
adaptation will be a little slower but the process will be more
robust over noisy data. A high value of 𝛽

2
(compared to the

value of 𝛽
1
) means that more importance will be given to

the current behavior of base classifier than to its historical
behavior; change adaptation will be much faster but it is
likely to be affected by noisy data. Hence, the importance of
assigning values to 𝛽

1
and 𝛽

2
is directly related to the balance

desired between sensibility to concept drifts or noisy data (see
Algorithm 3).

It is important to note the fact that inactive classifier
weights are not decreased; they are only increased if current
classifier behavior improves. The purpose of this procedure
is not to unnecessarily reduce the weight of a classifier,
about which it is known that it has not been identified with
the current concept (for this reason it is inactive), and thus
rapid activation is ensuredwhen the concept that it represents
appears again.

The base classifier can have two statuses, active or inac-
tive. An active classifier is one that keeps its weight above
a preset threshold 𝜃. For predicting in an instant of time,

only active classifiers are used, as they are considered the best
adapted to the current concept.

An inactive classifier is one that keeps its weight below
the preset threshold 𝜃. Inactive classifiers are not involved
in predictions but remain stored as long as possible, as they
represent old concepts. The weights of inactive classifiers are
also updated every nt examples (only if it is improved) (see
Algorithm 4).

Whenever weights of base classifiers are updated; after-
wards, statuses are updated, too; thus the activation-
inactivation of the classifiers in the ensemble is ensured.

There are two implementation details not reflected in
the pseudocode: first, when updating the statuses of base
classifiers, it is always ensured that at least one classifier
remains in the active status and also that it has the best current
behavior (highest weight); second, in the experiments, a
somewhat higher value than the threshold 𝜃 is used to activate
a base classifier; with it, subsequent changes of activation-
inactivation or vice versa, which are annoying and harmful
to predictions, decrease.

3.3. Adding a New Base Classifier. The first thing to be con-
sidered in order to add a new base classifier is the information
provided by the drift detector used. The drift detector must
have as output three possible alerts: no change, possible
change (warning), and change (drift).The known drift detec-
torsDDM(drift detectionmethod) [32] proposed byGama et
al. and EDDM (early drift detection method) [33] proposed
byBaena et al. have these features. A newbase classifier is only
created with the last two alerts (warning or drift); with the
“possibly change” alert, the new base classifier is associated
with the current concept and, with the “change” alert, it is
associated with a new concept. If the alert is “no change,” the
ensemble remains unchanged.

The drift detector used was DDM. This approach detects
changes in the probability distribution of examples.Themain
idea of this method is to monitor the error-rate produced by
a classifier. Statistical theory states that error decreases if the
distribution is stable. When the error increases, it means that
the distribution has changed [32].

This procedure ensures that new classifiers are only added
when necessary; thus, within the ensemble, old concepts
remain longer, which allows for a better treatment of recur-
ring concepts (see Algorithm 5).

3.4. Deleting a Base Classifier. The algorithm deletes a base
classifier when a new classifier is to be added and the
maximum limit of classifiers to store has been reached. The
removal process takes into account the following aspects:
status of classifiers (active-inactive), age and weight of the
classifiers, and the number of classifiers associated with a
concept. It is always about first deleting an inactive classifier;
in its absence (all classifiers are active), it proceeds to remove
an active classifier. To avoid a cumbersome pseudocode,
explanations are included (see Algorithm 6).

Option 1. The oldest inactive classifier that belongs to a
concept which has more than one base classifier associated
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𝑛: Number of base classifiers in the ensemble in each moment.
𝛽
1
, 𝛽
2
: Factors to adjust the weights associated with base classifiers (𝛽

1
< 0; 𝛽

2
< 0; 𝛽

1
+ 𝛽
2
= 1).

Update base classifier weigt
for 𝑗 ← 1, . . . , 𝑛

𝑤← 𝑤
𝑗
∗ 𝛽
1
+ 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (bc

𝑗
, 𝑡 𝑏𝑙𝑜𝑐𝑘) ∗ 𝛽

2

if ((𝑠𝑡𝑎𝑡𝑢𝑠
𝑗
= 𝑎𝑐𝑡𝑖V𝑒) or (𝑤 > 𝑤

𝑗
))

𝑤
𝑗
← 𝑤

end if
end for

Algorithm 3

𝜃: Threshold used to delete base classifiers from the ensemble.
Update base classifier status
for𝑗 ← 1, . . . , 𝑛

if (𝑤
𝑗
> 𝜃)

𝑠𝑡𝑎𝑡𝑢𝑠
𝑗
← 𝑎𝑐𝑡𝑖V𝑒

else
𝑠𝑡𝑎𝑡𝑢𝑠

𝑗
← 𝑖𝑛𝑎𝑐𝑡𝑖V𝑒

end if
end for

Algorithm 4

max: maximum limit of classifiers to store in the ensemble.
𝑛: Number of base classifiers in the ensemble in each moment.
Add new basic classifier
𝑎𝑙𝑒𝑟𝑡←Drift detector ()
if ((𝑎𝑙𝑒𝑟𝑡 = “𝑤𝑎𝑟𝑛𝑖𝑛𝑔”) or (𝑎𝑙𝑒𝑟𝑡 = “𝑑𝑟𝑖𝑓𝑡”))
if (𝑛 =𝑚𝑎𝑥) // 𝑓𝑢𝑙𝑙𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒

delete base classifier
𝑛 ← 𝑛 − 1

end if
𝑛 ← 𝑛 + 1

cb
𝑛
← build base classifier (block)// a new classifier is built.

𝑤
𝑛
← 1

𝑠𝑡𝑎𝑡𝑢𝑠
𝑛
← 𝑎𝑐𝑡𝑖V𝑒

if (𝑎𝑙𝑒𝑟𝑡 = “𝑑𝑟𝑖𝑓𝑡”)
𝑐𝑜𝑛𝑐𝑒𝑝𝑡 ← 𝑐𝑜𝑛𝑐𝑒𝑝𝑡 + 1

end if
𝑐𝑜𝑛𝑐𝑒𝑝𝑡

𝑛
← 𝑐𝑜𝑛𝑐𝑒𝑝𝑡

end if

Algorithm 5

Delete base classifier.
if (there are inactive classifiers)
Delete an inactive classifiers // Option 1.

else if (there are no inactive classifiers)
Delete an active classifiers // Option 2.

Algorithm 6
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with it is deleted. If all existing concepts are associated with a
single base classifier, the oldest inactive classifier is removed,
and, with it, the concept itself is also deleted.

Option 2. Active classifier with less weight is removed.
When a base classifier is deleted from the ensemble, all

of its associated values (weight, status, and concept) are also
deleted.

It is always about deleting the oldest classifier but taking
into account the highest number of concepts remaining
represented within the ensemble. Often the oldest classifier
is not deleted, in order to keep a classifier, which is the only
representative of a concept within ensemble.

One purpose of this procedure of deleting base classifiers
is to maintain representation of all the concepts analyzed,
within the ensemble, for as long as possible. This approach
favors the treatment of recurring concepts and maintains a
high diversity of concepts within the ensemble.

To identify the best configuration with which to test the
ensemble, different values of the following parameters were
used: 𝛽

1
, 𝛽
2
, 𝜃, ne, nt, and max.

To identify the best parameter set, approximately 500
different configurations were tested for these parameters.The
best and more robust configuration found was 𝛽

1
= 0.5;

𝛽
2
= 0.5; ne = 500; nt = 50, and max = 15.

3.5. Analyzing Spatial and Temporal Complexity. In the con-
text of machine learning, it is important to analyze the time
and space complexity of the algorithms. This study is even
more necessary when the learning process is done from data
streams, online, with the possibility of having nonending
datasets.

At this point, now the FAE algorithm has been described
andwe present a detailed analysis of this complexity.Wemust
note that the algorithm can be configured with different base
classifiers, so the final details about complexity will depend
on the final base classifier used. In this case, the common
configuration that we propose uses the Hoeffding Tree or
VFDT [34] and the analysis of complexity is done under this
assumption (additional studies for different base classifiers
can be easily derived).

Spatial complexity is basically determined by the max-
imum number of base classifiers stored in the ensemble
(max) and their maximum size. In our case, we have used
decision trees, so the maximum size for such a model is a
completely expanded decision tree. If we assume that the
dataset is defined by a finite number of attributes (𝑛 attr)
with a maximum number of symbolic values (𝑛 values), the
spatial complexity is 𝑂(max ⋅𝑛 attr𝑛 values), which is polyno-
mial. This reasoning is extensible to numerical attributes.
In worst case, there will be as many different values as
different examples in the set used to build the base classifier
(ne). In addition, it is easy to have fewer values because
discretizationmethods can be applied [35]. Clearly, this is the

worst case. In general, the amount of space needed is much
lower.

Temporal complexity, in this context, cannot be studied
for the whole process, because it is continuous. It is usual to
study the processing time per example or, in our case, per
block of examples (ne or nt). Therefore, the analysis can be
done according to two situations: building newbase classifiers
or updating them. In the first case, the temporal complexity
depends on the temporal complexity for the selected base
classifier. In our case, we have configured FAE to use VFDT,
so it requires constant time to process each example [34]
(which will depend on the size of a completely expanded
tree), that is, 𝑂(ne ⋅ 𝑛 attr𝑛 values). In the second case, the
updating process, each example in the testing block (with size
nb) is tested with each base classifier in order to update all the
weights and statuses. In the worst case scenario, the classifiers
are completely expanded decision trees (whose branches have
as nodes as attributes, 𝑛 attr), so the temporal complexity is
𝑂(nb ⋅max ⋅𝑛 attr).

4. Experimental Results

In this section, we present the algorithms used in the tests,
parameters, information about the datasets, and an empirical
study of the results obtained.

The proposal presented here was implemented using the
Massive Online Analysis (MOA) framework [36], developed
at Waikato University, New Zealand. MOA is a framework
for mining data streams. It offers a collection of machine
learning algorithms, evaluation tools, and dataset generators
commonly used in data stream research.

Experiments were performed on a computer using an
Intel, Pentium CPU, P6000 1.87GHz with a RAM of 4GB.

Algorithms. In the experiments, we used the following algo-
rithms: AWE (Wang et al., 2003), AUE (Brzezinski and Ste-
fanowski, 2011), OzaBagAdwin (Oza and Russell, 2009), and
decision trees with Hoeffding bounds or Very Fast Decision
Tree (Hoeffding Tree or VFDT, Domingos andHulten, 2000);
all the algorithmshave freely available implementations in the
MOA framework.

The base classifier used in the experiments for all algo-
rithms (ensembles) was a Hoeffding Tree or VFDT [34].
So we can exclude the influence of the base classifier in
the comparison between ensembles. It is also important to
compare the Hoeffding Tree with the rest of the algorithms
to verify whether they improve it or not.

The parameters used for each of the algorithms (AWE,
AUE, OzaBagAdwin, andHoeffding Tree) in the experiments
are the default values defined in the MOA framework.

Artificial Datasets. We selected two artificial datasets to
perform the experiments: LED, proposed by Breiman et al.
in 1984 and SEA proposed by Nick Street and Kim in 2001.
They are commonly used in the concept drift research area
[1] and are freely available from the MOA framework.

The LED dataset is composed of 24 categorical attributes;
17 of which are irrelevant, and one categorical class with ten
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Figure 1: LED concept, 100 000 examples. One change point: 𝑡
0
=

50000, 𝑤 = 0.

possible values. The goal is to predict the digit displayed on
a seven-segment LED display, where each attribute has 10%
probability of being inverted (noise) [36]. We used a version
of LED available at MOA that includes concept drifts in the
datasets by simply changing the attribute positions.

The SEA dataset is generated using three attributes, where
only the first two are relevant. All three attributes have values
between 0 and 10.The points of the dataset are divided into 4
different concepts. The classification is done using 𝑓1 + 𝑓2 ≤

𝛼, where 𝑓1 and 𝑓2 represent the first two attributes and 𝛼 is
a threshold value [36].Themost frequent values of 𝛼 are 9, 8,
7, and 9.5. We also used a version of SEA concept available at
MOA. Table 1 shows general characteristics of LED and SEA
datasets.

To create abrupt or gradual concept drifts in data stream,
the MOA framework uses a sigmoid function, as a practical
solution for defining the probability that each new example
of the stream will belong to the new concept after the drift. In
this sigmoidmodel, only two parameters need to be specified:
𝑡
0
, the point of change, and 𝑤, the length of change [36]

(number of examples in the transition between concepts).

4.1. Abrupt and Gradual Change. In a first phase of the exper-
iments to test the behavior of the algorithms under consid-
eration, over different concept drifts, the following schemas
were used: 100000 examples, half of the examples of the first
concept and the second concept of a remainder (𝑡

0
= 50000).

The length of change (𝑤) takes four possible values 0, 100, 500,
and 1000 to simulate an abrupt change from (𝑤 = 0) to more
gradual changes (𝑤 = 1000).

Table 2 shows the results of testing on the LED dataset.
The first 50000 examples were generated with a number of
drifting attributes equal to 1 and the other 50000 with a
number of drifting attributes equal to 7.
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Figure 2: LED concept, 100 000 examples. One change point: 𝑡
0
=

50 000, 𝑤 = 1000.

Table 2 shows that the accuracy significantly reduced
around the change point (transition between concepts). FAE
always reported results between the two best accuracy values
taken around the change point for all values of𝑤 (0, 100, 500,
and 1000). The same applies to the other two results, final
accuracy and time.

Figures 1 and 2 correspond to the results of Table 2 (𝑤 = 0,
columns A and 𝑤 = 1000, columns D). We can see that
the graphs show accuracy falls around the change point. We
consider it important to draw attention to the depth and
width of each of these falls; depth indicates by how much
accuracy falls for each algorithm around the change point and
the width indicates how long it takes to recover. FAE reports
results with a low loss of accuracy both in plotted results and
in the rest of the experiments (not plotted) and a low recovery
time compared to the other algorithms.

Very similar results to those described above occur when
testing on data generated according to SEA concept. The first
50000 examples were generated with the first classification
function (𝑓1 + 𝑓2 ≤ 9) and the others with the fourth
classification function (𝑓1 + 𝑓2 ≤ 9.5) (see Table 3).

Over both datasets, LED and SEA, and over different
types of changes, abrupt and gradual ones, FAE shows
promising results with regard to accuracy fall depth around
the change point, recover time from accuracy fall (see Figures
1 and 2), final accuracy, and runtime.

4.2. Recurring Concept Drift. In the second phase of the
experiments to test the behavior of the algorithms over
recurring concepts, we built 8 datasets, each one with 100000
examples and in the presence of recurring concepts.

Dataset 1 and 2. LED concept, three change points, every
25000 examples, we change the number of attributes with
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Table 1: General characteristics of LED and SEA datasets.

Dataset Attribute number Relevant attribute Irrelevant attribute Total sample number
LED 24 7 17 100 000
SEA 3 2 1 100 000

Table 2: LED concept, 100 000 examples. One change point: 𝑡
0
= 50 000. Columns A, 𝑤 = 0; columns B, 𝑤 = 100; columns C, 𝑤 = 500; and

columns D, 𝑤 = 1000.

Classifiers Lowest accuracy around change point (%) Final accuracy (%) Time (s)
A B C D A B C D A B C D

FAE 45,1 50,9 55,1 54,1 73,15 73,2 73,16 73,15 63,01 64,55 66,75 68,09
AUE 19,9 15,6 26,6 31 72,84 72,99 72,95 72,89 128,12 118,81 109,25 125,49
AWE 45,2 44,7 27,5 29,7 73,13 73,12 72,97 72,87 234,52 238,35 230,43 204,13
OzaBagAdwin 33,6 61,6 61,1 57,8 72,68 73,53 73,48 73,44 101,57 102,13 101,43 102,68
Hoeffding Tree 16,9 18 21,7 26,7 69,24 69,24 69,26 69,24 9,05 8,95 8,36 9,05

drift (we follow the scheme 1, 7, 1, 7; number of attributes with
drift). Dataset 1, 𝑤 = 0, and dataset 2, 𝑤 = 1000.

Dataset 3 and 4. SEA concept, three change points, every
25000 examples, we change thethreshold value 𝛼 (we follow
the scheme 9.5, 9, 9.5, 9 threshold value). Dataset 3, 𝑤 = 0,
and dataset 4, 𝑤 = 1000.

Dataset 5 and 6. LED concept, seven change points, every
12500 examples, we change the number of attributes with drift
(we follow the scheme 1, 3, 5, 7, 1, 3, 5, 7; number of attributes
with drift). Dataset 5, 𝑤 = 0, and dataset 6, 𝑤 = 1000.

Dataset 7 and 8. SEA concept, seven change points, every
12500 examples, we change the threshold value 𝛼 (we follow
the scheme 7, 8, 9.5, 9, 7, 8, 9.5, 9 threshold value). Dataset 7,
𝑤 = 0, and dataset 8, 𝑤 = 1000.

Tables 4 and 5 show the results of evaluating each of
the algorithms over the eight datasets defined above. Table 4
shows the results when there are four concepts and Table 5
when there are eight. Each table comes with four figures
(Table 4with Figures 3, 4, 5, and 6; Table 5 with Figures 7, 8, 9,
and 10) which plot accuracy values as functions of processed
examples.

Labels, concept 1, concept 2. . ., were added only to the
figures in order to visually highlight when a concept is
recurrent. The same concept is labeled with the same label.

According to the results shown in Tables 4 and 5, it is
interesting to note the following.

The Hoeffding Tree algorithm (it is not an ensemble)
always achieves better results than other algorithms in terms
of runtime; however, it gets the worst final accuracy values in
all cases. By contrast, the algorithmAWEhas theworst results
regarding runtime in all cases; however, its final accuracy
values are comparably good and are included among the
best two results in several experiments. The algorithms AUE
and OzaBagAdwin achieve comparably good final accuracy
values too.The algorithmOzaBagAdwin achieves values very
similar to those of FAE algorithm in terms of runtime,
although with lower results.
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Figure 3: Dataset 1. LED concept, three change points: every 25 000
examples, 𝑤 = 0.

As seen in Tables 4 and 5, FAE always reported results
between the two best accuracy and runtime values. These
values show that the new approach achieves better results
than the rest of the algorithms over the datasets with the
proposed features (concept drifts and recurring concepts).

In each figure, we consider it important to draw attention
to the second half starting from the 50000th example, when
previously analyzed concepts reappear (recurring concepts).
We can see that FAE shows practically no falls in the accuracy
values compared to the rest of the algorithms. Differences are
more notable over the LED dataset. FAE is an algorithm built
to deal with recurring concepts and this is precisely what the
results show. According to the results of the experiments, FAE
is able to handle abrupt and gradual concept drifts; moreover,
it is far superior to the rest of the algorithms in the treatment
of recurring concepts.
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Table 3: SEA concept, 100 000 examples. One change point: 𝑡
0
= 50 000. Columns A, 𝑤 = 0; columns B, 𝑤 = 100; columns C, 𝑤 = 500; and

columns D, 𝑤 = 1000.

Classifiers Lowest accuracy around change point (%) Final accuracy (%) Time (s)
A B C D A B C D A B C D

FAE 78,3 79,5 79,6 80,5 88,1 88,14 88,14 88,07 8,19 8,17 8,03 8,05
AUE 78,2 78,6 79,3 79,5 88,11 88,15 88,32 88,09 15,33 14,76 14,57 15,46
AWE 80,7 80,8 81,7 82 87,69 87,68 87,73 87,72 31,04 29,89 26,64 27,85
OzaBagAdwin 78,5 78,8 79,2 79,2 87,99 88,07 87,83 88,25 12,73 13,68 13,88 10,9
Hoeffding Tree 78,1 78,5 79 79,1 86,81 86,8 86,8 86,8 1,08 1,12 1,09 1,09

Table 4: LED and SEA concepts, 100 000 examples.Three change points: every 25 000 examples. Columns A,𝑤 = 0 and columns B,𝑤 = 1000.

Classifiers
LED SEA

Final accuracy (%) Time (s) Final accuracy (%) Time (s)
A B A B A B A B

FAE 72,65 72,36 83,9 82,98 87,52 87,48 14,6 11,72
AUE 71,82 71,79 142,23 143,58 87,51 87,23 15,12 15,23
AWE 72,43 71,52 233,14 239,77 87,3 87,17 31 30,84
OzaBagAdwin 71,39 72,6 99,23 84,26 86,97 87,21 13,29 13,42
Hoeffding Tree 61,22 61,79 8,07 5,32 85,61 85,6 1,05 1,15
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Figure 4: Dataset 2. LED concept, three change points: every 25 000
examples, 𝑤 = 1000.

4.3. Real Dataset. The real world dataset we work with in
this section has been used in several studies about concept
drift [37]. For this dataset, there is no strong claim about
any presence or type of change. In this dataset, we evaluate
the algorithms by processing the examples in their temporal
order.

Electricity dataset (Elec2) was described by Harries and
analyzed by Gama. This dataset was collected from the Aus-
tralian New South Wales Electricity Market. In this market,
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Figure 5: Dataset 3. SEA concept, three change points: every 25 000
examples, 𝑤 = 0.

prices are not fixed and are affected by demand and supply of
the market.They are set every five minutes.The Elec2 dataset
contains 45, 312 examples.The class label identifies the change
of the price relative to a moving average of the last 24 hours.

As seen in Table 6 and in Figure 11, FAE reported results
between the two best accuracy values again. However, it is
important to note that the OzaBagAdwin algorithm achieved
the best results over Electricity dataset.
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Table 5: LED dataset, 100 000 examples. Seven change points: every 12 500 examples. Columns A, 𝑤 = 0 and columns B, 𝑤 = 1000.

Classifiers
LED SEA

Final accuracy (%) Time (s) Final accuracy (%) Time (s)
A B A B A B A B

FAE 72,27 71,95 74,69 81,32 87,46 86,95 11,37 10,67
AUE 71,52 71,59 133,54 120,84 85,99 86,4 15,09 14,96
AWE 70,38 70,06 236,58 210,79 86,58 86,5 30,62 30,17
OzaBagAdwin 71,68 72,08 86,67 91,37 86,13 86,31 12,99 13,23
Hoeffding Tree 62,65 62,71 8,5 7,92 84,31 84,35 1,09 1,19
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Figure 6: Dataset 4. SEA concept, three change points: every 25 000
examples, 𝑤 = 1000.
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Figure 7: Dataset 5. LED concept, seven change points: every 12 500
examples, 𝑤 = 0.
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Figure 8: Dataset 6. LED concept, seven change points: every 12 500
examples, 𝑤 = 1000.
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Figure 9: Dataset 7. SEA concept, seven change points: every 12 500
examples, 𝑤 = 0.
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Figure 10:Dataset 8. SEA concept, seven change points: every 12 500
examples, 𝑤 = 1000.

Table 6: Electricity dataset, 45 312 examples.

Electricity (elec2)
Classifiers Final accuracy (%) Time (s)
FAE 82,4 9,34
AUE 77,7 10,62
AWE 71,13 12,89
OzaBagAdwin 84,81 7,77
Hoeffding Tree 78,92 1,53

5. Conclusions

The treatment of large data streams in the presence of concept
drifts is one of the main challenges in the data mining area,
specifically when the algorithms have to deal with concepts
that disappear and then reappear. Most algorithms concen-
trate their efforts on the current data, by deleting or modi-
fying previously constructed models that represent concepts
that have disappeared. Many times when these concepts
reappear, algorithms have to repeat work already done. This
paper has presented FAE, an algorithm that adapts very
quickly to both abrupt and gradual concept drifts, and has
been specifically built to deal with recurring concept drifts.

FAE stores a set of inactive base classifiers (while, in this
status, they are not used for prediction) which represent old
concepts that were analyzed and then disappeared. These
classifiers change to active status very quickly when the
concept that they represent reappears.

FAE uses a drift detector (often DDM is used) to decide
when to build and add a new base classifier. This mechanism
allows adding new base classifiers only when necessary, thus
contributing to saving memory which is used to keep other
models. Using a drift detector favors the treatment of abrupt
concept drifts, which is combined with the natural treatment
of ensembles for gradual concept drifts.
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Figure 11: Electricity dataset, 45 312 examples.

FAE uses a weighted majority vote to obtain the global
ensemble decision and proposes a formula for adjusting
the weights of the base classifiers that allows the algorithm
to increase or decrease them in relation to their actual
performance. This mechanism allows the base classifiers to
remain longer within the ensemble.

The experiments carried out show promising results of
the proposed algorithm over datasets generated according
to LED and SEA concepts and the real world dataset. Both
abrupt and gradual concept drifts as well as the existence of
recurring concepts have been simulated.
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Recently, telecommunication companies have been paying more attention toward the problem of identification of customer churn
behavior. In business, it is well known for service providers that attracting new customers is much more expensive than retaining
existing ones.Therefore, adopting accuratemodels that are able to predict customer churn can effectively help in customer retention
campaigns and maximizing the profit. In this paper we will utilize an ensemble of Multilayer perceptrons (MLP) whose training is
obtained using negative correlation learning (NCL) for predicting customer churn in a telecommunication company. Experiments
results confirm that NCL based MLP ensemble can achieve better generalization performance (high churn rate) compared with
ensemble of MLP without NCL (flat ensemble) and other common data mining techniques used for churn analysis.

1. Introduction

Technological improvements have enabled data driven indus-
tries to analyze data and extract knowledge. Data mining
techniques facilitate the prediction of certain future behavior
of customers [1]. One of the most important issues that
reduces profit of a company is customer churn, which is
also known as customer attrition or customer turnover [2].
Customer churn can also be defined as the business intelli-
gence process of finding customers that are about to switch
from a business to its competitor [3].

In todays industries, abundance of choices helps cus-
tomers get advantage of a highly competitive market. One
can choose a service provider that offers better service
than others.Therefore, the profitmaking organizations which
compete in saturated markets such as banks, telecommuni-
cation and internet service companies, and insurance firms
strongly focused more on keeping current customers than
acquiring new customers [4]. Moreover, maintaining current
customers is proven to bemuch less expensive than acquiring
new customers [5].

In order to keep their customers, companies need to
have a deep understanding of why churn happens. There
are several reasons to be addressed, such as dissatisfaction

from the company, competitive prices of other companies,
relocation of the customers, and customers’ need for a better
service which can lead customers to leave their current
service provider and switch to another one [6].

Among the previous studies for churn analysis, one of
the most frequently used method is artificial neural networks
(ANNs). In order to fine-tune the models developed, several
topologies and techniques were investigated with ANNs,
such as building medium-sized ANN models which were
observed to perform the best and making experiments in
many domains such as pay-TV, retail, banking, and finance
[7]. These studies indicate that a variety of ANN approaches
can be applied to increase prediction accuracy of customer
churn. In fact, the use of neural networks in churn prediction
has a big asset in respect of other methods used, because the
likelihood of each classificationmade can also be determined.
In neural networks each attribute is associated with a weight
and combinations of weighted attributes participate in the
prediction task. The weights are constantly updated during
the learning process. Given a customer dataset and a set of
predictor variables the neural network tries to calculate a
combination of the inputs and to output the probability that
the customer is a churner.
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On the other hand, data collected for churn prediction is
usually imbalanced, where the instances in the nonchurner
customer outnumber the instances in the churner class.
This is considered as one of the most challenging and
important problems since common classification approaches
tend to get good accuracy results for the large classes and
ignore the small ones [8]. In [9], the authors discussed
different approaches for handling the problem of imbalanced
data for churn prediction. These approaches include using
more appropriate evaluation metrics, using cost-sensitive
learning, modifying the distribution of training examples by
sampling methods, and using Boosting techniques. In [8],
authors added ensemble classifiers as a fourth category of
approaches for handling class imbalance. It has been shown
that ensemble learning can offer a number of advantages over
a single learning machine (e.g., neural network) training.
Ensemble learning has a potential to improve generalization
and decrease the dependency on training data [10].

One of the key elements for building ensemble models is
the “diversity” among individual ensemble members. Nega-
tive correlation learning (NCL) [11] is an ensemble learning
technique that encourages diversity explicitly among ensem-
ble members through their negative correlation. However,
few studies addressed the impact of diversity on imbalanced
datasets. In [12], authors indicated that NCL brings diversity
into ensemble and achieve higher recall values for minority
class comparing NCL to independent ANNs.

Motivated by these possible advantages of NCL for class
imbalance problems, in this paper, we apply the idea of
NCL to an ensemble of multilayer perceptron (MLP) and
investigate its application for customer churn prediction in
the telecommunication market. Each MLP in the ensemble
operates with a different network structure, possibly cap-
turing different features of the input stream. In general, the
individual outputs for eachMLP of the ensemble are coupled
together by a diversity-enforcing term of the NCL training,
which stabilizes the overall collective ensemble output.

Moreover, the proposed ensemble NCL approach will be
assessed using different evaluation criteria and compared to
conventional prediction techniques and other special tech-
niques proposed in the literature for handling class imbalance
cases.

The paper has the following organization. Section 2 gives
a background on data mining techniques used in the liter-
ature for churn analysis. In Section 3 we introduce negative
correlation learning and how to use it to generate an ensemble
ofMLPwith “diverse” members. Churn dataset description is
given in Section 4. Experiments and results are presented in
Section 5. Finally, our work is concluded in Section 6.

2. Related Work

Data mining techniques that are used in both researches and
real-world applications generally treat churn prediction as
a classification problem. Therefore, the aim is to use past
customer data and classify current customers into two classes,
namely, prediction churn and prediction nonchurn [7].There

have also beenmade a few academic studies on clustering and
association rule mining techniques.

After having done the necessary data collection and data
preprocessing tasks and labeling the past data, features that
are relevant to churn need to be defined and extracted.
Feature selection, also known as dimension reduction, is
one of the key processes in data mining and can alter the
quality of prediction dramatically. Preprocessing and feature
selection are common tasks that are applied before almost
every data mining technique. There are different widely
used algorithms for churn analysis, for instance, decision
trees; by its algorithm nature, the obtained results can easily
be interpreted and therefore give the researcher a better
understanding of what features of customer are related to
churn decision. This advantage has made decision trees one
of the most used methods in this field. Some applications of
decision trees in churn prediction include building decision
trees for all customers and building a model for each of the
customer segments [13]. Another relatively new classification
algorithm is support vector machine (SVM). It is widely
used in data mining applications, particularly in complex
situations. SVM algorithm is proven to outperform several
other algorithms by increasing the accuracy of classification
and prediction of customers who are about to churn [14, 15].

Some other algorithms might be appropriate for cus-
tomer churn prediction, as the artificial neural networks
(ANN), which is another supervised classification algorithm
that is used in predicting customer turnover. However, this
algorithm is expected to give more accurate results when
used in a hybrid model together with other algorithms or
with another ANN classifier [16]. Another example could be
genetic programming (GP). Genetic programming is an evo-
lutionary method for automatically constructing computer
program. These computer programs could be classifiers or
regressors represented as trees. The authors in [17] used a GP
based approach for modeling a churn prediction problem in
telecommunication industry.

Moreover, Bayesian classification is one of the techniques
which was also mentioned to be used in churn prediction.
This method depends on calculating probabilities for each
feature and its effect on determining the class value, which
is the customer being a churner or not. However, Bayesian
classification may not give satisfactory results when the data
is highly dimensional [18].

Lastly, it is worth to mention 𝑘-nearest neighbor (𝑘-NN)
and random forests as another two classification methods
applied in literature for churn prediction. 𝑘-NN is a classifica-
tionmethod where an instance is classified by a majority vote
of its neighbors, where, on the other hand, Random forests
are an ensemble of decision trees which are generated from
the bootstrap samples.The authors in [19] applied both 𝑘-NN
and random forests to evaluate the performance on sampled
and reduced features churn dataset. For some of related work
for churn prediction methods, see Table 1.

3. Negative Correlation Learning (NCL)

NCL has been successfully applied to training multilayer
perceptron (MLP) ensembles in a number of applications,
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Table 1: Related work for churn prediction methods.

Author Method Description
Idris et al. [17] GP GP is applied with AdaBoost for churn prediction
Tsai and Lu [16] ANN with BP Applied as a hybrid approach in two stages (i.e., reduction and prediction)

Wang and Niu [14] SVM Least squares support vector machine (LS-SVM) is applied to establish a prediction
model of credit card customer churn

Eastwood and Gabrys [31] IBK Authors apply simple 𝑘-nearest neighbor algorithm on a nonsequential
representation of sequential data for churn prediction

Kraljevı́c and Gotovac [32] Decision trees Decision trees (DT) were applied and compared with ANN and logistic regression.
DT results outperform other models

Verbraken et al. [33] Naive Bayes Number of Bayesian Network algorithms, ranging from the Naive Bayes classifier to
General Bayesian Network classifiers are applied for churn prediction

MLP1 MLP2
MLPM

F

F1 F2 FM

Input data

· · ·

Figure 1: Ensemble of MLP networks.

including regression problems [20], classification problems
[21], or time series prediction using simple autoregressive
models [11].

In NCL, all the individual networks are trained simul-
taneously and interactively through the correlation penalty
terms in their error functions. The procedure has the follow-
ing form. Given a set of𝑀 networks and a training input set
𝑠, the ensemble output 𝐹(𝑡) is calculated as a flat average over
all ensemble members (see Figure 1) 𝐹

𝑖
(𝑡):

𝐹 (𝑡) =
1

𝑀

𝑀

∑

𝑖=1

(𝐹
𝑖
(𝑡)) . (1)

In NCL the penalised error function to be minimised
reads as follows:

𝐸
𝑖
=
1

2
(𝐹
𝑖
(𝑡) − 𝑦 (𝑡))

2

+ 𝜆𝑝
𝑖
(𝑡) , (2)

where

𝑝
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𝑖
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and 𝜆 > 0 is an adjustable strength parameter for the negative
correlation enforcing penalty term 𝑝

𝑖
. It can be shown that

𝐸
𝑖
=
1

2
(𝐹
𝑖
(𝑡) − 𝑦 (𝑡))

2

− 𝜆(𝐹
𝑖
(𝑡) − 𝐹 (𝑡))

2

. (4)

Note that when 𝜆 = 0, we obtain a standard decoupled
training of individual ensemblemembers. Standard gradient-
based approaches can be used to minimise 𝐸 by updating the
parameters of each individual ensemble member.

3.1. Ensembles of MLPs Using NCL. Negative correlation
learning (NCL) has been successfully applied to trainingMLP
ensembles [10, 11, 20, 21]. We apply the idea of NCL to the
ensemble of multilayer perceptron (MLPs) for predicting
customer churn in a telecommunication company. Each
MLP neural network operates with a different hidden layer,
possibly capturing different features of the customer churn
data. Crucially, the individual trainedweights of the ensemble
are coupled together by a diversity-enforcing term of the
NCL training, which stabilises the overall collective ensemble
output.

4. Dataset Description

The data used in this work is provided by a major Jordanian
cellular telecommunication company. The data set contains
11 attributes of randomly selected 5000 customers for a time
interval of three months. The last attribute indicates whether
the customer churned (left the company) or not. The total
number of churners is 381 (0.076 of total customers). The
attributes along with their description are listed in Table 2.

The data is normalized by dividing each variable by its
standard deviation. Normalization is recommended when
data variables follow different dynamic ranges. Therefore,
to eliminate the influence of larger values, normalization is
applied to make all variables lie in the same scale.

4.1. Evaluation Criteria. In order to assess the developed
model and compare it with different data mining techniques
used for churn analysis, we use the confusion matrix shown
in Table 3 which is the primary source for evaluating classifi-
cation models. Based on this confusion matrix, the following
three different criteria are used for the evaluation:

(1) accuracy:measuring the rate of the correctly classified
instances of both classes,

Accuracy =
(𝑡𝑝 + 𝑡𝑛)

(𝑡𝑝 + 𝑓𝑛 + 𝑓𝑝 + 𝑡𝑛)
, (5)
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Table 2: List of attributes.

Attribute name Description

3G Subscriber is provided with
3G service (yes, no)

Total consumption Total monthly fees
(calling + sms) (JD)

Calling fees Total monthly calling fees
(JD)

Local sms fees Monthly local sms fees (JD)

International sms fees Monthly fees for
international sms (JD)

International calling fees Monthly fees for
international calling (JD)

Local sms count Number of monthly local
sms

International sms count Number of monthly
international sms

International MOU Total of international
outgoing calls in minutes

Total MOU Total minutes of use for all
outgoing calls

On net MOU Minutes of use for
on-net-outgoing calls

Churn Churning customer status
(yes, no)

Table 3: Confusion matrix.

Predicted
Nonchurn Churn

Actual nonchurn tp fn
Actual churn fp tn

(2) hit rate: measuring the rate of predicted churn in
actual churn and actual nonchurn,

Hit rate = 𝑡𝑛

(𝑓𝑛 + 𝑡𝑛)
, (6)

(3) actual churn rate: measuring the rate of predicted
churn in actual churn,

Churn rate = 𝑡𝑛

(𝑓𝑝 + 𝑡𝑛)
. (7)

5. Experiments and Results

5.1. Experimental Setup. In literature, some authors studied
the effect of ensemble size on the performance. For example
Hansen and Salamon in [22] suggested that ensembles with a
small size as tenmemberswere adequate to sufficiently reduce
test-set error [23]. In our current paper we used empirical
approach to investigate the appropriate size of the ensemble.
For ensemble of networks, we tried (4, 6, 8, 10, 12, . . . , 20)
networks in the hidden layer and then checked the perfor-
mance each time. The best performance reached without

Table 4: Selected ensemble ofMLP usingNCL parameters based on
5-fold cross validation.

Parameter Value
Hidden layers 1
Ensemble size (𝑀) 10
Decay 0.001
hidden Layer nodes (𝑁) 10
Activation function 1/(1 + 𝑒(−𝑥))

Learning rate (𝜂) 0.3
Momentum 0.2
𝜆 0.5

overfitting was for an ensemble of size of 10 networks.
Therefore, the ensemble used in all our experiments consists
of𝑀 = 10 MLP networks. In all experiments we use MLPs
with hidden layer of𝑁 = 10 units. We used NCL training via
backpropagation learning algorithm (BP) on 𝐸 with learning
rate 𝜂 = 0.3. The output activation function of the MLP is
sigmoid logistic.

We optimize the penalty factor 𝜆 and the number of
hidden nodes using 5-fold cross validation, and 𝜆 is varied
in the range [0, 1] (step size 0.1) [10]. The number of hidden
nodes is varied from 1 to 20 (step 1). Based on 5-fold cross
validation, the details of the selected ensembles of MLPs
using NCL parameters are presented in Table 4. Note that the
selected parameters for the flat ensembles of MLPs (without
NCL) are the same as with NCL except that there are no
NCL 𝜆 parameters. The ensembles used in our experiments
are also compared with the following common data mining
techniques used in the literature:

(i) 𝑘-nearest neighbour (IBK),
(ii) Naive Bayes (NB),
(iii) random forest (RF),
(iv) genetic programming,
(v) single MLP neural network trained with BP,
(vi) C4.5 decision trees algorithm,
(vii) support vector machine (SVM).

As churn data is imbalanced, NCL is also compared
with other special techniques proposed in the literature for
handling class imbalance cases. These techniques include:

(i) AdaBoost algorithm with C4.5 Decision Tree as base
classifier (AdaBoost), [24].

(ii) Bagging algorithm with C4.5 Decision Tree as base
classifier (Bagging) [25],

(iii) MLP for cost-sensitive classification (NNCS) [26],
(iv) syntheticminority oversampling techniquewithMLP

as base classifier (SMOTE + MLP) [27],
(v) neighborhood cleaning rules with constricted particle

swarm optimization as base classifier (NCR + CPSO)
[28–30],

(vi) neighborhood cleaning rules with MLP as base clas-
sifier (NCR + MLP) [28].
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Table 5: Tuning parameters for data mining techniques used in the comparison study.

Method Parameters

GP

Population size = 1000,
Maximum number of generations = 100, functions = {∗, /, −, +, IF, <, >},
tree max depth = 10, tree max length = 30
elites = 1, selection mechanism = tournament selection crossover point probability =
90%, mutation = probability 15%

ANN with BP Activation function = Sigmoid, Epoches = 5000, Learning Rate = 0.3, Momentum =
0.2

SVM Cost = 1, Gamma = 10000

IBK Number of neighbours = 1, nearest neighbor search algorithm = linear search (brute
force search)

AdaBoost Number of classifiers = 10
Bagging Number of classifiers = 10
NNCS Hidden layers = 2, hidden nodes = 15
SMOTE Number of neighbors = 5
NCR + CPSO Number of neighbors = 5 for SMOTE, number of particles = 75 for CPSO

Table 6: Evaluation results (results of best five models are shown in bold).

Model Accuracy Actual churn rate Hit rate
𝑘-Nearest neighbour (IBK) 0.927 0.022 0.067
Naive Bayes (NB) 0.597 0.901 0.115
Random Forest (RF) 0.940 0.006 0.109
Genetic programing (GP) 0.759 0.638 0.142
Single ANN with BP 0.941 0.625 0.607
Decision tress (C4.5) 0.975 0.703 0.964
Support vector machine (SVM) 0.977 0.703 0.992
AdaBoosting 0.972 0.719 0.898
Bagging 0.975 0.703 0.954
MLP for cost-sensitive classification (NNCS) 0.496 0.819 0.113
SMOTE + MLP 0.722 0.724 0.177
NCR + CPSO 0.894 0.827 0.694
NCR + MLP 0.642 0.751 0.144
Flat ensemble of ANN 0.958 0.732 0.725
Ensemble of ANN using (NCL) 0.971 0.803 0.814

Table 5 presents the empirical settings of the selected
models parameters of these common data mining techniques
based on 5-fold cross validation. For SVM, cost and gamma
parameters are tuned using simple grid search. In C4.5
algorithm, the attributes are computed using the discriminant
𝑃(𝜔
0
| 𝐴 = 0)where 𝑃(⋅) is the conditional probability and𝜔

𝑖

is the classification type. For naive Bayesian, the transcendent
is 𝑝(𝑥 | 𝑤

𝑖
)𝑃(𝑤
𝑖
) − 𝑝(𝑥 | 𝑤

𝑗
)𝑃(𝑤
𝑗
) = 0 where 𝑤

𝑖
and 𝑤

𝑗
are

the classification types, 𝑝(𝑥 | 𝑤) is the condition probability
density, and 𝑃(𝑤) is the transcendent probability.

5.2. Results and Comparison. Table 6 summarizes the results
of negatively correlated ensemble of MLPs, independent
ensemble of MLPs (𝜆 = 0), and other data mining models
used in the literature for customer churn prediction. In order
to assess the improvement achieved by using a genuine NCL
training against independent training of ensemble members
(𝜆 = 0), the MLP networks are initialized with the same

weight values in both cases (see Table 4). The MLP ensemble
trained via NCL outperformed independent ensemble of
MLPs model and all the other models used in this study.

Note that the two MLP ensemble versions we study share
the same number of free parameters, with the sole exception
of the single diversity-imposing parameter 𝜆 in NCL based
learning.

According to Table 6, it can be noticed that NCL achieved
high accuracy rate (97.1%) and ranked among the best five
techniques (results are shown in bold font) with a slight
difference (i.e, 0.6%) behind the best which is SVM. The
flat ensemble ANN comes after with 95.8% accuracy. As
mentioned earlier, accuracy is not the best evaluation metric
when the examined problem is highly imbalanced.Therefore,
we need to check other criteria; in our case, they are the churn
rate and the hit rate. Looking at the obtained churn rates,
NCL comes second with 80.3% churn rate and significant
increase of 10% over SVM. It is important to indicate here that
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although NB is the best in churn rate with 90.1%, it is the 2nd
worst in terms of accuracy rate which is 59.7%. This gives a
great advantage of NCL over NB. Finally, the hit rates of IBK,
NB, RF, GP, NNCS, SMOTE + MLP, and NCR + MLP show
very poor results so they can be knocked off the race. On the
other hand, NCL and ensemble ANN show acceptable results
for hit rate of 81.4% and 72.5%, respectively.

6. Conclusion

Customer churn prediction problem is important and chal-
lenging at the same time. Telecommunication companies
are investing more in building accurate churn prediction
model in order to help them in designing effective customer
retention strategies. In this paper we investigate the applica-
tion of an ensemble of multilayer perceptron (MLPs) trained
through negative correlation learning (NCL) for predicting
customer churn in a telecommunication company. Experi-
mental results confirm that NCL ensembles achieve better
generalization performance in terms of churn rate prediction
with highly acceptable accuracy error rate compared with
flat ensembles of MLPs and other commonmachine learning
models from the literature.
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Autonomous agents perform on behalf of the user to achieve defined goals or objectives.They are situated in dynamic environment
and are able to operate autonomously to achieve their goals. In a multiagent system, agents cooperate with each other to achieve a
common goal. Testing ofmultiagent systems is a challenging task due to the autonomous and proactive behavior of agents. However,
testing is required to build confidence into the working of a multiagent system. Prometheus methodology is a commonly used
approach to design multiagents systems. Systematic and thorough testing of each interaction is necessary. This paper proposes
a novel approach to testing of multiagent systems based on Prometheus design artifacts. In the proposed approach, different
interactions between the agent and actors are considered to test the multiagent system. These interactions include percepts and
actions along with messages between the agents which can be modeled in a protocol diagram. The protocol diagram is converted
into a protocol graph, on which different coverage criteria are applied to generate test paths that cover interactions between the
agents. A prototype tool has been developed to generate test paths fromprotocol graph according to the specified coverage criterion.

1. Introduction

Autonomous agents possess features like reactivity and
proactivity, and they are able to interact with each other
in order to perform certain tasks. Multiagents systems are
used in complex application due to agent’s unique features.
Agents perceive their environment and respond accordingly
to meet their goal. Autonomy is the agent’s ability to operate
independently, without the need for human guidance or
intervention [1]. Application of multiagent systems is seen in
many domains like e-commerce, banking, air traffic control,
informationmanagement, and so forth.There aremany agent
development methodologies in which agent based systems
can bemodeled; one of them is Prometheusmethodology [2].
Prometheus agent oriented software engineering methodol-
ogy has a well-developed process from system specification
to architectural design and then detailed design leading easily
to code.

The term autonomy refers to the goal oriented behavior
of agents. Autonomous agents are programmed to perform
automatically in order to achieve certain goals. All of their
activities converge towards achieving their defined goals.
There are certain commercial agent applications presented in

[3] which show the sensitivity of agent applications as they
are meant to solve the real life problems in almost every
domain. Real-time response and dynamism make testing of
such application very hard. Performance and accuracy of
results must be checked and this can be achieved with the
effective testing of agent applications.

Padgham and Winikoff show that agent systems provide
great flexibility, with over a million ways to achieve a given
goal using only a relatively small hierarchy of goals and
plans [4]. Because agents are autonomous and flexible, agent
systems can be difficult to test. Therefore an approach is
necessary that can test an agent system effectively and
efficiently.

Prometheus is a methodology for designing intelligent
agents from specification to detailed design and implemen-
tation [2]. One can model the agent using the Prometheus
methodology starting from system specification to detailed
design which includes identifying environment or external
actors and scenarios with details of actions and percepts
involved. Scenarios have actions and percepts associated
with them. Different agents are responsible for different
goals and different plans are associated with different goals
[5]. Prometheus also supports the design via tool named
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Prometheus Design Tool (PDT) [6] in which design activities
can be modeled. We can capture the relationship between
goals and plans of an agent by goal-plan diagram. We have
demonstrated this relationship in our paper [7]. Interac-
tion protocol in detailed design is captured by interaction
pattern/sequence between the agents in a certain scenario.
These interactions occurred between agents and actors in
form of messages, actions, and percepts. Agent systems to
perform correctly these interactions must be tested and their
occurrence in protocol must be verified with test data. Based
on autonomous agents testingwe have two research questions
which we will cover in our proposed testing framework.

(i) How can design artifacts be used to test the interac-
tions in a multiagent system?

This involves illustrating how design artifacts are chosen
to be used to test the different agent interactions. Each
interaction is carried out to meet some defined goals. We
can extract goal-plan diagram as we discussed in our earlier
research [7] and use the flow between goals and plans with
respect to agent interaction. Interactions between agents and
actor include message, action, and percept. Only message
interactions are covered in [8]; actions and percepts have not
been covered. We use the protocol diagram and convert it
to protocol graph to test all sort of interactions between the
agents and actor in specific protocol.

(ii) How can the process of generating such tests be
guided by coverage criteria?

Define the scope coverage of the testing framework;
identify additional coverage criteria with existing criteria
discussed in [8] and probably identifying the additional
coverage criteria which will cover action and percepts as well
in any interactions diagram.

Our aim is to test the interactions of agents using their
model specified in terms of interaction protocol. We have
developed a tool which generates test paths based on specified
coverage criterion that will test the interaction between the
agents via some protocol. In order to achieve a goal there can
be interactions between the agent and environment as well.

An agent achieves its goal with the help of plans specified.
A main goal may have some subgoals contributing their part
in achieving the objective. A goal-plan diagram can be used
to describe the behavior of the agent showing all relevant
actions, percepts, messages, and subgoals to be performed
during the execution. Section 2 describes modeling method-
ologies and how Prometheus is a better approach to design
multiagent system. Section 3 focuses on related work done in
testing of autonomous agents. Section 4 describes the details
of testing framework for model based testing of autonomous
agents. In Section 5 a case study has been presented by
applying our testing framework. Section 6 describes the
conclusion and future work; references are shown at the end.

2. Modelling Methodologies

There are several agent-oriented software engineering meth-
odologies, for example, Gaia (Generic Architecture for Infor-
mation Availability) [9], Multi-Agent Systems Engineering
(MaSE) [10, 11], MESSAGE [12], Prometheus [2], Tropos [13],
CoMoMAS [14], SODA (Societies in Open and Distributed

Agent spaces) [15], DESIRE [16], MAS-CommonKADS [17],
and Belief-Desire-Intention (BDI) Model [18]. A method-
ology is collection of activities used to develop the system.
Additionally methodology can be supported by the tool as
well.

Agent architecture shows the behavior of agents, one of
which is Belief-Desire-Intension (BDI) architecture [19]. BDI
agents have certain goals to achieve. Belief-Desire-Intention
properties are used to program intelligent agents. BDI agents
have been widely used since last two decades and various
researchers have explored their behavior. The agents whom
we will discuss and use in our research are BDI agents. We
consider multiagent systems developed by using Prometheus
methodology. Padgham and Winikoff present Prometheus as
an agent oriented methodology based on BDI agents [2].

Requirements are assumed to be known in Gaia method-
ology which forms the basis of analysis and design phases.
Gaia is a methodology which distinguishes between analysis
and design phases. It has Role Model and Interaction Model
in analysis phase and Agent Model, Services Model, and
Acquaintance Model in Design phase. Gaia has no tool
support [9]. MaSE is an extension of the object-oriented
approach that has two phases of analysis and design. MaSE
does not have the view that agents should be autonomous
and instead it assumes agents as only software which interacts
with other softwares, that is, agents. Analysis contains three
steps, that is, Capturing Goals, Applying Use Cases, and
Refining Roles and design contains four steps, that is, Creat-
ing Agent Classes, Constructing Conversations, Assembling
Agent Classes, and System Design [10]. MESSAGE adopts
the life-cycle model of the Rational Unified Process (RUP)
and is limited to analysis and design activities only. It uses
UML as modeling language. It has five different views, for
example, Organization view, Goal/Task view, Agent/Role
view, Interaction view, and Domain view [12].

The Prometheus methodology [2] is a detailed AOSE
methodology, which aims to cover all of the major activities
required in the developing agent systems from system spec-
ification to architectural design and detailed design as well.
Tropos is an AOSE methodology whose main distinction is
the early requirement analysis. Agent related concepts like
goals, plans, and tasks are included in all phases. No detailed
information is available for last process defining agent types
andmapping them to capabilities.Themethodology does not
appear to provide heuristics for any phase [18].

CoMoMAS focus in knowledge engineering problem
arises inmultiagent systems and provides extension in Coop-
eration Modeling Language for agents [14]. SODA focus on
social inter-agent aspects of agent systems and that employs
the concept of coordination models [15, 20]. DESIR contains
expertise model and agents. Once analysis phase has been
done, DESIRE could be used for specifying the design and
implementation [16].

3. Related Work

To gain confidence on a multiagent system, it must be
properly tested. Testing of software agent is an important
and critical task as agents possess dynamic behavior. Basic
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agent-oriented concepts, for example, autonomy, mental
attitudes, pro-activeness, and so forth, have been covered
in the above discussed methodologies but there are several
exceptions. Tropos was not perceived as being easy to use
whilst MESSAGE and GAIA were both ranked weakly on
adequacy and expressiveness.MaSEdoes not provide detailed
design. Prometheus methodology is rich enough to provide
detailed design and tool support as well for developers [18].
There is a need of quality assurance issues to be addressed
in multiagent systems designed in Prometheus methodology.
We are aiming to fill the gap of providing quality assurance
and testing support for themultiagent systems designed using
Prometheus methodology.

Agents have run time response and adaptability. Coverage
criteria for testing can be applied to both code and model
[21]. Code base conform that all code are covered in term of
statements, and so forth while model based coverage requires
the different interaction from different states of the system,
represented in specific model [22].

Low et al. consider test coverage criteria for BDI agents
[23]. They derive two types of control-flow graphs: one with
nodes, where node represents plans for BDI agent and arcs
present messages or other events which initiate certain plan,
and another CFG in which node presents statements within
plans and arcs represent control-flow between statements
(a standard control-flow graph). Several coverage criteria
are defined, based on node, arc, and path coverage and
some were based on the success or failure of executing
statements and plans [23]. Different interactions between the
modeling artifacts are not presented. Instead this approach
is not considering interactions between agents; our approach
considers agent interactions in multiagent systems.

Zhang et al. presented an approach for model based
testing for agent system [24]. Testing framework caters the
different sequence of agent program execution. Fault directed
testing approach is used by first identifying appropriate units
of the agent and testing the unit with the definedmechanism.
It considers the plan as a single unit; then it is checked
whether the plan is triggered by the appropriate event or not,
and its precondition, cycles in plan, and plan completeness,
and so forth are checked. Event testing is performed for
numbers of applicable plans for the event. An electronic
bookstore system has been used as the sample system;
testing framework will execute test units in a sequence [24].
No coverage measures have been taken while considering
interactions between agent and external agent or stub. We
are considering interactions between multiagent systems
through coverage measures.

Zheng and Alagar proposed a method for conformance
testing of agent’s BDI properties as alternative to formal
verification [25]. Test cases are generated to check the
implementation with respect to specification. Winikoff and
Cranefield have analyzed the size of behavior space for BDI
agent and found that failure handling has larger impact on
size of behavior space than expected [1]. Failure handling has
been introduced in context of agent’s behavioral space [1].
Both techniques above do not consider interactions between
agents neither have any coverage measures been taken even
in unit testing.

Nguyen et al. build an approach in which autonomous
agents are testedwith the help of evolutionary algorithm tech-
niques in which test cases are represented as chromosomes
[26]. Soft goals are used as the evaluation criteria so that
test cases will be developed keeping in mind to meet the
identified soft goals criteria to test the agent [26]. Each test
case is evaluated through a defined fitness function. Goals are
represented by quality functions and new tests are selected
by reproduction. A framework for testing of autonomous
agents has been presented in [27]. Individual agents have
been tested in [26] and genetic algorithm idea on testing has
been presented. Above technique does not cover multi-agent
systems neither interactions between agents. We will test
multiagent system and cover interactions between them; we
are inspired to use genetic algorithm in our future extension.

Miller et al. state that the interaction between the agents
possesses complex behavior and therefore testing of interac-
tions is important [8]. They defined two sets of test coverage
criteria for multiagent interaction testing. The first uses only
the protocol specification, while the second considers also the
plans that generate and receive the messages in the protocol
[8].

Existing model based testing techniques for multiagent
systems do not cover every aspect of multi-gent systems,
that is, dependencies and interactions. Interactions between
agents in Prometheus methodology have action and percepts
interactions between agents as well which have not been cov-
ered still in existing techniques. Our approach to multiagent
system testing covers such interactions as well and testing
coverage will be done.

4. Proposed Testing Framework

In this section, we discuss our proposed approach for testing
of multiagent system using the Prometheus design artifact
defined in Prometheus Design Tool (PDT). Our proposed
testing framework will address the automated test case gener-
ation of multiagent system using design artifacts. Interaction
protocols will be used to build a test model which covers
messages, actions, and percepts in order to achieve certain
goal. Coverage criteria have been defined on protocol graph,
covering every possible interaction between agents. In future
we will test generated test paths with test data. Test data
generation will be done with evolutionary algorithms. An
algorithm for automated test case generationwill be proposed
and tool has been developed which uses identified coverage
criteria, keeping in mind the messages and percepts and
interaction protocol, and generates test paths.

Figure 1 describes the testing framework of proposed
technique. Our proposed technique has two main processes
namely Protocol Graph Generator (Design Model) and test
path generator. Design Model Generator uses Prometheus
interaction protocol presented in protocol diagram (Figure 2)
and generates a protocol graph (Figure 3) from it. The
generated protocol graph gives a complete representation of
all messages; percepts and action perform between the agents
and actors in a specific protocol. Different coverage criteria
will be defined focusing on percepts and actions as well
along with messages and used as input to test path generator.
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Input: Protocol Diagram with AUML syntax
Output: Protocol Graph.
Let PG be the graph containing Percept, Action and Message Nodes.
Start and End denotes the starting and ending states of Graph.
Step 1. For Each actor and Agent
Step 2. Make Percept, Action and Message Nodes.
Step 3. Link each nodes as defined in AUML notation
Step 4. If Loop Box
Step 5. add link last to first node in loop box
Step 6. End If
Step 7. If Box Alternative
Step 8. Add choice between nodes
Step 9. End If
Step 10. If Box Optional
Step 11. Add Different Path from start of optional to end of optional node.
Step 12. End If

Algorithm 1: Converting protocol diagram into protocol graph.

Protocol diagram

Coverage criteria

Test paths

Protocol graph 

Protocol 
graph 

generator

Test path 
generator

Figure 1: Proposed technique architecture.

Coverage criteria have been defined covering all possible
interactions occurring in protocol graph. Test path generator
uses protocol graph and applies different defined coverage
criteria to generate test paths. Test paths will be generated
using our test model, that is, protocol graph which will cater
for interactions, messages, actions, and percepts in order to
achieve certain goal.

Currently only message coverage criteria have been pro-
posed by [8]. In a certain protocol, percepts and actions in
an interaction have their importance and their coverage is
necessary for effective testing. Our approach will uncover
the interaction faults that would lie between the agents and
actors.

4.1. Protocol GraphGenerator. In our proposed testing frame-
work, interaction protocol or protocol diagram is used as
the design artifact which is transformed into a protocol
graph. Protocol diagram contains messages, actions, and
percepts interactions between agents and actors.Messages are
passed only between the agents while actions and percepts
interactions are performed between agents and actors.

4.1.1. Protocol Diagram to Protocol Graph. Protocol dia-
gram shows details of how messages, action, and percepts
are involved in a protocol. In our work we convert the
protocol diagram into protocol graph. Protocol graph has
been introduced by Miller et al. [8]. They defined two sets
of test coverage criteria for multiagent interaction testing.
The first uses only the protocol specification, while the
second considers also the plans that generate and receive
the messages in the protocol. Miller et al. [8] do not cover
the actions and percepts during the interaction. We have
extended the protocol graphwith actions and percepts as they
are a very important part of interaction protocol. Algorithm 1
is used to convert protocol diagram into protocol graph.
We take protocol diagram as input and protocol graph has
been produced by following Algorithm 1. Protocol diagram
is represented in AUML representation as well. Code 2
shows AUML description of protocol graph. Protocol graph
represents interaction protocol in nodes and vertices form, on
which different coverage criteria have been applied.

Once we have successfully converted protocol diagram
into protocol graph, we need to generate test paths from
protocol graph. Algorithm 2 is used to generate test path from
protocol graph.

4.2. Test Paths Generator. In this subsection we describe
second process of our proposed approach named test path
generator. Test path generator takes protocol diagram and
coverage criteria as input and generates test paths for pro-
tocol. We have designed a test path generation Tool for
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⟨Request Data⟩

Data Retrieval

Airport sensor Airport Agent Forecaster Forecast agent

ForecastE

loop

opt

⟨Subscribe TAF Source⟩
⟨Subscribe AWS source⟩

⟩TAF Data⟨
⟩AWS readings⟨

Figure 2: Data retrieval protocol diagram.

Input: Coverage Criteria (A set of defined coverage criteria), Graph (Set of nodes and edges)
Output: Test Paths
Step 1. Build an edge list and node list of graph
Step 2. Categorize node with respect to type
Step 3. if all paths from graph = empty
Step 4. find all path from graph
Step 5. End if
Step 6. Sort the paths in ascending order of the path length ending
Step 7. if current path = selected coverage criteria
Step 8. append (current path) in result
Step 9. End if
Step 10. Print Result

Algorithm 2: Test path generation from protocol graph.

automated test path generation. Coverage criteria have been
defined in the following section.

4.2.1. Test Coverage Criteria. Our aim in this research paper
is to test the interaction done in a protocol; those interactions
can be in form of message, action, or percept. Miller et al. [8]
have proposed some coverage criteria on protocol graph like
massage coverage and pair wise message coverage which are
more likely the same.

Additional coverage criteria for protocol graph including
actions and percepts have been defined in testing technique.
Wehave defined the following coverage criteria thatwill cover
all possible aspects of interactions between agents and actors
in the form of message, action, and percept. Figure 4 shows
hierarchy of test coverage criteria used to test multiagent
system.

Test Path. A test path is a complete path in a protocol graph
𝐺 that starts at node 𝑖 and ends at node 𝑓. In following
definitions of coverage criteria, 𝑀 represents the set of all
messages, 𝑃 represents set of percepts and 𝐴 represents set
of all actions.

(1) Message Coverage. A set of test paths (TP) is said to satisfy
message coverage criterion for a protocol graph 𝐺 if each

message node 𝑚 of graph 𝐺 is included in at least one path
𝑃 ∈ TP.

This coverage criterion ensures that every message in
protocol has been traversed at least once. There exists path
from start to traversing all messages in it.

(2) Action Coverage. A set of test paths (TP) is said to satisfy
action coverage criterion for a protocol graph𝐺 if each action
node “𝑎” of graph 𝐺 is included in at least one path 𝑃 ∈ TP.

In this coverage criteria every action included in protocol
graph must be included in generated test path for action
coverage criterion.

(3) Percept Coverage. A set of test paths (TP) is said to satisfy
percept coverage criterion for a protocol graph 𝐺 if each
percept node 𝑝 of graph 𝐺 is included in at least one path
𝑃 ∈ 𝑇𝑃.

In this coverage criteria every percept included in proto-
col graph must be included in generated test path for percept
coverage criterion.

(4) Message-Action Coverage. A set of test paths (TP) is said
to satisfy message-action coverage for protocol graph 𝐺 if for
each edge (𝑚, 𝑎) in𝐺, there is a test path𝑃 ∈ TP that contains
subpath (𝑚, 𝑎), where𝑚 ∈ 𝑀 and 𝑎 ∈ 𝐴.
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Figure 3: Protocol graph for data retrieval protocol diagram.
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Percept-message
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Pairwise-message
coverage

All round trip 
paths

All paths coverage

Figure 4: Test Coverage Criteria Hierarchy.

Messages are passed between the agents and actions are
passed between the agent and actor. Agent sends a message
to an agent and agents send the action to actor; this sort of
interactionmust also be covered assuring the message-action
coverage criterion.

(5) Action Percept Coverage. A set of test paths (TP) is said
to satisfy action-percept coverage for protocol graph 𝐺 if for
each edge (𝑎, 𝑝) in𝐺, there is a test path 𝑃 ∈ TP that contains
subpath (𝑎, 𝑝), where 𝑎 ∈ 𝐴 and percept 𝑝 ∈ 𝑃.

Agents send an action to an actor in multiagent system
demanding some task to be completed; in return actor sends
the percept containing the required information or data,
and this sort of communication is covered in action percept
coverage criterion.

(6) Percept-Message Coverage. A set of test paths (TP) is said
to satisfy percept-message coverage for protocol graph𝐺 if for
each edge (𝑝,𝑚) in𝐺, there is a test path𝑃 ∈ TP that contains
subpath (𝑝,𝑚), where 𝑝 ∈ 𝑃 and𝑚 ∈ 𝑀.

While receiving the percept from the actor, agents send
a message to agent with necessary information; this sort
of communication is covered in percept-message coverage
criterion.

(7) Pairwise-Message Coverage. A set of test paths (TP) is said
to satisfy pairwise-message coverage for protocol graph 𝐺 if
for each edge (𝑚, 𝑛) in 𝐺, there is a test path 𝑃 ∈ TP that
contains subpath (𝑚, 𝑛), where𝑚 ∈ 𝑀 and 𝑛 ∈ 𝑀.

In protocol graph, all cases in one message can be
followed by anothermessage are covered in pairwise-message
coverage. Addition of pairwise-message coverage assures arc
coverage which is left in message coverage criterion.

(8) All Round Trip Paths. A set of test paths (TP) is said to
satisfy all round trip paths coverage criterion for a protocol
graph 𝐺 if it loops back on same state in graph 𝐺 in at least
one test path 𝑃 ∈ TP.

Interaction protocol describes the protocol inAUMLpro-
tocol diagram which contains loops as well depending upon
the protocol requirements. All round trip paths coverage
criterion in protocol diagram traverse all loop at least once
and include those paths which loops back on same state in
generated test paths.

(9) All Paths Coverage. A set of test paths (TP) is said to satisfy
all paths coverage criterion for protocol graph𝐺 if it traverses
every complete path 𝑃 ∈ TP in 𝐺 at least once.

All paths from start to end in a protocol graph are covered
in all paths coverage criterion.

5. Case Study

In this research paper we have taken case study of multi-
currency Bank Account system [28] which maintains bank
accounts in nominated currencies and performs currency
conversions to allow transactions against the accounts to
occur in any currency. It consists of a BankAccount agent, a
CurrencyExchange agent, and a Communicator agent which
acts as an interface [28]. We have designed the system
overview diagram of account case study using Prometheus
Design Tool [6]. Figure 5 shows system overview diagram
of multiagent system in which different agents have inter-
acted with each other via account operation protocol. Each
agent has actions, percepts, and messages associated with it.
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Info req
Debit account request Credit account request

Amount credited

Amount debited

Account operation protocol

Account operation protocol

Account created

Transport request

Exchange request

Exchange rate set

Exchange rates

Currency exchange agent

Bank account agent

Request error

Accounts

Account open

Account info

Communicator agent

Figure 5: System overview diagram of multiagent system.

Table 1: Test paths for account operation protocol diagram.

S. # Coverage
criteria Test paths

1 Message
coverage (i) 1 → 2 → 3 → 4 → 6 (message) → 7 (message) → 8 → 9 (message) → 11 → 13 → 14

2 Action
coverage

(i) 1 → 2 → 3 (action) → 5 → 6 → 7 → 8 → 9 → 10 (action) → 13 (action) → 14
(ii) 1 → 2 → 3 → 5 → 6 → 7 → 8 → 9 → 12 (action) → 14
(iii) 1 → 2 → 3 (action) → 4 → 6 → 7 → 8 → 9 → 11 (action) → 13 (action) → 14

3 Percept
coverage

(i) 1 → 2 (percept) → 3 → 5 (percept) → 6 → 7 → 8 (percept) → 9 → 10 → 13 → 14
(ii) 1 → 2 (percept) → 3 → 4 (percept) → 6 → 7 → 8 (percept) → 9 → 11 → 13 → 14

4
Message
action

coverage

(i) 1 → 2 → 3 → 5 → 6 → 7 → 8 → 9 (message) → 10 (action) → 13 → 14
(ii) 1 → 2 → 3 → 5 → 6 → 7 → 8 → 9 (message) → 12 (action) → 14
(iii) 1 → 2 → 3 → 4 → 6 → 7 → 8 → 9 (message) → 11 (action) → 13 → 14

5
Action
percept
coverage

(i) 1 → 2 → 3 (action) → 5 (percept) → 6 → 7 → 8 → 9 → 10 → 13 → 14
(ii) 1 → 2 → 3 (action) → 4 (percept) → 6 → 7 → 8 → 9 → 11 → 13 → 14
(iii) 1 → 2 → 3 → 5 → 6 → 7 → 8 → 9 → 12 (action) → 5 (Percept) → 6 → 7 → 8 → 9 → 12 → 14
(iv) 1 → 2 → 3 (action) → 4 (percept) → 6 → 7 → 8 → 9 → 11 → 13 → 4 → 6 → 7 → 8 → 9 → 11 → 13 → 14

6
Percept-
message
coverage

(i) 1 → 2 → 3 → 5 (percept) → 6 (message) → 7 → 8 (percept) → 9 (message) → 10 (action) → 13 → 14
(ii) 1 → 2 → 3 → 4 (percept) → 6 (message) → 7 → 8 (percept) → 9 (message) → 11 (action) → 13 → 14

7
Pairwise-
message
coverage

(i) 1 → 2 → 3 → 5 → 6 (message) → 7 (message) → 8 → 9 → 10 → 13 → 14

8 All round
trip paths

(i) 1 → 2 → 3 → 2 → 3 → 5 → 6 → 7 → 8 → 9 → 10 → 13 → 5 → 12 → 14
(ii) 1 → 2 → 3 → 5 → 11 → 13 → 5 → 12 → 5 → 10 → 13 → 14

9 All paths
coverage (i) Infinite # of Paths
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Account operation protocol

user BankAccount agent account owner CurrencyExchange agent Communicator agent

loop

loop

alt

opt

alt

TransportRequest

⟩account open⟨
⟨account created⟩

⟩Debit account request⟨

⟩Credit account request⟨

⟩exchange rates⟨

⟨amount Debited⟩
⟨Account Info⟩

⟨amount credited⟩
⟨Account Info⟩

⟨Request Error⟩

exchangeRequest

exchangeRequest reply

Figure 6: Account operation protocol diagram.

Different interactions between agents and actors are occur-
ring through account operation protocol as depicted in
Figure 5.

Each protocol includes different interactions between
agents and actors to perform specific tasks; such interactions
are modeled in protocol diagram. Content of protocol dia-
gram includes alternatives and loops and other deviations
from a simple sequence are depicted in AUML using nested
boxes [29]. Code 2 shows AUML description of account
operation protocol diagram used in PrometheusDesign Tool.

Figure 6 shows details of account operation protocol
diagram [30] that is further converted to protocol graph
(Figure 7) by protocol graph convertor process.

Table 1 shows test path against each coverage criteria we
have defined and applied on our case study.

5.1. Test Path generator Tool. We have developed a tool to
illustrate our proposed approach. Protocol diagram con-
verted to protocol graph on which different coverage criteria
have been applied to generate paths with respect to coverage
criteria defined above. Our tool takes protocol diagram as
input and generates test paths. Test path generator tool has
two main classes namely Graph Regeneration and Graph
Parser. Graph Regeneration reads the input file and makes
a graph object according to the file. This object is used in
the program to produce the paths. Graph Parser searches all
the possible paths according to the coverage criteria given to
it. Table 2 shows input file for test path generator tool and
Figure 8 shows the process of test path generation tool.

Different coverage criteria precondition andoutcomes are
programmed with respect to protocol graph. Code 1 shows
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Account info

Message

Percept

Action

Figure 7: Protocol graph for account operation protocol diagram.

function which calculates all paths from protocol graph and
coverage criteria are used to extract relevant path from all
paths.

Protocol graph contains the sequence of percepts, action,
andmessage as described in corresponding protocol diagram
of a certain interaction protocol. Figure 9 shows the screen

shot of our tool which automates the test path generation
from design artifact like protocol graph.

6. Conclusion and Future Directions

In this paper, we have proposed a novel approach to
test multiagent systems based on design artifacts following
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def find all paths (names, graph, start, end, pathof=
[“start”, “end”, “message”, “action”, “precept”], path=[]):

path = path + [start]
if start == end:
return [path]

if not graph.has key (start):
return []

paths = []
for node in graph [start]:
if names [node][1]in pathof:
if path. count(node) <2:

newpaths = find all paths (names, graph, node, end, pathof, path)
for newpath in newpaths:

paths. append (newpath)
return paths

Code 1: Find all paths function.

start account operation protocol
actor A user
agent B BankAccount agent
actor C account owner
agent D CurrencyExchange agent
agent E Communicator agent
box loop

percept A B account open
action B A account created

end loop
box loop
box alternative

percept C B Debit account request
next

percept C B Credit account request
end alternative
box opt

message B E TransportRequest
message E D exchangeRequest
percept A D exchange rates
message D E exchangeRequest reply

end opt
box alternative

action B C amount Debited
action B C Account Info

next
action B C amount credited
action B C Account Info

next
action B C Request Error
end alternative

end loop
finish

Code 2: AUML description of account operation protocol.
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Table 2: Test path generator tool input file.

14
start, start
account open, precept
account created, action
debit account request,
precept
credit account request,
precept
transport request,
message
exchange request,
message
exchange rates, precept
exchange request
reply, message
amount credited, action
amount debited, action
request error, action
accont info, action
end, end
27

1,2
2,3
3,2
3,4
3,5
4,6
4,10
4,11
4,12
5,6
5,10
5,11
5,12
6,7
7,8
8,9
9,10
9,11
9,12
10,13
11,13

12,14
12,4
12,5
13,14
13,4
13,5

Graph file

Input

Coverage
criteria

Graph 
regeneration

Graph parser 

Test paths

Output

Figure 8: Test path generator tool process.

Figure 9: Test path generator tool.

Prometheus methodology. Testing a multiagent system is a
challenging task due to dynamic behavior of agents. Agents
interact with each other and actors via some protocol.
Interaction protocol diagram contains all sorts of interactions
between agents and actor like message, action, and percepts.
We have proposed a testing framework which transforms the

interaction protocol diagram to a test model named protocol
graph. The previously proposed protocol graph has been
extended to include action and percepts along withmessages.

Messages are passed between agents and percepts/actions
are used as the interaction mechanism between agents and
actors. We have identified different coverage criteria which
include nodes and arcs of the protocol graph. These coverage
criteria are used to generate test paths.

For future work, we plan to automate the generation of
test data to execute the test paths. Test cases then will be
applied to autonomous agents and will uncover the inter-
action faults. Evaluation to testing technique will show the
benefits of applying novel approach in testing of autonomous
agents with help of design artifacts following Prometheus
methodology.
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P systems are a class of distributed parallel computing models; this paper presents a novel clustering algorithm, which is inspired
from mechanism of a tissue-like P system with a loop structure of cells, called membrane clustering algorithm. The objects of
the cells express the candidate centers of clusters and are evolved by the evolution rules. Based on the loop membrane structure,
the communication rules realize a local neighborhood topology, which helps the coevolution of the objects and improves the
diversity of objects in the system. The tissue-like P system can effectively search for the optimal partitioning with the help of its
parallel computing advantage. The proposed clustering algorithm is evaluated on four artificial data sets and six real-life data sets.
Experimental results show that the proposed clustering algorithm is superior or competitive to k-means algorithm and several
evolutionary clustering algorithms recently reported in the literature.

1. Introduction

Data clustering is a fundamental conceptual problem in data
mining, which describes the process of grouping data into
classes or clusters such that the data in each cluster share a
high degree of similarity while being very dissimilar to data
from other clusters [1]. Over the past years, a large number
of clustering algorithms have been proposed [2–4], which
can be divided roughly in two categories: hierarchical and
partitional. Hierarchical clustering proceeds successively by
either merging smaller clusters into larger ones or splitting
larger clusters. Partitional clustering attempts to directly
decompose a data set into several disjointed clusters based on
similarity measure, for example, mean square error (MSE).
Clustering algorithms have been used in a wide variety of
areas, such as pattern recognition, machine learning, image
processing, and web mining [5, 6]. In the present study, 𝑘-
means algorithm [7, 8] has received wide attention because
of the following two reasons: (i) 𝑘-means has been recently
elected and listed among the topmost influential datamining
algorithms [9] and (ii) it is at the same time very simple and

quite scalable, as it has linear asymptotic running time with
respect to any variable of the problem. However, 𝑘-means is
sensitive to the initial centers and easy to get stuck at the local
optimal solutions. Moreover, 𝑘-means takes large time cost
to find the global optimal solution when the number of data
points is large.

In recent years, some evolutionary algorithms have been
introduced to overcome the shortcomings of 𝑘-means algo-
rithm because of their global optimization capability. Several
genetic algorithms- (GA-) based clustering algorithms have
been proposed in the literature [10–14].However,most ofGA-
based clustering algorithms can suffer from the degeneracy
when numerous chromosomes represent the same solution.
The degeneracy can lead to inefficient coverage of the search
space as the same configurations of clusters are repeatedly
explored. To overcome the shortcoming, particle swarm
optimization- (PSO-) based or ant colony optimization-
(ACO-) based clustering algorithms have been proposed. Kao
et al. have proposed a hybrid technique based on combining
the 𝑘-means and PSO for cluster analysis [15]. Shelokar et al.
have introduced an evolutionary algorithmbased onACO for
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clustering problem [16]. Niknam and Amiri have presented
a hybrid evolutionary optimization algorithm based on the
combination of PSO and ACO for solving the clustering
problem [17].

The aim of membrane computing is to abstract com-
puting ideas (data structures, operations with data, ways
to control operations, computing models, etc.) from the
structure and the functioning of a single cell and from
complexes of cells, such as tissues and organs including the
brain. There are three main classes of P systems investigated:
cell-like P systems (based on a cell-like (hence hierarchical)
arrangement of membranes delimiting compartments where
multisets of chemicals evolve according to given evolution
rules) [18], tissue-like P systems (instead of hierarchical
arrangement of membranes, consider arbitrary graphs as
underlying structures, with membranes placed in the nodes
while edges correspond to communication channels) [19],
and neural-like P systems [20]. Many variants of all these
systems have been considered, for example, [21, 22] for cell-
like P systems, [23, 24] for tissue-like P systems, and [25–
30] for neural-like P systems. An overview of the field can
be found in [31], with up-to-date information available at the
membrane computing website (http://ppage.psystems.eu/).
These efforts have addressed the parallel computing advan-
tage of P systems as well as the high effectiveness of solving a
variety of difficult problems; especially, P systems can solve
a number of NP-hard problems in linear or polynomial
time complexity [32] and even solve PSPACE problems in a
feasible time [33, 34]. Moreover, membrane algorithms have
demonstrated a powerful global optimization performance
[35–37].

This paper focuses on application of membrane com-
puting to data clustering. Our motivation is applying the
specially designed elements and inherent mechanisms of P
systems to realize a novel clustering algorithm, called the
membrane clustering algorithm.

2. Data Clustering Problem

Clustering is the process of recognizing natural groups or
clusters from a data set based on some similarity measure.
Suppose that data set 𝐷 has 𝑛 sample points, 𝑥

1
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, . . . , 𝑥
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centers. Usually, partitional clustering algorithm searches for
the optimal centers in the solution space according to some
clustering measure in order to solve data clustering problem.
A commonly used clustering measure is
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where 𝑤
𝑖𝑗

is the associate weight of point 𝑥
𝑖
with cluster j,

which will be either 1 or 0 (if point 𝑥
𝑖
is allocated to cluster j,

𝑤
𝑖𝑗
is 1, otherwise 0).
The clustering process, separating the objects into the

clusters, is realized as an optimization problem. The goal of

the optimization problem is to find the optimal centers by
minimizing objective function (1):
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In addition, the𝑀 value will be used to evaluate objects
in the proposed clustering algorithm. If the 𝑀 value of an
object is the smaller one, the object is the better; otherwise, it
is worse.

3. Proposed Membrane Clustering Algorithm

In this section the proposed membrane clustering algorithm
is discussed in detail, which is inspired by the mechanism
of membrane computing. A tissue-like P system with a loop
structure of cells is designed as its optimization framework.
The tissue-like P system with a loop structure of cells can be
described as the following construct:

Π = (𝑍
1
, . . . , 𝑍

𝑞
, 𝑅
1
, . . . , 𝑅

𝑞
, 𝑅

'
, 𝑖
𝑜
) , (3)

where

(1) 𝑍
𝑖
(1 ≤ 𝑖 ≤ 𝑞) is the set of𝑚 objects in cell 𝑖;

(2) 𝑅
𝑖
(1 ≤ 𝑖 ≤ 𝑞) is the set of evolution rules in

cell 𝑖, which contains three evolution rules: selection,
crossover, and mutation rules;

(3) 𝑅
 is finite set of communication rules with the

following forms:

(i) antiport rule: (𝑖, 𝑍/𝑍'
, 𝑗), 𝑖, 𝑗 = 1, 2, . . . , 𝑞, 𝑖 ̸=

𝑗. The rule is used to communicate the objects
between a cell and its two adjacent cells;

(ii) symport rule: (𝑖, 𝑍/𝜆, 0), 𝑖 = 1, 2, . . . , 𝑞.The rule
is used to communicate the objects between cell
and the environment.

(4) 𝑖
𝑜
indicates the output region of the system.

Figure 1 shows membrane structure of the tissue-like P
system, which consists of 𝑞 cells. The 𝑞 cells are labeled
by 1, 2, . . . , 𝑞, respectively. The region labeled by 0 is the
environment and is also output region of the system. The
directed lines in Figure 1 indicate the communication of
objects between the 𝑞 cells. Moreover, the 𝑞 cells will be
arranged as a loop topology based on the communication
rules described below. As usual in P system, the 𝑞 cells, as
parallel computing units, will run independently. In addition,
the environment always stores the best object found so far
in the system. When the system halts, the object in the
environment will be regarded as the output of the whole
system.

The role of the tissue-like P system is to evolve the optimal
centers of clusters for a data set; thus each object in cells will
express a group of (candidate) centers. Thus, each object in
cells is considered as a (𝑘 × 𝑑)-dimensional real vector of the
form

𝑍 = (𝑧
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where 𝑧
𝑖1
, 𝑧
𝑖2
, . . . , 𝑧

𝑖𝑑
are 𝑑 components of 𝑖th cluster center

𝑧
𝑖
, 𝑖 = 1, 2, . . . , 𝑘. For simplicity, suppose that each cell has

the same number of objects, which is denoted by𝑚.
Initially, the system will randomly generate 𝑚 initial

objects for each cell. When an initial object 𝑍 is generated,
(𝑘×𝑑) random real numbers are produced repeatedly to form
it with the constraint of
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where 𝐴
𝑗
and 𝐵

𝑗
are lower bound and upper bound of jth

dimensional component of data points, respectively, 𝑗 =

1, 2, . . . , 𝑑.
As usual, the tissue-like P system has two mechanisms:

evolution and communication mechanisms. The two mecha-
nisms will be described as follows.

3.1. Evolution Mechanism. The role of evolution rules is to
evolve the objects in cells to generate new objects used in next
computing step. During the evolution, each cell maintains the
same size (the number of objects). In this work, three known
genetic operations (selection, crossover, and mutation) [38,
39] are used as the evolution rules in cells. In a computing
step, all objects (located in object pool) in each cell and the
best objects (located in external pool) from its two adjacent
cells constitute a matching pool. The objects in external
pool are actually the best objects communicated from its
two adjacent cells in previous computing step. The objects
in matching pool will be evolved by executing selection,
crossover, and mutation operations in turn. In order to
maintain the size of objects in each cell, truncation operation
is used to constitute new object pool according to the 𝑀
values of objects. The objects in new object pool will be
regarded as the objects to be evolved in next computing step.
Figure 2 shows the evolution procedure of objects in a cell.

In this work, selection operation uses usual rotating
wheel method, while crossover operation uses single-point
crossover in which the position of crossover point is deter-
mined according to crossover probability 𝑝

𝑐
[39]. The single-

point mutation is used to realize the mutations of objects.
If V is a mutation point determined according to mutation
probability 𝑝

𝑚
, its value becomes, after mutating,

V = {
V ± 2𝛿V, V ̸= 0

V ± 2𝛿, V = 0,
(6)

where the signs “+” or “−” occur with equal probability, and
𝛿 is real number in the range [0, 1], generated with uniform
distribution.

3.2. CommunicationMechanism. The communicationmech-
anism is used to exchange the objects between each cell and
its two adjacent cells and update the best object found so
far in the environment. The communication mechanism is
realized by communication rules of two types: antiport rule
(𝑖, 𝑍/𝑍

'
, 𝑗), which indicates that object 𝑍 is communicated

from cell 𝑖 to cell 𝑗 and object 𝑍 is communicated from cell
𝑗 to cell 𝑖, and symport rule (𝑖, 𝑍/𝜆, 0), which indicates that
object 𝑍 is communicated from cell 𝑖 to the environment.

1 2 3

0

· · · qq − 1

Figure 1: Membrane structure of the designed tissue-like P system.

The communication rules impliedly indicate the connec-
tion relationship between cells. Figure 3 shows the commu-
nication relation of objects between cells in the designed
tissue-like P system. From a logical point of view, the
communication relation shows that the cells form a loop
topology, shown in Figure 3(a). Meanwhile, this also reflects
a neighborhood structure of the communication of objects;
namely, each cell only exchanges and shares the objects with
its two adjacent cells, shown in Figure 3(b). After the objects
are evolved, each cell (such as cell 𝑖) transmits its several best
objects into adjacent cells (such as cells 𝑖 − 1 and 𝑖 + 1) and
retrieves several best objects from adjacent cells (such as cells
𝑖 − 1 and 𝑖 + 1) by using the communication rule, constituting
the matching pool of objects in next computing step. The
special logical structure can bring the following benefits.

(1) The coevolution of objects in the 𝑞 cells can accelerate
the convergence of the proposed clustering algorithm.

(2) The object sharing mechanism of the local neighbor-
hood structure can enhance the diversity of objects in
the entire system.

The communication of objects not only occurs between
cells, but also appears between cell and the environment. The
global best object found so far in whole system is stored
always in the environment. After objects are evolved, each
cell communicates its best object found in current computing
step into the environment to update the global best object.
The update strategy is that if 𝑓(𝑍) < 𝑓(𝐺) then 𝐺 = 𝑍;
otherwise, 𝐺 retains unchanged, where 𝑍 is the current best
object, 𝐺 is the global best object, and 𝑓(⋅) is the fitness
function (𝑀 value).

As usual in P system, the 𝑞 cells, as parallel computing
units, will run independently. In addition, the environment
always stores the best object found so far in the system. In this
work, maximum execution step number is used as the halting
condition of the tissue-like P system; that is, the tissue-like
P system will continue to run until it reaches the maximum
execution step number. When the system halts, the object
in the environment will be regarded as the output of whole
system, namely, the found optimal centers.

Based on the tissue-like P system described above, the
proposed membrane clustering algorithm is summarized in
Algorithm 1.

4. Simulation Experiments

Theproposedmembrane clustering algorithm is evaluated on
ten data sets and compared with classical 𝑘-means algorithm
and several clustering algorithms based on evolutionary
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Table 1: Properties of the test data sets.

Data Input Class
AD 5 2 250 2 5
Data 9 2 900 2 9
Square 4 1000 2 4
Sym 3 22 600 2 3
Iris, 150 4 3
BreastCancer 683 9 2
Newthyroid 215 5 3
LungCancer 32 56 3
Wine 178 13 3
LiveDisorder 345 6 2

algorithms, including GA [10], PSO [15], and ACO [16]. In
order to test the robustness of these clustering algorithms, we
repeat the experiments 50 times for each data set.

In the experiments, two kinds of data sets are used
to evaluate these clustering algorithms. First is the four
manually generated data sets used in the existing litera-
tures, AD 5 2, Data 9 2, Square 4, and Sym 3 22, shown
in Figure 4. Second is the six real-life data sets provided
in UCI [40], including the Iris, BreastCancer, Newthyroid,
LungCancer,Wine, and LiveDisorder.The sizes of the data sets
can be found in Table 1.

The proposed membrane clustering algorithm will be
compared with 𝑘-means and three evolutionary clustering
algorithms recently reported in the literature, including GA,
PSO, and ACO. These algorithms are implemented in Matlab
7.1 according to the following parameters.

(1) Tissue-like P systems. Each cell contains 100 objects
and communicates its first five best objects into
two adjacent cells. The maximum computing step
number is chosen to be 200. In the implementation,
evolution rules use the adaptive crossover probability
𝑝
𝑐
and mutation probability 𝑝

𝑚
. In order to study

performances of tissue-like P systems of different
degrees, four cases are considered in the experiments:
𝑞 = 4, 8, 16, 20.

(2) GA [10]. In the rotating wheel method, single-point
crossover and single-point mutation are used, where
the crossover and mutation probabilities, 𝑝

𝑐
and 𝑝

𝑚
,

are chosen to be 0.8 and 0.001, respectively. Let the
population size be 𝑁swarm = 100 and let maximum
iteration number be 𝑡max = 200.

(3) PSO [15]. The 𝑤 uses a linear decreasing inertia
weight, where 𝑤min = 0.4 and 𝑤max = 0.9; 𝑐1 = 𝑐2 =
2.0, the population size NP = 100, and maximum
iteration number is 200.

(4) ACO [16].The best parameter values are 𝛾
1
= 𝛾
2
= 1.0

and 𝜌 = 0.99.

In the experiments, we realize four tissue-like P systems
with degrees 4, 8, 16, and 20, respectively. The aim is to
evaluate the effects of the number of cells (i.e., different
degrees) on clustering quality. The four tissue-like P systems
are applied to find out the optimal centers for the ten data
sets, respectively. In this work, the 𝑀 value is also used to
measure the clustering quality of each clustering algorithm.
Considering that the evolution rules in the designed tissue-
like P system include stochastic mechanism, we indepen-
dently execute the tissue-like P systems of the four degrees 50
times on each data set and then compute their mean values
and standard deviations of the 50 runs. The mean values are
used to illustrate the average performance of the algorithms
while standard deviations indicate their robustness. Table 2
provides experimental results of the tissue-like P systems
of four degrees on ten data sets, respectively. The results of
degrees 16 and 20 are better than those of the other two
degrees, namely, lower mean values and smaller standard
deviations. It can be further observed that the tissue-like
P system with degree 16 obtains the smallest mean values
and standard deviations on most of data sets. The results
illustrate that the tissue-like P systemwith degree 16 has good
clustering quality and high robustness.
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Figure 4: Four artificial data sets: (a) AD 5 2; (b) Data 9 2; (c) Square 4; (d) Sym 3 22.

Table 2: The performance comparisons of tissue-like P systems of different degrees.

Data set 4 cells 8 cells 16 cells 20 cells
AD 5 2 327.01 ± 0.0944 326.94 ± 0.0277 326.44 ± 0.0105 326.94 ± 0.0312
Data 9 2 591.11 ± 0.1331 591.12 ± 0.0510 591.06 ± 0.0280 591.03 ± 0.0537
Square 4 2380.25 ± 0.1334 2380.26 ± 0.0956 2379.74 ± 0.0189 2380.00 ± 0.0729
Sym 3 22 1248.31 ± 0.3156 1248.11 ± 0.0554 1247.72 ± 0.0105 1248.05 ± 0.0333
Iris 96.84 ± 0.0751 96.81 ± 0.0435 96.75 ± 0.0428 96.77 ± 0.0361
BreastCancer 2974.24 ± 1.5431 2971.14 ± 1.5287 2970.24 ± 1.1225 2969.06 ± 1.0970
Newthyroid 1885.69 ± 14.377 1870.37 ± 1.7355 1869.29 ± 0.9215 1871.18 ± 2.2496
LungCancer 124.69 ± 0.0045 124.69 ± 0.0012 124.69 ± 0.0011 124.69 ± 0.0035
Wine 16309.01 ± 2.5053 16303.42 ± 1.9595 16292.25 ± 0.1529 16301.97 ± 2.8563
LiveDisorder 9860.54 ± 5.7239 9859.02 ± 0.5116 9851.78 ± 0.0347 9857.08 ± 0.1043

In order to further evaluate clustering performance, the
proposed membrane clustering algorithm is compared with
GA-based, PSO-based, andACO-based clustering algorithms
as well as classical 𝑘-means algorithm. Table 3 gives the
comparison results of the tissue-like P system of degree 16
with other four clustering algorithms on the ten data sets,

respectively. The comparison results show that the tissue-like
P system provides the optimum average value and smallest
standard deviation in comparison to those of other algo-
rithms. For instance, the results obtained on theAD 5 2 show
that the tissue-like P system converges to the optimum of
326.4478 at almost times and PSO reaches to 326.44 in most
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Input parameters: Data set,𝐷, the number of clusters, 𝑘, the number of cell, 𝑞, the number of objects in each cell,
𝑚, maximum execution step number, 𝑆max, crossover rate, 𝑝𝑐, and mutation rate, 𝑝

𝑚
.

Output results: the optimal centers, 𝐺.
Step 1. Initialization

for 𝑖 = 1 to 𝑞
for 𝑗 = 1 to 𝑚

Generate 𝑗th initial object for cell 𝑖, 𝑍
𝑖𝑗
;

Partition all data points into clusters, 𝐶
1
, 𝐶
2
, . . . , 𝐶

𝑘
;

Compute the𝑀 value of the object,𝑀
𝑖𝑗
;

end for
end for
Fill the global best object 𝐺 using the best of all initial objects;
Set computing step 𝑠 = 0;

Step 2. Object evolution in cells
for each cell 𝑖 (𝑖 = 1, 2, . . . , 𝑞) in parallel do

Evolve all object 𝑍
𝑖𝑗
(𝑗 = 1, 2, . . .) in its mating pool using evolution rules;

Use truncation operation to maintain its𝑚 best objects;
for 𝑗 = 1 to 𝑚

Partition all data points into clusters, 𝐶
1
, 𝐶
2
, . . . , 𝐶

𝑘
;

Compute the𝑀 value of the object,𝑀
𝑖𝑗
;

end for
end for

Step 3. Object communication between cells
for each cell 𝑖 (𝑖 = 1, 2, . . . , 𝑞) in parallel do

Transmit better objects in cell 𝑖 to its two adjacent cells;
Receive better objects from its two adjacent cells into its mating pool;
Update 𝐺 using the best object in cell 𝑖;

end for
Step 4. Halt condition judgment

if 𝑠 ≤ 𝑆max is satisfied
𝑠 = 𝑠 + 1;
goto Step 2;

end if
The system exports the global best object 𝐺 in the environment and halts;

Algorithm 1: Membrane clustering algorithm: a clustering algorithm based on tissue-like P systems.

Table 3: The results obtained by the algorithms for 50 runs on the ten data sets.

Data set P systems GA PSO ACO 𝑘-means
AD 5 2 326.44 ± 0.0105 332.31 ± 0.4792 326.44 ± 0.0128 326.45 ± 0.0344 332.47 ± 3.1286
Data 9 2 591.06 ± 0.0280 593.72 ± 0.2635 591.14 ± 0.0303 591.42 ± 0.0372 623.57 ± 3.1326
Square 4 2379.74 ± 0.0189 2380.33 ± 0.6319 2379.74 ± 0.0226 2379.79 ± 0.0428 2386.00 ± 4.5217
Sym 3 22 1247.72 ± 0.0105 1249.36 ± 1.2163 1247.72 ± 0.0149 1247.75 ± 0.0315 1255.45 ± 3.8725
Iris 96.75 ± 0.0428 99.83 ± 5.5239 97.23 ± 0.3513 97.25 ± 0.4152 104.11 ± 12.4563
BreastCancer 2970.24 ± 1.1225 3249.26 ± 229.734 3050.04 ± 110.801 3046.06 ± 90.500 3251.21 ± 251.143
Newthyroid 1869.29 ± 0.9215 1875.11 ± 13.5834 1872.51 ± 11.0923 1872.56 ± 11.1045 1886.25 ± 16.2189
LungCancer 124.69 ± 0.0011 129.52 ± 4.4961 127.23 ± 1.1528 127.31 ± 1.2936 139.40 ± 7.3136
Wine 16292.25 ± 0.1529 16298.42 ± 2.1523 16292.25 ± 0.1531 16292.25 ± 0.1672 16312.43 ± 9.4269
LiveDisorder 9851.73 ± 0.0347 9856.14 ± 1.9523 9851.73 ± 0.0356 9851.74 ± 0.0692 9868.32 ± 7.9274

of runs, while ACO, GA, and 𝑘-means attain 326.45, 322.31,
and 332.47, respectively. The standard deviations of𝑀 values
for the tissue-like P system, PSO, and ACO are 0.0105, 0.0128,
and 0.0344, respectively, which are significantly smaller than
the other two algorithms. For the results on the Iris, the
optimum value is 96.75, which is obtained in most of runs of

the tissue-like P system; however, the other four algorithms
fail to attain the value even once within 50 runs. The results
on the Newthyroid also show that the tissue-like P system
provides the optimum value of 1869.29 while the PSO, ACO,
GA, and 𝑘-means obtain 1872.51, 1872.56, 1875.11, and 1886.25,
respectively. In addition, the tissue-like P system obtains
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Table 4: The results of 𝑃 values produced by Wilcoxon’s rank sum test.

P systems GA PSO ACO 𝑘-means
AD 5 2 4.1321𝑒 − 3 2.3256𝑒 − 2 2.6351𝑒 − 2 3.4273𝑒 − 3

Data 9 2 4.0536𝑒 − 3 2.2734𝑒 − 2 2.7932𝑒 − 2 3.2963𝑒 − 3

Square 4 3.9275𝑒 − 3 2.1482𝑒 − 2 2.8175𝑒 − 2 3.5387𝑒 − 3

Sym 3 22 3.7894𝑒 − 3 2.4357𝑒 − 2 2.8529𝑒 − 2 3.4416𝑒 − 3

Iris 4.0968𝑒 − 3 3.5823𝑒 − 2 3.2634𝑒 − 2 3.6528𝑒 − 3

BreastCancer 3.9235𝑒 − 3 2.9527𝑒 − 2 2.8192𝑒 − 2 3.4632𝑒 − 3

Newthyroid 3.8864𝑒 − 3 2.5162𝑒 − 2 2.9355𝑒 − 2 3.5381𝑒 − 3

LungCancer 3.8575𝑒 − 3 2.7346𝑒 − 2 2.7358𝑒 − 2 3.5138𝑒 − 3

Wine 3.7639𝑒 − 3 3.2189𝑒 − 2 2.7963𝑒 − 2 3.6348𝑒 − 3

LiveDisorder 3.8398𝑒 − 3 2.4671𝑒 − 2 2.8846𝑒 − 2 3.5822𝑒 − 3

smallest standard deviation on each data set in comparison
to the other four algorithms, which illustrates that it has high
robustness.

Wilcoxon’s rank sum test is a nonparametric statistical
significance test for independent samples. The statistical
significance test has been conducted at the 5% significance
level in the experiments. We create five groups for the ten
data sets, which are corresponding to the five clustering algo-
rithms (tissue-like P system, GA, PSO, ACO, and 𝑘-means),
respectively. Each group consists of the 𝑀 values produced
by 50 consecutive runs of the corresponding algorithms. In
order to illustrate if the goodness is statistically significant,
we have completed a statistical significance test for these
clustering algorithms. Table 4 gives the 𝑃 values provided by
Wilcoxon’s rank sum test for comparison of two groups (one
group corresponding to the tissue-like P system and another
group corresponding to some other method) at a time. The
null hypothesis assumes that there is no significant difference
between the mean values of two groups, whereas there is
significant difference in the mean values of two groups for
the alternative hypothesis. It is evident from Table 4 that all
𝑃 values are less than 0.05 (5% significance level). This is
a strong evidence against the null hypothesis, establishing
significant superiority of the proposed membrane clustering
algorithm.

5. Conclusion

In this paper, we discuss a membrane clustering algorithm,
a novel clustering algorithm in the framework of membrane
computing. Distinguished from the existing evolutionary
clustering techniques, two inherent mechanisms of mem-
brane computing are exploited to realize the membrane
clustering algorithm, including evolution and communica-
tion mechanisms. For this purpose, a tissue-like P system
consisting of 𝑞 cells is designed, in which each cell as parallel
computing unit runs in maximally parallel way and each
object of the system represents a group of candidate centers.
Moreover, the communication rules impliedly realize a local
neighborhood structure; namely, each cell exchanges and
shares the best objects with its two adjacent cells. Under
the control of evolution and communication mechanisms
of objects, the tissue-like P system is able to search for the

optimal centers for a data set to be clustered. In addition,
the local neighborhood structure can guide the exploitation
of the optimal object and enhance the diversity of evolution
objects.
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Mobile ad hoc networks (MANET) is a self-organized collection of nodes that communicates without any infrastructure. Providing
quality of service (QoS) in such networks is a competitive task due to unreliable wireless link, mobility, lack of centralized
coordination, and channel contention. The success of many real time applications is purely based on the QoS, which can be
achieved by quality aware routing (QAR) and admission control (AC). Recently proposed QoS mechanisms do focus completely
on either reservation or admission control but are not better enough. In MANET, high mobility causes frequent path break
due to the fact that every time the source node must find the route. In such cases the QoS session is affected. To admit a QoS
session, admission control protocols must ensure the bandwidth of the relaying path before transmission starts; reservation of such
bandwidth noticeably improves the admission control performance. Many TDMA based reservationmechanisms are proposed but
need some improvement over slot reservation procedures. In order to overcome this specific issue, we propose a framework—PRAC
(primary path reservation admission control protocol), which achieves improved QoS by making use of backup route combined
with resource reservation. A network topology has been simulated and our approach proves to be a mechanism that admits the
session effectively.

1. Introduction

The strength of MANET [1] lies in its ability to form self-
organized network which seems to be an interesting fact. A
MANETprovides a practical way to rapidly build a decentral-
ized communication network in areas where there is no exist-
ing infrastructure orwhere temporary connectivity is needed.
This property makes these networks highly flexible. There
exist some practical design issues in MANET such as limited
bandwidth, dynamic nature of topology, and decentralized
coordination. Due to these design issues, the quality factors
like bandwidth, delay, and jitter [2] get affected. Certain real
time applications such as audio and video expect additional
bandwidth in order to provide QoS [3–5]. The goal of QoS is
to achieve more deterministic network behaviour so that the

information carried by the network can be better delivered
and the resources can be better utilized. To provide QoS,
we need certain frameworks such as reservation, scheduling,
admission control, and routing algorithms [6–9].

Admission control can avoid the network congestion by
estimating whether the new session is admissible or not [10,
11]. Various admission control methods have been proposed
in many articles in last few years. However the admission
control based protocols have certain pitfalls such as improper
handling of session. Different mechanism has been proposed
for session admission, of which backup mechanism has a
noticeable achievement [12, 13]. Admission control algorithm
combinedwith backup path solves the frequent path beak due
to mobility; even such mechanism is not utilized properly.
The reservationmechanism ensures theQoS [8, 14].There are
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many reservation based protocols, such as hop reservation
multiple accesses (HRMA) [15] and five-phase reservation
protocol (FPRP) [16, 17]. In addition, contention based pro-
tocols, such as carrier sensingmultiple accesses with collision
avoidance (CSMA/CA), and hybrid protocols, such as TDMA
protocol based on contention and reservation [18], exist.
The reservation based TDMA protocols have several advan-
tages over contention based protocols, of which conflict free
and maximum spatial reuse efficiency is acquainted to the
domain [14, 19, 20]. For network with dynamic topology
FPRP is a suitable one. Even though the performance aspect
of FPRP is improved, still the time slot utilization was not
improved.

Considering all the issues of admission control, reserva-
tion and backup path, we propose a QoS framework named
primary path reservation admission control (PRAC). PRAC
framework focuses on admission control and reservation, in
order to achieve quality of service. Using backup route aided
admission control protocols, such as StAC [13], MACMAN
[12], introduces too many control overheads, whereas our
proposed protocol minimizes the control packets. In the
reservation mechanism such as TDMA, the slot assignment
procedure for any request does not consider the neighboring
slot assignment. Due to the fact that bandwidth is commonly
shared by all carrier sensing nodes, it affects the current node
transmission. So it is mandatory to consider the neighboring
slot assignment when calculating the bandwidth, which fur-
ther tries to avoid collisions. By using PRAC,weminimize the
delay andmaximize the throughput for any admitted session,
thereby increasing the overall performance.

2. Background and Related Works

2.1. Admission Control. The admission control (AC) mecha-
nism provides a way that should ensure admissible path from
one node to another. Such mechanism determines admission
of new data flows by keeping track of available bandwidth; it
determines the residual capacity of any individual node and
also of the carrier sensing neighbor (𝑛cs) nodes [10]. The AC
Protocol starts with calculation of local nodes capacity. The
local capacity of any node can be estimated by any of the qual-
ity aware routing (QAR) protocols [21–23].This protocol dis-
covers the routes which have sufficient resource that satisfies
the requirements of a session. Apart from these protocols,
the basic routing protocols like DSR [21] can also be used to
estimate the local capacity (bandwidth), where the local
capacity is the unconsumed bandwidth at a given node.
Various methods have been proposed to calculate the local
capacity in [11–13], among which channel ideal time (CIT)
is suitable for admission control and can be calculated using
channel ideal time and link transmission in use [12, 13]. The
residual capacity calculation alone does not serve the need of
admission control, so the second phase continues with ensur-
ing the adequate capacity of the 𝑛cs. This adequate capacity
can be calculated by several methods. In [10], the first pro-
posed method, referred to as CACP-Multihop, gathers infor-
mation about the residual capacities can be obtained from
the neighbors using admission request packets which are

flooded through the network with a radius of two hops. The
second proposed method, referred to as CACP-Power, uses a
high power transmission mechanism to send the admission
request packet to all nodes within the 𝑛cs.The other proposed
method in adaptive admission control [7] and SoftMAC [11]
sends hello packets to calculate the CIT value.

2.2. Related Works. We have analyzed a wide range of proto-
cols before landing up in a concept to provide a new way
of admission control. The works done by various authors
depict that the core concentration is on providing QoS and to
address the issues related to them. In-depth analysis of [7, 24]
paves way to get a clear picture classifying the admission
control protocols and these proposals provide many useful
information pieces for forming a more efficient protocol.

In [13], multipath admission control (MACMAN) was
proposed. The paper discussed the priority given to QoS by
maintaining backup routes, which thereby enhances the
performance (by trying to avoid path or packet loss) of the
overall network. Even though this method proves optimal in
increasing the performance, the concealed fact is that main-
taining the backup routes increases control overhead too. An
improved version of MACMAN staggered backup (StAC-
backup) [13] proposes a technique that involves only partial
disjoint set for admission control which reduces the path
identification control overhead when compared to other pro-
tocols discussed. As the control overhead due to the beacon
messages increases, the network data transfer rate decreases.
In [25], distributed admission control protocol (DACP) was
proposed.This paper contributesmechanisms to provideQoS
by making use of bandwidth reservation. In order to reserve
bandwidth, DACP estimates local and neighbour capacity.
So mentioned protocol does not consider the hidden and
exposed terminal problem since reservation of bandwidth
may not be accurate and also the paper does not consider
backup route based routing.

In [8], an on-demand bandwidth reservationQoS routing
protocol for mobile ad hoc networks was proposed, which
considers revising the bandwidth estimation and reservation
procedure. For route discovery, an approach min-max was
used to satisfy the bandwidth requirement. Also the reserva-
tion procedure used estimates the weight of its neighbor’s slot
for availability. The time slot with lowest weight will be
reserved.The proposedmethod admission control and band-
width reservation (ACBR) in [26] suffers from a limitation
that estimates the available capacity of the neighboring nodes,
using one-hop distance only. In addition, it does not take the
contenting nodes in the interference range into account. In
other words, this scheme considers only the contention of
nodes within transmission range.

In [18], the proposed TMMR protocol performs band-
width reservation in order to attain multihop packet trans-
missions. It also provisions the node mobility through fast
fault node detection. TDMA based reservation mechanism is
exploited but still it does not improve time slot selection for
reservation.Thenovel idea of time slot utilization proposed in
[20] does not consider the impact of hidden terminal problem
and it lacks effectiveness in session admission. Considering



The Scientific World Journal 3

the above discussed facts, our proposed method exhibits the
flow of admission in an efficient reservation, combined with
a backup path mechanism. The effect of such an improvised
mechanism shows enhanced performance.

3. Primary Path Reservation Admission
Control Protocol (PRAC)

3.1. Backup Route Discovery. Studies on backup route discov-
ery emphasize that many backup routes have to be main-
tained to overcome re-routing process after a route failure.
The disadvantage of the above stated method is that since
many control packets are sent through and forth, there is a
consistent increase in the network overhead. In PRAC, we
maintain a primary path and a single backup path. From pre-
vious analysis, dynamic source routing (DSR) [21] proves to
be a suitable routing protocol for finding backup routes. The
backup route discovery process finds the route in which the
nodes involved in the process are in a complete disjoint set.
Thebackup path discovered should not include the nodes that
were in the primary path [12]. Results from [13] which include
many backup routes prove that the nodes in primary and
backup routes can be sufficiently disjoint and are not required
to be in full disjoint sets. Consider


𝑅primary ∩ 𝑅backup


≤


𝑅primary



2
, (1)

where 𝑅primary is the primary path and 𝑅backup is the backup
path. But in PRAC since only one backup route ismaintained,
the backup route nodes should be a complete disjoint set with
that of the primary route nodes:


𝑅primary ∩ 𝑅backup


= 0. (2)

If many backup paths are maintained, the condition for
partial or sufficient disjoint sets may yield better perfor-
mance, whereas, in the case of a single backup, if the primary
path fails then the probability of backup failure is also
feasible. Hence the backup path nodes should be a complete
disjoint set, thereby reducing the risk of failure. The capacity
constraint route discovering process is explained in Figure 1.
The route discovery process startswith the request for session.
In this, the source node broadcasts the RREQ packet to all
its neighbouring nodes. Each node calculates its own residual
capacity, which if satisfies the capacity requested by a session,
will rebroadcast the RREQ packet to their neighbours. The
session capacity requirement BWreq can be calculated as
follows:

BWreq = 𝑏 ∗ 𝑛cs. (3)

This equation is used to calculate the session capacity require-
ment at any node. Here 𝑏 is the number of slots required and
𝑛cs is the number of contenting nodes in the carrier sensing
range. MACMAN [12] implements high power method that
builds up 𝑛cs sets, which in turn increases the beacon over-
headmaking it a probable disadvantage. Our proposed PRAC
method overcomes it by the use of admission request packet

(similar to CACP-Multihop), flooded through the network,
covering a two-hop radius at the time of session admission,
depending upon the session capacity; a nodemay confirm the
session admission or deny it. In the case of primary route fail-
ure, backup route discovery is initiated, in which the process
is decoupled from the normal route discovery mechanism
and only admission control mechanism takes place.

3.2. Validation of Single Backup Path over Multiple Backup
Paths. Though multiple backup path approach does make
sure the backup route availability and better manages the
throughput drop, it adds additional overhead in the network
by sending probe packet to manage the paths. Moreover the
single backup path provides a better way in managing the
overall traffic in a given network by avoiding unintended
interference that happened on the session routes. As there is
only one backup path, the maintenance quotient is virtually
lower compared to themultiple backupmethod (that periodi-
cally engages the routes for the probing).Though the problem
of handling the mobility/path-break appears to exist in
this single backup path, it provides a way to find out another
path if initial backup path fails to establish the connection. So
in any eventual case the single backup path does make sure
that at any point of time there is a path existing for the data
transmission.We assume ℎ is the number of hops between the
source and the destination. The single paths can achieve
reduced probe packet as demonstrated in shown calculation
below. The analytical verification and the robustness of the
single backup path are based on the simple routing model.
The probability of packet control overheads denoted 𝑃

𝑐

between the source and the destination in the single backup
path routing:

𝑃
𝑐
= 1 − (1 − 𝜇)

ℎ

, (4)

where𝜇 is average control packet and ℎ is the number of hops.
Now we can find that the probability of control packets in
multiple backup paths maintained is

𝑃
𝑐
= 1 − {(1 − 𝜇)

ℎ

}
𝑚

, (5)

where𝑚 is the number of disjoint-backup paths. As the num-
ber of hops, ℎ, and the multiple backup paths, 𝑚 increases
the probability of the overhead in the network increases as
depicted in the formula (5), whereas in single backup path,
the only parameter that causes the overhead to increase is the
number of hops and similarly the number of control packets
to send also increases. This does make sure that the network
traffic is managed better.

3.3. Reservation. The purpose of backup route discovery is to
find the residual capacity of each and every node in a route.
Such a mechanism discovers many routes, among which the
efficient routes are selected (the mechanism involved in
backup route discovery has been discussed in Section 3.1).
The reservation approach in our proposal focuses only on the
primary route. When the destination node receives the first
RREQ packet of a session, it is considered as the primary
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Figure 1: Capacity constraint route discovering process.

path and reservation reply is sent along the reverse direction
of the same primary path. When the second RREQ packet is
received, this path is not reserved but it will be considered as a
backup path thereby sending a normal reply.This reservation
process is coupled with backup route discovery. The above
facts discussed address how the reservation process integrates
the route discovery stage.The reason behind using TDMA for
reservation in this paper is that it tolerates the radio interfer-
ence problem and it holds good in our scenario, since all the
nodes share the single common channel. We propose a new

approach in TDMA which considers both hidden terminal
and exposed terminal problem. A glance on the following
example helps us to understand the problem in making
reservation. In Figure 2, consider the path from A to C. Here
the grey slots depict that they are busy and similarly the
white slots are free. Between A and B there are five matching
free slots {1, 2, 3, 4, 5} and between B and C there are four
matching free slots {3, 4, 5, 6}. If we reserve slots {1, 2, 3} for
A to transmit and slot {4, 5, 6} for B to transmit, then the path
bandwidth is only three. Suppose that if the other pairD andE
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Figure 2: Bandwidth calculation interfered by hidden and exposed terminal problem.

are currently using slot 2 to communicate, two possible cases
will arise.

Case 1. IfD is the receiver on slot 2, thenAwill not allow send-
ing on slot 2, so collision occurs at D. This is called hidden
terminal problem since common free slots between A and B
are reduced to {1, 3, 4, 5}.

Case 2. Due to Case 1, the bandwidth of the path A to C deg-
rades to 2 slots. If D is the sender on slot 2 then A will not
allow sending on slot 2. This is called exposed terminal
problem.

3.3.1. System Model

(1) Each node maintains the neighbor’s information
(including available slot). This information is gath-
ered by hello message.

(2) TDMA frames are fixed length; time frame had 16
time slots, with 5ms for each time slot.

(3) Nodes shared single common channel.
(4) Each frame consists of two subframes: the data frame

and control frame. The data frame consists of fixed
number of data slots. When a node wants to transmit
or receive data packets, it may use its control slot to
reserve the desired data slots. In the control frame,
each node has a committed control slot and therefore
avoids contention and collision.

(5) Control and data slot handshake: the control slot
holds control packets such as the route request, hello
packet, the route reply, and the route error. When a
nodewants to transfer data itmay use the control pac-
kets to reserve the required path. Once it is reserved, it
can be used for both transmitting and receiving data.

3.3.2. Data Structure

(i) We maintain sending slot table (𝑆𝑆), receiving slot
table (𝑅𝑆), and hop count table (𝐻) in every node.The

sending slot table 𝑆𝑆
𝑋
[1 ⋅ ⋅ ⋅ 𝑛, 1 ⋅ ⋅ ⋅ 𝑠]: of node 𝑋

records the time slots of all the nodes within 2 hops
from𝑋 and is having sending activities. So 𝑆𝑆

𝑋
[𝑖, 𝑗] =

1 if slot 𝑗 of node 𝑖 has been reserved for transmission;
otherwise, 𝑆𝑆

𝑋
[𝑖, 𝑗] = 0. The receiving slot table

𝑅𝑆
𝑋
[1 ⋅ ⋅ ⋅ 𝑛, 1 ⋅ ⋅ ⋅ 𝑠]: of node𝑋 records the time slots of

all the nodes which are within 2 hops from node
𝑋 and are having receiving activities. Similarly,
𝑅𝑆
𝑋
[𝑖, 𝑗] = 1 if slot 𝑗 of node 𝑖 has been reserved for

receiving; otherwise,𝑅
𝑋
[𝑖, 𝑗] = 0.The hop count table

𝐻
𝑋
[1 ⋅ ⋅ ⋅ 𝑛, 1 ⋅ ⋅ ⋅ 𝑛]: of a node 𝑋maintains a record of

the mutual distances between nodes in𝑋’s neighbor-
hood. Similarly, for each node 𝑖 that is within 1 hop
from 𝑋;𝐻

𝑋
[𝑖, 𝑗] = 1 if node 𝑗 is within 1 hop from 𝑖;

otherwise,𝐻
𝑋
[𝑖, 𝑗] = ∞.

(ii) The RREQ has following parameters: RREQ(𝑆, 𝐷,

𝑖𝑑, 𝑋, 𝑏, 𝑝𝑎𝑡ℎ,𝑁𝐻) where 𝑆 is source node and 𝐷

is the destination node and 𝑖𝑑 is the session iden-
tity issued by source; 𝑏 is bandwidth requirement,
which can be represented by the number of slots.
𝑋 is the node that is currently relaying RREQ. The
𝑝𝑎𝑡ℎ is the partial path, with the available slot,
that has been discovered so far. It has the format
((ℎ
1
, 𝑙
1
), (ℎ
2
, 𝑙
2
), . . . , (ℎ

𝑘
, 𝑙
𝑘
)). Here ℎ

𝑖
is node identity,

where 𝑖 = 1, . . . , 𝑘 and each 𝑙
𝑖
contains the total 𝑏 slots

that are found to be available for ℎ
𝑖
to transmit to ℎ

𝑖+1
.

𝑁𝐻 is neighbour hop list ((ℎ
1
, 𝑙


1
), (ℎ


2
, 𝑙


2
), . . .). Here

each node ℎ


𝑖
may serve as the next hop of node 𝑋

that extends the current partial path, only if ℎ
𝑖
has

sufficient slots and also 𝑙


𝑖
contains 𝑏 slots that can be

used by𝑋 to transmit to ℎ
𝑖
.

(iii) The RREP has following parameters: RREP(𝑆, 𝐷,

𝑖𝑑, 𝑝𝑎𝑡ℎ). When a route is found at the destination𝐷,
we need to initiate a packet RREP to the source node
𝑆.This packet traverses through the reverse path and
reserves the slots on the 𝑝𝑎𝑡ℎ.
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Step 1.
if Y is not listed in NH then exits this procedure
else Construct a list path temp = path|(𝑋, 𝑙

𝑖
)

// |-mean that current node is attached/concatenated with path
Step 2.

(i) Construct two temporary table
SS temp [n, s] & RS temp [n, s] then
Copy SS [n, s] in to SS temp [n, s]
Copy RS [n, s] in to RS temp [n, s]

(ii) Let path = ((ℎ
1
, 𝑙
1
), (ℎ
2
, 𝑙
2
), . . . , (ℎ

𝑘
, 𝑙
𝑘
))

for 𝑖 = 1, . . . , 𝑘 − 1

for every time slot t in the list 𝑙
𝑖

SS temp [ℎ
𝑖
, 𝑡] = 1

RS temp [ℎ
𝑖+1
, 𝑡] = 1

for every time slot t in the list 𝑙
𝑘

SS temp [ℎ
𝑘
, 𝑡] = 1

RS temp [𝑋, 𝑡] = 1
(iii) for every time slot t in the list 𝑙

𝑖

SS temp [𝑋, 𝑡] = 1
RS temp [𝑌, 𝑡] = 1

Step 3.
if NH temp = empty
for each 1-hop neighbour Z of Y do

L = slot selection(Y, Z, b, SS temp, RS temp)
if L ̸= empty

NH temp = NH temp|(𝑍, 𝐿)
else if NH temp ̸= empty then

broadcast RREQ (S, D, id, b, Y, path temp, NH temp)
Subroutine: slot selection(Y, Z, b, SS temp, RS temp)
for each slot i, where 1 ≤ 𝑖 ≤ 𝑠 following condition will be checked
Con 1: (SS temp [Y, i] = 0) & (𝑅𝑆

𝑋
[Y, i] = 0) & (SS temp [𝑍, 𝑖] = 0) & (𝑅𝑆

𝑋
[Z, i] = 0)

Con 2: for all (𝐻
𝑌
[Y,W] = 1) then RS temp [W, i] = 0

Con 3: for all (𝐻
𝑌
[Z,W] = 1) then SS temp [W, i] = 0

Algorithm 1

Lemma 1. A slot 𝑡 can be used by a node𝑋 to send to another
node𝑌without causing collision, if the following conditions are
satisfied.

(1) Slot 𝑡 is not scheduled to send/receive node in neither𝑋
nor 𝑌.

(2) For any 1-hop neighbor 𝑍 of 𝑋, slot 𝑡 is not scheduled
to receive data in 𝑍.

(3) For any 1-hop neighbor 𝑍 or 𝑌, slot 𝑡 is not scheduled
to send data in 𝑍.

3.3.3. Reservation Procedure

(A) Route Request Phase. When a node 𝑌 receives a broad-
cast packet RREQ(𝑆, 𝐷, 𝑖𝑑, 𝑏, 𝑋, 𝑝𝑎𝑡ℎ,𝑁𝐻) from a neighbour
node𝑋 and if𝑌 has not received the same packet before, then
Algorithm 1 will be executed. As shown in Step 1, if𝑁𝐻 does
not have the node 𝑌 listed in it, then a 𝑝𝑎𝑡ℎ 𝑡𝑒𝑚𝑝 will be
created.Hence the corresponding parameter 𝑙

𝑖
that contains 𝑏

time slots can be used by𝑋 to transmit to ℎ
𝑖
without collision.

In Step 2, the temporary tables for sending and receiving
𝑆𝑆 𝑡𝑒𝑚𝑝 and 𝑅𝑆 𝑡𝑒𝑚𝑝 are used during the probing stage, in

which the confirmed list is stored in original 𝑆𝑆 and 𝑅𝑆. As
the path is propagated for each slot of a node, the confirmed
slot information is saved in the respective temporary tables
𝑆𝑆 𝑡𝑒𝑚𝑝 and𝑅𝑆 𝑡𝑒𝑚𝑝.This confirmed slot in respective node
is carried over to next node that is visited and this will
continue till the destination node.

(1) When RREQ arrives at intermediate nodes (see
Algorithm 1), in Step 3 the information of 𝑝𝑎𝑡ℎ and𝑁𝐻 will
be saved in the temporary tables that we have discussed in
Step 2. The 𝑠𝑙𝑜𝑡 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛(𝑌, 𝑍, 𝑏, 𝑆𝑆 𝑡𝑒𝑚𝑝, 𝑅𝑆 𝑡𝑒𝑚𝑝) routine
is called to check if there is any slot available for 𝑌 to send 𝑍.
In case of any slot available in one hop to extend the current
path, then the RREQwill be rebroadcasted.The same routine
is used for node 𝑌 to choose the free time slots 𝑏 in order to
send data to 𝑍. The slot selection procedure is based on
Lemma 1. In case, if the required free slot is available, then the
algorithm will proceed further to know if there are more free
slots to occupy. This is mainly to increase the channel reuse
which is essential in the case of wireless communication.
Selection of these free slots is done, giving high priority to the
ones (node) without the hidden and exposed terminal pro-
blems. To achieve this, we give the valid time slot 𝑖, an
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// for each intermediate node X = ℎ
𝑖
the following steps to be executed.

for j = i − 2 to i + 2 do
for each time slot t in 𝑙

𝑗

𝑆𝑆
𝑋
[ℎ
𝑗
, 𝑡] = 1

for each time slot t in 𝑙
𝑗−1

𝑅𝑆
𝑋
[ℎ
𝑗
, 𝑡] = 1

end for

Algorithm 2

increased priority so that 𝑆𝑆 𝑡𝑒𝑚𝑝[𝑊, 𝑖] = 1 to the neighbour
𝑊 of 𝑍.

(2) When RREQ arrives at destination node, a con-
firmed path is formed once the destination 𝐷 receives
the RREQ(𝑆, 𝐷, 𝑖𝑑, 𝑏, 𝑋, 𝑝𝑎𝑡ℎ,𝑁𝐻). The destination node 𝐷
can still accept the request RREQ or choose ignoring it,
based on following condition. When a node 𝐷 receives a
broadcast packet RREQ from a node 𝑋, then if 𝑁𝐻 does
not have𝐷 listed in it, then a 𝑝𝑎𝑡ℎ 𝑡𝑒𝑚𝑝 will be created. The
corresponding parameter 𝑙

𝑖
contains 𝑏 time slots that can be

used by𝑋 to transmit to ℎ
𝑖
without collision.Then RREP will

be sent to the source 𝑆.

(i) Let (ℎ
𝑖
, 𝑙


𝑖
) be the entry in𝑁𝐻 such that ℎ

𝑖
= 𝐷.

(ii) 𝑝𝑎𝑡ℎ 𝑡𝑒𝑚𝑝 = 𝑝𝑎𝑡ℎ | (𝑋, 𝑙


𝑖
).

(iii) Send RREP(𝑆, 𝐷, 𝑖𝑑, 𝑝𝑎𝑡ℎ 𝑡𝑒𝑚𝑝) to source 𝑆.

(B) Route Reply Phase. As a part of the reply sequence, the
𝑅𝑅𝐸𝑃 packet will be sent in the reverse direction of 𝑝𝑎𝑡ℎ in
unicast manner with each intermediate node relaying the
packet. Also the “receive” and “send” information will be
saved in the respective table in each node where the packet is
traversed. Assuming that 𝑝𝑎𝑡ℎ contains ((ℎ

1
, 𝑙
1
), (ℎ
2
, 𝑙
2
), . . . ,

(ℎ
𝑘
, 𝑙
𝑘
)), each intermediate node will update the sending

and receiving table (confirmed one) with available time slot
information (see Algorithm 2).

3.4. Route Maintenance. The fact behind route maintenance
is that the processmonitors the primary and backup routes on
a regular basis, checking for QoS requirements (session
requirements) [12, 13]. In our proposed method, when the
primary route fails, the control moves towards the backup
path. Here, PRAC makes use of BRQ (backup route query)
message that continuously monitors the stability and effec-
tiveness of the backup path. Previous studies show that many
other mechanisms use multiple backup routes, which acco-
unts for increase in reliability but also increases the control
overhead. But in our model, the possibility of the primary
path failure is very low because of the reservationmechanism
used, as described before. The control overhead in PRAC
model is very lowbecause pathmonitoring does not comprise
many backup paths and instead is done for a single backup
path only. In Figure 3 we describe overall route maintenance
process. In case of failure of the primary path, in order to

maintain the reliability of the network, the backup path is
taken.This backup path is herewith considered to be primary
and starts reservation process. Since our proposedmodel uses
a single backup strategy, when the backup is taken as primary
(in case of failure), thenwe lack the existence of a backup path
(PRAC requires the presence of a primary and backup path
always). Hence the source finds a backup path from route
cache. Asmentioned before, with the use of BRQmessage, the
route cache is analysed for the best route that accomplishes
the session request. When a node receives a BRQ message,
it calculates the contention difference (CD). In our mainte-
nance model, we avoid the calculation of contention count.
The reason is that the transmission flow along the primary
path is likely to reduce the measured available bandwidth
along the backup path. Calculating contention count may
end up in insufficient metric; hence the contention difference
proves to be an optimal method:

CD =

CSneighbor ∩ 𝑅backup


−

CSneighbor ∩ 𝑅primary


. (6)

The CD should hold a constraint in which BWavail > CD ⋅

BWreq. If the above condition fails, then it sends a BRQFmes-
sage to the source, thereby removing the specific route from
route cache. The advantage of PRAC route maintenance is
that in the case of both primary and backup path being failed,
the source does not go for route recovery process again and
instead it makes use of the route cache information [21].

4. Performance Evaluation

4.1. Simulation Environments. We use NS-2 network simula-
tor to verify the PRAC’s performance. Based on our analysis,
set of simulations involves a larger network with random
mobility. Following are the specifications that have been
followed while simulating the PRAC protocol. 100 nodes are
randomly placed in a 1000m × 1000m area. By setting the
node transmission range of 250m and a CS-Range of 550m,
multihop routes have been created and also allowed all types
of collisions to occur. 50 nodes are randomly chosen as
sources of traffic to 50 other nodes. Each session was CBR
traffic flows that were used with a packet size of 512 bytes and
a bit rate of 128 kbps. The nodes move according to the
random waypoint mobility model and the bandwidth of the
channel is 2Mbps. The two ray ground propagation model
was employed to avoid wireless channel errors. Backup route
query (BRQ) interval is 2 s (Table 1).
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Figure 3: Route maintenance.

Table 1: Parameter settings.

Parameters Values
Propagation model Two-ray ground
Reception range 250m
Carrier sensing range 550m
Data packet size 512 bytes
CBR data rate 128 kbps
Network area 1000m × 1000m
Mobility model Random way point
Backup route query (BRQ) 2 s
Channel bit rate 2Mbps
Number of nodes 100
TDMA frame length 16 time slots
Slot time 5ms
Simulation time 100 sec
Maximum number of sessions 50

4.2. Results and Discussions. Figure 4 shows the throughput
of each session attained by PRAC. In the results, the number
of admitted sessions is more or less similar; in addition, the
throughput of the admitted session is higher than othermod-
els during the simulation time. As shown, we obtain higher
throughput while using PRAC. However, when St backup
[13] and DACP [25] are used, only medium throughput is
obtained and when TMMR [18] is used, only lower through-
put is obtained. From the results it is clear that the proposed
protocol is capable of reducing the number of unnecessary
routing packets during route discovery, bymaking admission
control decisions at every node in the network. Thus, DACP
can use more resources in the network than other models to
transmit data packets.The admission control without backup
path (i.e., TMMR andDACP)model shows poor throughput,
while the admission control with backup path (St backup and
PRAC) shows high throughput. In addition, PRAC attains
greater aggregated throughput than other models.
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Figure 5: Control packets overheads.

It is also essential to inspect the overhead produced by the
protocol since PRAC introduces additional control messages.
Figure 5 demonstrates the average amount of control packets
transmitted for the duration in the simulations. As expected,
the graph demonstrations a notable increase in control traffic
in the network when we use backup path. When compared
to the existing protocols our PRAC protocol noticeably pro-
duces lesser control packets. As seen in Section 3.3, the actual
amount of control packet overhead is an important factor
for maintaining a single backup path. A tradeoff happens
between the extra control packet overhead and the facility to
quickly switch to a new path if the present one breaks down.
However, there is an increase in overhead if the protocol uses
backup routes that are to be maintained. But this increase is
acceptable due to the improvement of the other performance
parameters. At first, the overhead is low; this is because of
minimum number of sessions that are admitted and also the
backup route maintenance messages are produced on a per-
flow basis for admitted flows.

Since any admission control protocols are mainly desi-
gned to put up real time applications that have requirements
on end-to-end delay, it is essential to make sure that the
additional overhead does not include added delay that go
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above the delay bounds of the requests [27]. The end-to-
end delay for the sessions can be seen in Figure 6. From this
figure, PRAC is capable of providing an increase in data
packet delivery and minimizing the end-to-end delay. Since
there is no admission control performed in TMMR, the net-
work becomes congested as new sessions are added to the
network, resulting in decreased throughput and dramatically
increasing the delay of the sessions. On the other hand, the
throughput of the sessions shows significant degradation;
also the delay rises as the number of sessions increases. The
average end-to-end delay in the simulations that is achieved
for all other three protocols is much higher than PRAC,
indicating PRAC’s ability to balance the network load.

Figure 7 shows the average number of times the sessions
are stopped per simulation. When using TMMR, DACP, and
St backup, a large number of sessions are stopped. When
using PRAC, inmany cases, these same sessions can switch to
a backup route and retain the transmission. For all the other
protocols, it is likely that as the number of admitted sessions
increases so does the number of session breaks. However,
PRAC is able to handle the session breaks even if large
amount of session is admitted.The reducednumber of session
drops is likely to increase the QoS at the end user.
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Figure 9: Identifying the overall control packet probability when
using different backup path.

In Figure 8 we inspect the number of sessions that each
protocol permits to be active at the same time. It can be agreed
that when the number of sessions is minimum, the variance
among the protocols is negligible. However, when a larger
number of sessions are initiated, PRAC is able to sustain that
more than all other three protocols. This contributes to the
variances in delivery rate among the protocols and proves that
PRAC is capable of using the resources in the network more
efficiently.

Finally, as shown in Figure 9we compare different backup
path approach to identify the overall control packet probabil-
ity. It is obvious that the probability is least for no Backup
approach, as there is no much of backup transmission
planned after the failure attempt in first time.Also the trend in
the shown diagram depicts that the higher the backup routes,
the larger the control packet probability in the network. To
balance the overhead or the control packet probability and to
manage the overall data transmission quality, single backup
path will be the better choice as it has least probability next to
no backup approach but still we have a backup path to handle

the earlier failure attempts thus making sure the continuous
operation of data transmission.

5. Conclusion and Future Work

Pitching the performance of any network, keeping it uncom-
promised depends upon the QoS provided by the network.
If that is the case, our proposed PRAC model minimizes the
delay and maximized throughput for any admitted session
thereby increasing the overall performance. However, the
model considers the respective nodes capacity, analyzing its
neighbor’s capacity. The QoS provided eventually does not
bring up any constrains on reliability. Considering our envir-
onment where mobility is high, our model ensures a tested
backup path, which holds the key to revival from the path
break. Providing many backup paths increases the control
overheads, whereas PRAC considers only one tested backup
path and this relatively reduces the control overheads. In gen-
eral, in the mobile networks, resource reservation provides
QoS. Our reservation procedure supports real time applica-
tions by avoiding the hidden and exposed terminal problems.
Thus it provides collision free reservation and minimized
delay. Our protocol PRAC, which includes admission control
along with reservationmechanism, ensures muchminimized
delay. We attain a problem free reservation, but still connec-
tivity poses a major problem in the mobile ad hoc network.
In future, studies can be made on providing QOS without
any connectivity issues, which paves way for many research
enhancements.
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As is known, the Pareto set of a continuous multiobjective optimization problem with 𝑚 objective functions is a piecewise
continuous (𝑚 − 1)-dimensional manifold in the decision space under some mild conditions. However, how to utilize the
regularity to design multiobjective optimization algorithms has become the research focus. In this paper, based on this regularity,
a model-based multiobjective evolutionary algorithm with regression analysis (MMEA-RA) is put forward to solve continuous
multiobjective optimization problemswith variable linkages. In the algorithm, the optimization problem ismodelled as a promising
area in the decision space by a probability distribution, and the centroid of the probability distribution is (𝑚 − 1)-dimensional
piecewise continuous manifold. The least squares method is used to construct such a model. A selection strategy based on the
nondominated sorting is used to choose the individuals to the next generation. The new algorithm is tested and compared with
NSGA-II and RM-MEDA. The result shows that MMEA-RA outperforms RM-MEDA and NSGA-II on the test instances with
variable linkages. At the same time,MMEA-RAhas higher efficiency than the other two algorithms. A few shortcomings ofMMEA-
RA have also been identified and discussed in this paper.

1. Introduction

Evolutionary algorithm has become an increasingly popular
design and optimization tool in the last few years [1].
Although there have been a lot of researches about evolution-
ary algorithm, there are still many new areas that needed to be
explored with sufficient depth. One of them is how to use the
evolutionary algorithm to solve multiobjective optimization
problems.The first implementation of amultiobjective evolu-
tionary algorithm dates back to themid-1980s [2]. Since then,
many researchers have done a considerable amount of works
in the area, which is known as multiobjective evolutionary
algorithm (MOEA).

Because of the ability to deal with a set of possible solu-
tions simultaneously, evolutionary algorithm seems particu-
larly suitable to solve multiobjective optimization problems.
The ability makes it possible to search several members of
the Pareto-optimal set in a single run of the algorithm [3].
Obviously, evolutionary algorithm is more effective than the

traditional mathematical programming methods in solving
multiobjective optimization problem because the traditional
methods need to perform a series of separate runs [4].

The current MOEA research mainly focuses on some
highly related issues [5]. The first issue is the fitness assign-
ment and diversity maintenance. Some techniques such as
fitness sharing and crowding have been frequently used to
maintain the diversity of the search. The second issue is the
external population.The external population is used to record
nondominated solutions found during the search.There have
been some efforts on how to maintain and utilize such an
external population. The last issue is the combination of
MOEA and local search. Researches have shown that the
combination of evolutionary algorithm and local heuristics
search outperforms traditional evolutionary algorithms in a
wide variety of scalar objective optimization problems [4, 6].

However, there are little researches focusing on the way
to generate new solutions inMOEA. Currently, mostMOEAs
directly adopt traditional genetic operators such as crossover
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and mutation. These methods have not fully utilized the
characteristics ofMOPwhen generating new solutions. Some
researches show thatMOEA fails to solveMOPswith variable
linkages, and the recombination operators are crucial to the
performance ofMOEA [7]. It has been noted that under mild
smoothness conditions, the Pareto set (PS) of a continuous
MOP is a piecewise continuous (𝑚 − 1)-dimensional man-
ifold, where 𝑚 is the number of the objectives. However,
as analyzed in [8], this regularity has not been exploited
explicitly by most current MOEA.

In 2005, Zhou et al. proposed to extract regularity
patterns of the Pareto set by using local principal component
analysis (PCA) [9]. They had also studied two naive hybrid
MOEAs. In the twoMOEAs, some trial solutions were gener-
ated by traditional genetic operators and others by sampling
from probability models based on regularity patterns in 2006
[10].

In 2007, Zhang et al. conducted a further and thorough
investigation along their previous works in [9, 10]. They
proposed a regularity model-basedmultiobjective estimation
of distribution algorithm and named it as RM-MEDA [5]. At
each generation, the proposed algorithmmodels a promising
area in the decision space by a probability distribution whose
centroid is a (𝑚 − 1)-dimensional piecewise continuous
manifold. The local principal component analysis algorithm
is used to build such a model. Systematic experiments have
shown that RM-MEDA outperforms some other algorithms
on a set of test instances with variable linkages.

In 2008, Zhou et al. proposed a probabilistic model based
multiobjective evolutionary algorithm to approximate PS and
PF (Pareto front) for a MOP in this class simultaneously
and named the algorithm as MMEA [11]. They proposed two
typical classes of continuous MOPs as follows. One class is
that PS and PF are of the same dimensionality while the other
one is that PF is a (𝑚 − 1)-dimensional continuous manifold
andPS is a continuousmanifoldwith a higher dimensionality.
There is a class of MOPs, in which the dimensionalities of
PS and PF are different so that a good approximation to PF
might not approximate PS very well. MMEA could promote
the population diversity both in the decision spaces and in the
objective spaces.

Modeling method is a crucial part for MOEA because
it determines the performance of the algorithms. Zhang et
al. built such a model by local principal component analysis
(PCA) algorithm [5]. The test results show that the method
has great performance over some instances with linkage
variables. However, there are still some shortcomings about
the method. The first shortcoming is that RM-MEDA needs
extraCPU time for running local PCAat each generation.The
second one is that themodel is just linear fitting for all types of
PS, including the one with nonlinear linkage variables, which
enable that the result may be not accurate.

In the paper, we proposed a model-based multiobjective
evolutionary algorithm with regression analysis, which is
named as MMEA-RA. In MMEA-RA, a new modeling
method based on regression analysis is put forward. In the
method, least squares method (LSM) is used to fit a 1-
dimensional manifold in high-dimensional space. Because
least squares can fit any type of curves through its model,

the shortcomings of RM-MEDA can be avoided, especially
for the instances with nonlinkage variables.

The rest of this paper is organized as follows. After defin-
ing the continuous multiobjective optimization problem in
Section 2, the new model of multiobjective evolutionary
algorithm based on regression analysis is put forward in
Section 3. Then, a description of the test cases for MMEA-
RA follows in Section 4. After presenting the results of the
tests, the performance of MMEA-RA is analyzed and some
conclusions are given in Section 5.

2. Problem Definition

In this paper, the continuous multiobjective optimization
problem is defined as follows [5]:

min 𝐹 (𝑥) = (𝑓
1
(𝑥) , 𝑓

2
(𝑥) , . . . , 𝑓

𝑚
(𝑥))
𝑇
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1
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two vectors, and 𝑎 is said to dominate 𝑏, denoted by 𝑎 ≺ 𝑏,
if 𝑎
𝑖
≤ 𝑏
𝑖
for all 𝑖 = 1, . . . , 𝑛, and 𝑎 ̸= 𝑏. A point 𝑥∗ ∈ 𝑋 is

called (globally) Pareto optimal if there is no 𝑥 ∈ 𝑋 such that
𝐹(𝑥) ≺ 𝐹(𝑥

∗
). The set of all Pareto-optimal points, denoted

by PS, is called the Pareto set. The set of all Pareto objective
vectors is called the Pareto front, denoted by PF.

3. Algorithm

3.1. Basic Idea. Under certain smoothness assumptions, it
can be induced from the Karush-Kuhn-Tucker condition that
the PS of a continuous MOP defines a piecewise continuous
(𝑚 − 1)-dimensional manifold in the decision space [12].
Therefore, the PS of a continuous biobjective optimization
problem is a piecewise continuous curve in 𝑅2.

The population in the decision space in a MOEA for
(1) will hopefully approximate the PS and is uniformly
scattered around the PS as the search goes on. Therefore,
we can envisage the points in the population as independent
observations of a random vector 𝜉 ∈ 𝑅

𝑛 whose centroid is
the PS of (1). Since the PS is a (𝑚− 1)-dimensional piecewise
continuous manifold, 𝜉 can be naturally described by

𝜉 = 𝜁 + 𝜀, (2)

where 𝜁 is uniformly distributed over a piecewise continuous
(𝑚 − 1)-dimensional manifold, and 𝜀 is an 𝑛-dimensional
zero-mean noise vector. Figure 1 illustrates the basic idea.

3.2. Algorithm Framework. In this paper, a model-based
multiobjective evolutionary algorithm based on regression
analysis is put forward to solve continuous multiobjective
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Individuals
PS

Figure 1: Individual solutions should be scattered around the PS in
the decision space in a successful MOEA.

optimization problems with variable linkages. The algorithm
is named as MMEA-RA. The algorithm works as follows.

MMEA-RA

Step 1 (initializing). Set 𝑡 = 0. Generate an initial population
Pop(0) and compute the value 𝐹 of each individual solution
in Pop(0).

Step 2 (stopping). If stopping condition is met, the algorithm
stops and returns the nondominated solutions in Pop(𝑡), and
their corresponding 𝐹 vectors constitute an approximation to
the PF.

Step 3 (modeling). Build the probability model in Pop(𝑡) to
fit expression (2),

(3.1) to compute the coefficients 𝑎
𝑘
for 𝑘 = 0, 1, . . . , 𝑗 by

solving the matrix in expression (10);
(3.2) to compute the manifold 𝜓 = {𝑥 = (𝑥

1
, . . . , 𝑥

𝑛
) ∈ 𝑅
𝑛
}

by expression (11);
(3.3) to generate a 𝑛-dimensional zero-mean noise vector

between (−noise, noise) randomly based on expres-
sions (13) and (14).

Step 4 (reproducing). Generate a new solution set 𝑄 from
expression (2). Evaluate the value 𝐹 of each solution in 𝑄.

Step 5 (selecting). Select 𝑁 individuals from 𝑄 ∪ Pop(𝑡) to
create Pop(𝑡 + 1).

Step 6. Set 𝑡 = 𝑡 + 1 and go to Step 2.

In the following Section 3.3, the implementation of mod-
eling, reproducing, and selecting of the above algorithm will
be given in detail.

3.3. Modeling. Fitting expression (2) to the points in Pop(𝑡)
is highly related to principal curve analysis, which aims at
finding a central curve of a set of points in 𝑅𝑛 [13]. However,
most current algorithms for principal curve analysis are
rather expensive due to the intrinsic complexity of their
models. RM-MEDA uses the (𝑚 − 1)-dimensional local
principal component analysis (PCA) algorithm [14]; it is
less complex compared with most algorithms for principal

y
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on plane yOz: y = bz + d

Figure 2: Illustration of the geometric meaning of expression (3).

curve analysis. However, it needs much more CPU time
comparedwith the traditional evolutionary algorithmswhich
adopt genetic recombination operators such as crossover and
mutation. Moreover, the PS cannot be exactly described by
local PCA because it only uses linear curves to approximate
the model at one cluster of Pop(𝑡).

In this implementation, we do not make use of clustering
method in the modeling process. We try to find the principal
curve of the whole points in Pop(𝑡), not just the local part
of them. As is known, least squares approach is a simple and
effective method for linear curve fitting and nonlinear curve
fitting, such as polynomial or exponential curve fitting. Then
we consider whether this technique could be made use of to
describe expression (2).

For the sake of simplicity, it could be assumed that the
centroid of 𝜉 is amanifold𝜓 in formula (2), and 𝜁 is uniformly
distributed on 𝜓. 𝜓 is a (𝑚 − 1)-dimensional hyperrectangle.
Particularly, in the case of two objectives,𝜓 is a curve segment
in 𝑅2.

A line in 3-dimensional space can be expressed as

𝑥 = 𝑎𝑧 + 𝑐, 𝑦 = 𝑏𝑧 + 𝑑, (3)

where 𝑎, 𝑏, 𝑐, and 𝑑 are the coefficients of the expression.
The geometric meaning of expression (3) is that a 3-

dimensional line 𝑙 can be seen as the intersecting line of two
planes𝑚

1
:𝑥 = 𝑎𝑧 + 𝑐 and𝑚

2
:𝑦 = 𝑏𝑧 + 𝑑. Figure 2 illustrates

this meaning.
The expression 𝑥 = 𝑎𝑧+𝑐 can be seen as the projection of

the line 𝑙 in 𝑥𝑂𝑧 plane, and 𝑦 = 𝑏𝑧 + 𝑑 is the one in the 𝑦𝑂𝑧
plane.

As a 3-dimensional line can be expressed by the intersect-
ing of 2 planes, then a 𝑛-dimensional line can be expressed as
the intersecting of (𝑛 − 1) planes as

𝑥
2
= 𝑎
1
+ 𝑏
1
𝑥
1
,

𝑥
3
= 𝑎
2
+ 𝑏
2
𝑥
1
,

.

.

.

𝑥
𝑛
= 𝑎
𝑛−1

+ 𝑏
𝑛−1

𝑥
1
.

(4)

Expression 𝑥
𝑖
= 𝑎
𝑖−1

+ 𝑏
𝑖−1
𝑥
1
can be regarded as the

projection of the 𝑛-dimensional line in 𝑥
𝑖
𝑂𝑥
1
plane.
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Figure 3: Illustration of the least squares approach (a) linear (b) nonlinear.

By expression (4), we further conclude that a 𝑛-dimen-
sional curve can be regarded as the intersecting of (𝑛 − 1)
surface, and expression (5) shows this idea:

𝑥
2
= 𝑎
1,0
+ 𝑎
1,1
𝑥
1
+ 𝑎
1,2
𝑥
2

1
+ ⋅ ⋅ ⋅ + 𝑎

1,𝑝
𝑥
𝑝

1
,

𝑥
3
= 𝑎
2,0
+ 𝑎
2,1
𝑥
1
+ 𝑎
2,2
𝑥
2

1
+ ⋅ ⋅ ⋅ + 𝑎

2,𝑝
𝑥
𝑝

1
,

.

.

.

𝑥
𝑛
= 𝑎
𝑛−1,0

+ 𝑎
𝑛−1,1

𝑥
1
+ 𝑎
𝑛−1,2

𝑥
2

1
+ ⋅ ⋅ ⋅ + 𝑎

𝑛−1,𝑝
𝑥
𝑝

1
.

(5)

Expression 𝑥
𝑗
= 𝑎
𝑗−1,0

+𝑎
𝑗−1,1

𝑥
1
+𝑎
𝑗−1,2

𝑥
2

1
+ ⋅ ⋅ ⋅ + 𝑎

𝑗−1,𝑝
𝑥
𝑝

1

can be regarded as the approximate projection of the 𝑛-
dimensional curve in 𝑥

𝑗
𝑂𝑥
1
surface. Each expression is a 𝑝-

order polynomial. (𝑥
1
, . . . , 𝑥

𝑛
) is a point on the 𝑛-dimensional

curve. Then the thing that we need to do is to find out all the
coefficients 𝑎

𝑖,𝑗
, which couldmake the curve fit the population

in the decision space well, and here we used least squares
approach method to help us find out the best coefficients.

Least squares approach ismainly used to fit the curve, that
is to say, to capture the trend of the data by assigning a single
function across the entire range. Figure 3 shows the idea.

In Figure 3, Figure 3(a) looks linear in trend, so we can
fit the curve by choosing a general form of the straight line
𝑓(𝑥) = 𝑎𝑥+ 𝑏, and then the goal is to identify the coefficients
𝑎 and 𝑏 such that𝑓(𝑥)fits the datewell, themethod to identify
the two coefficients is called as linear regression. Figure 3(b)
looks nonlinear, we use higher polynomial 𝑓(𝑥) = 𝑎𝑥

2
+

𝑏𝑥 + 𝑐, and the goal is to find out the coefficients 𝑎, 𝑏, and
𝑐 such that 𝑓(𝑥) fits the date well. It is called as nonlinear
regression compared with linear regression. In fact, there are
a lot of functions with different shapes that depend on the
coefficients. The methods to find out the best coefficients are
just called as regression analysis (RA).

Consider the general form for a polynomial with order 𝑗:

𝑓 (𝑥) = 𝑎
0
+ 𝑎
1
𝑥 + 𝑎
2
𝑥
2
+ ⋅ ⋅ ⋅ + 𝑎

𝑗
𝑥
𝑗
=

𝑗

∑

𝑘=0

𝑎
𝑘
𝑥
𝑘
. (6)

How can we choose the coefficients that best fit the curve
to the data? The idea of least squares approach is to find
a curve that gives minimum error between data 𝑦 and the
fitting curve 𝑓(𝑥). As is shown in Figure 4, we can firstly add
up the length of all the solid anddashed vertical lines and then
pick curve with minimum total error. The general expression
for any error using the least squares approach is

err =
𝑛

∑

𝑖=1

(𝑑
𝑖
)
2

= (𝑦
1
− 𝑓 (𝑥

1
))
2

+ (𝑦
2
− 𝑓 (𝑥

2
))
2

+ ⋅ ⋅ ⋅ + (𝑦
𝑛
− 𝑓 (𝑥

𝑛
))
2

.

(7)

For expression (7), wewant tominimize the error err. Replace
𝑓(𝑥) in expression (7) with the expression (6), and then we
have

err =
𝑛

∑

𝑖=1

(𝑦
𝑖
−

𝑗

∑

𝑘=0

𝑎
𝑘
𝑥
𝑘

𝑖
)

2

, (8)

where 𝑛 is the number of data points given, 𝑖 is the current
data points being summed, and 𝑗 is the polynomial order. To
find the best linemeans tominimize the square of the distance
error between line and data points. Find the set of coefficients
𝑎
0
, 𝑎
1
, . . . , 𝑎

𝑗
, that is to say, to minimize expression (8).

In Figure 4, there are four data points and two fitting
curves 𝑓1(𝑥) and 𝑓2(𝑥). Obviously, 𝑓1(𝑥) is better than
𝑓2(𝑥) because there is smaller error between the four points
and the fitting curve 𝑓1(𝑥).

To minimize expression (8), take the derivative with
respect to each coefficient 𝑎

𝑘
for 𝑘 = 0, 1, . . . , 𝑗, and set each

to zero:

𝜕 err
𝜕𝑎
0

= − 2

𝑛
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(𝑦
𝑖
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𝑖
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𝑘
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𝑘
) = 0,

𝜕 err
𝜕𝑎
1

= − 2

𝑛

∑

𝑖=1

(𝑦
𝑖
−

𝑖

∑

𝑘=0

𝑎
𝑘
𝑥
𝑘
)𝑥 = 0,
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Figure 4: Four data points and two different curves.
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(9)

Rewrite these 𝑗 + 1 equations, and put into matrix form:

(
(
(

(

𝑛 ∑𝑥
𝑖

∑𝑥
2

𝑖
⋅ ⋅ ⋅ ∑𝑥

𝑗

𝑖

∑𝑥
𝑖

∑𝑥
2

𝑖
∑𝑥
3

𝑖
⋅ ⋅ ⋅ ∑𝑥

𝑗+1

𝑖

.

.

.

∑𝑥
𝑗

𝑖
∑𝑥
𝑗+1

𝑖
∑𝑥
𝑗+2

𝑖
⋅ ⋅ ⋅ ∑𝑥

𝑗+𝑗

𝑖

)
)
)

)

(

(

𝑎
0

𝑎
1

.

.

.

𝑎
𝑗

)

)

=(

∑𝑦
𝑖

∑𝑥
𝑖
𝑦
𝑖

.

.

.

∑𝑥
𝑗

𝑖
𝑦
𝑖

).

(10)

The coefficients 𝑎
𝑘
for 𝑘 = 0, 1, . . . , 𝑗 can be solved by

matrix computation.
With the above work, we can describe the 1-dimensional

manifold 𝜓 as

𝜓 =
{

{

{

𝑥 = (𝑥
1
, . . . , 𝑥

𝑛
) ∈ 𝑅
𝑛
|
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Figure 5: Illustration of extension.

where 𝑝 is the polynomial order and 𝑎
1
and 𝑏
1
are the mini-

mum and maximum values on 𝑥
1
:

𝑎
1
= min
1≤𝑗≤𝑁

𝑥
𝑗

1
, 𝑏

1
= max
1≤𝑗≤𝑁

𝑥
𝑗

1
. (12)

In order to approximate the PS better, 𝜓 is extended by
50% along 𝑥

1
. Figure 5 shows this idea. In Figure 5, 𝜓 could

not approximate the PS very well, but its extension 𝜓 can
provide a better approximation.

Whenwe find out the coefficients 𝑎
𝑖,𝑗
(𝑖 = 1, . . . , 𝑛−1, 𝑗 =

0, . . . , 𝑝) based on least square approach above, we could
get 𝜁 in expression (2). 𝜁 is generated over 𝜓 uniformly and
randomly.

In expression (2), 𝜀 is a 𝑛-dimensional zero-mean noise
vector, and it is designed as the following description:

𝜀 = (𝜀
1
, 𝜀
2
, . . . , 𝜀

𝑛
) , (13)

where 𝜀
𝑖
is a random number between (−noise, noise). The

noise is changed from big to small as the generation goes on
because big noise can accelerate the convergence of the pop-
ulation in the early generation and small noise can maintain
the accuracy of the population in the end. Expression (14)
shows the implementation:

noise = 𝐹
0
∗ 10
𝑒
(1−maxGen/(maxGen+1−curGen))

, (14)

where maxGen is the max generation of the algorithm and
is set to be 200 and curGen is the current generation. 𝐹

0
is

set to be 0.2 when the algorithm begins. Then the noise is
changed from 0.2 to 0.02. The trends of the noise can be seen
in Figure 6. As is shown in Figure 6, the noise decreases as
the generation increases, and it will be stable after the 160th
generation.

3.4. Reproducing. It is desirable that final solutions are uni-
formly distributed on the PS. Therefore, in order to maintain
the diversity of the solution, in this paper, the new solution is
generated uniformly and randomly as follows.

Step 1. Generate a point 𝑥 from 𝜓 uniformly and randomly.
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Table 1: Test instance.

Test case Variables Objectives

𝑇1 [0, 1]
𝑛
× [0, 10]

𝑛−1

𝑓
1
(𝑥) = 𝑥
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2
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Figure 6: The trends of the noise.

Step 2. Generate a noise vector 𝜀 in expression (13).

Step 3. Return 𝑥 = 𝑥 + 𝜀.

In Step 3 of the algorithm framework of MMEA-RA, 𝑁
new solutions can be produced by repeating above all steps
𝑁 times.

3.5. Selecting. The selection procedure used in this paper is
the same in the procedure used in [5], which is based on
the nondominated sorting of NSGA-II [15]. The selection
procedure is called as NDS-selection.

The main idea of NDS-selection is to divide 𝑄 ∪ Pop(𝑡)
into different fronts 𝐹

1
, 𝐹
2
, . . . , 𝐹

𝑙
such that the 𝑗th front 𝐹

𝑗

contains all the nondominated solutions in {𝑄 ∪ Pop(𝑡)} \
(⋃
𝑗−1

𝑖=1
𝐹
𝑖
). Therefore, there is no solution in {𝑄 ∪ Pop(𝑡)} \

(⋃
𝑗−1

𝑖=1
𝐹
𝑖
) that could dominate a solution in 𝐹

𝑗
. Roughly

speaking, 𝐹
1
is the best nondominated front in 𝑄 ∪ Pop(𝑡),

and 𝐹
2
is the second best nondominated front, and so on.The

detailed procedure of NDS-selection can be found in [5].

4. Test Case

4.1. Performance Metric. In this paper, the performance
metric used to evaluate the solutions is the convergence
metric 𝛾, which is also the common performance metric in
multiobjective optimization algorithm [16].

The metric 𝛾 measures that the solutions will be conver-
gent to a known set of Pareto-optimal solutions.We find a set
of 500 uniformly solutions from the true Pareto-optimal front
in the objective space. And then to compute the minimum
Euclidean distance of each solution from chosen solutions on
the Pareto-optimal front. The average of theses distances is
used as the metric 𝛾.

4.2. General Experimental Setting. There are three algorithms
employed to solve the test instance for a comparison. These
three algorithms are RM-MEDA, NSGA-II, and MMEA-RA,
while MMEA-RA is the new algorithm proposed in this
paper.

The three algorithms are implemented by C++. The ma-
chine used in the test is Core 2 Duo (2.4GHz, 2.00GBRAM).
The experiment setting is as follows.

The number of new trial solutions generated at each
generation is set to be 100 for all tests.
The number of decision variables is set to be 30 for all
tests.
Parameter setting in RM-MEDA: the number of
cluster 𝐾 is set to be 5 in local PCA algorithm.
Parameter setting inMMEA-RA: the order is set to be
2.

We run each algorithm independently 10 times for the
test instance. The algorithms stop after a given number of
generations. The maximal number of generations in three
algorithm is 1000.

Table 1 gives the test instance [5]. In the test instance,
the feasible decision space is a hyperrectangle. There are
nonlinear variable linkages in the test case. Furthermore,
the test instance has many local Pareto fronts since its
𝑔(𝑥) has many locally minimal points. It also has some
characteristics such as concave PF, nonlinear variable linkage,
and multimodal with Griewank function.

If an element of solution 𝑥, sampled from MMEA-RA or
RM-MEDA, is out of the boundary, we simply reset its value
to a randomly selected value inside the boundary.

4.3. Performance Analysis. The evolution of the average 𝛾-
metric of the nondominated solutions for the test case is
shown in Figure 7. It should be noted that the solutions of
all three algorithms are stable when the iteration generation is
more than 300. After the solutions are stable, the convergence
values of the three algorithms are small than 0.1. Because we
adopt the average of theminimumEuclidean distance of each
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Figure 7: The evolution of the average 𝛾-metric of the nondomi-
nated solutions in three algorithms for 𝑇1.

solution fromchosen solutions as themetric 𝛾, the smaller the
convergence values, the better the convergence metric 𝛾. As
is shown by Figure 7, among the three algorithms, MEMA-
RAhas best convergence performance andNSGA-II andRM-
MEDA follow.

Figure 8 shows the final nondominated solutions and
fronts obtained by MMEA-RA on the test case. Figure 8(a) is
the result with the lowest 𝛾-metric obtained in 10 runs while
Figure 8(b) is all the 10 fronts in 10 runs. It can be seen that
the nondominated fronts with the lowest 𝛾-metric are very
close to the Pareto front, especially when 𝑓1 tends to 0 and
𝑓2 tends to 1. It can also be noted that the nondominated
solutions in every run have some small fluctuations around
the Pareto front.

The final nondominated solutions and fronts obtained by
RM-MEDA on the test case are shown in Figure 9. Similarly,
Figure 9(a) is the result with the lowest 𝛾-metric obtained in
10 runs while Figure 9(b) gives all the 10 fronts in 10 runs.
Similar to Figure 8, the nondominated solution(s) in Figures
9(a) and 9(b) are marked with red. The Pareto fronts are
marked with blue. The Pareto fronts are given in Figures 9(a)
and 9(b) only for comparing the quality of the nondominated
solutions. It can be seen that the nondominated front with
the lowest 𝛾-metric is very consistent with the Pareto front
although there are some differences between them. In partic-
ular, it should be noted that all results in 10 runs from RM-
MEDA match the Pareto front better than MMEA-RA. But
it also should be noted that there is an isolated point in the
nondominated solutions for all 10 runs in Figure 9(b), maybe
because RM-MEDA falls into a localminimum and could not
jump out.

The final nondominated solutions and fronts obtained
by NSGA-II on the test case are shown in Figure 10. Again,
Figure 10(a) means the result with the lowest 𝛾-metric

Table 2: The comparison of the running time (unit: ms).

NSGA-II RM-MEDA MEMA-RA
The running time 79.368 127.543 92.771

obtained in 10 runs and Figure 10(b) means all 10 fronts
in 10 runs. As is shown in Figure 10(a), the nondominated
front with the lowest 𝛾-metric is close to the Pareto front
but different to the result obtained by MMEA-RA. The
nondominated front with the lowest 𝛾-metric in NSGA-II
does not tend to the Pareto front very close. It does also not
match the Pareto front as good as the result obtained by RE-
MEDA. Similarly, the nondominated solutions in every run
have some small fluctuations around the Pareto front.

The running time of the three algorithms are given in
Table 2. From the point of the running time, as is shown in
Table 2, among the three algorithms, NSGA-II is the best,
then MMEA-RA follows, and RM-MEDA is the worst. This
result is consistent with themain idea of the three algorithms.
In RM-MEDA, local principal component analysis (PCA) is
used to construct the model, and it needs extra CPU time
for running local PCA at each generation. InMMEA-RA, the
least squares method is used to construct the model, and it is
easy to run the least squares by matrix computation. MMEA-
RA is slower than NSGA-II because the selection in MMEA-
RA is based on NSGA-II.

Obviously, it can be seen that the nondominated front
with the lowest 𝛾-metric obtained by MMEA-RA is the
closest to the Pareto front in the three algorithms, which
shows MMEA-RA is suitable to solve the problem with some
characteristics such as concave PF, nonlinear variable linkage,
and multimodal with Griewank function. In contrast, the
results in 10 runs from RM-MEDA mostly match the Pareto
front, which shows the performance of RM-MEDA is good in
common.

5. Conclusion

In this paper, a model-based multiobjective evolutionary
algorithm based on regression analysis (MMEA-RA) is put
forward to solve continuous multiobjective optimization
problems with variable linkages. MMEA-RAmodels a prom-
ising area whose centroid is a complete and continuous curve
described by expression (8). Because of this feature, MMEA-
RA does not need to cluster the population.The least squares
approach is simple yet enough to describe the nonlinear
principal curve using the polynomial model.

The less CPU time of MMEA-RA does not come without
a price. MMEA-RA samples points uniformly around the
PS in the decision variable space, and the centroid of the
model is not piecewise but complete curve.Thismakes it very
difficult for MMEA-RA to approximate the whole PF. The
experimental results also reveal that MMEA-RA may fail in
test instances with many local Pareto fronts.
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Figure 8: The final nondominated solutions and fronts found by MMEA-RA. (a)The result with the lowest 𝛾-metric and (b) all the 10 fronts
in 10 runs.
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Figure 9: The final nondominated solutions and fronts found by RE-MEDA. (a) The result with the lowest 𝛾-metric and (b) all the 10 fronts
in 10 runs.

The future research topics along this line should include
the following points:

(1) designing an accurate model to describe the decision
space: as the case of 3 objectives, the PS is a surface,
so expression (8) cannot solve the problems with 3
objectives right now;

(2) combining MMEA-RA with traditional genetic algo-
rithms using operators such as crossover and muta-
tion for accelerating the convergence of the algorithm;

(3) improving the method to calculate random noise
value to make the final population more convergent;

(4) considering the distribution of the solutions in
the objective space when sampling solutions from
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Figure 10: The final nondominated solutions and fronts found by NSGA-II. (a) The result with the lowest 𝛾-metric and (b) all the 10 fronts
in 10 runs.

the models to improve the performance of MMEA-
RA on the instance;

(5) incorporating effective global search techniques for
scalar optimization into MMEA-RA in order to
improve its ability for global search.
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A psychovisual experiment prescribes the quantization values in image compression.The quantization process is used as a threshold
of the human visual system tolerance to reduce the amount of encoded transform coefficients. It is very challenging to generate
an optimal quantization value based on the contribution of the transform coefficient at each frequency order. The psychovisual
threshold represents the sensitivity of the human visual perception at each frequency order to the image reconstruction. An ideal
contribution of the transform at each frequency order will be the primitive of the psychovisual threshold in image compression.
This research study proposes a psychovisual threshold on the large discrete cosine transform (DCT) image block which will be used
to automatically generate the much needed quantization tables. The proposed psychovisual threshold will be used to prescribe the
quantization values at each frequency order.The psychovisual threshold on the large image block provides significant improvement
in the quality of output images. The experimental results on large quantization tables from psychovisual threshold produce largely
free artifacts in the visual output image. Besides, the experimental results show that the concept of psychovisual threshold produces
better quality image at the higher compression rate than JPEG image compression.

1. Introduction

Most digital cameras implement a popular block transform in
image coding [1].The sequential block-based coding is a pop-
ular technique since it is compact and easy to implement. In
standard JPEG image compression, an image is compressed
by one block of 8 × 8 pixels at a time. The block-based DCT
coding has prevailed at reducing interpixel statistical redun-
dancy [2]. However, in order to achieve high compression
ratio, 8 × 8 image block size with default JPEG quantization
tables produces discontinuity of intensities among adjacent
image blocks. These discontinuities of the intensity image
between two adjacent image blocks cause a visual artifact due
to interblock correlations [3] in image reconstruction. Block
transform coding always results in blocking artifact at low bit
rate. Blocking artifact is one of the most annoying problems
[4].

The blocking effect becomes visible within smooth
regions where adjacent block is highly correlated with an

input image. Since the 8 × 8 blocks of image pixels are
coded separately, the correlation among spatially adjacent
blocks provides boundary blocks when the image is recon-
structed [5].The artifact images in the compressed output are
introduced by two factors. First, the transform coefficients
coming out of the quantization process are rounded and
then inadequately dequantized. Second, the blocking artifacts
appear by the pixel intensity value discontinuities which
occur along block boundaries [6].These blocking artifacts are
often visually observable.

This research pays a serious attention to the role of block
size in transform image coding. Referring to JPEG image
compression, the block of 8×8 image pixels based line coding
has provided a low computational complexity. Previously, a
compression scheme on 16 × 16 block has been investigated
by Pennebaker and Mitchell [7] for image compression. This
scheme does not provide an improvement on the image
compression due to lack of progress on the central processing
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unit in terms of its computing power at the time. The
larger 16 × 16 block requires an extra image buffering and
a higher precision in internal calculations. Nowadays, the
technology of the central processing unit grows rapidly in
terms of its computing power. Therefore, two-dimensional
image transform on larger blocks is now practically efficient
to operate on image compression.

In the previous research, the psychovisual threshold has
been investigated on 8×8 image block size [8–15].This paper
proposes psychovisual threshold on the large image block of
256 × 256 DCT in order to reduce significant blocking effect
within the boundary of small image block. This paper also
discusses the process and apparatus to generate 256 × 256

quantization tables via a psychovisual threshold.
The organization of this paper is as follows. The next

section provides a brief overview on a psychoacoustic model.
Section 3 discusses a brief description of the 256 × 256

discrete cosine transform. Section 4 explains the develop-
ment of psychovisual threshold on the large discrete cosine
transform in image compression. Section 5 discusses a quality
measurement on compressed output images. Section 6 shows
the experimental results of 256 × 256 quantization tables
from psychovisual threshold in image compression. Lastly,
Section 7 concludes this paper.

2. The Principle of Psychoacoustic Model
Psychoacoustics is the study on how humans perceive sound
or human hearing. Psychoacoustic studies show that the
sound can only be heard at certain or higher sound pressure
levels (SPL) across frequency order [16].The psychoacoustics
indicates that human hearing sensation has a selective sensi-
tivity to different frequencies [17]. In the noise-free environ-
ment, the human ear audibility requires different loudness
across various frequency orders. The sound loudness that
the human audibility can hear is called the absolute hearing
threshold [18] as depicted in Figure 1.

The principle of the psychoacoustic model by increment-
ing the sound pressure level one bark at a time has been used
to detect audibility of human hearing threshold. The same
principle of the psychoacoustic technique has been used to
measure the psychovisual threshold in image compression
by incrementing image frequency signal one-unit scale at a
time. A block of image signals as represented by a transform
coefficient at a given frequency is incremented one at a time
on each frequency order. A psychovisual threshold has been
conducted for image compression by calculating the just
noticeable difference (JND) of the compressed image from
the original image. This research will investigate the contri-
bution of the transformed coefficient on each frequency order
to the compressed output image. The average reconstruction
error from the contribution of the DCT coefficients in image
reconstructionwill be the primitive of psychovisual threshold
in image compression.This quantitative experiment has been
conducted on 256 × 256 image blocks.

3. Discrete Cosine Transform
The two-dimensional discrete cosine transform [19] has been
widely used in image processing applications. The DCT is
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Figure 1: The absolute threshold of hearing under quiet condition.

used to transform the pixel values to the spatial frequencies.
These spatial frequencies represent the detailed level of image
information.The standard JPEG compression uses 8×8DCT
as shown in Figure 2 in image compression.

This paper proposes a large image block of 𝑁 × 𝑁 DCT
set 𝐶
𝑛
(𝑥) of size𝑁 = 256 which can be generated iteratively

as follows:

𝐶
0
(𝑥) =

1
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,

(1)

for 𝑥 = 0, 1, 2, . . . , 𝑁−1.The first four one-dimensional 256×
256 DCT above are depicted in Figure 3 for visual purposes.

The kernel for the DCT is derived from the following
definition [20]:

𝑔 = 𝜆 (𝑢) cos (2𝑥 + 1) 𝑢𝜋

2𝑁
, (2)

where

𝜆 (𝑢) =

{{{{

{{{{

{

1

√𝑁
, 𝑢 = 0

√
2

𝑁
, 𝑢 > 0,

(3)
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for 𝑥 = 0, 1, 2, . . . , 𝑁 − 1 and 𝑢 = 0, 1, 2, . . . , 𝑁 − 1. The
definition of the two-dimensional DCT of an input image 𝐴
and output image 𝐵 is given as follows [19]:

𝐵
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= 𝛼
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(4)

for 𝑝 = 0, 1, 2, . . . ,𝑀 − 1 and 𝑞 = 0, 1, 2, . . . , 𝑁 − 1 where
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The inverse of two-dimensional DCT is given as follows:
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(6)

for 𝑝 = 0, 1, 2, . . . ,𝑀 − 1 and 𝑞 = 0, 1, 2, . . . , 𝑁 − 1.
The image input is subdivided into 𝑀 × 𝑁 blocks of image
pixels. The DCT is used to transform each pixel in the
256 × 256 image block pixel into the frequency transform
domain.The outputs of transforming 256 × 256 image blocks
of frequency signals are 65536 DCT coefficients. The first
coefficient in the upper left corner of the array basis function
is called the direct current (DC) coefficient and the rest
of the coefficients are called the alternating current (AC)
coefficients. DC coefficient provides an average value over the
256 × 256 block domain.
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Figure 3:The first four 256×256DCT of set 𝐶
𝑛
(𝑥) for 𝑛 = 0, 1, 2, 3.

4. Psychovisual Threshold on Large Discrete
Cosine Transform

In this quantitative experiment, the DCT coefficients on
each frequency order are incremented concurrently one at
a time from 1 to 255. The impact of incrementing DCT
coefficients one at a time is measured by average absolute
reconstruction error (ARE). The contribution of DCT coef-
ficients to the quality image reconstruction and compression
rate is analyzed on each frequency order. In order to develop
psychovisual threshold on 256 × 256 DCT, ARE on each
frequency order is set as a smooth curve reconstruction
error. An ideal average reconstruction error score of an
incrementing DCT coefficient on each frequency order on
luminance and chrominance for 40 real images is shown in
Figure 4.

An ideal finer curve of ARE on a given order from zero
to the maximum frequency order 510 for luminance and
chrominance channels is presented by the red curve and blue
curve, respectively.These finer curves of absolute reconstruc-
tion error are set as the psychovisual threshold on 256 ×

256 DCT. The contribution of an ideal error reconstruction
for each frequency order is determined by two factors, its
contribution to the quality on image reconstruction and the
bit rates on image compression. The smooth curve of ARE is
interpolated by a polynomial that represents the psychovisual
error threshold on 256 × 256 DCT in image compression.
With reference to Figure 4, this paper proposes the new
psychovisual thresholds on 256× 256DCT basis function for
luminance 𝑓

𝑉𝐿
and chrominance 𝑓

𝑉𝑅
which are simplified as

follows:

𝑓
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(𝑥) = − 0.0000000000001435𝑥
5

+ 0.000000000011𝑥
4
+ 0.000000046𝑥

3

− 0.000009𝑥
2
+ 0.00088𝑥 + 0.2352,
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2
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(7)

for 𝑥 = 0, 1, 2, . . . , 510, where 𝑥 is a frequency order on
256 × 256 image block. Further, these thresholds are used
to generate smoother 256 × 256 quantization values for
image compression. The 256 × 256 quantization table has 511
frequency orders from order 0 until order 510. The order 0
resides in the top left most corner of the quantization matrix
index of 𝑄(0,0). The first order represents the quantization
value of 𝑄(1,0) and 𝑄(0,1). The second order represents
𝑄(2,0),𝑄(1,1), and𝑄(0,2). For each frequency order, the same
quantization value is assigned to them.

Due to the large size of these new 256 × 256 quan-
tization values, it is not possible to present the whole
quantization matrix within a limited space in this paper.
Therefore, the 256 × 256 quantization values are presented
by traversing the quantization table on each frequency order
in zigzag pattern as shown in Table 1. Table 1 presents one-
dimensional index of quantization table on each frequency
order. Each index represents the quantization value at those
frequency orders. The new finer quantization tables from
psychovisual threshold on 256 × 256 DCT for luminance
and chrominance are shown in Tables 2 and 3, respec-
tively. The visualization of the whole quantization values
on each frequency order from the psychovisual threshold
for luminance and chrominance channels is depicted in
Figure 5.

These new finer 256 × 256 quantization tables have
been generated from the psychovisual threshold functions
in (7). Each traversing array in zigzag pattern represents the
quantization value on each quantization order from order
0 to order 510. This new smoother 256 × 256 quantization
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Figure 5: The 256 × 256DCT quantization table for luminance and
chrominance for image compression.

table for luminance is designed to take smaller value than a
quantization table for chrominance. Any slight changes on
respective frequency order in the luminance channel will
generate significantly greater reconstruction error than a
change in chrominance channel. The slight changes by the
image intensity on the luminance channel will provide visible
textures that can be perceived by human visual systems.

The contribution of the frequency signals to the recon-
struction error is mainly concentrated in the low frequency
order. Referring to Figure 1, the SPL values on frequency from
2 kHz to 5 kHz are significantly lower. These quantization
tables follow the same pattern in order to capture the
concept of the psychoacoustic absolute hearing threshold.
The quantization values from the psychovisual threshold
on chrominance channel are designed to be larger than
the quantization values on luminance channel. The human
visual system is less sensitive to the chrominance channels as
they provide significantly irrelevant image information. The
smoother quantization tables will be tested and verified in
image compression.

5. Quality Measurement

Two statistical evaluations have been conducted in this
research project to verify the performances of psychovisual
threshold in image compression. In order to gain significantly
better performance, the image compression algorithm needs
to achieve a trade-off between average bit rates and quality
image reconstruction. The conventional quality assessments
are employed in this paper. They are average absolute recon-
struction error (ARE), means square error (MSE), and peak
signal to noise ratio (PSNR).The average reconstruction error
can be defined as follows:

ARE (𝑠) = 1

MNR

𝑀−1

∑

𝑖=0

𝑁−1

∑

𝑗=0

𝑅−1

∑

𝑘=0

𝑔 (𝑖, 𝑗, 𝑘) − 𝑓 (𝑖, 𝑗, 𝑘)
 , (8)
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Table 1: The index of quantization value on each frequency order.

0 1 5 6 14 15 27 28 44 45 65 66 90 91 119 120 152 153 189 190 230 231 275
2 4 7 13 16 26 29 43 46 64 67 89 92 118 121 151 154 188 191 229 232 274 276
3 8 12 17 25 30 42 47 63 68 88 93 117 122 150 155 187 192 228 233 273 277 318
9 11 18 24 31 41 48 62 69 87 94 116 123 149 156 186 193 227 234 272 278 317 319
10 19 23 32 40 49 61 70 86 95 115 124 148 157 185 194 226 235 271 279 316 320 357
20 22 33 39 50 60 71 85 96 114 125 147 158 184 195 225 236 270 280 315 321 356 358
21 34 38 51 59 72 84 97 113 126 146 159 183 196 224 237 269 281 314 322 355 359 392
35 37 52 58 73 83 98 112 127 145 160 182 197 223 238 268 282 313 323 354 360 391 393
36 53 57 74 82 99 111 128 144 161 181 198 222 239 267 283 312 324 353 361 390 394 423
54 56 75 81 100 110 129 143 162 180 199 221 240 266 284 311 325 352 362 389 395 422 424
55 76 80 101 109 130 142 163 179 200 220 241 265 285 310 326 351 363 388 396 421 425 450
77 79 102 108 131 141 164 178 201 219 242 264 286 309 327 350 364 387 397 420 426 449 451
78 103 107 132 140 165 177 202 218 243 263 287 308 328 349 365 386 398 419 427 448 452 473
104 106 133 139 166 176 203 217 244 262 288 307 329 348 366 385 399 418 428 447 453 472 474
105 134 138 167 175 204 216 245 261 289 306 330 347 367 384 400 417 429 446 454 471 475 492
135 137 168 174 205 215 246 260 290 305 331 346 368 383 401 416 430 445 455 470 476 491 493
136 169 173 206 214 247 259 291 304 332 345 369 382 402 415 431 444 456 469 477 490 494 507
170 172 207 213 248 258 292 303 333 344 370 381 403 414 432 443 457 468 478 489 495 506 508
171 208 212 249 257 293 302 334 343 371 380 404 413 433 442 458 467 479 488 496 505 509
209 211 250 256 294 301 335 342 372 379 405 412 434 441 459 466 480 487 497 504 510
210 251 255 295 300 336 341 373 378 406 411 435 440 460 465 481 486 498 503
252 254 296 299 337 340 374 377 407 410 436 439 461 464 482 485 499 502
253 297 298 338 339 375 376 408 409 437 438 462 463 483 484 500 501

Table 2: The quantization value on each frequency order for luminance.

16 12 9 9 7 7 7 7 7 7 7 7 8 8 9 9 11 11 16 16 23 23 34
11 9 8 8 7 7 7 7 7 7 7 8 8 9 9 11 11 16 16 23 23 34 34
10 8 8 7 7 7 7 7 7 7 8 8 9 9 11 11 15 16 23 24 34 35 47
8 8 7 7 7 7 7 7 7 8 8 9 9 11 12 15 16 22 24 33 35 46 47
8 7 7 7 7 7 7 7 7 8 8 9 11 12 15 16 22 24 33 35 46 47 58
7 7 7 7 7 7 7 7 8 8 9 11 12 15 17 22 24 33 35 46 48 58 58
7 7 7 7 7 7 7 8 8 9 11 12 15 17 22 25 33 36 45 48 58 59 66
7 7 7 7 7 7 8 8 9 11 12 15 17 22 25 32 36 45 48 57 59 66 66
7 7 7 7 7 8 8 9 10 12 15 17 21 25 32 36 45 48 57 59 66 66 68
7 7 7 7 8 8 9 10 12 15 17 21 25 32 37 45 49 57 59 65 66 68 68
7 7 7 8 8 9 10 12 14 17 21 26 32 37 44 49 57 60 65 66 68 69 65
7 7 8 8 9 10 13 14 18 21 26 32 37 44 49 56 60 65 67 68 69 66 65
7 8 8 10 10 13 14 18 21 26 31 37 44 50 56 60 65 67 68 69 66 65 56
8 8 10 10 13 14 18 20 26 31 38 43 50 56 60 65 67 68 68 66 64 57 56
8 10 10 13 14 18 20 27 31 38 43 50 56 61 64 67 68 68 66 64 57 55 42
10 10 13 14 18 20 27 31 38 43 51 56 61 64 67 68 68 66 64 58 55 43 41
10 13 14 18 20 27 31 39 42 51 55 61 64 67 68 68 67 64 58 54 44 40 27
13 14 19 20 28 31 39 42 51 55 61 64 67 68 68 67 63 59 53 45 39 28 26
13 19 20 28 30 39 42 52 55 62 64 68 68 68 67 63 59 53 46 38 29 24
19 19 29 30 39 41 52 55 62 63 68 68 68 67 63 60 52 47 37 30 20
19 29 30 40 41 53 55 62 63 68 68 68 67 62 60 51 48 36 31
29 30 40 41 53 54 62 63 68 68 68 68 62 61 51 48 35 32
30 40 41 54 54 62 63 68 68 68 68 61 61 50 49 34 33
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Table 3: The quantization value on each frequency order for chrominance.

17 13 10 9 9 8 8 8 8 8 9 9 10 10 12 12 17 18 27 27 43 44 68
12 10 9 9 8 8 8 8 8 9 9 10 10 12 12 17 18 27 28 43 44 67 69
11 9 9 8 8 8 8 8 9 9 9 10 12 12 17 18 26 28 42 45 67 69 97
9 9 8 8 8 8 8 9 9 9 10 12 12 17 18 26 28 42 45 66 70 96 97
9 8 8 8 8 8 9 9 9 10 12 13 16 18 26 29 41 46 66 70 95 98 123
8 8 8 8 8 9 9 9 10 11 13 16 19 26 29 41 46 65 71 94 99 123 124
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Figure 6: Frequency distribution of the alternating current (AC) coefficients using 8×8DCTquantization (a) and 256×256DCTquantization
from psychovisual threshold (b) on luminance for 40 real images.

where the original image size 𝑀 × 𝑁 × 𝑅 refers to the three
RGB colors. The MSE calculates the average of the square of
the error defined as follows [21]:

MSE =

𝑀−1

∑

𝑖=0

𝑁−1

∑

𝑗=0

𝑅−1

∑

𝑘=0

𝑔(𝑖, 𝑗, 𝑘) − 𝑓(𝑖, 𝑗, 𝑘)

2

. (9)

The standard PSNR is used and calculated to obtain the
measure of the quality of the image reconstruction. A higher

PSNRmeans that the image reconstruction is more similar to
the original image [22]. The PSNR is defined as follows:

PSNR = 20log
10
(

Max
𝑖

√MSE
) = 10log

10
(
255
2

MSE
) , (10)

whereMax
𝑖
is themaximumpossible pixel value of the image.

Structural similarity index (SSIM), another measurement of
image quality, is a method to measure quality by capturing
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Figure 7: Frequency distribution of the alternating current (AC) coefficients using 8 × 8 default JPEG quantization tables (a) and 256 × 256

DCT quantization from psychovisual threshold (b) on chrominance for 40 real images.
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Figure 8: Zigzag order of 256 × 256 image block.

the similarity between original image and compressed image
[23]. The SSIM is defined as follows:

SSIM (𝑥, 𝑦) = [𝑙 (𝑥, 𝑦)]
𝛼

⋅ [𝑐 (𝑥, 𝑦)]
𝛽

⋅ [𝑠 (𝑥, 𝑦)]
𝛾

, (11)

where 𝛼 > 0, 𝛽 > 0, 𝛾 > 0 are parameters to adjust the
relative importance of the three components. The detailed
description is given in [23].

6. Experimental Results

This quantitative experiment has been conducted to investi-
gate the performance of a psychovisual threshold on the large
image block.The new finer 256×256 quantization tables have
been generated from the psychovisual threshold on 256×256

DCT. They are tested on 40 real and 40 graphical high
fidelity images. An input image consists of 512 × 512 colour
pixels. The RGB image components are converted to YCbCr
color space. In this experiment, each image is divided into
256 × 256 image block pixels; thus each block is transformed
into 256 × 256 DCT. The DCT coefficients are quantized by
new finer 256 × 256 quantization tables from psychovisual
threshold. The frequency distribution of the transformed
coefficients after the quantization process is summarised by
histograms in Figures 6 and 7.Thehistogramof the frequency
distribution is obtained after quantization processes. Figures
6 and 7 show a histogram of the frequency distribution
after quantization process of 8 × 8 default JPEG quantization
tables and 256 × 256 quantization tables from psychovisual
threshold for luminance and chrominance, respectively.

The compression rate focuses mainly on the contribution
of the AC coefficients to image compression performance.
The frequency coefficients after quantization process consist
of many zeros. The frequency distribution of the AC coeffi-
cients given by its histogram may predict the compression
rate. The higher zeros value on the histogram of frequency
distribution means that the image compression output pro-
vides lower bit rate to present an image.

According to Figures 6 and 7, the distribution of the
frequency coefficients after the quantization process by
smoother 256 × 256 quantization tables from psychovisual
thresholds produces significantly more zeros for both lumi-
nance and chrominance channels, respectively. These finer
quantization tables produce a smaller standard deviation on
AC coefficients from the large 256×256 image block than the
small 8 × 8 image block. Hence, it is possible to code large
transformed block using smaller number of bits for the same
image.

The 256 × 256 transform coding consists of 65535 AC
coefficients for each regular block. Most AC coefficients
are naturally small coming out of quantization process. The
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(a) (b)

Figure 9: Original baboon image (a) zoomed in to 400% (b).

(a) (b)

Figure 10: The comparison of visual outputs between 8 × 8 JPEG quantization table (a) and 256 × 256 quantization tables from psychovisual
threshold (b) zoomed in to 400%.

psychovisual threshold on large DCT determines an optimal
contribution of the AC coefficients of large transform coding.
The new 256 × 256 quantization tables from psychovisual
threshold are able to reduce down the irrelevant AC coef-
ficients. The distribution of the transform coefficients gives
an indication on how much transform coefficients will be
encoded by a lossless Huffman coding.

An average Huffman code is calculated from the quan-
tized transform coefficients. After the transformation and
quantization of 256×256 image block are over, the direct cur-
rent (DC) coefficient is separated from the AC coefficients.
The AC coefficients are listed as a traversing array in zigzag
pattern as shown in Figure 8.

Next, run length encoding is used to reduce the size of a
repeating coefficient in the sequence of the AC coefficients.
The coefficient values can be represented compactly by
simply indicating the coefficient value and the length of its

run wherever it appears. The output of run length coding
represents the symbols and the length of occurrence of the
symbols. The symbols and variable length of occurrence are
used in Huffman coding to retrieve code words and their
length of code words. Using these probability values, a set of
Huffman code of the symbols can be generated by Huffman
tree. Next, the average bit length is calculated to find the
average bit length of the AC coefficients.

There are only four DC coefficients under regular 256 ×
256 DCT.The maximum code length of the DC coefficient is
16 bits. The DC coefficients are reduced down by 4 bits. The
average bit length of the DC coefficients produces 12 bits after
the quantization process in image compression. The average
bit length of image compression based on default 8 × 8

JPEG quantization tables and the finer 256×256 quantization
tables from psychovisual threshold is shown in Table 4. The
experimental results show the new large quantization tables
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Table 4: Average bit length of Huffman code of image compression using 8 × 8 JPEG compression and 256 × 256 JPEG compression using
psychovisual threshold for 40 real images and 40 graphical images.

Average bit length of Huffman code 8 × 8 JPEG compression 256 × 256 JPEG compression
40 real images 40 graphic images 40 real images 40 graphic images

DC luminance 5.7468 5.6722 12 12
DC chrominance Cr 2.7941 3.8663 12 12
DC chrominance Cb 3.1548 4.0730 12 12
AC luminance 2.8680 2.9653 2.3031 2.6582
AC chrominance Cr 2.0951 2.5059 1.2931 2.1450
AC chrominance Cb 2.1845 2.5158 1.3656 2.1855

Table 5:The average image reconstruction error using 8× 8 JPEG compression and 256× 256 JPEG compression using psychovisual threshold
for 40 real images and 40 graphical images.

Image measurement 8 × 8 JPEG compression 256 × 256 JPEG compression
40 real images 40 graphic images 40 real images 40 graphic images

ARE 5.535 5.648 5.074 5.050
MSE 70.964 92.711 51.841 59.625
PSNR 31.190 31.636 32.363 33.421
SSIM 0.956 0.957 0.961 0.960

from psychovisual threshold produce a lower average bit
length of Huffman code than the default JPEG quantization
tables.

The DCT coefficients from a large image block have
been greatly discounted by quantization tables in image
compression. An optimal amount of DCT coefficients is
investigated by reconstruction error and average bit length
of Huffman code.The effect of incrementing DCT coefficient
has been explored from this experiment. The average recon-
struction error from incrementingDCT coefficients ismainly
concentrated in the low frequency order of the image signals.

The new 256 × 256 quantization table from the psychovi-
sual threshold produces a lower average bit length ofHuffman
code in image compression as shown in Table 4. At the same
time, the compressed output images produce a better quality
image reconstruction than the regular 8 × 8 default JPEG
quantization tables as listed in Table 5. The new design on
quantization tables from psychovisual threshold performs
better by producing higher quality in image reconstruction
at lower average bit length of Huffman code.

The average bit size of image compression as presented
in Table 6 shows that the finer 256 × 256 quantization tables
from psychovisual threshold use fewer bits. Therefore, the
compression ratio of the difference between a compressed
image from the new large quantization table and the original
image produces a higher compression ratio than standard
JPEG image compression as shown in Table 7. In order to
observe the visual quality of the output image, a sample of
original baboon right eye is zoomed in to 400% as depicted
on the right of Figure 9.

The image compression output of 256 × 256 quantization
table from psychovisual threshold is shown on the right of
Figure 10. A visual inspection on the output image using
256 × 256 quantization tables from psychovisual threshold

produces the richer texture on the baboon image. The
psychovisual threshold on 256 × 256 image block gives an
optimal balance between the fidelity on image reconstruction
and compression rate. The experimental results show that
the psychovisual threshold on large DCT provides minimum
image reconstruction error at lower bit rates.The JPEG image
compression output as depicted on the left of Figure 10
contains artifact image or blocking effect under regular 8 × 8

block transform coding. At the same time, the smoother 256×
256 quantization tables from psychovisual threshold manage
to overcome the blocking effects along the boundary blocks.
These finer 256 × 256 quantization tables from psychovisual
threshold provide high quality image with fewer artifact
images. The psychovisual threshold is practically the best
measure of an optimal amount of transform coefficients to
the image coding.

7. Conclusion

This research project has been designed to support large
block size in a practical image compression operation in the
near future. A step-by-step procedure has been developed
to produce psychovisual threshold on 256 × 256 block
transform. The use of the psychovisual threshold on a large
image block is able to overcome the blocking effect or artifact
image which often occurs in standard JPEG compression.
The psychovisual threshold on discrete transform has been
used to determine an optimal amount of frequency transform
coefficients to code by generating themuch needed quantiza-
tion tables. Naturally, a frequency transform on large image
block is capable of reducing redundancy and better exploiting
pixel correlation within the image block. The new set of
quantization tables from psychovisual threshold produces
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Table 6: The average bit size of 8 × 8 JPEG compression and 256 × 256 JPEG compression using psychovisual threshold.

8 × 8 JPEG compression 256 × 256 JPEG compression
40 real images 40 graphic images 40 real images 40 graphic images
230.997Kb 258.394Kb 158.792Kb 223.652Kb

Table 7: The average compression ratio score of 8 × 8 JPEG compression and 256 × 256 JPEG compression using psychovisual threshold.

8 × 8 JPEG compression 256 × 256 JPEG compression
40 real images 40 graphic images 40 real images 40 graphic images
3.3247 2.9722 4.8365 3.4339

better performance than JPEG image compression. These
quantization tables from psychovisual threshold practically
provide higher quality images at lower bit rate for image
compression application.
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This paper puts forward a prediction model based on membrane computing optimization algorithm for chaos time series; the
model optimizes simultaneously the parameters of phase space reconstruction (𝜏,𝑚) and least squares support vectormachine (LS-
SVM) (𝛾, 𝜎) by using membrane computing optimization algorithm. It is an important basis for spectrum management to predict
accurately the change trend of parameters in the electromagnetic environment, which can help decisionmakers to adopt an optimal
action.Then, themodel presented in this paper is used to forecast band occupancy rate of frequencymodulation (FM) broadcasting
band and interphone band. To show the applicability and superiority of the proposed model, this paper will compare the forecast
model presented in it with conventional similar models. The experimental results show that whether single-step prediction or
multistep prediction, the proposed model performs best based on three error measures, namely, normalized mean square error
(NMSE), root mean square error (RMSE), and mean absolute percentage error (MAPE).

1. Introduction

Chaotic time series is a kind of nonlinear dynamic phe-
nomenon between certainty and randomness, in which Lya-
punov exponent is adopted to decide whether a time series is
chaos or not; that is, the time series is chaotic if its Lyapunov
exponent is greater than zero [1]. Because it can be widely
applied in real life, such as in the network traffic, earthquake
prediction, and weather forecasting [2–5], chaotic time series
prediction has become a hot spot, and many interesting
results have been provided by a lot of researchers in recent
years [6, 7].

Initially, the traditional statistical fitting methods, such
as autoregressive (AR), moving average (MA), and autore-
gressive moving average (ARMA) models, have been used in
chaotic time series prediction. However, due to the inherent
linearity assumptions, the above conventional mathematical
tools are not well suited for dealing with ill-defined and
uncertain systems. With the recent development in chaos
theory, numerous nonlinear systems have been identified to
be chaotic despite their random behaviors, in which the local

model is an important method for chaotic time series; the
method projected chaotic time series into amultidimensional
phase space, which is then divided into several subspaces
where the mapping function is approximated by means
of local approximation [8–10]. Chaotic time series predic-
tion based on nonlinear systems shows in general superior
performance over the traditional statistical fitting methods.
As another alternative in dealing with nonlinear systems,
support vectormachine (SVM)was proposed in [11, 12] based
on the principles of the statistical VC (Vapnik Chervonenkis)
dimensional theory and structural risk minimization. SVM
can better solve problems such as nonlinear, dimension
disaster, and good performance for the small sample. It will
be widely used in face recognition, speech recognition [13–
15], and so forth. Because of its universal approximation capa-
bilities, recently, least squares support vector machine (LS-
SVM) [16] is applied to predict chaotic time series [17, 18]. In
the model, firstly, the phase space reconstruction technique
of chaotic theory is used to reconstruct the nonlinear data;
then the least squares support vector machine regression is
applied in multidimensional phase space.
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Figure 1: The flow chart of chaotic time series prediction.

Formally, phase space reconstruction method is suc-
ceeded by delay time and embedding dimension; that is, for
a given time series 𝑥

1
, . . . , 𝑥

𝑛−1
, 𝑥
𝑛
(𝑛 is the number of the

data), by using delay time and embedding dimension, the
phase points after reconstruction of the time series are 𝑋

𝑖
=

[𝑥
𝑖−(𝑚−1)𝜏

, . . . , 𝑥
𝑖−𝜏
, 𝑥
𝑖
] (𝑖 = 1, . . . ,𝑀−1,𝑀), where 𝜏 is delay

time, 𝑚 is embedding dimension, and 𝑀 is the number of
phase space points [19]. Accordingly, the prediction value of
next time 𝑡 + 1 based on LS-SVM can be expressed as

𝑥
𝑡+1
= 𝑓 (𝑋

𝑡
) , (1)

where 𝑓(⋅) is regression estimates function.
In applications, there are two key problems in the pre-

diction model based on LS-SVM. One is the choice of delay
time (𝜏) and embedding dimension (𝑚) in the process of
phase space reconstruction. Another is the selection of kernel
function and its relevant parameters [20]. The phase space
reconstruction is used to express out the trace of the evolution
of chaotic time series without singular; namely, chaotic time
series is projected into a multidimensional phase space.
Kernel function is associated with learning and modeling
for the data set of phase space reconstruction to forecast
accurately the future value. A large number of studies have
shown that the selection of delay time (𝜏) and embedding
dimension (𝑚) in phase space reconstruction has a direct
impact on prediction results of chaotic time series [21]. If 𝜏
is too small in the delay neighbor element of the phase space,
there will be information redundancy. If it is too big, 𝜏 leads
to loss of information; the track of signals will occur folding
phenomenon. Similarly, if 𝑚 is too small, it is not enough to
show the detailed structure of chaotic systems. If𝑚 is too big,
the calculationwill become complicated and cause the impact
of noise.

LS-SVM learning performance is largely dependent on
the choice of kernel function. A large number of studies have
shown that, with the lack of a priori knowledge of specific
issues, the overall performance of the radial basis kernel
function model is better than other kernel function models
and hence this paper selects the radial basis kernel function
as the kernel function of LS-SVM. So in the model, there are
two parameters (cost factor (𝛾) and kernel parameter (𝜎)) that
need to be identified; cost factor 𝛾 is generally used to control
the model complexity and compromise of approximation
error, which is commonly in [1, 1000]. Kernel parameter
𝜎 reflects the structure of high-dimensional feature space
and affects the generalization ability of the system; when
the value of 𝜎 is too small, it will occur over-learning
phenomenon and poor generalization, while the value of 𝜎 is
too large, it will emerge less learning phenomenon; the range

of 𝜎 is in [0.1, 10000] [22]. Currently, there are mainly two
ideas for optimization of the parameters of the phase space
reconstruction (𝜏, 𝑚) and LS-SVM (𝛾, 𝜎). One is that the
parameters were optimized separately as shown in Figure 1,
in which, firstly, optimal delay time (𝜏) and embedding
dimension (𝑚) in the phase space are selected independently
[19, 23–28] or at the same time [27, 29, 30]; then parameters
𝛾 and 𝜎 of the LS-SVM are selected by gradient descent
method [31], genetic algorithm (GA) [32] or particle swarm
optimization (PSO) [33], and so forth. Another idea is to
optimize jointly the parameters, that is, the parameters (𝜏,𝑚,
𝛾, 𝜎) as a whole to carry on the optimization [34].

Membrane systems presented in [35], also called 𝑃

systems, are bioinspired computing models belonging to a
broader family of so-called biological or natural computing
[36, 37], which is a distributed and parallel computing model
with hierarchy. Recently, membrane systems are widely used
in many fields, such as in gasoline blending scheduling, radar
emitter signals analyzing, and images skeletonizing [38–40].
This paper uses a membrane computing (cell-like membrane
computing optimization algorithm) to optimize simultane-
ously the parameters of the phase space reconstruction and
LS-SVM (namely, 𝜏,𝑚, 𝛾, and 𝜎). It is an important basis for
spectrummanagement to predict accurately the change trend
of parameters in the electromagnetic environment, which can
help decision makers to develop an optimal action program.
Then, using themodel presented in this paper to predict band
occupancy rate of frequency modulation (FM) broadcasting
band and interphone band.

The rest of this paper is organized as follows. Section 2
briefly reviews phase space reconstruction, LS-SVM regres-
sion, and membrane computing. Section 3 introduces specif-
ically the algorithm of parameters joint optimization about
prediction model. In Section 4 the prediction model pre-
sented in this paper will be used to predict the parameters
of electromagnetic environment. Conclusions are given in
Section 5.

2. Preliminaries

2.1. Phase Space Reconstruction and LS-SVM Regression. Let
the time series be {𝑥

1
, . . . , 𝑥

𝑛−1
, 𝑥
𝑛
}; after the phase space

reconstruction, the points in phase space can be expressed as
[41, 42]

𝑋
𝑖
= (𝑥
𝑖
, . . . , 𝑥

𝑖+(𝑚−2)𝜏
, 𝑥
𝑖+(𝑚−1)𝜏

) (𝑖 = 1, . . . ,𝑀 − 1,𝑀) ,

(2)

where𝑀 = 𝑛− (𝑚− 1)𝜏 is the number of phase space points,
𝜏 denotes the delay time, and𝑚 is embedding dimension.
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Assume the given 𝑙 samples data {(𝑋
𝑖
, 𝑦
𝑖
) | 𝑖 = 1, . . . , 𝑙 −

1, 𝑙}, where 𝑋
𝑖
∈ 𝑅
𝑑 is the sample input, 𝑦

𝑖
∈ 𝑅 is the sample

output.The regression principle of LS-SVM can be explained
as follows:

𝑦 (𝑋) = 𝜔
𝑇
Φ (𝑋) + 𝑏, (3)

where Φ(⋅) is a nonlinear mapping from the input space to
the feature space, 𝜔 is a vector of weight coefficients, and 𝑏 is
a bias constant.

The optimal hyperplane will be determined by the maxi-
mum geometry interval. Hence the LS-SVR problem can be
transformed as follows [43]:

min 𝐽 (𝜔, 𝜁) =
1

2
𝜔
𝑇
𝜔 +

1

2
𝛾

𝑙

∑

𝑖=1

𝜁
𝑖
,

s.t., 𝑦
𝑖
= 𝜔
𝑇
Φ(𝑋
𝑖
) + 𝜁
𝑖
+ 𝑏, 𝑖 = 1, . . . , 𝑙 − 1, 𝑙,

(4)

where 𝜁
𝑖
are the error variables and 𝛾 is hyperparameter.

The process of finding the optimal decision function is to
determine the process parameters 𝜔 and 𝑏.

Introducing Lagrange multipliers, one can establish
Lagrange functions as follows:

𝐿 =
1

2
𝜔
𝑇
𝜔 +

1

2
𝛾

𝑙

∑

𝑖=1

𝜁
𝑖
−

𝑙

∑

𝑖=1

𝛼
𝑖
(𝜔
𝑇
Φ(𝑋
𝑖
) + 𝜁
𝑖
+ 𝑏 − 𝑦

𝑖
) , (5)

where 𝛼
𝑖
(𝑖 = 1, . . . , 𝑙 − 1, 𝑙) are the Lagrange multiplier. The

conditions for optimality are given by

𝜕𝐿

𝜕𝜔
= 0,

𝜕𝐿

𝜕𝑏
= 0,

𝜕𝐿

𝜕𝜁
𝑖

= 0,
𝜕𝐿

𝜕𝛼
𝑖

= 0. (6)

After elimination of the variables 𝜔 and 𝜁, a set of linear
equations can be obtained:

(
0 𝐼

𝑇

𝐼

Ω + 𝛾

−1
𝐼
)(

𝑏

𝛼
) = (

0

𝑌
) , (7)

where 𝐼 = (1, . . . , 1, 1)
𝑇
∈ 𝑅
𝑙, 𝐼 ∈ 𝑅

𝑙×𝑙 denotes a unit
matrix, 𝛼 = (𝛼

1
, . . . , 𝛼

𝑙−1
, 𝛼
𝑙
)
𝑇, 𝑌 = (𝑦

1
, . . . , 𝑦

𝑙−1
, 𝑦
𝑙
)
𝑇, and

Ω
𝑖,𝑗
= Φ(𝑋

𝑖
)
𝑇
Φ(𝑋
𝑗
) (𝑖, 𝑗 = 1, . . . , 𝑙 − 1, 𝑙).

Then, LS-SVM regression model is expressed as

𝑓 (𝑋) =

𝑙

∑

𝑖=1

𝛼
𝑖
Φ(𝑋
𝑖
)
𝑇

Φ(𝑋
𝑗
) + 𝑏. (8)

The mapping function Φ(⋅) can be paraphrased by a kernel
function 𝐾(⋅, ⋅) because of the application of Mercer’s theo-
rem, whichmeans that𝐾(⋅, ⋅) (𝑖 = 1, . . . , 𝑙−1, 𝑙) are any kernel
functions satisfying the Mercer condition, and the Mercers
condition has been applied:

𝐾(𝑋
𝑖
, 𝑋
𝑗
) = Φ (𝑋

𝑖
)
𝑇

Φ(𝑋
𝑗
) (𝑖, 𝑗 = 1, . . . , 𝑙 − 1, 𝑙) . (9)

This finally results in the following LS-SVM model for
function regression:

𝑓 (𝑋) =

𝑛

∑

𝑖=1

𝛼
𝑖
𝐾(𝑋,𝑋

𝑖
) + 𝑏. (10)

As shown in Figure 1, the prediction model of phase
space reconstruction and LS-SVM regression mainly has two
steps. First, select the delay time (𝜏), embedding dimension
(𝑚), and LS-SVM parameters (𝛾 and 𝜎). The phase space
reconstruction technique is used to determine the training
sample pairs based on the parameters 𝜏 and 𝑚 which are
determined. Assuming the time series is {𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑁+1
},

the training sample set of attributes is as follows:

𝑅 = (

𝑥
1

𝑥
1+𝜏

⋅ ⋅ ⋅ 𝑥
1+(𝑚−1)𝜏

𝑥
2

𝑥
2+𝜏

⋅ ⋅ ⋅ 𝑥
2+(𝑚−1)𝜏

.

.

.
.
.
.

.

.

.
.
.
.

𝑥
𝑁−(𝑚−1)𝜏

𝑥
𝑁−(𝑚−1)𝜏+𝜏

⋅ ⋅ ⋅ 𝑥
𝑁−(𝑚−1)𝜏+(𝑚−1)𝜏

).

(11)

The training sample set of labels is 𝐴 =

(𝑥
1+(𝑚−1)𝜏+1

, 𝑥
2+(𝑚−1)𝜏+1

, . . . , 𝑥
𝑁+1

)
𝑇. Second, predict future

point 𝑥
𝑖
in the future. Select the attribute sample of the

previous time as input in the phase space and use the trained
LS-SVMmodel to obtain the predicted value of the moment.

2.2. Membrane Computing. Membrane computing (namely,
𝑝 systems) arises as a newmodel of computation, inspired by
the way that cells are structured into vesicles and abstracting
the chemical reactions taking place inside them [44]. It is a
branch of molecular computing that aims to develop models
andparadigms that are biologicallymotivated.There has been
a flurry of research activities in this area in recent years
[45]. Because of the built-in nature of maximal parallelism
inherent on the models, 𝑝 systems have a great potential for
implementing massively concurrent systems in an efficient
way that would allow us to solve currently intractable prob-
lems.

A membrane system with degree 𝑑 (𝑑 > 0) can be
expressed as

∏ = (𝑉, 𝑇, 𝐶, 𝜇,𝑊
1
, . . . ,𝑊

𝑑
, (𝑅
1
, 𝜌
1
) , . . . , (𝑅

𝑑
, 𝜌
𝑑
)) , (12)

where 𝑉 is an alphabet, whose elements are called objects,
𝑇 denotes the output alphabet, 𝐶 is a catalyst, which does
not exhibit any change in the course of evolution, but some
reaction must have its participation, 𝜇 is the membrane
structure, which can be shown by [],𝑊

𝑖
denotes multiple sets

of objects in the membrane structure, and (𝑅
𝑖
, 𝜌
𝑖
) are the set

of rules, in which 𝑅
𝑖
and 𝜌
𝑖
denote rule and the priority of the

rule, respectively.
In general, 𝑝 system contains three core elements: mem-

brane structure, object multiple sets, and evolution rules. A
membrane system with givenmembrane structure, evolution
rules, and decided objects will be performed in the form of
nondeterministic and maximum parallel for the evolution
rules. When all the objects are exhausted, the rules are no
longer executed, the system downtime. A typical membrane
system consists of cell-likemembranes placed inside a unique
“skin” membrane. Multisets of objects—usually strings of
symbols—and a set of evolution rules are placed inside the
regions delimited by the membranes. Each object can be
transformed into other objects, can pass through a mem-
brane, or can dissolve or create membranes. The evolution
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Figure 2: Simple membrane structure diagram.

between system configurations is done nondeterministically
by applying the rules in parallel for all objects able to evolve
[46]. As shown in Figure 2, a simple membrane structure
diagram can be shown by [[[]

3
]
2
[]
4
]
1
. The skin membrane,

which is the outermost membrane of this structure, separates
the system from its environment. Several membranes, each of
which defines a region, are placed inside the skin membrane.
Elementary membranes do not contain any membrane. Each
region forms a different compartment of the membrane
structure and contains a multiset of objects or membranes.
Where ℎ and 𝑑 denote objects, ℎ → ℎℎ and 𝑑 → 𝑑𝑦 are
rules.

3. Parameters Joint Optimization Algorithm
Based on Membrane Computing

The optimization algorithm based on cell-like membrane
computing is an important branch of membrane computing.
It is an intelligent optimization algorithm inspired by the
mechanism and the function of biological cells and based
on the existing framework of membrane computing. The
steps generally are membrane structure establishment, the
objects generation and evolution, and so forth. Shown in
Figure 3 is the structure of P-LSSVM prediction model,
with the initial objects as initial parameters of prediction
model; these parameters are substituted into the phase space
reconstruction and LS-SVM model. Then, parameters joint
optimization algorithm based on membrane computing is
used to decide the best combination of parameters. Algo-
rithm specific process is as shown in Figure 3.

3.1.The Establishment of the Cellular Membrane Structure and
the Generation of Objects. As shown in Figure 4, this paper
adopts two layers structure for membrane, a skin contains 𝐵
basic membrane, generate initial objects in each membrane.
Generally, 𝑝 system uses character or character string to
encode, real number encoding are adopted in here, which can
reduce the trouble of decode. For instance,𝑂 = (𝑜

1
, 𝑜
2
, 𝑜
3
, 𝑜
4
),

where 𝑂 is an object and 𝑜
1
, 𝑜
2
, 𝑜
3
, and 𝑜

4
denote 𝜏, 𝑚,

𝛾, and 𝜎, respectively. We see each object as a solution
of the optimization problem. Evolution of each membrane
according to its own rules, all the membrane are executed in

parallel.The final optimal results are output through the skin,
that is, the optimal solution.

3.2. Construct the Fitness Function. The goal of cell-like
membrane computing optimization algorithm is to find the
most suitable combination of parameters (𝜏, 𝑚, 𝛾, and 𝜎)
in order to establish the optimal forecasting model. In this
paper, we used the rootmean square prediction error (RMSE)
to construct the fitness function. That is, 𝑓 = 1/RMSE,
RMSE = √(1/𝑍)∑𝑍

𝑖=1
(𝑦
𝑖
− 𝑦
𝑖
)2, where𝑍 denotes the number

of prediction points and 𝑦
𝑖
, 𝑦
𝑖
represent the real values and

predicted values, respectively.

3.3. Operation Rules. The basic rules of cellular membrane
computing optimization method are selection, crossover,
mutation, and communication [47]. The specific form is as
follows.

(1) Selection rule: the rule of selection copies the objects
to the next generation according to the size of the string. The
size of the string is not the three-dimensional size of particles
in biological cells but the value of the fitness function. Here,
wheel disk method is used to select objects to the next
generation.

(2) Crossover rule: for any two objects 𝑂
𝑖

=

(𝑜
𝑖1
, 𝑜
𝑖2
, 𝑜
𝑖3
, 𝑜
𝑖4
) and 𝑂

𝑗
= (𝑜

𝑗1
, 𝑜
𝑗2
, 𝑜
𝑗3
, 𝑜
𝑗4
), use cross

rule to obtain new object 𝑂
𝑘
= (𝑜
𝑘1
, 𝑜
𝑘2
, 𝑜
𝑘3
, 𝑜
𝑘4
):

𝑜
𝑘1
= 𝑟 × 𝑜

𝑖1
+ (1 − 𝑟) × 𝑜

𝑗1
,

𝑜
𝑘2
= 𝑟 × 𝑜

𝑖2
+ (1 − 𝑟) × 𝑜

𝑗2
,

𝑜
𝑘3
= 𝑟 × 𝑜

𝑖3
+ (1 − 𝑟) × 𝑜

𝑗3
,

𝑜
𝑘4
= 𝑟 × 𝑜

𝑖4
+ (1 − 𝑟) × 𝑜

𝑗4
,

(13)

where 𝑟 is a random number in (0, 1).
(3) Mutation rule: in evolution, according to a certain

mutation probability, replace the worst 𝑡 objects with ran-
domly generated 𝑡 objects. Mutating rule is described as
follows:

𝑅
𝑖,mutation : [𝑞min 1, 𝑞min 2, . . . , 𝑞min 𝑡]𝑖

→ [𝑞init1, 𝑞init2, . . . , 𝑞init𝑡]𝑖 ,
(14)

where []
𝑖
denotes membrane 𝑖, 𝑞min 1, 𝑞min 2, . . . , 𝑞min 𝑡 are 𝑡

objects where fitness is the smallest in membrane 𝑖, and
𝑞init1, 𝑞init2, . . . , 𝑞init𝑡 are randomly generated 𝑡 objects.

(4)Communication rule: each membrane 𝑖will transport
the best 𝐿 objects out of the membrane, while the best 𝐿
objects of foreign membrane are brought into the membrane
𝑖 [48]. This rule can be expressed as follows:

𝑅
𝑖,communication = 𝑅𝑖,communication1 ∪ 𝑅𝑖,communication2,

𝑅
𝑖,communication1 : [𝑞max 1, 𝑞max 2, . . . , 𝑞max𝐿]𝑖

→ []𝑖 𝑞max 1, 𝑞max 2, . . . , 𝑞max𝐿,
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𝑅
𝑖,communication2 : []𝑖 𝑞



max 1, 𝑞


max 2, . . . , 𝑞


max𝐿

→ [𝑞


max 1, 𝑞


max 2, . . . , 𝑞


max𝐿]𝑖 ,

(15)

where []
𝑖
denotesmembrane 𝑖, 𝑞max 1, 𝑞max 2, . . . , 𝑞max𝐿 are the

best 𝐿 objects in membrane 𝑖, and 𝑞max 1, 𝑞


max 2, . . . , 𝑞


max𝐿 are
the best 𝐿 objects out of membrane 𝑖.

3.4. Parameters Joint Optimization Algorithm Specific Steps
in P-LSSVM Model. First of all, generate the initial objects
as initial parameters of prediction model; then apply evo-
lutionary rules to evolve until the stop conditions are met;
all membranes are operating in parallel. Finally, output the
fitness of the best object by the skin membrane, that is, the
optimal solution. Specifically, consider the following.

Step 1. Initialize parameters and build cellular membrane
structure.

(1) Initialization: the number of elementary membranes
is 𝐵, the number of objects in eachmembrane is𝐺, the largest
number of iterations is Max𝑇, crossover probability is 𝑃

𝑐
,

mutation probability is 𝑃
𝑚
, and the current iteration number

is 𝑘, and so forth.
(2) Create membrane structure as shown in Figure 4,

generating randomly 𝐺 objects in each membrane; each
object represents a set of parameters’ combination, expressed
in decimal coding.

Step 2. Optimize each membrane in turn.
(1) Every object in the membrane as a set of parameters

(𝜏, 𝑚, 𝛾, and 𝜎) of P-LSSVM model; calculate the fitness of
each object by training data and save the optimal object and
its fitness.

(2) Use the reproduction, crossover, and mutation rules
to evolve.

Step 3. Make use of communication rules; each membrane
will transport the best 𝐿 objects out of the membrane; at the
same time, the best 𝐿 objects outside the membrane will be
shipped into the membrane.

Step 4. Determine whether the termination condition is
satisfied, that is, whether it reaches the maximum number
of iterations, when the number of iterations is less than the
maximum number of iterations to continue iteration or stop
iteration.

Step 5. Theoptimal object is output from the skinmembrane.

4. Electromagnetic Environment Parameters
Predictions Based on P-LSSVM Model

Electromagnetic spectrum is a fundamental strategic
resource to support the national economy and national
defense construction, along with the rapid development of
information technology and it is widely used in various fields
such as economic development, national defense constru-
ction, and social life [49]. Strategic value and basic role
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increasingly highlight in the electromagnetic spectrum, with
frequency contradictions increasingly prominent between
countries, departments, and military and space businesses
[50]. It is an important basis for spectrum management to
control comprehensively the change trend of parameters
in the electromagnetic environment of country or region
[51]. It is the basis to master the frequency information
for the frequency planning, frequency allocation, and
sharing service frequency recovery work. The situation
of electromagnetic environment can be reflected by the
electromagnetic environment indicator parameters; these
parameters mainly include band occupancy rate, channel
occupancy rate, large-signal ratio, frequency offset, and the
field strength. A large number of experiment shown that time
series data with chaotic in the electromagnetic environment.
Hence, we used the proposed predictionmodel to predict the
indicator parameters of the electromagnetic environment.
The experimental results show that the prediction model
proposed in this paper is reasonable and effective.

Here, we chose the band occupancy rate to do the test.
Band occupancy rate is calculated as follows: extracting all
the signal points in the spectrum data, the signals point
are merged with distance less than bandwidth by the below
formula to calculate the band occupancy rate (OccupyFreband):

OccupyFreband =
𝑆
𝑛
∗ 𝐹
𝑤

𝐹end − 𝐹begin
, (16)

where 𝑆
𝑛
denotes the total number of signals judged, 𝐹

𝑤
is

necessary bandwidth in this band for the type of specified
business, 𝐹begin is the start frequency point, and 𝐹end is the
cutoff frequency point.

4.1. Experimental Data Sources. In this paper, we adopt
digital receiver EM100whichwas provided byGermanRohde
& Schwarz Company and fixed radio monitoring station
of Xihua University to collect data for the experiment. We
collected data including frequency modulation (FM) broad-
casting band and interphone band. As shown in Figures 5 and
6, in which the vertical axis denotes band occupancy rate, the
horizontal axis represents the collection time, and left picture
shows the data of band occupancy rate in FM broadcasting
band, we collected for 680 hours, that is, obtaining 680
pieces of data. Right figure indicates acquisition data of
band occupancy rate in interphone band; we continuously
collected for 187 hours, that is, gaining 187 pieces of data. In
order to facilitate narration, here we put the band data of FM
broadcasting band and interphone band, denoted by “data
set 1” and “data set 2,” respectively. Use the method of small
amount of data to calculate the maximum Lyapunov index
of two groups of data which are 𝜆

1
= 0.126 and 𝜆

2
= 0.14,

respectively, which show the time series with chaos.

4.2. Data Preprocessing. This paper mainly uses the Grubbs
criteria to deal with the abnormal data; the method is as
follows: let 𝑞(ℎ, 𝑑) be the sequence of the collected data,
with the time interval between two data collections 𝑡 = 1

hour, where ℎ = 0, . . . , 22, 23 denote 24 hours of a day,
𝑑 = 1, . . . , 𝐻 − 1,𝐻 represents date code in total days of data
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Figure 5: Band occupancy rate data of FM radio band.
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Figure 6: Band occupancy rate data of interphone band.

collection𝐻, and 𝑞 denotes the collected data. Using data set
denoted by 𝑄 = 𝑞

1
, 𝑞
2
, . . . , 𝑞

𝑡
, . . ., for each time point ℎ, we

can get the expectation and variance of data sequence 𝑞(ℎ, 𝑑);
the formula is as follows:

𝐸 (ℎ) =
1

𝑆

𝑆

∑

𝑘=1

𝑞 (ℎ, 𝑑) ,

𝐷 (ℎ) = 𝜎
2

𝑖
=
1

𝑆

𝑆

∑

𝑘=1

[𝑞 (ℎ, 𝑑) − 𝐸 (ℎ)]
2

,

(17)

where 𝑆 denotes the length of a unit.
According to the above two formulas, combined with

Grubbs criteria, if the sample point meet to
𝑞 (ℎ, 𝑑) − 𝐸 (ℎ)

 ≥ 𝐺 (𝑛, 𝜀) 𝜎𝑖. (18)

The sample point should be removed, where 𝐺(𝑛, 𝜀) is the
critical value of Grubbs criteria; it can be obtained by looking
at Grubbs table; 𝜀 denotes the significance level; usually
significance level 𝜀 = 0.05.

The Grubbs criteria are used to deal with “data set 1” and
“data set 2,” respectively. For the “data set 1” after processing
with Grubbs criteria, the remaining 653 pieces of data, we use
the front 600 pieces of data as the training data, determining
the best parameters combination, and the surplus 53 pieces of
data as test data, testing the prediction accuracy of themodel.
For the “data set 2” after processing with Grubbs criteria, the
remaining 180 pieces of data, we use the front 150 pieces of
data as the training data, determining the best parameters
combination, and the surplus 30 pieces of data as test data,
testing the prediction accuracy of the model.

4.3. Reference Model and Evaluation Criteria. In order to
verify the validity of the model, this paper will compare
the prediction model (P-LSSVM) proposed in this paper
with conventional similar prediction model. The first ref-
erence model is the parameters joint optimization based
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on genetic algorithm for chaos time series prediction (GA-
LSSVM) [34]. The second reference model uses the mutual
information method and Cao method to get the best delay
time 𝜏 and embedding dimension 𝑚, respectively. And then
use grid search method to obtain LS-SVM parameters (𝛾
and 𝜎) (denoted as M-C-LSSVM) [19]. The third reference
model uses the mutual information method and false nearest
neighbor method to calculate the optimal delay time 𝜏 and
embedding dimension𝑚, respectively. And then, use genetic
algorithm to get the optimal combination parameters of LS-
SVM (𝛾 and 𝜎) (denoted as M-F-LSSVM) [27]. The fourth
reference model uses C-Cmethod to seek simultaneously the
best delay time 𝜏 and embedding dimension 𝑚. Then the
optimal parameters of LS-SVM (𝛾 and 𝜎) by using genetic
algorithm (denoted as C-C-LSSVM) [27, 52].

Meanwhile, this paper uses three evaluation criteria:
normalized mean square error (NMSE), root mean square
error (RMSE), and mean absolute percentage error (MAPE).
NMSE, RMSE, and MAPE are defined, respectively, as fol-
lows:

NMSE = 1

𝜎2𝑍

𝑍

∑

𝑖=1

(𝑦
𝑖
− 𝑦
𝑖
)
2
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2
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1

𝑍 − 1

𝑍
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(𝑦
𝑖
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2

,

𝑦 =
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𝑦
𝑖
,

RMSE = √ 1

𝑍

𝑍
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(𝑦
𝑖
− 𝑦
𝑖
)
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,

MAPE = 1

𝑍

𝑍

∑

𝑖=1



𝑦
𝑖
− 𝑦
𝑖

𝑦
𝑖


× 100%,

(19)

where 𝑍 is the number of prediction points, 𝑦 is the average
value, and 𝑦

𝑖
and 𝑦

𝑖
denote the real value and the predicted

value of 𝑖th point, respectively.

4.4. Experimental Results. In this paper, the scope of parame-
ters 𝜏,𝑚, 𝛾, and 𝜎 is [1, 8], [3, 17], [1, 1000], and [0.1, 10000],
respectively. In the process of evolution, the other parameters
are set as follows: the number of elementary membranes
𝐵 = 20, the number of objects in each membrane 𝐺 =

100, evolution algebra Max𝑇 = 1000, crossover probability
𝑃
𝑐
= 0.85, and mutation probability 𝑃

𝑚
= 0.05. The optimal

parameters combinations of eachmodel are shown in Tables 1
and 2.

4.4.1. Single-Step Prediction. Selecting the first point as input
to obtain first predicted value, then the real value of the first
point is added to the historical data, predicting the next point.
And so, obtain the predicted value of all points. Prediction
results of five models are shown in Tables 3, 4, 5, 6, 7, and 8
and Figures 7, 8, 9, and 10.

4.4.2. Multistep Forecast. Selecting a point as input to obtain
predicted value, then the prediction value of the first point is

Table 1:The optimal parameters combination of fivemodels for FM
broadcasting band.

Model 𝜏 𝜎 𝛾 𝜎

P-LSSVM 7 14 163.1 6647.5
GA-LSSVM 7 15 208.0 8250.4
M-C-LSSVM 3 15 744.1 6129.4
M-F-LSSVM 3 16 650.4 841.5
C-C-LSSVM 4 15 451.2 8082.0

Table 2: The optimal parameters combination of five models for
interphone band.

Model 𝜏 𝜎 𝛾 𝜎

P-LSSVM 3 8 170.9 2162.1
GA-LSSVM 3 13 143.2 6532.1
M-C-LSSVM 2 14 614.3 1819.0
M-F-LSSVM 4 15 837.4 7497.8
C-C-LSSVM 2 12 798.8 6784.3

added to the historical data, predicting next point. And so,
obtain the predicted value of all points. Predicted results of
five models are shown in Tables 9, 10, 11, 12, 13, and 14 and
Figures 11, 12, 13, and 14.

4.5. Analysis of Experimental Results. The optimal parame-
ters combinations of five models for FM broadcasting band
and interphone band are shown inTables 1 and 2, respectively.
As seen from experimental results, we can find that the
parameters 𝜏, 𝑚, 𝛾, and 𝜎 are very sensitive to prediction
accuracy; the optimal parameters combination is P-LSSVM
model; FM broadcasting bands are 7, 14, 163.1, and 6647.5.
Interphone bands are 3, 8, 170.9, and 2162.1. It can be seen
from predicted results diagram (Figures 7 to 14) that whether
single-step prediction or multistep prediction five models get
very good results. However the P-LSSVM model predicts
curve best fit to real data and other curves relative deviation
from far away. For five prediction models, respectively, run
10 times, computing the maximum, minimum, mean, and
variance of error. As can be seen from predicted results in
Tables 3 to 14, three kinds of models evaluation standard are
RMSE, NMSE, andMAPE; the model proposed in this paper
is the minimum. This shows that not only is the P-LSSVM
model reasonable and correct, but prediction accuracy is also
enhanced.

Comparing single-step prediction with multistep predic-
tion, it can be found that the error of multistep prediction
is larger than the single-step prediction, indicating that the
effect of single-step prediction is better than multistep pre-
diction. The reason is that errors exist in every step, and
the accumulation of error will lead to decline in the overall
prediction accuracy.

5. Conclusion

Modeling and prediction of chaotic time series has become a
hot spot in the research field of the chaotic signal processing.
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Table 3: Five models predicted error based on RMSE for FM broadcasting band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 0.051 0.0486 0.0421 0.036 0.0217
run = 2 0.0501 0.0546 0.0464 0.0356 0.0252
run = 3 0.0489 0.0473 0.0425 0.0406 0.0261
run = 4 0.05 0.0545 0.0458 0.0347 0.0231
run = 5 0.0501 0.0588 0.0422 0.0407 0.023
run = 6 0.05 0.0583 0.0422 0.0365 0.0235
run = 7 0.0502 0.053 0.0439 0.0367 0.026
run = 8 0.0499 0.0545 0.0425 0.0379 0.028
run = 9 0.0495 0.0555 0.0423 0.0388 0.0282
run = 10 0.0484 0.0448 0.0474 0.0383 0.0281
Max. 0.051 0.0588 0.0474 0.0407 0.0282
Min. 0.0484 0.0448 0.0421 0.0347 0.0217
Ave. 0.0498 0.053 0.0437 0.0376 0.0253
Var. 5.00𝐸 − 07 2.00𝐸 − 05 4.00𝐸 − 06 4.00𝐸 − 06 6.00𝐸 − 06

Table 4: Five models predicted error based on NMSE for FM broadcasting band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 1.6941 1.5377 1.5652 1.3773 0.6544
run = 2 1.6302 1.9412 1.4676 1.3536 0.8085
run = 3 1.558 1.9554 1.5819 1.3795 0.8467
run = 4 1.6263 1.9338 1.4227 1.2984 0.7149
run = 5 1.6344 2.2537 1.4727 1.0777 0.7078
run = 6 1.6274 2.2121 1.4762 1.4095 0.7245
run = 7 1.6377 1.8296 1.4892 1.4172 0.8432
run = 8 1.6191 1.9315 1.5916 1.4934 0.9421
run = 9 1.5819 2.0028 1.4784 0.9811 0.9517
run = 10 1.5246 1.8079 1.4673 1.2086 0.9465
Max. 1.6941 2.2537 1.5819 1.4934 0.9517
Min. 1.5246 1.5377 1.4227 0.9811 0.6544
Ave. 1.6144 1.9046 1.5023 1.2996 0.814
Var. 0.0022 0.0409 0.0034 0.0264 0.0122

Table 5: Five models predicted error based on MAPE for FM broadcasting band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 0.0013 0.0015 0.001 9.58𝐸 − 04 8.19𝐸 − 04

run = 2 0.0013 0.0014 0.0013 9.05𝐸 − 04 4.94𝐸 − 004

run = 3 0.0015 0.0014 0.0013 9.79𝐸 − 04 4.57𝐸 − 04

run = 4 0.0013 0.0014 0.0014 8.39𝐸 − 04 4.87𝐸 − 04

run = 5 0.0015 0.0012 0.0012 8.08𝐸 − 04 8.54𝐸 − 04

run = 6 0.0015 0.0013 0.0013 8.92𝐸 − 04 6.12𝐸 − 04

run = 7 0.0015 0.0014 0.0013 8.78𝐸 − 04 7.84𝐸 − 04

run = 8 0.0013 0.0014 0.0013 9.00𝐸 − 04 5.94𝐸 − 04

run = 9 0.0015 0.0013 0.0012 8.30𝐸 − 04 7.01𝐸 − 04

run = 10 0.0015 0.0013 0.0012 8.40𝐸 − 04 6.32𝐸 − 04

Max. 0.0015 0.0015 0.0014 9.79𝐸 − 04 8.54𝐸 − 04

Min. 0.0013 0.0012 0.001 8.08𝐸 − 04 4.57𝐸 − 04

Ave. 0.0014 0.0014 0.0013 8.9𝐸 − 04 6.7𝐸 − 04

Var. 1.00𝐸 − 08 7.00𝐸 − 04 1.00𝐸 − 08 3.00𝐸 − 09 2.00𝐸 − 08
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Table 6: Five models predicted error based on RMSE for interphone band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 0.0041 0.0044 0.0038 0.003 0.0023
run = 2 0.0042 0.0045 0.0037 0.0026 0.0023
run = 3 0.0039 0.0044 0.0038 0.0026 0.0024
run = 4 0.004 0.004 0.0036 0.0026 0.0024
run = 5 0.0042 0.0044 0.0038 0.0027 0.0023
run = 6 0.004 0.0041 0.0037 0.0026 0.0025
run = 7 0.004 0.0044 0.0037 0.0026 0.0025
run = 8 0.004 0.0045 0.0037 0.0031 0.0026
run = 9 0.0041 0.004 0.0038 0.0025 0.0025
run = 10 0.0037 0.0045 0.0037 0.0026 0.0024
Max. 0.0042 0.0045 0.0038 0.0031 0.0026
Min. 0.0037 0.004 0.0036 0.0025 0.0023
Ave. 0.004 0.0043 0.0037 0.0027 0.0024
Var. 2.00𝐸 − 08 4.00𝐸 − 08 5.00𝐸 − 09 4.00𝐸 − 08 1.00𝐸 − 08

Table 7: Five models predicted error based on NMSE for interphone band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 1.2458 1.7948 1.3449 1.0367 1.1577
run = 2 1.5297 1.8191 1.2826 1.0811 0.9321
run = 3 1.6352 1.7841 1.3119 1.0656 0.9817
run = 4 1.3912 1.4753 1.1894 1.0988 0.986
run = 5 1.4478 1.777 1.3191 1.2575 1.0121
run = 6 1.6357 1.5738 1.2857 1.2072 1.0362
run = 7 1.4753 1.7815 1.2601 1.0642 1.0053
run = 8 1.4478 1.8229 1.2627 1.0729 0.9984
run = 9 1.4534 1.4834 1.3027 1.079 1.0025
run = 10 1.5245 1.8605 1.412 1.023 0.975
Max. 1.6357 1.8605 1.4092 1.367 1.1577
Min. 1.2458 1.4753 1.1894 1.023 0.9321
Ave. 1.4786 1.7173 1.2971 1.0986 1.0087
Var. 0.0131 0.0216 0.0034 0.0056 0.0035

Table 8: Five models predicted error based on MASE for interphone band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 0.0094 0.0074 0.0044 0.0024 0.0017
run = 2 0.0093 0.0074 0.0038 0.0025 0.0015
run = 3 0.0078 0.0058 0.0032 0.0021 0.0015
run = 4 0.0086 0.0051 0.0048 0.0032 0.0011
run = 5 0.0077 0.0067 0.0029 0.0031 0.0014
run = 6 0.0045 0.0046 0.0041 0.0026 0.0014
run = 7 0.0046 0.006 0.003 0.0023 0.0015
run = 8 0.0085 0.0065 0.0032 0.0024 0.0014
run = 9 0.0084 0.0049 0.0042 0.0033 0.0016
run = 10 0.0071 0.0073 0.0043 0.0023 0.0021
Max. 0.0094 0.0074 0.0048 0.0033 0.0021
Min. 0.0045 0.0046 0.0029 0.0021 0.0011
Ave. 0.0076 0.0062 0.0038 0.0026 0.0015
Var. 3.00𝐸 − 06 1.00𝐸 − 06 4.00𝐸 − 07 2.00𝐸 − 07 7.00𝐸 − 08
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Table 9: Five models predicted error based on RMSE for FM broadcasting band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 0.1996 0.1833 0.1498 0.1576 0.1162
run = 2 0.1957 0.192 0.1528 0.1311 0.1055
run = 3 0.1759 0.1776 0.1635 0.1426 0.0824
run = 4 0.1755 0.1617 0.1416 0.1366 0.1024
run = 5 0.1846 0.1756 0.1644 0.1397 0.1025
run = 6 0.1764 0.1534 0.1542 1.1458 0.0883
run = 7 0.1558 0.177 0.141 0.1468 0.1052
run = 8 0.1741 0.1716 0.154 0.1351 0.1076
run = 9 0.1777 0.1743 0.1639 0.1566 0.1066
run = 10 0.1768 0.1998 0.1641 0.1491 0.1065
Max. 0.1996 0.1998 0.1644 0.1576 0.1162
Min. 0.1558 0.1534 0.141 0.1311 0.0824
Ave. 0.1792 0.1766 0.1549 0.1441 0.1023
Var. 0.0001 0.0002 8.00𝐸 − 05 8.00𝐸 − 05 1.00𝐸 − 04

Table 10: Five models predicted error based on NMSE for FM broadcasting band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 9.3056 8.3541 6.8858 5.594 2.786
run = 2 8.7076 11.343 5.4844 4.8867 4.6361
run = 3 7.733 9.5406 7.592 6.1524 4.416
run = 4 8.6805 11.293 7.2655 5.3014 3.8288
run = 5 8.7599 13.787 8.068 4.1212 3.8322
run = 6 8.6594 13.388 6.04 5.5753 4.0734
run = 7 8.8136 10.493 7.9462 4.7008 4.944
run = 8 8.721 11.287 8.0008 5.74 4.4109
run = 9 7.9913 11.746 8.9826 5.9559 4.159
run = 10 7.549 10.485 7.7004 5.2602 3.417
Max. 9.3056 13.787 8.9826 6.1524 4.944
Min. 7.549 8.3541 5.4844 4.1212 2.786
Ave. 8.4291 11.171 7.3966 5.3288 4.0503
Var. 0.3017 2.6299 1.0599 0.3806 0.3905

Table 11: Five models predicted error based on MAPE for FM broadcasting band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 0.0061 0.0295 0.0038 0.0034 0.0016
run = 2 0.0085 0.0135 0.0037 0.0038 0.0025
run = 3 0.0067 0.0088 0.0045 0.0033 0.0016
run = 4 0.0097 0.0228 0.0036 0.0038 0.0025
run = 5 0.0053 0.0225 0.004 0.0033 0.002
run = 6 0.0084 0.0138 0.004 0.0033 0.002
run = 7 0.0085 0.0076 0.004 0.0041 0.002
run = 8 0.006 0.009 0.0037 0.0038 0.0022
run = 9 0.0723 0.0109 0.0043 0.0037 0.0021
run = 10 0.0058 0.0115 0.0046 0.0037 0.0026
Max. 0.0723 0.0295 0.0046 0.0041 0.0026
Min. 0.0053 0.0076 0.0036 0.0033 0.0016
Ave. 0.0137 0.015 0.004 0.0036 0.0021
Var. 0.0004 5.00𝐸 − 05 1.00𝐸 − 07 8.00𝐸 − 08 1.00𝐸 − 07
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Table 12: Five models predicted error based on RMSE for interphone band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 0.0058 0.0063 0.0058 0.004 0.0026
run = 2 0.006 0.0064 0.0057 0.003 0.0028
run = 3 0.0056 0.0064 0.0057 0.0038 0.0025
run = 4 0.0057 0.0058 0.0056 0.0028 0.0024
run = 5 0.006 0.0063 0.0057 0.0029 0.0027
run = 6 0.0057 0.006 0.0057 0.0043 0.0023
run = 7 0.0057 0.0064 0.0057 0.0042 0.0022
run = 8 0.0057 0.0064 0.0056 0.0042 0.0027
run = 9 0.0058 0.0058 0.0057 0.005 0.0021
run = 10 0.0052 0.0064 0.0057 0.0037 0.0023
Max. 0.006 0.0064 0.0058 0.005 0.0028
Min. 0.0052 0.0058 0.0056 0.0038 0.0021
Ave. 0.0057 0.0062 0.0057 0.0038 0.0025
Var. 5.00𝐸 − 08 6.00𝐸 − 08 3.00𝐸 − 09 5.00𝐸 − 08 6.00𝐸 − 08

Table 13: Five models predicted error based on NMSE for interphone band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 3.0704 3.6665 3.0476 2.5014 1.1987
run = 2 3.2591 3.713 2.9508 1.6634 1.8601
run = 3 2.8179 3.7018 2.9877 2.1748 1.5472
run = 4 2.93 3.0356 2.917 1.5306 1.5779
run = 5 3.2554 3.605 3.004 1.6102 1.2004
run = 6 2.9786 3.2563 2.9549 2.8918 1.7923
run = 7 2.93 3.694 2.9264 2.7878 1.7732
run = 8 2.9325 3.7573 2.9167 2.7969 1.0517
run = 9 3.0542 3.0584 2.9812 3.852 1.0245
run = 10 2.4479 3.7791 2.9221 2.654 1.8802
Max. 3.2591 3.7791 3.0476 3.852 1.8801
Min. 2.4479 3.0356 2.9167 1.5306 1.0245
Ave. 2.9676 3.5267 2.9608 2.4463 1.4906
Var. 0.0536 0.0855 0.0019 0.5205 0.1166

Table 14: Five models predicted error based on MASE for interphone band.

Model M-C-LSSVM M-F-LSSVM C-C-LSSVM GA-LSSVM P-LSSVM
run = 1 0.0209 0.015 0.0039 0.0026 0.0015
run = 2 0.0085 0.015 0.0037 0.0032 0.0012
run = 3 0.0243 0.0118 0.0038 0.0031 0.0012
run = 4 0.0225 0.0104 0.0034 0.0027 0.0021
run = 5 0.0112 0.0132 0.0033 0.0029 0.0015
run = 6 0.0039 0.0093 0.0031 0.0031 0.0022
run = 7 0.0059 0.0123 0.0034 0.0033 0.0026
run = 8 0.009 0.0132 0.0031 0.003 0.0013
run = 9 0.0125 0.0099 0.0037 0.0036 0.023
run = 10 0.005 0.0146 0.0038 0.0031 0.0026
Max. 0.0243 0.015 0.0039 0.0036 0.0026
Min. 0.0039 0.0093 0.0031 0.0026 0.0012
Ave. 0.0124 0.0125 0.0035 0.0031 0.0019
Var. 6.00𝐸 − 05 4.00𝐸 − 06 9.00𝐸 − 08 8.00𝐸 − 08 3.00𝐸 − 07
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Figure 7: Fivemodels predicted diagram for FMbroadcasting band.

0

0.02

0.04

0.06

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52
n

Error

P-LSSVM
GA-LSSVM
M-C-LSSVM

M-F-LSSVM
C-C-LSSVM

−0.02

Figure 8: Five models predicted error diagram for FM broadcasting
band.
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Figure 9: Five models predicted diagram for interphone band.
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Figure 10: Five models predicted error diagram for interphone
band.
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Figure 11: Five models predicted diagram for FM broadcasting
band.

0
0.02
0.04
0.06

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52
n

Error

−0.02

P-LSSVM
GA-LSSVM
M-C-LSSVM

M-F-LSSVM
C-C-LSSVM

Figure 12: Five models predicted error diagram for FM broadcast-
ing band.
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Figure 13: Five models predicted diagram for interphone band.
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Figure 14: Five models predicted error diagram for interphone
band.
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In this paper, two defects were taken into consideration
in the prediction model of LS-SVM for chaos time series
prediction: on the one hand, ignoring the overall correlation
of the parameters in predictionmodel and, on the other hand,
considering the contact between the parameters, but the
optimization methods have some limitations. For example,
use genetic algorithm to solve the optimal parameter of
prediction model, which itself has some limitations, such
as falling into local optimum and iterative process compli-
cation. This paper puts forward a prediction model based
on membrane computing optimization algorithm for chaos
time series prediction; the model optimizes the parameters
of phase space reconstruction and LS-SVM by using mem-
brane computing optimization algorithm. Then, we used the
model to forecast band occupancy rate of FM broadcasting
band and interphone band. To show the applicability and
superiority of the proposed model, this paper will compare
the forecast model proposed in it with the traditional similar
forecast model. The experimental results show that whether
single-step prediction or multistep prediction, the proposed
model performs best based on three error measures, namely,
normalized mean square error (NMSE), root mean square
error (RMSE), and mean absolute percentage error (MAPE).
For deficiency in multistep prediction, in the next stage, we
will further improve the prediction model or study other
prediction models to improve the multistep prediction.
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Colonia Chuburná Hidalgo Inn, 97119 Mérida, YUC, Mexico

Correspondence should be addressed to Vı́ctor Uc-Cetina; uccetina@uady.mx

Received 26 June 2014; Revised 17 September 2014; Accepted 14 October 2014

Academic Editor: Ahmad T. Azar

Copyright © 2015 Vı́ctor Uc-Cetina et al. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

We propose aMarkov decision process model for solving theWeb service composition (WSC) problem. Iterative policy evaluation,
value iteration, and policy iteration algorithms are used to experimentally validate our approach, with artificial and real data. The
experimental results show the reliability of the model and the methods employed, with policy iteration being the best one in terms
of the minimum number of iterations needed to estimate an optimal policy, with the highest Quality of Service attributes. Our
experimental work shows how the solution of a WSC problem involving a set of 100,000 individual Web services and where a valid
composition requiring the selection of 1,000 services from the available set can be computed in the worst case in less than 200
seconds, using an Intel Core i5 computer with 6GB RAM.Moreover, a real WSC problem involving only 7 individual Web services
requires less than 0.08 seconds, using the same computational power. Finally, a comparisonwith twopopular reinforcement learning
algorithms, sarsa and Q-learning, shows that these algorithms require one or two orders of magnitude and more time than policy
iteration, iterative policy evaluation, and value iteration to handle WSC problems of the same complexity.

1. Introduction

A Web service is a software system designed to support
interoperable machine-to-machine interaction over a net-
work, with an interface described in a machine-processable
format calledWeb Services Description Language [1]. AWeb
service is typically modeled as a software component that
implements a set of operations. The emergence of this type
of software components has created unprecedented opportu-
nities to establish more agile collaborations between organi-
zations, and as a consequence, systems based onWeb services
are growing in importance for the development of distributed
applications designed to be accessed via the Internet.

When a Web service is requested, all available Web
services descriptions must be matched with the requested
description, so that an appropriate service with the desired
functionality can be found. However, since the number of
available Web services is continuously growing year by year,
finding the best match is not a trivial problem anymore,
especially if we take into account that the matching criteria

must consider not only the desired functionality, but also
other attributes such as execution cost, security, performance,
and so forth.

If individual Web services are not able to meet complex
requirements, they can be combined to create composite
services [2]. A composite Web service has one initial task
and one ending task, and between the initial and the ending
tasks there can be 𝑘 = {0, 1, 2, . . . , 𝐾} individual tasks
connected in sequential order. To create a composite Web
service it is necessary to discover and select the most suitable
services. The complexity of WSC involves three main factors:
(1) the large number of dynamic Web Services instances
with similar functionality that may be available to a complex
service; (2) the different possibilities of integrating service
instance components into a complex service process; (3)
various performance requirements (e.g., end-to-end delay,
service cost, and reliability) of a complex service.

1.1. Related Work. Some approaches to solve the WSC prob-
lem have focused on different graph-based algorithms [3–8].
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Some others have proposed to use optimizationmethods spe-
cially designed for solving constraint satisfaction problems,
such as integer programming [9], linear programming [10],
or methods for solving the knapsack problem [11]. Artificial
intelligencemethods such as planning algorithms [12–14], ant
colony optimization [15], fuzzy sets [2], and binary search
trees [16] have been used too.

The use of methods based on Markov decision processes
(MDPs) for the composition problem is certainly not new.
In [17], the problem of workflow composition is modeled
as a MDP and a Bayesian learning algorithm is used to
estimate the true probability models involved in the MDP.
In [18], the WSC is solved using QoS attributes in a MDP
frameworkwith two versions of the value iteration algorithm:
one backward and recursive and one forward version. In
[19], the authors proposed the use of what they call value of
changed information.Their approach usesMDPs focusing on
changes of the state transition function, in order to anticipate
values of the service parameters that do not change theWSC.
In [20], a combination of MDPs and HTN (Hierarchical Task
Network) planning is proposed.

Solutions based on reinforcement learning are also rele-
vant. For instance, in [21], reinforcement learning and prefer-
ence logic were employed together to solve theWSCproblem,
obtaining some kind of qualitative solution. Authors argue
that computing a qualitative solution has many advantages
over a quantitative one. Other methods using Q-learning
are given in [22–24]. It is important to remember that
reinforcement learning methods [25] belong to a family of
algorithms highly related to the MDPs. The main difference
with these methods is that the state transition function is
assumed to be unknown and therefore the agents need to
explore their state and action spaces by executing different
actions in different states and observe the numerical rewards
obtained after each state transition.

1.2. Contributions of This Paper. The goal of automatic WSC
is to determine a sequence of Web services that can be
combined to satisfy a set of predefined QoS constraints. For
problems where we need to find the sequence of actions
maximizing an overall performance function, the MDPs are
one of the most robust mathematical tools that we can use.
Therefore, in this paper we propose an MDP model to solve
the WSC problem. To show the reliability of our model,
we conducted experiments with three of the most stud-
ied algorithms: policy iteration, iterative policy evaluation,
and value iteration. Although all three algorithms provided
good solutions, the policy iteration algorithm required the
minimum number of iterations to converge to the optimal
solutions. We also compared these three algorithms against
sarsa andQ-learning, showing that the lattermethods require
one or two orders of magnitude and more time to solve
composition problems of the same complexity.

This paper is structured as follows. Section 2 provides
the basics of the MDPs framework and introduces the three
algorithms that we tested. Section 3 introduces our MDP
model for solving the WSC problem. Section 4 describes the
experimental setup and presents the most relevant results.
Section 5 presents comparative experiments with sarsa and

Q-learning algorithms. Finally, Section 6 concludes this paper
by discussing the main findings and providing some advice
for future research.

2. Markov Decision Processes

TheWSC problem can be abstracted as the problem of select-
ing a sequence of actions, in such a way that we maximize an
overall evaluation function. Such kind of sequential decision
problems can be defined and solved in an MDP framework.
An MDP is a tuple (𝑆, 𝐴, 𝑃, 𝛾, 𝑅), where 𝑆 is a set of states,
𝐴 is a set of actions, 𝑃(𝑠

𝑡+1
| 𝑠
𝑡
, 𝑎
𝑡
) are the state transition

probabilities for all states 𝑠
𝑡
, 𝑠
𝑡+1

∈ 𝑆 and actions 𝑎 ∈ 𝐴,
𝛾 ∈ [0, 1) is a discount factor, and 𝑅 : 𝑆 × 𝐴 → R is the
reward function.

The MDP dynamics is the following. An agent in state
𝑠
𝑡
∈ 𝑆 performs an action 𝑎

𝑡
selected from the set of actions

𝐴. As a result of performing action 𝑎
𝑡
, the agent receives a

reward with expected value 𝑅(𝑠
𝑡
, 𝑎
𝑡
) and the current state of

the MDP transitions to some successor state 𝑠
𝑡+1

, according
to the transition probability 𝑃(𝑠

𝑡+1
| 𝑠
𝑡
, 𝑎
𝑡
). Once in state

𝑠
𝑡+1

the agent chooses and executes an action 𝑎
𝑡+1

, receiving
reward 𝑅(𝑠

𝑡+1
, 𝑎
𝑡+1
) and moving to state 𝑠

𝑡+2
. The agent keeps

choosing and executing actions, creating a path of visited
states 𝑠

𝑡
, 𝑠
𝑡+1
, 𝑠
𝑡+2
, . . ..

As the agent goes through states, 𝑠
0
, 𝑠
1
, 𝑠
2
, . . ., it obtains

the following rewards:

𝑅 (𝑠
0
, 𝑎
0
) + 𝛾𝑅 (𝑠

1
, 𝑎
1
) + 𝛾
2
𝑅 (𝑠
2
, 𝑎
2
) + ⋅ ⋅ ⋅. (1)

The reward at timestep 𝑡 is discounted by a factor of 𝛾𝑡. By
doing so, the agent gives more importance to those rewards
obtained sooner. In an MDP we try to maximize the sum of
expected rewards obtained by the agent:

𝐸 [𝑅 (𝑠
0
, 𝑎
0
) + 𝛾𝑅 (𝑠

1
, 𝑎
1
) + 𝛾
2
𝑅 (𝑠
2
, 𝑎
2
) + ⋅ ⋅ ⋅ ] . (2)

A policy is defined as a function 𝜋 : 𝑆 → 𝐴 mapping
from the states to the actions. A value function for a policy
𝜋 is the expected sum of discounted rewards, obtained by
performing always the actions provided by 𝜋:

𝑉
𝜋
(𝑠) = 𝐸 [𝑅 (𝑠

0
, 𝜋 (𝑠
0
)) + 𝛾𝑅 (𝑠

1
, 𝜋 (𝑠
1
))

+ 𝛾
2
𝑅 (𝑠
2
, 𝜋 (𝑠
2
)) + ⋅ ⋅ ⋅ | 𝑠

0
= 𝑠, 𝜋] .

(3)

𝑉
𝜋 is the expected sum of discounted rewards that the

agentwould receive if it starts in state 𝑠 and takes actions given
by 𝜋. Given a fixed policy 𝜋, its value function𝑉𝜋 satisfies the
Bellman equation:

𝑉
𝜋
(𝑠) = 𝑅 (𝑠, 𝜋 (𝑠)) + 𝛾∑

𝑠

∈𝑆

𝑃 (𝑠

| 𝑠, 𝜋 (𝑠))𝑉

𝜋
(𝑠

) . (4)

The optimal value function is defined as

𝑉
∗
(𝑠) = max

𝜋
𝑉
𝜋
(𝑠) . (5)
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(1) foreach state do
(2) 𝑉(𝑠) ← 0

(3) end
(4) repeat
(5) foreach state do

(6) 𝑉
𝑖+1
(𝑠) ← ∑

𝑎∈𝐴

𝜋 (𝑠, 𝑎) [𝑅 (𝑠, 𝑎) + 𝛾 ∑

𝑠

∈𝑆

𝑃 (𝑠

| 𝑠, 𝑎)𝑉

𝑖
(𝑠

)]

(7) end
(8) until convergence

Algorithm 1: Iterative policy evaluation.

(1) initialize 𝜋
0
randomly

(2) repeat
(3) 𝑉

𝑖
← 𝑅 (𝑠, 𝜋

𝑖
(𝑠)) + 𝛾 ∑

𝑠

∈𝑆

𝑃 (𝑠

| 𝑠, 𝜋
𝑖
(𝑠)) 𝑉

𝑖
(𝑠

)

(4) foreach state do

(5) 𝜋
𝑖+1
(𝑠) ← argmax

𝑎∈𝐴

[𝑅 (𝑠, 𝑎) + 𝛾 ∑

𝑠

∈𝑆

𝑃 (𝑠

| 𝑠, 𝑎)𝑉

𝑖
(𝑠

)]

(6) end
(7) until convergence

Algorithm 2: Policy iteration algorithm.

This function gives the best possible expected sum of
discounted rewards that can be obtained using any policy 𝜋.
The Bellman equation for the optimal value function is

𝑉
∗
(𝑠) = max

𝑎∈𝐴

[𝑅 (𝑠, 𝑎) + 𝛾∑

𝑠

∈𝑆

𝑃 (𝑠

| 𝑠, 𝑎)𝑉

∗
(𝑠

)] . (6)

The optimal value function is such that we have

𝑉
∗
(𝑠) = 𝑉

𝜋
∗

(𝑠) ≥ 𝑉
𝜋
(𝑠) . (7)

2.1. Dynamic Programming Algorithms for MDPs. When the
state transition probabilities are known, dynamic program-
ming can be used to solve (6). Next, we present three
efficient algorithms for solving finite-state MDPs by means
of dynamic programming.The first one is the iterative policy
evaluation (given in Algorithm 1). The second one is the
policy value iteration algorithm (given in Algorithm 2). This
algorithm repeatedly computes the value function for the
current policy and then updates the policy using the current
value function. The third one, shown in Algorithm 3, called
value function iteration, can be thought as an iterative update
of the estimated value function using Bellman Equation (6).

The last two algorithms are known to converge usually
faster than the first one. Moreover policy iteration and value
iteration are standard algorithms for solvingMDPs, and there
is not currently universal agreement over which algorithm is
better [26, 27].

3. Web Service Composition Model

In this section we define the MDP model used to represent
and solve the Web service composition problem by means of
dynamic programming algorithms.

We begin by describing theWSCproblem inmore details.
Individual Web services can be categorized in classes by their
functionality, input data, and output data. Given 𝐶 different
classes of individualWeb services, theWSC problem consists
in finding a sequence of length 𝐶 of individual Web services
⟨𝑤
1
, 𝑤
2
, . . . , 𝑤

𝐶
⟩, such that 𝑤

𝑖
∈ 𝑊
𝑖
, for 𝑖 = 1, 2, . . . , 𝐶, where

𝑊
𝑖
is the set of all availableWeb services of class 𝑖.Thus, we are

making the assumption that a valid composite Web service
needs a Web service from each of the existing classes. We are
also making the assumptions that all available Web services
have been previously categorized into 𝐶 classes and that the
ordering of the classes 𝑊

1
≺ 𝑊
2
≺ ⋅ ⋅ ⋅ ≺ 𝑊

𝐶
has been

predefined.𝑊
𝑖
≺ 𝑊
𝑗
means that a Web service from set𝑊

𝑖

must be executed before a Web service from set𝑊
𝑗
to ensure

the correct operation of the selectedWeb services.The correct
operation depends basically on their functionality and input
and output data. Therefore, the output of 𝑤

𝑖
must be fully

compatible with the input of 𝑤
𝑗
.

Now, we are ready to introduce our model. We define a
Web service composition problem as an MDP (𝑆, 𝐴, 𝑃, 𝛾, 𝑅),
where 𝑆 is the set of states,𝐴 is the set of actions, 𝑃 is the state
transition probability function, 𝛾 is a discount factor such that
𝛾 ∈ [0, 1), and 𝑅 is the reward function. Elements 𝑆,𝐴, 𝑃, and
𝑅 are defined next.
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(1) foreach state do
(2) 𝑉(𝑠) ← 0

(3) end
(4) repeat
(5) foreach state do

(6) 𝑉
𝑖+1
(𝑠) ← max

𝑎∈𝐴

[𝑅 (𝑠, 𝑎) + 𝛾 ∑

𝑠

∈𝑆

𝑃 (𝑠

| 𝑠, 𝑎)𝑉

𝑖
(𝑠

)]

(7) end
(8) until convergence

Algorithm 3: Value iteration algorithm.

3.1. States. 𝑆 is the set of states. Given a WSC problem with
𝐶 classes, 𝑆 consists of all compositions of length at most 𝐶.
Thus, for 𝐶 = 1, 𝑆 = {⟨𝑤

1
⟩}, with 𝑤

1
∈ 𝑊
1
. A composition

of length 𝑙 = 1 is not really a composition; it is just a single
Web service; however, we will relax the meaning of the word
composition and will call it a composition of length 𝑙 = 1. For
𝐶 = 2, 𝑆 = {⟨𝑤

1
⟩, ⟨𝑤
1
, 𝑤
2
⟩}, with 𝑤

1
∈ 𝑊
1
and 𝑤

2
∈ 𝑊
2
.

For 𝐶 = 3, 𝑆 = {⟨𝑤
1
⟩, ⟨𝑤
1
, 𝑤
2
⟩, ⟨𝑤
1
, 𝑤
2
, 𝑤
3
⟩}, with 𝑤

1
∈ 𝑊
1
,

𝑤
2
∈ 𝑊
2
, and 𝑤

3
∈ 𝑊
3
. In general, for a WSC problem with

𝐶 classes 𝑆 = {⟨𝑤
1
⟩, ⟨𝑤
1
, 𝑤
2
⟩, . . . , ⟨𝑤

1
, 𝑤
2
, . . . , 𝑤

𝐶
⟩}.

3.2. Actions. 𝐴 is the set of all actions. Given a state 𝑠,
the set of actions available from 𝑠 is denoted by 𝐴(𝑠); thus
𝐴 = {𝐴(𝑠)}

𝑠∈𝑆
. An action consists of selecting a Web service

to be included in the current composition. If the current
composition is of length 𝑙 = 𝑖, all the possibilities of selecting
aWeb service of class 𝑐 = 𝑖+1will constitute the set of current
available actions.

Formally, we say that 𝐴 = {𝐴(𝑠
𝑙=0
), 𝐴(𝑠
𝑙=1
), 𝐴(𝑠
𝑙=2
),

. . . , 𝐴(𝑠
𝑙=𝐶−1

)}, where 𝐴(𝑠
𝑙=𝑖
) is read as the set of actions

available from a state representing a composition of length
𝑙 = 𝑖. Note that 𝐴(𝑠

𝑙=0
) refers to set of actions available from

a composition of length 𝑙 = 0, which corresponds to the state
where none of the Web services has been selected yet.

For example, if the current state represents the composi-
tion ⟨𝑤

1
, 𝑤
2
⟩which is of length 𝑙 = 2, then𝐴(𝑠

𝑙=2
) is given by

all the possibilities of selecting a Web service of class 𝑐 = 3.
In other words, we are in a situation where we have already
selected Web services from class 𝑐 = 1 and class 𝑐 = 2, and
now we need to select a Web service from class 𝑐 = 3.

3.3. Transition Probabilities. 𝑃(𝑠 | 𝑠, 𝑎) are the state transi-
tion probabilities for all states 𝑠, 𝑠 ∈ 𝑆 and actions 𝑎 ∈ 𝐴,
which are currently available from 𝑠 and 𝑠. Note that the
probability of going from a state 𝑠 = ⟨𝑤

1
⟩ to the state 𝑠 =

⟨𝑤
1
, 𝑤
2
⟩ is 1. Meanwhile, the probability of going from the

same state 𝑠 = ⟨𝑤
1
⟩ to a state 𝑠 = ⟨𝑤

1
, 𝑤
2
, 𝑤
3
⟩ is 0. In other

words, we can only go from a composition state of length 𝑙 = 𝑖
to another composition state of length 𝑙 = 𝑖 + 1.

3.4. Reward Function. 𝑅(𝑠 | 𝑠, 𝑎) is the reward received
when action 𝑎 is executed and the environment makes a
transition from 𝑠 to 𝑠. The reward function for our model
is computed using three QoS attributes, as indicated in (8),

which was originally proposed in [22].TheQoS employed are
availability, throughput, and execution time:

𝑅 (𝑠) =
𝑎V𝑠 − 𝑎Vmin

𝑎Vmax − 𝑎Vmin −
time𝑠 − timemin

timemax − timemin +
𝑡𝑟
𝑠
− 𝑡𝑟

min

𝑡𝑟max − 𝑡𝑟min ,

(8)

where 𝑎V𝑠, time𝑠, 𝑡𝑟𝑠 are the availability, average execution
time, and throughput values for the last Web service added
to the composition represented by state 𝑠. 𝑎Vmin, timemin,
𝑡𝑟

min and 𝑎Vmax, timemax, and 𝑡𝑟max are the minimum and
maximum values for all the Web services.

4. Experimental Evaluation

In this section we provide the results of our experimental
comparison using two scenarios, one real and one artificial.
The experiments that we present in this section were per-
formed running policy iteration, iterative policy iteration,
and value iteration algorithms, on an Intel Core i5 2.5 GHz
processor, on Windows 8.1, 64 bits operating system, and
6GBRAM.

4.1. Real Scenario. TheWSC problem considered as our first
experimental scenario consists of 2 classes of Web services.
One class is about weather services that can be used to obtain
the current temperature in a city. The other class is about
Web services that can be used to convert temperatures from
one metric unit to another, for example, from Fahrenheit
to Celsius. In the class of weather services we considered 3
different Web services.

(i) National Oceanic and Atmospheric Administration
(NOAA) Web service, available at http://graphical
.weather.gov/xml/SOAP server/ndfdXMLserver.php.

(ii) GlobalWeather Web service, available at http://www
.webservicex.net/globalweather.asmx.

(iii) Weather channel Web service, available at http://api
.wunderground.com/.

In the class of metric units conversion services we con-
sidered 4 different Web services.
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(i) A simple calculatorWeb service such as the one avail-
able at http://www.dneonline.com/calculator.asmx.
Since

𝐶 =
5 ∗ (𝐹 − 32)

9
, (9)

we can use subtraction, multiplication, and division
operations for the temperature conversion.

(ii) ConvertTemperature Web service, available at http://
www.webservicex.net/ConvertTemperature.asmx.

(iii) TemperatureConversions Web service, available at
http://webservices.daehosting.com/services/Temper-
atureConversions.wso.

(iv) TempConvert Web service, available at http://www
.w3schools.com/webservices/tempconvert.asmx.

We obtained theQoS attribute values of all 7Web services
using a java program designed to get the attribute values with
the following formulas:

Availability =
𝐶
𝑆

𝐶
𝑇

, (10)

where 𝐶
𝑆
is the number of successful calls to the Web service

and 𝐶
𝑇
are the total calls,

Execution time = 𝑇

𝐶
𝑇

, (11)

where 𝑇 is the total execution time for all the 𝐶
𝑇
calls,

Throughput =
𝐶
𝑆

𝑇
, (12)

with 𝐶
𝑇
= 50.

In order to obtain representative QoS values for the
Web services, we made many measurements, several days
in different moments of the day. We obtained the values for
each parameter andmeasurement, and thenwe calculated the
average values for the QoS parameters.

Once we gathered the information of the QoS attributes
we used all 3 dynamic programming algorithms to learn the
best composite Web service. With 7 Web services belonging
to 2 different classes, there are 12 possible compositions. All
these possibilities are represented with the graph illustrated
in Figure 1.

The graph of the real scenario illustrates each class ofWeb
services as a layer. In this graph, each node represents an
individual Web service. Node 𝑆 represents the state where
none of the Web services has been selected yet. Node 𝐺
represents the state where a full composition of Web service
has been accomplished.Apath from 𝑆 to𝐺 implies that a valid
composite Web service has been generated.

Results with the real Web services scenario are plotted
in Figure 2. All 3 algorithms found the solution for the Web
service composition very quickly, in less than 0.07 seconds,
with policy iteration being the winner.
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Weather 
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Temperature 
conversion 
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WS7

Figure 1: Graph for the real scenario with 2 classes of Web services.
The first class contains 3 Web services and the second class contains
4 Web services. Each class is illustrated as a layer of nodes.
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Figure 2: Learning times for the real scenario.

4.2. Artificial Scenario. As our second scenario to test all
3 dynamic programming algorithms, we simulated data
for three QoS attributes: availability, execution time, and
throughput. We created a maximum of 100,000 individual
Web services, classified into 100 hypothetical classes of Web
services. We assumed that every Web service in a class 𝑖 can
access all the Web services in class 𝑖 + 1. Each of these classes
is represented as a layer in Figure 3. Each layer contains 100
nodes or individual Web services.

As in the first scenario, node 𝑆 is the initial state of
the graph and represents a state where none of the Web
services has been selected yet. Node𝐺 is reachedwhen a valid
composition has been accomplished. Nodes between 𝑆 and𝐺
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Figure 3: Graph for an artificially generated Web composition problem with a maximum of 1,000 selected nodes. Each node is selected out
of 100 possible individual Web services belonging to the same class (layer).
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Figure 4: Learning times with 𝛾 = 0.7.

100 200 300 400 500 600 700 800 900 1000
0

20
40
60
80

100
120
140
160
180

Nodes

Ti
m

e (
s)

Policy iteration
Iterative policy evaluation
Value iteration

Figure 5: Learning times with 𝛾 = 0.8.
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Figure 6: Learning times with 𝛾 = 0.9.

represent the availableWeb services. A route from 𝑆 to𝐺 gives
a possible composite Web service.

Results of this second set of experiments are shown in
Figures 4, 5, and 6, for 𝛾 = 0.7, 𝛾 = 0.8, and 𝛾 = 0.9,
respectively.

Each layer in the graph represents 100 Web services
belonging to the same class. Therefore, when the number of
nodes to be selected for a valid Web service composition is
1,000, we are really solving a problem with 100 × 1,000 =
100,000 Web services. We can see from the learning curves
that the time needed to solve the MDP problem increases
as the number of nodes is increased. Again, all 3 algorithms
found the optimal solution, but policy iteration found it
in less time. The best performances of the algorithms were
obtained for 𝛾 = 0.8 and 𝛾 = 0.9, requiring less than 180
seconds to find the optimal composition using iterative policy
evaluation and value iteration and less than 120 in the case of
policy iteration.
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(1) initialize 𝑄(𝑠, 𝑎) arbitrarily
(2) foreach training episode do
(3) initialize 𝑠
(4) choose 𝑎 from 𝑠 using policy derived from 𝑄

(5) repeat for each step of episode
(6) take action 𝑎, observe 𝑟, 𝑠
(7) choose 𝑎 from 𝑠

 using policy derived from 𝑄

(8) 𝑄 (𝑠, 𝑎) ← 𝑄 (𝑠, 𝑎) + 𝛼 [𝑟 + 𝛾𝑄 (𝑠

, 𝑎

) − 𝑄 (𝑠, 𝑎)]

(9) 𝑠 ← 𝑠
; 𝑎 ← 𝑎

(10) until 𝑠 is terminal
(11) end

Algorithm 4: Sarsa algorithm.

(1) initialize 𝑄(𝑠, 𝑎) arbitrarily
(2) foreach training episode do
(3) initialize 𝑠
(4) repeat for each step of episode
(5) choose 𝑎 from 𝑠 using policy derived from 𝑄

(6) take action 𝑎, observe 𝑟, 𝑠

(7) 𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼 [𝑟 + 𝛾max
𝑎


𝑄 (𝑠

, 𝑎

) − 𝑄 (𝑠, 𝑎)]

(8) 𝑠 ← 𝑠
;

(9) until 𝑠 is terminal
(10) end

Algorithm 5: 𝑄-learning algorithm.

5. Comparison with Sarsa and Q-Learning

In some related works [22–24], reinforcement learning algo-
rithms were proposed to solve the Web service composition
problem. In this section we compare the learning times
required by sarsa and Q-learning against policy iteration,
iterative policy evaluation, and value iteration.

5.1. Sarsa. Sarsa [25] is an on-policy temporal difference
control algorithm which continually estimates the state-
action value function𝑄𝜋 for the behavior policy 𝜋 and at the
same time changes 𝜋 toward greediness with respect to 𝑄𝜋.
Algorithm 4 presents the sarsa algorithm as taken from [25].

If the policy is such that each action is executed infinitely
often in every state, every state is visited infinitely often, and
it is greedy with respect to the current action-value function
in the limit, then by decaying 𝛼, the algorithm converges to
𝑄
∗ [28].

5.2. Q-Learning. Q-learning [29] is an off-policy temporal
difference control algorithm which directly approximates the
optimal action-value function, independently of the policy
being followed. It is one of the most popular algorithms
in reinforcement learning. Algorithm 5 reproduces the Q-
learning algorithm as taken from [25].

If in the limit the action-values of all state-action pairs are
updated infinitely often,with a decaying𝛼, then the algorithm
converges to 𝑄∗ with probability 1 [26, 30].

5.3. Learning Time Analysis. We have implemented sarsa
andQ-learning algorithms to solve the real scenario problem
defined previously in the experimental section. A comparison
graph illustrating the time required by sarsa,Q-learning, pol-
icy iteration, iterative policy evaluation, and value iteration
is given using a logarithmic scale in Figure 7. From this
graph we can clearly see that sarsa and Q-learning required
two orders of magnitude and more time to find the optimal
composition.

Additionally, we ran experiments with a second arti-
ficially created scenario, with 3 layers of 20 Web services
each. Once more, reinforcement learning methods required
muchmore time than the dynamic programming algorithms.
Logarithmic time curves given in Figure 8 show that sarsa and
Q-learning required one order of magnitude and more time
than dynamic programming algorithms. Furthermore, in
some of the experiments, reinforcement learning algorithms
failed to find the optimal solution, getting stuck in suboptimal
compositions.

Dynamic programming methods converge faster than
reinforcement learning methods simply because dynamic
programmingmethods update every single state value at each
iteration. Reinforcement learning methods only update the
value of the states that happen to visit, giving its exploration
policy, that is, epsilon greedy.

Furthermore, in terms of the deployment of an automatic
Web service composition system, it is worth mentioning
that the gathering of QoS information can be performed
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Figure 7: Learning times required for a real scenario ofWeb service
composition, plotted in logarithmic scale. Reinforcement learning
methods required two orders of magnitude and more time than
dynamic programming methods.
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Figure 8: Learning times required for a simulated scenario with 3
layers of 20 Web services. Curves plotted in logarithmic scale show
that reinforcement learning methods required ten times more time
than dynamic programming algorithms to handle the same kind of
problem.

at specific time intervals by a dedicated module of such
system. Once we have gathered this information, which is
fundamental for the evaluation of the reward function, there
is no need to explore the state space of Web services as
reinforcement learning methods do. We can simply run a
dynamic programming algorithm to estimate the value func-
tion of the Web services and then compute the optimal com-
position of Web services.

6. Conclusion

In this paper we have proposed anMDPmodel to address the
Web service composition problem. We used three dynamic
programming algorithms, namely, iterative policy evaluation,
value iteration, and policy iteration, to show the reliability

of our approach. Experiments were conducted with both
artificially created data and a set of real data involving seven
publicly available Web services.

Our experimental results show that policy iteration is
the best one in terms of the minimum number of iterations
needed to estimate an optimal policy. The optimal policy
indicates the sequence of combined individual Web services
making up a composite Web service with the highest evalua-
tion of their QoS attributes.

Although some approaches using reinforcement learn-
ing have also been proposed, we argue that dynamic pro-
gramming methods are better suited for the Web service
composition problem than reinforcement learning methods.
The reason is that reinforcement learning methods such as
sarsa and Q-learning require a lot of exploration of the state
space and consequently they need more iterations to make a
good estimation of the optimal policy. To illustrate this,
we compared sarsa and Q-learning against policy iteration,
iterative policy evaluation, and value iteration. The result of
this comparison is that sarsa and Q-learning required one or
two orders of magnitude and more time than the dynamic
programming methods to handle problems of the same
complexity. Moreover, in some of the artificially created
experiments, reinforcement learning algorithms got stuck in
suboptimal Web services compositions.

None of the related works proposing the use of MDP-
basedmethods to solve theWeb service composition problem
have provided a comparison study involving the five algo-
rithms that we have analyzed in this work: iterative policy
evaluation, value iteration, policy iteration, sarsa, and Q-
learning. Moreover, we present experimental results using
both a real scenario and a Web service composition scenario
with artificially generated data. All other related works report
experiments performed only with artificially created data.

Future research on this topic must address real Web ser-
vices composition involvingmore nodes. Another interesting
subject that deserves to be further investigated is the design of
complex reward functions capable of handling an increasing
number of QoS factors.
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FPGAs have shown several characteristics that make them very attractive for high performance computing (HPC).The impressive
speed-up factors that they are able to achieve, the reduced power consumption, and the easiness and flexibility of the design process
with fast iterations between consecutive versions are examples of benefits obtained with their use. However, there are still some
difficulties when using reconfigurable platforms as accelerator that need to be addressed: the need of an in-depth application study
to identify potential acceleration, the lack of tools for the deployment of computational problems in distributed hardware platforms,
and the low portability of components, among others. This work proposes a complete grid infrastructure for distributed high
performance computing based on dynamically reconfigurable FPGAs. Besides, a set of services designed to facilitate the application
deployment is described. An example application and a comparison with other hardware and software implementations are shown.
Experimental results show that the proposed architecture offers encouraging advantages for deployment of high performance
distributed applications simplifying development process.

1. Introduction

Scientific community is continuously increasing the demand
for HPC [1]. Due to its nature, high performance applications
are adapted to the existing computing capacity in order to
achieve a good tradeoff between accuracy and processing
time. Therefore, a system intended to provide a faster and
accurate solution in HPC turns out of great interest [2].

FPGA-based scientific computation is one of the solutions
for scientific community to improve the response time for
numerically intensive computation [3]. Approaches for high
performance reconfigurable computing (HPRC) integrate
both processors and FPGAs into a parallel architecture.
HPRC can achieve several orders of magnitude improvement
in speed, size, and cost over conventional supercomputers
[4, 5]. FPGAs offer high performance close to ASICs but, in
contrast to these, FPGAs provide a high degree of flexibility
similar to a general purpose computer. FPGA-based systems
are faster than a pure software approach in terms of com-
putational power [6]; therefore, an infrastructure allowing

for the exploitation of the high performance capability of a
hardware implementation with the benefits of autonomous
resource management is a promising alternative to be used in
HPC.

However, the process needed to accelerate applications
using reconfigurable hardware has required so far some
expertise in hardware design in order to obtain maximum
benefits from the hardware platform where the design is
being implemented. People that use HPCmostly design their
application by means of high-level languages such C, C++,
butmapping an application onto hardware resources requires
to describe it using hardware description languages (HDL).
Although there are tools that help designers to obtain HDL
code from C or C++ source code [7–9], to maximize the
benefits of using hardware, it is necessary to have a good
knowledge of hardware design. These benefits (speed, power,
etc.) also depend on the target FPGA vendor. Furthermore,
each FPGA vendor offers a set of features, such as primitives
or dedicated hardware (DSP, processors, etc.), which help to
obtain better results for specific architectures.
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Besides the gap between Sw and Hw programming
concepts that makes translation to hardware challenging,
there are some aspects that have so far prevented the use of
reconfigurable hardware-based platforms in HPC: the lack of
tools for deployment of computational problems in a hard-
ware platform usually leading to ad hoc structures, the lack of
configurable or parameterizable hardware resources, and the
lack of debugging methodologies and the low portability of
components (unlike in software where the portability is high
with the use of libraries), among others [10].

One way of bringing reconfigurable hardware-based plat-
forms closer to HPC users is to develop a platform and a
set of tools oriented to facilitate application partition and
deployment and the integration and communication of het-
erogeneous components and to provide a complete platform
management service that contemplate users and resources. In
this regard, this work proposes the necessary infrastructure
for themanagement and use of reconfigurable computational
resources and the interfaces that are needed to obtain a
system as generic as possible, increasing the possibilities of
developers when creating compatible applications. Besides, a
set of services provided to attain transparent user-application
deployment has been developed. One of the key aspects is
the use of the dynamic reconfiguration capabilities of FPGAs.
Using dynamic reconfiguration allows for fine-grain modifi-
cation of FPGA functionality, maintaining a set of services
in the FPGA and changing only the area dedicated to user
applications [11]. This work also provides the infrastructure
for an efficient use or the partial reconfiguration capability of
FPGAs.

This paper is structured as follows: related works are sum-
marized in the next section; then a brief description of the
architectural view of the platform is presented in Section 3. In
Section 4, the infrastructuremanagement system is presented
where basic administration services are described. Next, in
Section 5, the architecture computing nodes are defined, and
partial reconfiguration issues are discussed. In Section 6,
an example reconfigurable application design is detailed.
Later, in Section 7, experimental results are presented and
discussed. Finally, the last section presents conclusions.

2. Related Works

High performance computing clusters have evolved towards
the inclusion of different kinds of hardware accelerators in
order to overcome the limitations in the amount of par-
allelism achievable with commodity CPUs. Heterogeneous
clustering is more efficient than homogeneous architectures,
and tightly coupled accelerators help to reduce communica-
tion requirements by making use of data locality [12].

From the architectural point of view, accelerators can
be included in the cluster using two different approaches:
either as uniform node nonuniform system (UNNS) or as
nonuniform node uniform systems (NNUS) [4]. In the first
case, each node in the clusters includes only a single type of
resources (i.e., only CPUs, GPUs, or FPGAs). Examples of
this configuration are the SGI Altix servers [13], Netezza for

data warehouse applications [14], the Convey HC1 and HC-
1ex hybrid computers [15], or the Cray XD1 [16], just to name
a few of them. In some cases, FPGA technology is hidden
behind an extended instruction where designated operations
are accelerated in the hardware fabric. In other cases, FPGAs
can only be accessed through a tightly coupled processor
using a closedAPI.Themain drawback of this approach is the
communication overhead between processing elements (PE)
and the need of special hardware for the integration of the
accelerators with the communication backbone, which has a
high impact in the final cost of the solution. In the NNUS
approach, nodes are composed by a mixture of different kind
of processing elements, but all of them include a similar set
of characteristics, thus providing a homogeneous view of
the cluster. One important advantage of the model is that it
can take benefit of high-speed interconnection links between
local PEs, providingmuch higher communication bandwidth
without requiring special-purpose communications hard-
ware. Also, the NNUS architecture is better suited for the
single program multiple data (SPMD) paradigm, where a
single copy of the program can be easily scaled to amultinode
cluster.

Examples of NNUS nodes are the Axel [12] architecture
or the commercial FPGA-based computer RYVIERA and
COPACABAN platforms. SCIEngines [17] provides devel-
opers with a bare reconfigurable platform in which FPGAs
resources are at the same level of processors. However,
the development environment is not trivial for nonexpert
hardware personnel.

The kind of systems described in the introductory para-
graphs of this section falls into the category of the so-
called heterogeneous computing platforms. Heterogeneous
computing platforms are now in the heart of servers for HPC
since the fall of single CPU clusters and the replacement of
multicore-based systems. In the following, we disclose some
of the most relevant works and existing technology for each
one of the two main working areas where this work will
contribute to the state of the art, namely, (1)FPGA integration
techniques and (2) development model and tools.

2.1. Contributions to FPGA Integration Techniques. There are
several reasons to integrate FPGAs also in HPC.The first and
most obvious reason is performance. Secondly, and equally
important, is the low power consumption. Finally, the last
reason is the flexibility obtainedwhenusing FPGA in contrast
to other hardware acceleration strategies used in HPC [18].
Most of the solutions in this concern place FPGAs as a simple
coprocessor of a master entity (i.e., an on-board CPU) that
typically runs a control program. FPGAs are, thus, surrogated
to a lower level, behind the processor. This is the dominant
role of FPGAs both in high performance embedded systems
[19–23] and HPC servers.

Normally, this is done via FPGA PCI-Card solu-
tion, expanding the traditional computational node, and a
producer-consumer computational model. This architectural
solution allows easy technology adoption, but it has some
drawbacks such as the communication overhead between
hardware and software.
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Examples of this configuration are [13–15] or [16], among
others. In some cases, FPGA technology is hidden behind
an extended instruction set where designated operations are
accelerated in the hardware fabric. In other cases, FPGAs can
only be accessed through a tightly coupled processor using a
closed API.

Most of works using FPGA for HPC repeat the strategy
of integrating an accelerator into applications to speed up the
execution of the kernel of an algorithm [24, 25]. Nevertheless,
this strategy is not intended to execute the whole application
in hardware.

The approach presented in [26] represents an evolution
with respect to the acceleration of a single algorithm. It offers
an architecture where reprogrammable hardware resources
can be used as if they were resources managed by the
operating system, abstracting in this way user applications.

The proposed architecture is based on a card with par-
tially reconfigurable FPGAs connected to the bus of a general
purpose computer. This architecture loads those hardware
components needed to accelerate an application, through
a software layer that incorporates these FPGAs as if they
were additional system resources. This work does not pro-
vide hardware communication transparency and replication
services.

There are other proposals that use dynamic reconfig-
uration and on-the-fly bitstream relocation as the main
features for the employed architecture. Into this group, one
can find [27], where dynamically reconfigurable FPGAs are
included. In this approach, reconfigurable areas are used to
load application accelerators behaving as slaves. This fine
grain reconfiguration allows a better use of resources and
the possibility to launch more than one hardware core at the
same time in the same FPGA. An inconvenient matter about
this model is that communication from software to hardware
provokes a reduction of performance when the hardware
computation time is similar to the reconfiguration time. This
work does not provide communicationmechanisms between
cards, limiting parallelization.

The Erlangen slot machine architecture [28] belongs
to this group as well and proposes a system that exploits
dynamic reconfiguration and relocation of bitstream to
implement high performance AV stream applications. Their
advantages are deployment transparency and communica-
tion inside the FPGA, but this architecture was not designed
to scale to more than one device.

Another strategy used to accelerate an algorithm is the
use of soft-core processors implemented in FPGAs, as those
processors created using Mitrion C software [29, 30], which
are customized and replicated automatically for each applica-
tion. With this strategy, an increment of performance of the
algorithm execution is obtained, but it is limited by Sw-Hw
communicationmechanisms. Its main advantage is related to
application development due to the fact that developers use
C-like software abstracting them from hardware details.

Most of these related works keep users tied to the physical
architecture (Figure 12), so, the effort to take advantage of
architecture specific resources needs to be done again when
the architecture change (low portability). One solution is
to use a logical architecture in order to provide designers

with the same architecture, abstracting them from physical
architecture and providing also the infrastructure to perform
mapping efficiently from logical to physical architectures.The
main idea is to present an abstraction from computational
resources to users, in order to keep them as far as possible
from the underlying infrastructure, avoiding having a deep
knowledge of the platform to perform an efficient application
deployment.

2.2. Contributions to Development Models and Tools. One of
the main problems with heterogeneous PEs integration is
the very different nature of their architectures, which also
affects the programming model typically used in each case.
Regarding GPUs, considerable efforts have been done by
vendors and the scientific community to provide high-level
programming models and frameworks, such as CUDA [31]
from Nvidia or, lately, the recent announcement of Altera
[32] that uses OpenCL as the unique programming model
for FPGAs, GPUs, and CPUs, and, as a result, they have
been quickly adopted by mainstream software programmers.
However, that is not exactly the case for FPGAs.

While FPGAs have proven to be very power efficient
and good candidates for HPC, particularly for applications
demanding fine-grain parallelism and nonstandard data sets,
they have important drawbacks: they require highly special-
ized design skills, vendor toolchains are too focused on the
optimization of the resulting circuits, but they provide little
support for seamless integration of the solutions, and last
but not least portability is still a challenge, even for different
FPGA families of the same vendor. The research community
has been working in high-level synthesis tools for more than
a decade, in order to close the enormous productivity gap
for FPGA design, and recently the release of several of these
tools (such as Catapult-C [33] fromCalypto, VivadoHLS [34]
fromXilinx, or Synphony [35] fromSynopsys) is beginning to
show good expectative. However, these tools only address the
problem of the hardware implementation of computational
kernels, while there is still a long road to turn reconfigurable
logic into a resource commodity.

Current state of the art in synthesis tools technology
provides support for a big subset of the C language, excluding
those aspects that cannot be easily mapped to a hardware
implementation, such as dynamic memory management.
Also the coding style andmapping rules have been simplified,
broadening the community of users and not just targeting
engineers with a hardware design background. It is only
required to understand some basic concepts related to how
compilers work. Most of these tools accept a plain C, C++,
and SystemC description that can be shaped into a hardware
implementation despite the definition of certain directives,
such as the type of protocol to define the reception of the
arguments, loop manipulation, or the identification of blocks
that may benefit from a parallel implementation. The whole
process of directive definition, synthesis, and results analysis
takes no more than a few minutes, providing a mean to
quickly explore the design space, which is in contrast to the
several weeks that the same task would require following
classic hardware design flows.
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3. Model

The progress and expansion of distributed high performance
application in software have been tied to computation plat-
form development and their development models. These
platforms have relied on (a) distributed systems technology
that contributes to an interconnection middleware between
clients and services, (b) object oriented modeling, providing
design advantages through the data and functionality encap-
sulation, and (c) the movement toward clusters and grids
facilitating the pooling and exploitation of computational
resources.

An important aspect of each existing platform relies on
its model. A model allows developers to take advantage of
heterogeneous resources. The model will provide flexibility
and tools, enabling the designer to develop applications.
The model also gives information about the types of the
existing computing elements, their interconnections, and
their performance. The success of a platform is tied to the
facility and the accuracy with which a real problem can be
modeled or represented. Then, to facilitate the deployment
of a distributed high performance computation problem,
the adopted model must provide the advantages already
provided by software approaches plus the benefits offered by
reconfigurable hardware:

(i) problem modeling facilities;
(ii) automatic deployment;
(iii) location transparency;
(iv) communication transparency;
(v) replication mechanisms.

Besides, the adoptedmodelmust specify several service levels
depending on the expected application control degree, offer-
ing lower barriers and development facilities to both sides
of HPC business: users and service providers. Furthermore,
the adopted model should provide flexibility to dynamically
compose available resources in order to optimally exploit
the computational platform for a specific computational
problem.

The platformmodel proposal presented in this paper, that
we call reconfigurable grid (R-Grid), identifies a component
model in the foundations of the solution to explore. This
modelwill be supported by the physical platformand itwill be
the basement for application analysis, modelling, refactoring,
and development.

The R-Grid platform model will ease the way application
development is nowadays performed in FPGAs, particularly
parallel applications, by means of this component model
and domain specific libraries. The concept of component is
technology independent. This makes the R-Grid proposal
portable and not attached to the existing technology, allowing
for the evolution of the concepts and techniques result of this
research, to further and future technology generations.

In our approach, an application is constituted by a
collection of components, whose nature depends on the
adopted programmingmodel and the chosen target hardware
resource. The R-Grid platform model will facilitate and pro-
mote the use of the distributed reconfigurable computation

resources through domain specific primitives and compo-
nents. In domains where artifacts as primitives and domain
specific components already exist, they will be efficiently
ported to the new specific hardware. In other cases, they will
be inferred from the analysis of certain use cases and will be
included in an available library.

R-Grid platform model supports different programming
models such as those based on shared memory (openMP),
remote method invocation (RMI), or messages passing inter-
face (MPI).

4. Architecture Description

The infrastructure proposed in this paper gives the necessary
support for transparent application deployment and auto-
matic application management, in order to liberate users
from architectural aspects during runtime.

This infrastructure was designed in three layers: the low-
est layer is composed of reconfigurable resources on which
user applications are instantiated; the second layer abstracts
these resources providing a resource homogenization and
facilitating application deployment; and the upper layer is
used for resource and application management issues.

From a top-down perspective, the basic architecture of
the platform comprises a central management node (upper
layer) and a set of interconnected reconfigurable compu-
tational nodes with their corresponding communication
adapters (second and lower layers). The management node is
implemented in software and offers a set of basic services for
resources and applicationmanagement that will be described
in detail later.

Computational nodes, on the other side, offer computa-
tional capacity (resources) and are composed of two main
parts: one part consisting of a set of resources dedicated to
accommodate user applications, and the other part includes
a resource abstraction creating a homogeneous view to
facilitate node integration.

These computational nodes can be either software nodes
(processors) or hardware nodes (reconfigurable logic). Soft-
ware computational nodes are built on a general purpose
processor where applications are deployed in software, while
hardware computational nodes are FPGAs with dynamically
reconfigurable areas, where applications are implemented in
hardware.

A scheme of the described infrastructure is depicted in
Figure 1.

Both computational nodes and management nodes are
interconnected through a high performance network. To
obtain a homogeneous view of resources, a communication
abstraction model based on the OOCE middleware [36] was
used, where the communication between nodes is performed
using remote method invocation (RMI). Through RMI, it
is also possible to manage the deployment of applications
as binary files, as well as to obtain information about the
computational node type, the state of resources, and so forth.
The OOCE middleware facilitates component adaptability
and the communication between components using the
client-server approach as it will be described later. For each
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Figure 1: Infrastructure composed of several computational nodes managed by a management node.

client component, a proxy is added that represents the server
component. If the client requires services from different
servers a proxy for each one will be added to the client.
Each proxy has the same interface as the correspondent
server. Proxies translate the invocation sent to the servers
into messages through the communication channel. In turn,
a skeleton is added to each servant object in order to translate
messages into invocations to the servant.

4.1. Management Node: The Infrastructure Management. The
implementation of the management node is purely software.
The technology used during development process was as
follows: JAVA was used as a programming language, OOCE
used as communication middleware, JDBC for database
access, and SQLite as database.

Platformmanagement aspects are covered by a set of basic
services offered by the management node. These services
are a key part of the system and are defined to facilitate
the exploitation of computational resources in a simple and
transparent way. These services are essential to facilitate
both the deployment of applications and the use of the
reconfigurable platform. The following subsections describe
each one of these basic services.

4.1.1. Application Registry Service. The application registry
service is the first service that a user employs.

This service allows the clients to manage their application
repository. The repository is the only source of application
supported by R-Grid so clients as a previous step to execution
must include their application in the repository. The reposi-
tory stores structural and binary information of applications.

Before delving into the application registry service, it is
necessary to briefly describe the applicationmodel that better
fits with the proposed infrastructure. This application model
is intended to meet those requirements that can appear due
to the use of not only software computational nodes but also
dynamic reconfigurable hardware resources.

Component

Name

Name Name
Resources

Application

Size
Type

1 1

1 . . .m 0 . . .m

Figure 2: Application model.

Applications can be seen as a set of components interact-
ing with each other to reach the solution of a certain problem
using specific resources (Figure 2).

Each component is defined as a programmable unit to be
instantiated in a computational node resource. Examples of
application configurations are shown in Figure 3. Figure 3(a)
describes an application composed by a controller interacting
with several slave components. In Figure 3(b), an example of
application composed by chained components is shown.

The application structural information contains data
about the name of the application, its components, and the
required resources defined in the application model. The set
of all this information is called application descriptor.

The application registry service is in charge of collecting
information about the application composition, that is, the
application identifier, the components of the application,
and the component binary files associated with a specific
computational nodemodel. To select the computational node
model that better fits with the application to be deployed,
the management node offers a list of computational nodes
with different characteristics (i.e., memory bandwidth, area,
maximum clock frequency, etc.) to the users. Users select the
specific computational node and generate the corresponding
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Figure 3: Applications schemes.

binary file for the chosen resource. The application identifier
must be unique for each user. Likewise, each component has
a unique component identifier in order to be reached by the
remaining components of the application, independently of
their locations.

4.1.2. Application Deployment Service. Once the application
has been registered, the user can request the deployment of
the application.

The deployment request triggers the loading of the binary
file associated with the selected resource model contained in
a computational node already registered in the previous step.

Besides the fact that the binary files have been created
for a specific type of resource, the management node uses
a set of metrics to select the proper computational node
between all those that can hold the same bitstream for the
given application constraints (bandwidth, memory, etc.). For
example, in order to maximize the bandwidth, the objective
of the management node is to deploy all components in the
same computational node (i.e., in the same FPGA). Once
the computational node has been selected, a binary file is
transferred for resource configuration.

4.1.3. Application Location Service. As stated before, applica-
tions are defined as a set of collaborative components that can
be instantiated in different distributed resources using several
computational nodes. Then, to have a correct application
execution, a transparent communication between local and
remote application components is necessary.

To facilitate the access to local and/or remote com-
ponents, the application location service provides location
information for the application components. This is a hier-
archical service composed of a global locator running in the
management node and a local locator implemented in each
FPGA. The global locator keeps location information about
all components of an application that are deployed in the
system, while local locator keeps information of only locally
deployed components (in the same FPGA or processor).
Assuming that the location of a component can vary during

the lifetime of the application depending on the priority of
use of free resources, may occur that a component need to
be moved either inside the same computational node or to
another FPGA, in order to comply with some application
restrictions (i.e., performance). Each time a component is
deployed, the location service is updated. Then, if a compo-
nent that has been moved needs to be reached, the request
is redirected to the local locator first to obtain the new
local address of the component and in case the component
has been moved to a different FPGA the request is then
redirected to the global locator which is provided with the
new component address.This indirection process occurs only
when a component changes its location. Once the component
location is identified, the corresponding proxy is updated for
further invocations.The location service uses a data structure
that includes a component identifier as a primary key and the
content associated with that key is the physical address of the
component.

4.1.4. Data Structure Implementation. Data structure is a
key part of management node. The management node will
receive a plethora of concurrent request and has to maintain
all information about system state in a safe and coherent
way. The structure of data has been implemented through a
relational database and a file system. The database will keep
the dynamic information of system while the file system will
store the application binary files.

The dynamic information of the system will include reg-
istered users, their applications, the state of each application,
the pending actions to be performed (activation, stop), and
the existent resources and their states. All this information
follows the scheme represented in Figure 4.

4.2. ComputationalNode:TheResources Infrastructure. Com-
putational nodes have two objectives. The first one is to
offer their internal resources to the management node for
application deployment. The second objective is to provide a
homogeneous view independently of their nature (hardware
or software), in order to allow the management node to have
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a common treatment for all of them independently of their
model. The only requirement is that all computational node
models must offer the same interface.

When hardware, the computational node can be formed
by one or by a set of reconfigurable areas, depending on the
FPGA model. Each one of these areas, named dynamic area
(Figure 5), is a resource that can be configured to contain
a functional component of the user application. In case of
dynamically reconfigurable FPGAs, all reconfigurable areas
inside the same FPGA are defined of the same size and with
the same amount of internal resources. This allows for the
relocation of an instantiated component from one dynamic
area to a different one in the same computational node or
relocated in a different FPGA of similar characteristic. A
scheme of the computational node is depicted in Figure 5.
The amount and size of dynamic areas depend on the
size and type of FPGAs; therefore, the architectural model,
presented in this paper, combines computational resources
of different characteristics in order to offer a wide range of
reconfigurable resources for application deployment. Users
can choose specific resources for their application selecting
them from those offered by themanagement node as detailed
in Section 4.1.

Dynamic areas have two interfaces, one dedicated to
communicate either with the configuration kernel or with the
rest of components belonging to the same application and
the other one dedicated to provide access to local memory.
The component named memory access interface allows the
sharing of memory resources between all dynamic areas
dividing space memory into spaces of local memory for each
dynamic area separately.

The configuration of each dynamic area is performed
by the configuration kernel component. This component
provides three kinds of different services as follows:

(a) reconfiguration service which is in charge of partial
bitstream management during application deploy-
ment; this service is invoked only by the management
node when a user requires application deployment;

(b) location service that is part of the application loca-
tion service provided by the management node as
described in Section 4.1; this is an internal service
whosemain objective is to accelerate internal location
consulting; this service is used to locate a component
inside the computational node;

(c) self-discovery service that allows FPGA to be discov-
ered by the management node with the startup of the
FPGA.

Self-discovery service is a key functionality for resource
management. When connected, each FPGA will announce
their own features (model, size), amount of resources, and
type of areas to place components. This announcement is
performed during the startup of the FPGA and the execution
of the three described services is managed by the service
manager component. It provides an interface offering meth-
ods such as get device model, get device free resources, and
deploy bistream, to configure resources. Through this inter-
face, the management node can query each configuration
kernel component of each FPGA about the computational
node model or about the amount of free resources to
launch a reconfiguration process in a specific dynamic area
(Figure 16).
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The network adapter component, in turn, translates the
incoming messages into invocations to the configuration
kernel or to the components placed in dynamic areas and
composes internal invocations into messages to the outside.

4.2.1. CommunicationModel. One of themain characteristics
of the grid systems is the possibility of task relocation
according to several factors such as the amount of free
resources, the policy employed in task distribution, or specific
user requirements among others. To facilitate portability of
components between different computational node models,
a common communication interface (resource abstraction) is
provided by the platform. As briefly introduced in Section 4,
the communication model used in this work is based on the
OOCE middleware. When using OOCE middleware, each
component is the sum of both the functional core plus the
corresponding adapters, proxy, or skeleton, depending on the
type of functional core. In this way, a client will be formed by
the client core plus the proxy of the server that will attend the
clients invocation, and the server will be formed by the server
core plus the skeleton.The proxy will translate the invocation
to the communication channel protocol and, on the other
side, the skeleton will translate from communication channel
protocol to server invocations. Using this communication
mechanism, the invocation between two remote components
can be seen as a local invocation. This allows components
to be adapted to the corresponding communication infras-
tructure isolating the functionality from the communication
channel. The generation of these adapters to the correspond-
ing communication channel is performed through the use
of R-Grid tools from a description of the corresponding
component interface.

This approach allows three degrees of transparency: (a)
location transparency, because the client sees the server
interface as if it was a local invocation, (b) access transparency
because it is possible to reach the server independently of its
implementation (hardware or software), and (c) communi-
cation transparency because this middleware can be used for
any communication channel.

4.2.2. Network Protocol Requisites. Classical cluster system
generally uses network protocols such as TCP/IP, but this
is a stack that is not easy to implement in the hardware.
For that reason, a specific protocol based on TCP/IP has
been developed for the R-Grid infrastructure. This protocol
should comply with a set of requisites in order to have a
very easy hardware implementation and with a very low
communication overhead.

(i) Global system addressing: the first requisite in R-
Grid is to have a transparent communication between
components independently of the nature of the com-
putational node they are placed.

(ii) Orthogonal communication: the second requisite is
to facilitate the access to either the component of an
application or to the system services, using the same
message format for both cases.

(iii) Bidirectional communication: the third requisite is
to have a bidirectional communication allowing the
return of a value or a confirmation of completed
operation or error messages.

(iv) Safe communication: the protocol should also provide
security communication issues in order to prevent
the access to applications that do not belong to the
corresponding user or the access of components from
one application to another one.

(v) Broadcast communication: the protocol should pro-
vide broadcast messages.

Starting from these requisites, the network protocol will be
divided into a set of layers as depicted in Figure 6.These layers
and the fields that each layer introduces into the message are
described as follows.

Physical Layer. This layer makes upper layers independent
of transmission media. Physical media used in R-Grid go
from Ethernet till point to point communication RocketIO, or
SATA. For Ethernet the physical layer has a field with source
and destination MAC address plus a field to identify type of
message.

Network Layer. This layer implements addressing function-
ality. It will be used to transport messages from a specific
computational node to another inside the system.

DST Node. The DST node field indicates the des-
tination computational node. It uses three special
addresses that will not change in any R-Grid system:

(i) address 0 indicating its own node;
(ii) first assignable address for the management

node;
(iii) last assignable address for broadcasting mes-

sages.

SRC Node. Equivalent to DST node field, this field
stores information about the source of the message.
Total Size. It indicates the size of the payload in this
layer.
ID. It allows the identification of a message between
different transactions. It is used to deal with message
fragmentation.
Frag. This field contains information for fragmenta-
tion process control.

Transport Layer. This layer implements the multiplexing of
functionalities inside computational node allowing hoosing
a service or a deployed application component.

DSTArea.TheDST area field indicates which compo-
nent in the computational node is the destination of
the message. It uses two special addresses:

(i) address (0) indicates services zone in the com-
putational node;
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(ii) the last assignable address indicates all deployed
components.

SRC Area. The DST area field stores information
about source component.

Application Layer. This layer implements information about
operations and type of message.

App. ID. This field provides the application ID. This
value is unique for each deployed user’s application.
All components of the same application will have the
same ID. This field allows verification if a message
received by a component belongs to the same appli-
cation.
Type. It indicates if the message is a shipment, a
reception, or an exception.

Op. ID.This field indicates the operation or function-
ality of the invoked component. If the functionality
is a service, this field indicates the specific required
service.The list of the operations corresponding to the
platform services is described in Table 1.

4.3. Partial Reconfiguration Infrastructure. The reconfigura-
tion process starts when the management node sends an
invocation to the configuration kernel to deploy a bitstream.
The configuration kernel uses the internal configuration
mechanism of FPGAs. Xilinx FPGAs have a component
named internal configuration access port (ICAP) to perform
the configuration of a partial region of the FPGA. The ICAP
provides access to the FPGA configuration interface and the
configuration registers performing a partial reconfiguration
of the FPGA. The configuration kernel has been designed to
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Table 1: Platform services and their corresponding op. ID.

OP. ID Service description

0 Component registration service: it is the component
registration in local locator

1 Location service: it gives the address of an application
component

2 Deployment service: it deploys the binary file which is
sent in the parameter field

3 Component start service: it sends a signal to start a
component

4 Stop service: it stops a component that is running

5 Node ID update service: it changes the node ID at node
network level

6
Discovery message service: when this service is
selected, the resource announcement message is in the
parameter field

7 Free resources available description service: it describes
the number of node free resources

deal with the internal reconfiguration process of the ICAP.
The configuration kernel acting as a dedicated DMA is
an asynchronous component that reads the bitstream from
memory and transfers it to the ICAP. This is done with
burst transactions, allowing for fast partial reconfiguration
of the FPGA without intervention of a processor. The ICAP
receives the bitstream from the configuration kernel and
loads it into the configuration register of the FPGA. This is
the only component in the proposed infrastructure that is
technologically dependent.

Besides, the configuration kernel updates the location
information with valid component endpoints in the location
service when necessary.

As dynamic areas in the same FPGA are defined with the
same shape and size, the bitstream can be modified to be
used in different areas [37]. The resources in terms of logic
involved in the implementation of the configuration kernel
and time overhead during partial bitstream reconfiguration
are evaluated in Section 6.

5. Designing a Reconfigurable Application

The application design is determined mainly by its function-
ality, which is divided into small pieces and programmed
in several components. Each one of these components is
assigned to a dynamic area.Then, an application is composed
of a set of partial bitstreams where each partial bitstream
represents a component of the application.

A component consists of the functional core itself plus
two interfaces. One interface is named communication inter-
face and performs the communication to the rest of the
application. The second interface is a proxy to memory, a
memory interface.

The memory interface is a generic technology that is an
independent description of the capabilities of a memory:
read and write operations of a single word or a sequence of
words. Such a description is a logical representation of real
memories in the system.Anymemory block in the system can

be modeled with the memory interface and used by means of
its proxy, while, from the implementation point of view, we
are simply reading and writing to a certain address computed
from a base (the proxy reference) plus an offset, the address
specified in the methods.

Components can have a passive role, and that means the
component is waiting for an incoming invocation to process
data and return a result or can have an active role invoking
other components.

R-Grid offers to application developers a lot of freedom
in modeling their application architecture. The two basic
rules are the explicit intertask communication and the dis-
tributed memory. In R-Grid architecture hardware tasks can
communicate each other without the action of a host; this
avoids host-coprocessor architecture bottleneck existing in
some HPRCs.

Another advantage is that developers can implement and
deploy their code without restrictions because each task runs
in a hardware sandbox. This freedom is compatible with
a library of implemented common tasks. In this way, the
developer can choose tasks from library or implement their
own design.

In Figure 7, we can see briefly the application develop-
ment workflow proposed by R-Grid.

It has five phases from the applications analysis to the
application execution. The first phase corresponds to the
selection of the programming model. Once the application
has been designed according to the selected programming
model, the next step is the partition of the application into
a set of cores as subtasks. The next phase has two parts,
one consisting in the generation of the corresponding stubs
or adapters to form the component (core plus adapter) that
will be implemented in hardware, plus the generation of
the corresponding partial bitstream.These bitstreams will be
generated according to the model of the selected FPGA. In
this stage, the application descriptor is created. In Phase 4,
themanagement node comes into the game when application
and binary files are registered. Finally, the management node
deploys the application in R-Grid architecture.

The synthesis process and the creation of the binaries files
are performedusing the tools provided by FPGAvendors. For
computational nodes based on Xilinx FPGAs, we used Xilinx
tools with support of dynamic reconfiguration. In order to
simplify the synthesis process, R-Grid is provided with a
project template containing constraint files, communication
interfaces, and the element forming the static part of the
FPGA, plus the initial partial bitstreams.

In order to choose an example that can reflect the needs
ofmost scientific applications like those requiring solutions of
several numerical linear algebra problems, such as eigenvalue
problems, linear least square problems, and linear system of
equations, among others [38], a matrix multiplier application
is chosen as an example to be implemented.This example has
two objectives: the first one is to illustrate how a high perfor-
mance application is implemented in this infrastructure. The
second objective is to test the platform.

This matrix multiplier is based on three functional cores:
the data controller, the multiplier, and data storage. The
data controller is in charge of matrix partitioning to perform
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calculus in parallel. The controller divides the multiplication
process by the number of multiplier components involved.
Multipliers are in charge of calculating partial results of
the matrix partition assigned by the data controller. Finally,

the data storage functional core integrates partial results to
create the result matrix.

Once the data controller, multiplier, and data storage
functional cores have been developed, it is necessary to
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Table 2: Resources used in communication mechanism in compu-
tational node.

Component Slices LUTs FFs Freq.
Network
stack 1788 1380 2790 127.6MHz

Adapters 624 643 981 186.4MHz
Bus 284 210 335 220MHz

add both of the network and memory interfaces to each
functional core to create the corresponding component.

As stated before, interfaces (proxies and skeletons) to
the communication channel and to the local memory are
automatically generated using R-Grid tools.

To synthesize each component, a project template is
provided that includes partial bitstream of target FPGA. The
template is copied for each component of the application.
In each copy of the template, the functionality source code
and the autogenerated adapters code of the corresponding
component are included forming each final component that
will be instantiated in the computational node. Finally, a
TOP design including designed components is included.
Once components have been generated, they are synthesized
and bitstreams are generated. Components are ready to be
instantiated into dynamic areas.

The next step is the creation of the application descriptor
in order to proceed with the application registry in R-
Grid. The application descriptor is described in Algorithm 1
(Application Descriptor example).

Those bitstreams are loaded by the configuration kernel
in the specified dynamic areas.

After application has been deployed, data controller
assigns the corresponding data to be processed to the local
memory associated with each multiplier deployed. After
completion, the data controller sends an invocation to each
multiplier component to start the multiplication process.

6. Experiments and Analysis

To test and validate the infrastructure and the described
services presented in this work, several experiments have
been developed.

6.1. Computational Node Implementation Analysis. The anal-
ysis of the implementation of a computational node has
the following objectives: characterization of communica-
tion in terms of logical resources used in communication
mechanism and available bandwidth; analysis of deployment
time; and the characterization of location process in terms
of involved resources and the time consumed in location
process.

6.1.1. Characterization of Communication. Table 2 shows the
amount of resources involved in the communication mecha-
nism of the computational node in a Virtex 5 FX70T FPGA.

Regarding communication performance, the first analysis
was the evaluation of the efficiency of R-Grid protocol. The

Table 3: Logical resources used by deployment service.

Slices LUTs FFs Frequency
376 631 755 234.9MHz

Table 4: Time consumed during location process.

Location process Time
C to A 230 nsec
C to B 720 𝜇sec

results are depicted in Figure 8 with respect to the size of
communication packets. In the graph, it can be observed that
the header of the message has low overhead from 90 bytes,
reaching an efficiency of 75%. Figure 9 shows the time
consumed during different size packets transmission in each
part of the communication mechanism of the computational
node. The reception and transmission time (delivery time)
represent the minimum time obtained if the network could
satisfy the internal bandwidth. Processing time represents
the time consumed in packet processing in a component
performing echo function. Physical media time represents
the transmission time for a 1 Gb Ethernet network. Total time
includes reception, transmission, and processing time. As can
be observed, the network communication time is a limiting
factor to deliver data between remote processing elements.

6.1.2. Characterization of the Deployment Process. This test
case has the objective of evaluating the reconfiguration time
using R-Grid configuration kernel. In Figure 10, the involved
blocks during deployment process and the time consumed
in the reconfiguration of a 130KB size bitstream, measured
at each involved stage: request, bitstream transference from
server to computational node, and computational node con-
figuration, can be seen.

Table 3 shows the amount of resources involved in the
deployment process.

6.1.3. Characterization of the Location Process. This test case
was intended to evaluate the time consumed in the location
process described in Section 4.1.3. The test consists in the
location process of components 𝐴 and 𝐵 requested by
component𝐶. In this test, component𝐴 is placed in the same
computational node of component 𝐶 while component 𝐵 is
placed in a different node in order to evaluate local and global
location process, respectively. Table 4 summarizes the time
consumed in both cases. In the first case, the location service
is provided by the local locator whereas the global locator is
consulted in the second one.

6.2. Matrix Multiplication: SPMD and RMI Programing
Model. The next experiment consists in the implementation
of a matrix multiplier in the platform to analyze the via-
bility of the proposal, evaluating whether the services are
correctly implemented and the benefits are obtained in the
complete application deployment process. This experiment
was performed following the steps indicated next. First,
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<?xml version=“1.0” encoding=“UTF-8”?>
<! DOCTYPE RGridApplication SYSTEM “RGridAPP.dtd”>
<RGridApplication name=“Matrix Multiplication”>
<component name=“Data Controller”>
</component>
<component name=“Multiplier”>
</component>
<component name=“Data Storage”>
</component>
</RGridApplication>

Algorithm 1: Example of an Application Descriptor.

void stoAArray (int m, int p, byte [m x p] data);
void stoBArray (int p, int n, byte [p x n] data);
void Calculate (int ProcessingElements);

Algorithm 2: Data Controller Role Description.

a programming model for application development was
chosen. Then, an analytical study about application needs
and the necessary FPGA capabilities in terms of amount of
logic, memory capacity, and bandwidth was done in order to
check viability of the selected resources. The next step is to
implement the application and the evaluation of resources.
The last step consisted of evaluatingwhether the performance
obtained is competitive compared with a traditional software
solution.

The matrix multiplication example was developed fol-
lowing the SPMD (single process, multiple data) technique,
using RMI as communication mechanism, and distributed
memory.

A simple application architecture was proposed where
three main roles were defined (see Figure 11).

(i) Data controller role: this role is responsible for data
reception. Once received, data is partitioned and sent
to computing elements. In this experiment, the data
controller role was implemented in the data controller
component.

(ii) Processor role: this role is responsible for data pro-
cessing. This role can be played by several com-
ponents placed in one or several nodes (multiplier
components). Once data are processed, they are sent
to the next player.

(iii) Data storage role: it receives the processed data and it
is responsible for combining the final data from the
received partial data. This role is performed by the
data storage component.

6.2.1. Data Controller Role. This role has several methods as
indicated in Algorithm 2 (Data Controller Role description).

The first action is to store each operand matrix. This is
performed through stoAArray and stoBArraymethods, where
int m, int p, and int n parameters indicate matrix dimen-
sion (rows and columns). Data partitioning is coordinated
through Calculate method. This method is invoked indicat-
ing the amount of processing elements that will be used
for matrix multiplication defined by the ProcessingElements
parameter.
𝑀,𝑃,𝑁, and ProcessingElements parameters are used to

determine submatrix partitioning process.

6.2.2. Processor Role. Processing role was divided into two
parts. One is devoted to store partial data received from data
controller and the other is for multiplication process.The sto-
SubMatrixmethod stores partial data in local memory start-
ing from thememory address indicated by pos parameter.The
parameters sizeXp indicates the total amount of submatrix
elements, and Number of vectors indicates the number of
data vector sent to the processing element, whereas data
parameter indicates the value of the corresponding matrix
element (see Algorithm 3 Processor Role description).

To start multiplication process, data controller invokes
multSubMatrix method where posi and posj parameters
denote the position of each operand (already given by the
stoSubMatrix method), the size denotes how many times
the operation must be done, and the last two parameters
resultX and resultY indicate the position, in the result
matrix, where the result of the multiplication must be
saved.

6.2.3. Storage Role. The storage role has methods for result
matrix initialization, for obtaining data, and for data writing
(see Algorithm 4 Storage Role description).

6.3. Physical Capacities Evaluation. As hardware devices two
Xilinx FPGAswere selected: Virtex 5VLX110T andVLX220T,
with a DDR2 Micron MT8HTF12864HDZ-800 memory,
1 GB of capacity, and a peak transfer rate of 6400MB/s,
the model of the application corresponds to that shown in
Figure 3(a), where the controller distributes matrix operand
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void stoSubMatrix (int pos, int SizeXp, int number of vectors, byte[] data);
void multSubMatrix (int posi, int posj, int size, int resultX, int resultY);

Algorithm 3: Processor Role Description.

void setArray (int sizeX, int sizeY);
void putData (int x, int y, byte data);
byte[] getData (int x, int y, int size);

Algorithm 4: Storage Role Description.
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Figure 8: Efficiency of R-Grid protocol.

elements to computational kernels to perform the calculus
in parallel. For that in each FPGA, four components were
implemented.

6.3.1. Logic Requirements. Matrix multiplication is defined in
(1), where 𝐴 is a𝑀× 𝑃matrix, 𝐵 is a 𝑃 × 𝑁matrix, and 𝐶 is
a𝑀×𝑁matrix:

𝐴 × 𝐵 = 𝐶,

𝐶
𝑖𝑗
= [𝐴𝐵]𝑖𝑗 =

𝑝

∑

𝑘=1

𝐴
𝑖𝑘
∗ 𝐵
𝑘𝑗
.

(1)

To define the size of reconfigurable area for matrix
multiplier component implementation, we start developing a
parameterizable matrix multiplier component. This compo-
nent is a computational kernel that solves a 𝑄 × 𝑄 submatrix
of the whole matrix of results. The computational kernel can
solve𝑄×𝑄 values per cycle. Input data are the𝑄 rows and𝑄
columns of the original matrix operands.

The computational kernel was implemented using 1 × 1,
2× 2, 3× 3, and 4× 4 submatrix sizes.These implementations
were performed in two versions: one using DSP macros and
the other without DSP macros.

Dynamic areas were defined using Xilinx PlanAhead
tool. Each area occupies one clock region following vendor’s
advice. Both FPGA models have 16 different clock regions;
therefore, each dynamic area offers 1/16 part of total resources.
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process.

In this experiment, eight reconfigurable areas were defined to
implement up to 8 components.

The synthesis data report is summarized in Figure 13,
where Total 110T and Total 220T represent the total of
available resources (normalized to 110t) per dynamic area
defined in the Virtex 5 VLX110T and the VLX220T models,
respectively. In this graphic, it can be observed that all
computational kernel configurations can be implemented in
defined dynamic areas, except 3 × 3 and 4 × 4 model using
DSP in Virtex 5 VLX110T,

Now, the reconfiguration time is evaluated. The recon-
figuration time depends on partial bitstream size and the
reconfiguration latency.

The configuration kernel includes a hardware FIFO and
it is optimized for burst reads and writes from the DDR
memory to the ICAP controller. Virtex 5 ICAP controller
supports 32 bits/clock cycle bandwidth. As a result, the
latency does not suffer from the memory I/O bottleneck and
is completely delimited by the ICAP reprogramming latency;
thus, it is near the technological limit of the device. In this
experiment, the size of each partial bitstream forVirtex 5 110T
FPGAmodel is of 233 KB and the reconfiguration time using
configuration kernel is 596.5 𝜇 sec.

6.3.2. Memory Bandwidth. The second analysis carried out
was to determine whether the available memory resources
are sufficient for each computational kernel. For this, it is
necessary to calculate the amount of memory and the mem-
ory bandwidth needed by each model of the computational
kernel.
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Memory bandwidth is defined by the kernel size, and by
the matrix element size, as it can be observed in the following
equation:

Bandwidth = Kernelsize ∗ Datawidth ∗ 2. (2)

Figure 14 represents memory bandwidth requirements
for 1 × 1, 2 × 2, 3 × 3, and 4 × 4 kernel size, for two sizes
of matrix element: 16 bits and 32 bits. As a reference, the total
memory bandwidth supported by Virtex 5 was represented.

As it can be observed for a 16-bit-widematrix element, the
memory bandwidth is sufficient for all sizes of computational
kernel, being optimum 4 × 4 computational kernel. For a 32-
bit-wide of matrix elements, only 1×1 or 2×2 computational
kernel can be used; otherwise, the memory bandwidth is not
enough to feed the computational needs of the kernel.

6.3.3. Memory Capacity. The need of storage space for the
resultant matrix depends on the size of matrix operands, the

width of matrix element, and the size of the kernel adopted.
Thememory space for the resultantmatrix is defined by𝑀total
while thememory space reserved for component operation is
defined by𝑀component just the way it is described in formula
(3), where𝑀,𝑃, and𝑁 represent matrix dimensions:

𝑀total = (𝑀 ∗ 𝑃 + 𝑃 ∗ 𝑁 +𝑀 ∗𝑁) ∗ Datawidth,

𝑀component = (2 ∗ 𝑃 ∗ Kernelsize) ∗ Datawidth.
(3)

Figure 15 represents the memory capacity requirements
with respect to kernel size. For each component, 128MB of
memory space was reserved, allowing for the storage of the
whole matrix.

6.4. Performance Evaluation. Once the memory space was
defined, the next stage consists in performance evaluation for
a 5000 × 5000 16-bit-width elements matrix multiplication,
taking into account the computational kernel size and the
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amount of replicated computational units used. The result
can be observed in Figure 17. This graphic shows time
consumed (in seconds) during matrix multiplication using
several hardware approaches (different kernel size) and a
software solution.

Computation time needed by one kernel is determined
by the size of the original matrix and the size of the kernel.
Each 1×1 kernel can perform amultiplication of one column
element and one row element and the result is added with the
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Figure 14: Memory bandwidth requirements per cycle.

accumulated value in the kernel in one clock cycle. Then, the
total time, in clock cycles, consumed is equal to the number
of columns of matrix 𝐴 or the number of rows of matrix 𝐵.
Once this time is known, the next step is to determine how
many times this operation needs to be done, as it is defined in
formula (4), where𝑀,𝑃, and𝑁 representmatrix dimensions:

Timecomponent = 𝑃,

Timetotal = 𝑃 ∗
𝑀 ∗𝑁

Kernel2size
.

(4)

In order to attain an execution time very close to the
computation time calculated above, it is necessary to hide
the data transference time with the computation time of each
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computational kernel. In order to optimize the execution
time and to avoid that the computational kernel remains
inactive until new data is loaded in its local memory, it is
necessary to determine the minimum amount of data to be
loaded into local memory to ensure continuous processing
time. It is necessary to reach a balance between the number
of computational kernels and the amount of data needed by
each one.This last value affects linearly the transference time
and in a square mode the computation time. As shown in
Figure 18, four nodes work in parallel. The transference time
for each node is symbolized by TT Node 𝑛 where 𝑛 is the
node number. If the amount of data loaded in each local
memory allows an execution time long enough until new
data is loaded, then the computing time shown in Figure 17 is
actually equal to the total execution time. Time is calculated
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Figure 17: Time to compute (matrix 5000 × 5000 16 bits).

from formula (5), where 𝑃 represent the amount of rows or
columns in𝑀×𝑃multiplied by 𝑃×𝑁matrix multiplication.

Figure 19 represents the transference time for one compu-
tational kernel, the total transference time, and the comput-
ing time needed by each computational kernel, as a function
of buffered data, for a 5000× 5000 16-bit-wide elementmatrix
multiplication, performed using 4 computational kernels of
type 4 × 4. The buffered data indicates the amount of matrix
elements of the matrix result that can be obtained.

It can be observed that the amount of data to be loaded in
the local memory necessary to have a continuous execution
time of each computational kernel is the necessary data to
obtain 8 matrix elements of the result matrix:

Timecompute ≥ Timetransference ∗ 𝑁kernels,

𝑁
2

cells ∗ 𝑃 ≥
Datawidth ∗ 𝑃 ∗ 2 ∗ Kernelsize ∗ 𝑁cells ∗ 𝑁kernels

Buswidth
,

𝑁cells ≥
2 ∗ 𝑁kernels ∗ Kernelsize ∗ Datawidth

Buswidth
.

(5)

After all these considerations, the multiplication matrix
was performed to measure the level of improvement that can
be obtained using this approach.The computation time using
this reconfigurable infrastructure with five 4 × 4 computa-
tional kernels was reduced from 1340 seconds using software
until 16 seconds, which means an 83.75 times improvement.

7. Conclusion

In this paper, we introduce novel grid architecture and
services for the integration of reconfigurable hardware (espe-
cially FPGAs) in the distributed high performance computing
(HPC) world, so far dominated by multicore processors.

The principal contributions of this paper are on one side
a computational model to integrate FPGAs at the same level
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Figure 18: Timing diagram.
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16 bits).

of conventional processors, providing a transparent hetero-
geneous resources management and improving grid systems
with the highest degree of efficiency that can be obtained
for distributed computing applications using FPGAs and on
the other side, a model for HPC applications development in
order to exploit the benefits of this architecture. Besides, a set
of services have been developed providing transparent appli-
cation deployment including component location service and
the mechanism for fast FPGA partial reconfiguration.

The infrastructure is made up of three layers: the lower
layer is related to reconfigurable resources where user appli-
cations are instantiated, the second layer is for resource
homogenization to facilitate application deployment, and the
upper layer is for resource management issues. With this
structure, resources are abstracted from the underlying plat-
form in order to provide a homogeneous view for developers,
facilitating migration between different computational node
models.

This infrastructure was tested accelerating a 5000 × 5000
elements matrix multiplier application using two Virtex 5
FPGA with 8 reconfigurable areas in each one. Several
analyses have been carried out to evaluate the viability of this
work. Significant performance gains have been achieved and
the obtained results encourage the use of this infrastructure

for HPC application deployment.There are still some aspects
that need to be object of study and are out of the scope of this
paper, such as the incorporation of scheduling mechanisms
for application deployment including partial reconfiguration
scheduling, a dynamic sizing of reconfigurable areas, and
tools to facilitate resource analysis according to application
requirements, just to name a few of open problems.
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The importance of the decision support systems is increasingly supporting the decision making process in cases of uncertainty and
the lack of information and they are widely used in various fields like engineering, finance, medicine, and so forth,Medical decision
support systems help the healthcare personnel to select optimal method during the treatment of the patients. Decision support
systems are intelligent software systems that support decision makers on their decisions. The design of decision support systems
consists of four main subjects called inference mechanism, knowledge-base, explanation module, and active memory. Inference
mechanism constitutes the basis of decision support systems. There are various methods that can be used in these mechanisms
approaches. Some of these methods are decision trees, artificial neural networks, statistical methods, rule-based methods, and
so forth. In decision support systems, those methods can be used separately or a hybrid system, and also combination of those
methods. In this study, synthetic data with 10, 100, 1000, and 2000 records have been produced to reflect the probabilities on the
ALARM network. The accuracy of 11 machine learning methods for the inference mechanism of medical decision support system
is compared on various data sets.

1. Introduction

Adecision support systems (DSSs) is a computer-based infor-
mation system that supports organizational and business
decisionmaking activities.Medical decision support systems,
which are variants of decision support systems, are intelligent
software systems that are designed to improve clinical diag-
nosis system and to support the healthcare personnel in their
decision. Intelligent decision support systems use artificial
intelligence system techniques to support the healthcare
personnel for selecting the best method for both diagnosis
and also for treatment especially when the information about
the treatment is incomplete or uncertain. These systems
can work in both active and passive modes. When they
are in passive mode, they will be used only when they are

required. When they are in active mode, they will be making
recommendations as well. When we look at the approaches
of the inference mechanisms, which constitute the most
important part of themedical decision support systems, these
approaches can be divided into two parts such as rule-based
systems and data-driven systems. Rule-based systems are
constructed on the knowledge base, which are formed by
if-then structures. In this structure, the information base is
formed by the rules. The operation logic of the system is
to find relevant rules on basis of the available information,
operate them, and continue to search for a rule until a result
has been obtained.

Those rule-based systems have some strong features as
well as some disadvantages. For example, the performance
of the system decreases and the maintenance of the system
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becomes difficult in case of the number of the rules being
large enough. The examples of the medical decision support
systems are MYCIN [1, 2], TRAUMAID [3], and RO2SE [4].

Data-driven systems, on the other hand, operate in large
data stacks and support the decision making process using
data mining methods. Several studies can be found on
literature about data-driven systems. Some of these studies
can be referred as Bayes networks [5], rough sets [6], and
artificial neural networks [7] which are the examples of such
studies. Data-driven systems are more flexible compared to
the rule-based systems and they have the ability to learn by
themselves.

In our previous study [8] ALARM network structure
was used for the generated synthetic data on the same data
set. When the results are examined in that study, it can
be seen that the rule based method is more successful in
the rate of 25% than the “Bayesian network based” method
in all dimensions of the data sets. Besides, when both of
thesemethods are combined and utilized together the success
rate rises to 80%; that is, much higher rates are acquired in
comparison to the values obtained by applying thesemethods
individually.

In this study, the accuracy of 11machine learningmethods
which can be used in the inferencemechanism of themedical
decision support systems is carried out on various data sets.

2. Decision Support Systems

Decision support systems (DSSs) are interactive computer-
based systems or subsystems that are designed to help
decision makers to decide and complete the decision process
operations and also to determine and solve problems using
communication technologies, information, documents, and
models. They provide data storage and retrieval but enhance
the traditional information access and retrieval functions
with support for model building andmodel-based reasoning.
They support framing, modeling, and problem solving. Typ-
ical application areas of DSSs are healthcare, management,
and planning in business, the military, and any area in
which management will encounter complex decision sit-
uations. DSSs are typically used for strategic and tactical
decisions faced by upper-level management-decisions with a
reasonably low frequency and high potential consequences,
in which the time taken for thinking through and modeling
the problem pays off generously in the long run [10].

Generally, decision support systems should include the
following features.

(i) DSSs are used to support the decisionmaking process
not to accomplish operational processes.

(ii) DSSs should support each phase of the decision
making process.

(iii) DSSs support the half or full configured decision
environments.

(iv) DSSs support each management levels from bottom
to top.

(v) DSSs have interactive and user-friendly interfaces.
(vi) DSSs use data and model as a basis.

U
se

r i
nt
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fa

ce

User

Explanation 
module

Inference
mechanism

Knowledge
base

Active
memory

Figure 1: The main structure of decision support system.

Decision support systems and relevant operation methods
can be divided into four main subjects. These subjects are
called as inference mechanism, knowledge base, explanation
module, and active memory. Inference mechanism consti-
tutes the basis of decision support systems. In this part,
the results are generated in consideration of the current
information and/or the information that was entered to the
system by the user. The generated results may be a decision
or they may include guiding information. The second part
is the knowledge base which holds the expert information
used when the decision support system is making inference.
The active memory part holds the information, which is
supplied by the user and/or current inference processes. Also,
explanation module, which may not be present on each
decision support system, generates an accuracy validation
and explanation in consideration of the results generated by
the inference mechanism and knowledge base [11]. Those
subjects and their relations are shown in Figure 1.

In rule-based systems, the knowledge base is formed
by the rule group. The results are obtained for various
circumstances on the problem relevant to the subject, using
the generated rules.The rules forming the knowledge base are
prepared by if-then structure.The content of an inference sys-
tem, which is developed using rule-based methods, consists
of the rules generated by if-then, the facts, and an interpreter
that interprets the facts using the rules in the system [12].

There are two methods used to process the rules in the
rule-based methods. These methods are forward chaining
and backward chaining. In forward chaining method, the
results are obtained using the preliminary facts with the help
of the rules. In backward chaining method, it is started with
a hypothesis (or target) and the rules, which will reach that
hypothesis, are searched.The reached rules generate subrules
and the process continues in this way.

In cases, which the result is estimated and this estimation
should be verified, backward chainingmethod should be used
instead of forward chaining method.

In order to generate the rule set in rule-based methods
of inference systems, people who are experienced on the
problem should contribute to the design of the system. This
process usually proceeds with the help of experienced people
in the rule development phase by determining the faults and
defects in the estimations and using the planned system as a
reference [13].

The designer usually develops simple interfaces for
experts to contribute in the development phase. In the begin-
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ning of the process, the experts start testing the systems as
if they will use the system for operational purposes. The
questions asked to the experts in the scope of the limited
information of the systems are answered by the same experts.

The aim is to test the system in order to improve it. The
expert who answered the questions evaluates the system by
looking at the results generated by the system and then tries
to correct the defined defects and faults by using the rule
development tool.The rule set in the inference systems,which
use rule-based methods, can be generated by the expert on
the problem.

Data-driven systems examine large data pools in orga-
nizations. These systems usually work with the systems that
collect data like data warehouse, and so forth. Data-driven
systems take place in decision making process with online
analytical processing (OLAP) and data mining methods.
These systems work on very large datasets. The relations in
these datasets are analyzed electronically and make predic-
tions for future data relations. Data-driven systems use the
bottom-upprocedure to explain the characteristics of the data
system [14].

3. Machine Learning Algorithms

Machine learning is about learning to make predictions
from example of desired behavior or past observations.
Learning methods have found numerous applications in per-
formancemodeling and evaluation [15].The basic definitions
of machine learning are given below.

3.1. Basic Definitions. Data points called examples are typi-
cally described by their values on some set of features. The
space that examples live in is called the feature space and is
typically denoted by𝑋.

The label of an example will be predicted. The space of
possible labels is denoted by 𝑌.

A learning problem is some unknown data distribution𝐷
over 𝑋 × 𝑌, coupled with a loss function 𝑙(𝑦, 𝑦


) measuring

the loss of predicting 𝑦 when the true label is 𝑦.
A learning algorithm takes a set of labeled training

examples of the form (𝑥, 𝑦) ∈ 𝑋×𝑌 and produces a predictor
𝑓 : 𝑋 → 𝑌.The goal of the algorithm is to find𝑓minimizing
the expected loss ⃗𝐸

(𝑥,𝑦)∼𝐷
𝑙(𝑓(𝑥), 𝑦).

There are two base learning problems, defined for any
feature space 𝑋. In binary classification, examples are cate-
gorized into two categories [15].

Definition 1. A binary classification problem is defined by a
distribution 𝐷 over 𝑋 × 𝑌, where 𝑌 = {0, 1}. The goal is to
find a classifier ℎ : 𝑋 → 𝑌minimizing the error rate on𝐷:

𝑒 (ℎ, 𝐷) =
→Pr
(𝑥,𝑦)∼𝐷

[ℎ (𝑥) ̸= 𝑦] . (1)

By fixing an unlabeled example 𝑥 ∈ 𝑋, a conditional dis-
tribution𝐷 | 𝑥 over 𝑌 is found.

Regression is another basic learning problem, where the
goal is to predict a real-valued label 𝑌.

The loss function typically used in regression is the
squared error loss between the predicted and actual labels.

Definition 2. A regression problem is defined by a distribution
𝐷 over 𝑋 × R. The goal is to find a function 𝑓 : 𝑋 → R
minimizing the squared loss [15]:

𝑙 (𝑓,𝐷) = ⃗𝐸
(𝑥,𝑦)∼𝐷

(𝑓 (𝑥) − 𝑦)
2

. (2)

The machine learning algorithms that are used in the study
will be explained below.

3.2. C4.5 Decision Tree. A decision tree is basically a classifier
that shows all possible outcomes and the paths leading to
those outcomes in the form of a tree structure. Various
algorithms for inducing a decision tree are described in
existing literature, for example, CART (classification and
regression tress) [16], OC1 [17], ID3, and C4.5 [18]. These
algorithms build a decision tree recursively by partitioning
the training data set into successively purer subsets [19].

C4.5 [18] is an algorithm used to generate a decision tree.
C4.5 uses the fact that each attribute of the data can be used
to make a decision that splits the data into smaller subsets.
C4.5 examines the normalized information gain (difference
in entropy) that results from choosing a feature for splitting
the data [20]

SplitInfo
𝑥
𝑇 = −

𝑛

∑

𝑖=1

𝑇
𝑖

𝑇
log
2

𝑇
𝑖

𝑇
,

Gain Ratio
𝑥
(𝑇) =

Gain
𝑥
(𝑇)

SplitInfo
𝑥
𝑇
,

(3)

where SplitInfo
𝑥
𝑇 represents the potential information pro-

vided by dividing dataset, 𝑇, into 𝑛 partition corresponding
to the outputs of attributes 𝑥, and Gain

𝑥
(𝑇) is howmuch gain

would be achieved by branching on 𝑥.

3.3. Multilayer Perceptron (MLP). Multilayer perceptron
(MLP) [21] also referred to as multilayer feed forward neural
networks is the most used and popular neural network
method. It belongs to the class of supervised neural network.
The MLP topology consists of three sequential layers of
processing nodes: an input layer, one or more hidden layers,
and an output layer which produces the classification results.

A MLP structure is shown in Figure 2.
The principle of the network is that when data are

presented at the input layer, the network nodes perform
calculations in the successive layers until an output value
is obtained at each of the output nodes. This output signal
should be able to indicate the appropriate class for the input
data. A node inMLP can bemodeled as one or more artificial
neurons, which computes the weighted sum of the inputs
at the presence of the bias and passes this sum through
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Figure 2: Structure of a multilayer perceptron [7].

the nonlinear activation function. This process is defined as
follows [7]:

𝜇
𝑗
=

𝑁

∑

𝑖=1

𝑤
𝑗𝑖
𝑥
𝑖
+ 𝜃
𝑗
,

𝑦
𝑗
= 𝜑
𝑗
(𝜇
𝑗
) ,

(4)

where 𝜇
𝑗
is the linear combination of inputs 𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑁
,

𝜃
𝑗
is the bias (adjustable parameter), 𝑤

𝑗𝑖
is the connection

synaptic weight between the input 𝑥
𝑖
and the neuron 𝑗, and

𝜑(⋅) is the activation function (usually nonlinear function) of
the 𝑗th neuron, and 𝑦

𝑗
is the output. Here, hyperbolic tangent

and logistic sigmoid function can be used for the nonlinear
activation function. But, in most of the applications widely
used logistic sigmoid function is applied as follows:

𝜑 (𝜆) =
1

1 + 𝑒−𝜆
, (5)

where 𝜆 represents the slope of the sigmoid [22].
The bias term 𝜃

𝑗
contributes to the left or right shift of the

sigmoid activation function, depending on whether 𝜃
𝑗
takes

a positive or negative value.

3.3.1. Backpropagation Learning Algorithm. Learning in a
MLP is an unconstrained optimization problem, which is
subject to the minimization of a global error function
depending on the synaptic weights of the network. For a
given training data consisting of input-output patterns, values
of synaptic weights in a MLP are iteratively updated by

a learning algorithm to approximate the desired value. This
update process is usually performed by backpropagating the
error signal layer by layer and adapting synaptic weights with
respect to the magnitude of error signal [23].

The first backpropagation learning algorithm for use with
MLP structures was presented by [21]. The backpropagation
algorithm is one of the simplest and most general methods
for the supervised training of MLP. This algorithm uses a
gradient descent search method to minimize a mean square
error between the desired output and the actual outputs.
Backpropagation algorithm is defined as follows [7, 24].

(i) Initialize all the connection weights 𝑤 with small
random values from a pseudorandom sequence gen-
erator.

(ii) Repeat until convergence (either when the error 𝐽 is
below a preset value or until the gradient 𝜕𝐽/𝜕𝑤 is
smaller than a preset value).

(i) Compute the update using Δ𝑤(𝑚) = −𝜉(𝜕𝐽(𝑚)/

𝜕𝑤),
(ii) Iterative algorithm requires taking a weight

vector at iteration 𝑚 and updating it as 𝑤(𝑚 +

1) = 𝑤(𝑚) + Δ𝑤(𝑚),
(iii) Compute the error 𝐽(𝑚 + 1),

where𝑚 is the iteration number, 𝑤 represents all the weights
in the network, and 𝜉 is the learning rate andmerely indicates
the relative size of the change in weights. The error 𝐽 can be
chosen as the mean square error function between the actual
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output 𝑦
𝑗
and the desired output 𝑑

𝑗
; 𝑑 and 𝑦 are the desired

and the network output vector of length𝑁:

𝐽 (𝑤) =
1

2

𝑁

∑

𝑗=1

(𝑑
𝑗
− 𝑦
𝑗
)
2

=
1

2
(𝑑 − 𝑦)

2

. (6)

3.4. Support Vector Machines (SVMs). The support vector
machines (SVMs) [25] is a type of learning machine based
on statistical learning theory. SVMs are supervised learning
methods that have been widely and successfully used for
pattern recognition in different areas [26].

In particular in recent years SMVs with linear or non-
linear kernels have become one of the most promising
learning algorithms for classification as well as regression
[27].The problem that SVMs try to solve is to find an optimal
hyperplane that correctly classifies data points by separating
the points of two classes as much as possible [28].

Let 𝑥
𝑖
(for 1 ≤ 𝑖 ≤ 𝑁

𝑥
) be the input vectors in input space,

with corresponding binary labels 𝑦
𝑖
∈ {−1, 1}.

Let →𝑋
𝑖
= Φ(𝑥

𝑖
) be the corresponding vectors in feature

space, where Φ(𝑥
𝑖
) is the implicit kernel mapping, and let

𝐾(𝑥
𝑖
, 𝑥
𝑗
) = Φ(𝑥

𝑖
) ⋅ Φ(𝑥

𝑗
) be the kernel function, implying

a dot product in the feature space [29].
𝐾(𝑥, 𝑦) represents the desired notion of similarity

between data 𝑥 and 𝑦. 𝐾(𝑥, 𝑦) needs to satisfy a Mercer’s
condition in order forΦ to exist [28].

There are a number of kernel functions which have been
found to provide good generalization capabilities [30].

Themost commonly used kernel functions are as follows:

Linear Kernel: 𝐾(𝑥
𝑖
, 𝑥
𝑗
) = 𝑥
𝑇

𝑖
𝑥
𝑗

Polynomial Kernel: 𝐾(𝑥
𝑖
, 𝑥
𝑗
) = (𝜂(𝑥

𝑇

𝑖
𝑥
𝑗
) + 𝑟)
𝑑

Gaussian Kernel: 𝐾(𝑥
𝑖
, 𝑥
𝑗
) = exp(−𝜂‖𝑥

𝑖
− 𝑥
𝑗
‖
2
)

Gaussian Radial Basis Function Kernel: 𝐾(𝑥
𝑖
, 𝑥
𝑗
) =

exp(−𝜂‖𝑥
𝑖
− 𝑥
𝑗
‖
2
/2𝜎
2
)

Sigmoid Kernel: 𝐾(𝑥
𝑖
, 𝑥
𝑗
) = tanh(𝜂(𝑥

𝑖
𝑥
𝑗
) + 𝑟)

where 𝜂 > 0 and 𝑟 are kernel parameters, 𝑑 is the degree
of kernel and positive integer number, and 𝜎 is the standard
deviation and positive real number.

The optimization problem for a soft-margin SVM is

min⃗
𝑤,𝑏

{
1

2
‖ ⃗𝑤‖
2
+ 𝐶∑

𝑖

𝜉
𝑖
} (7)

subject to the constraints𝑦
𝑖
( ⃗𝑤
𝑖
𝑥+𝑏) = 1−𝜉

𝑖
and 𝜉
𝑖
≥ 0, where

⃗𝑤 is the normal vector of the separating hyperplane in feature
space, and𝐶 > 0 is a regularization parameter controlling the
penalty for misclassification. Equation (7) is referred to as the
primal equation. From the Lagrangian form of (7), we derive
the dual problem

max
𝛼

{

{

{

∑

𝑖

𝛼
𝑖
−
1

2
∑

𝑖,𝑗

𝛼
𝑖
𝛼
𝑗
𝑦
𝑖
𝑦
𝑗
𝐾(𝑥
𝑖
, 𝑥
𝑗
)
}

}

}

(8)

X1 X2 X3 X4

C

Figure 3: A simple Näıve-Bayes structure.

subject to 0 ≤ 𝛼
𝑖
≤ 𝐶. This is a quadratic optimization

problem that can be solved efficiently using algorithms such
as sequential minimal optimization (SMO) [31].

Typically,many𝛼
𝑖
go to zero during optimization, and the

remaining𝑥
𝑖
corresponding to those𝛼

𝑖
> 0 are called support

vectors. To simplify notation, from here on we assume that
all nonsupport-vectors have been removed, so that𝑁

𝑥
is now

the number of support vectors, and 𝛼
𝑖
> 0 for all 𝑖. With this

formulation, the normal vector of the separating plane ⃗𝑤 is
calculated as

⃗𝑤 =

𝑁
𝑥

∑

𝑖=1

𝛼
𝑖
𝑦
𝑖
⃗𝑥
𝑖
. (9)

Note that because →
𝑋
𝑖

= Φ(𝑥
𝑖
) is defined implicitly, ⃗𝑤

exists only in feature space and cannot be computed directly.
Instead, the classification 𝑓( ⃗𝑞) of a new query vector ⃗𝑞 can
only be determined by computing the kernel function of ⃗𝑞

with every support vector:

𝑓 ( ⃗𝑞) = sign(
𝑁
𝑥

∑

𝑖=1

𝛼
𝑖
𝑦
𝑖
𝐾( ⃗𝑞, 𝑥

𝑖
) + 𝑏) , (10)

where the bias term 𝑏 is the offset of the hyperplane along its
normal vector, determined during SVM training [29].

3.5. Naı̈ve Bayes. Näıve-Bayes is one of the most efficient and
effective inductive learning algorithms for machine learning
and data mining [32].

ANäıve-Bayes Bayesian network is a simple structure that
has the classification node as the parent node of all other
nodes. This structure is shown in Figure 3.

No other connections are allowed in a Näıve-Bayes
structure. Näıve-Bayes has been used as effective classifier
for many years. It has two advantages over many other
classifiers. First, it is easy to construct, as the structure is
given a priori (and hence no structure learning procedure is
required). Second, the classification process is very efficient.
Both advantages are due to its assumption that all the features
are independent of each other. Although this independence
assumption is obviously problematic, Näıve-Bayes has sur-
prisingly outperformed many sophisticated classifiers over
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a large number of datasets, especially where the features are
not strongly correlated [33].

The procedure of learning Näıve-Bayes (Figure 3) is as
follows.

(1) Let the classification node be the parent of all other
nodes.

(2) Learn the parameters (recall these are just the empir-
ical frequency estimates) and output the Naı̈ve-Bayes
Bayesian network [34].

Typically, an example 𝐸 is represented by a tuple of attribute
values (𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
), where𝑥

𝑖
is the value of attribute𝑋

𝑖
. Let

𝐶 represent the classification variable, and let 𝑐 be the value
of 𝐶 [32]. Näıve-Bayes classifier is defined as below:

classify (𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
)

= argmax
𝑐

𝑝 (𝐶 = 𝑐)

𝑛

∏

𝑖=1

𝑝 (𝑋
𝑖
= 𝑥
𝑖
| 𝐶 = 𝑐) .

(11)

3.6. Instance-Based Learning. Instance-based learning (IBL)
[35] algorithms have several notable characteristics. They
employ simple representations for concept descriptions, have
low incremental learning costs, have small storage require-
ments, can produce concepts exemplars ondemand, can learn
continuous functions, and can learn nonlinearly separable
categories; IBL algorithms have been successfully applied to
many areas such as speech recognition, handwritten letter
identification, and thyroid disease diagnosis.

All IBL algorithms consist of the following three compo-
nents [36].

(1) Similarity function: Given two normalized instances,
this yields their numeric-valued similarity.

(2) Classification function: Given an instance 𝑖 to be
classified and its similarity with each saved instance
yields a classification for 𝑖.

(3) Memory updating algorithm: Given the instance
being classified and the results of the other two
components updates the set of saved instances and
their classification records.

The IB1 (one nearest neighbor) algorithm is the simplest
instance-based learning algorithm. IB1 (one nearest neigh-
bor) algorithm will be explained below.

3.6.1. IB1 (One Nearest Neighbor). IB1 [35] is an implemen-
tation of the simplest similarity based learner, known as
nearest neighbor. IB1 simply finds the stored instance closest
(according to Euclidean distance metric) to the instance to
be classified. The new instance is assigned to the retrieved
instance’s class. Equation (12) shows the distance metric
employed by IB1:

𝐷(𝑥, 𝑦) = √

𝑛

∑

𝑖=1

𝑓 (𝑥
𝑖
, 𝑦
𝑖
). (12)

Equation (10) gives the distance between two instances 𝑥 and
𝑦; 𝑥
𝑖
and 𝑦

𝑖
refer to the 𝑖th feature value of instance 𝑥 and 𝑦,

respectively.
For numeric valued attributes𝑓(𝑥

𝑖
, 𝑦
𝑖
) = (𝑥

𝑖
− 𝑦
𝑖
)
2, for

symbolic valued attributes𝑓(𝑥, 𝑦) = 0, if the feature values 𝑥
𝑖

and 𝑦
𝑖
are the same, and 1 if they differ [37].

3.7. Simple Logistic Regression. Logistic regressions are one
of the most widely used techniques for solving binary clas-
sification problems. In the logistic regressions, the posterior
probabilities 𝑝∗

𝑖
, 𝑖 ∈ {1, 2} are represented as in the following:

Π
1
=

exp (𝜂)
1 + exp (𝜂)

, Π
2
= 1 − Π

1
, (13)

where 𝜂 is a function of an input ⃗𝑥
0
. For example, 𝜂 is a linear

function of the input ⃗𝑥
0
, that is,

𝜂 = ⃗𝛼
𝑇
⃗𝑥
0
+ 𝛽 (14)

and the parameters ⃗𝛼, 𝛽 are estimated by the maximum
likelihood method.

𝜂 is an arbitrary function of ⃗𝑥
0
. Note that if you choose

an appropriate 𝜂, the model in (13) can represent some kinds
of binary classification systems, such as neural networks and
LogitBoost [38].

LogitBoost with simple regression functions as base
learners is used for fitting the logistic models. The opti-
mal number of LogitBoost iterations to perform is cross-
validated, which leads to automatic attribute selection. This
method is called “simple logistic” [39, 40]. LogitBoost algo-
rithm is defined below.

3.7.1. LogitBoost Algorithm. The LogitBoost algorithm [41] is
based on the observation that AdaBoost [42] is in essence
fitting an additive logistic regression model to the training
data. An additive model is an approximation to a function

𝐹 (𝑥) =

𝑁

∑

𝑖=1

𝑐
𝑖
𝑓
𝑖
(𝑥) , (15)

where the 𝑐
𝑖
are constants to be determined and the 𝑓

𝑖
are

basis functions. If it is assumed that 𝐹(𝑥) is the mapping that
is looked for to fit as our strong aggregate hypothesis and
the 𝑓(𝑥) are our weak hypothesis, then it can be shown that
the two-class AdaBoost algorithm is fitting such a model by
minimizing the criterion:

𝐽 (𝐹) = 𝐸 (exp (−𝑦𝐹 (𝑥))) , (16)

where 𝑦 is true class label in {−1, 1}. LogitBoost minimizes
this criterion by using Newton-like steps to fit an additive
logistic regression model to directly optimize the binomial
log-likelihood − log(1 + exp(−2𝑦𝐹(𝑥))) [43].

3.8. Boosting. Boosting [44] is a meta-algorithm which can
be viewed as a model averaging method. It is the most
widely used ensemble method and one of the most powerful
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learning ideas introduced in the last twenty years. Originally
designed for classification, it can also be profitably extended
to regression. One first creates a “weak” classifier; that is, it
suffices that its accuracy on the training set is only slightly
better than random guessing. A succession of models is
built iteratively, each one being trained on a dataset in
which points misclassified (or, with regression, those poorly
predicted) by the previous model are given more weight.
Finally, all of the successive models are weighted according
to their success and then the outputs are combined using
voting (for classification) or averaging (for regression), thus
creating a final model. The original boosting algorithm
combined three weak learners to generate a strong learner
[45].

3.8.1. AdaBoost Algorithm. Let 𝑋 = ( ⃗𝑥
𝑖
, 𝑦
𝑖
), 𝑖 = 1, 2, . . . , 𝑁

be a training sample of observations, where ⃗𝑥
𝑖
∈ R𝑛 is an 𝑛-

dimensional vector of features, and 𝑦
𝑖
is a binary label: 𝑦

𝑖
∈

{−1, +1}.
In a practical situation the label 𝑦

𝑖
may be hidden, and

the task is to estimate it using the vector of features. Let us
consider the most simple linear decision function

𝑢
𝑖
= 𝑢 ( ⃗𝑥

𝑖
) =

𝑛

∑

𝑗=0

𝑤
𝑗
⋅ 𝑥
𝑖𝑗
, (17)

where 𝑥
𝑖0
is a constant term.

A decision rule can be defined as a function of decision
function and threshold parameter

𝑓
𝑖
= 𝑓 (𝑢

𝑖
, Δ) = {

1, if 𝑢
𝑖
≥ Δ,

0, otherwise.
(18)

Let us consider minimizing the criterion

𝑁

∑

𝑖=1

𝜉 ( ⃗𝑥
𝑖
, 𝑦
𝑖
) exp (−𝑦

𝑖
𝑢 ( ⃗𝑥
𝑖
)) , (19)

where the weight function is given below:

𝜉 ( ⃗𝑥
𝑖
, 𝑦
𝑖
) := exp {−𝑦

𝑖
𝐹 ( ⃗𝑥
𝑖
)} . (20)

It is assumed that the initial values of the ensemble decision
function 𝐹( ⃗𝑥

𝑖
) are set to zero.

Advantages of the exponential compared with squared
loss function were discussed in [46]. Unfortunately, it is not
possible to optimize the step-size in the case of exponential
target function. It is essential to maintain low value of
the step size in order to ensure stability of the gradient-
based optimization algorithm. As a consequence, the whole
optimization process may be very slow and time-consuming.
The AdaBoost algorithm was introduced in [42] in order
to facilitate optimization process. The following Taylor-
approximation is valid under assumption that values of 𝑢( ⃗𝑥

𝑖
)

are small:

exp {−𝑦
𝑖
𝑢 ( ⃗𝑥
𝑖
)} ≈

1

2
[(𝑦
𝑖
− 𝑢 ( ⃗𝑥

𝑖
))
2

+ 1] . (21)

Therefore, quadratic-minimization (QM)model is applied in
order to minimize (19).

Then, the value of the threshold parameters Δ for 𝑢
𝑖
is

optimized and the corresponding decision rule 𝑓
𝑖
∈ {−1, +1}

is found.
Next, we will return to (19),

𝑁

∑

𝑖=1

𝜉 ( ⃗𝑥
𝑖
, 𝑦
𝑖
) exp (−𝑐𝑦

𝑖
𝑓 ( ⃗𝑥
𝑖
)) , (22)

where the optimal value of the parameter 𝑐 may be easily
found:

𝑐 =
1

2
log {𝐴

𝐵
} (23)

and where

𝐴 = ∑

𝑦
𝑖
=𝑓( ⃗𝑥
𝑖
)

𝜉 ( ⃗𝑥
𝑖
, 𝑦
𝑖
) , 𝐵 = ∑

𝑦
𝑖
̸=𝑓( ⃗𝑥
𝑖
)

𝜉 ( ⃗𝑥
𝑖
, 𝑦
𝑖
) . (24)

Finally, for the current boosting iteration, we update the
function 𝐹

𝐹new ( ⃗𝑥
𝑖
) ← 𝐹 ( ⃗𝑥

𝑖
) + 𝑐𝑓 ( ⃗𝑥

𝑖
) (25)

and recomputed weight coefficients 𝜉 according to (20) [47].

3.9. Bagging. Bagging [48] predictors is a method for gener-
ating multiple versions of a predictor and using these to get
on aggregated predictor. The aggregation averages over the
versions when predicting a numerical outcome and does a
plurality vote when predicting a class. The multiple versions
are formed by making bootstrap replicates of the learning
set and using these as new learning sets. Tests on real and
simulated data sets using classification and regression trees
and subset selection in linear regression show that bagging
can give substantial gains in accuracy. The vital element is
the instability of the prediction method. If perturbing the
learning set can cause significant changes in the predictor
constructed, then bagging can improve accuracy [48].

3.10. Random Forest. Random forests [49] are a combination
of tree predictors such that each tree depends on the values
of a randomvector sampled independently andwith the same
distribution for all trees in the forest.The generalization error
of a forest of tree classifiers depends on the strength of the
individual trees in the forest and the correlation between
them. A random forest is a classifier consisting of a collection
of tree-structured classifiers {ℎ( ⃗𝑥, Θ

𝑘
), 𝑘 = 1, 2, . . .}, where

the {Θ
𝑘
} are independent identically distributed random

vectors and each tree casts a unit vote for the most popular
class at input ⃗𝑥.

3.11. Reduced Error Pruning Tree. Reduced error pruning
(REP) was introduced by Quinlan [50], in the context of
decision tree learning. It has subsequently been adapted
to rule set learning as well [51]. REP produces an optimal
pruning of a given tree, the smallest tree among those with
minimal error with respect to a given set of pruning examples
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[51, 52]. The REP algorithm works in two phases: first the
set of pruning examples 𝑆 is classified using the given tree
𝑇 to be pruned. Counters that keep track of the number
of examples of each class passing through each node are
updated simultaneously. In the second phase—a bottom-up
pruning phase—those parts of the tree that can be removed
without increasing the error of the remaining hypothesis
are pruned away [53]. The pruning decisions are based on
the node statistics calculated in the top-down classification
phase.

3.12. ZeroR (Zero Rule). Zero rule (ZeroR, 0-R) is a trivial
classifier, but it gives a lower bound on the performance of
a given a dataset which should be significantly improved by
more complex classifiers. As such it is a reasonable test on
how well the class can be predicted without considering the
other attributes [54].

4. ALARM Network Structure and Datasets

In order to compare the performances (in terms of accuracy)
of machine learning methods in the scope of this study, the
network structure, which is used in scientific studies and
known as ALARM (a logical alarm reduction mechanism)
network [5] in literature is used. ALARM network is a
network structure that is prepared by using real patient
information for many variables and shows the probabilities
derived from the real life circumstances. ALARM network
calculates the probabilities for different diagnosis based on
the current evidences and recently it has been used for many
researchers. Totally there are 37 nodes in ALARM network
and the relationships and conditional probabilities among
these have been defined. The medical information has been
coded in a graphical structure with 46 arches, 16 findings, and
13 intermediate variables that relate the examination results to
the diagnosis problems that represent 8 diagnosis problems.
Two algorithms have been applied to this Bayes network;
one of them is a message-passing algorithm, developed by
Pearl [55] to update the probabilities in the various linked
networks using conditioning methods and the second one is
that the exact inference algorithm, developed by Lauritzen
and Spiegelhalter [56] for local probability calculations in
the graphical structure. There are three variables named
diagnosis, measurements, and intermediate variables in the
ALARM network.

(1) Diagnosis and the qualitative information are on the
top of the network. Those variables do not belong
to any predecessors and they are deemed mutually
independent from the predecessors. Each node is
linked to the particular and detailed value sets that
represent the severity and the presence of a certain
disease.

(2) Measurements represent any current quantitative
information. All continuous variables are represented
categorically with a discrete interval set that divides
the value set.

(3) Intermediate variables show the element that can not
be measured directly. The probabilities in the Bayes
network can represent both objective and subjective
information. ALARM network includes statistical
data, logical conditional probabilities, which are cal-
culated from the equations relevant to the variables,
and a certain number of subjective valuations and it
is usually used to form the network structure over
synthetically data.

In cases for all given different predecessor nodes, it is required
to obtain a conditional probability for a node.The structure of
ALARMnetwork and defined variable are shown in Figure 4.

In order to compare the performances of algorithms
mentioned in Section 3, synthetic test data with 10, 100,
1000, and 2000 records have been produced to reflect the
possibilities on the ALARM network. For these operations,
based on ALARM network structure, NETICA 3.18 [57]
software has been used. Conditional probability diagram for
ALARM network structure and a variable defined in the
structure are shown in Figure 5. Some of the synthetic data
has been taken as test data.

Each record on those generated data shows probable
values for each of the 37 variables that were defined on
this network. Each record consist of values for intermediate
variable as well as 12 input and 11 output variables. The tests,
which were carried out, send the input variable values on
each record to the relevant module and keep the resulting
list as a separate file. The accuracy of the results is decided
by comparing the variable values on the relevant record on
the test data. For each record, 11 probable results have been
obtained.

The results that were obtained by using JavaBayes [58]
open source software are applied to each of the generated
synthetic data sets separately. 11 output variables for one
record belonging 100 data sets are shown in Table 1. JavaBayes
uses a generalized version of “variable elimination” method
as an inference algorithm [59]. It has generated 110 output
variables in 10 data sets, 1100 output variables in 100 data sets,
11000 output variables in 1000 data sets, and 22000 output
variables in 2000 data sets.

In Table 1, for each data set only 11 output variables
for one record are presented. In this table, first column
shows the variable name (disease name) and the second
column shows the accuracy and they are calculated by the
software using Bayes theorem, third column shows the real
situations in the ALARM network, fourth column shows the
results, generated by the software, and fifth column shows
the comparison between the real situation and the results
generated by the software. In the fifth column, if the real
situation and the results generated by the software are the
same POSITIVE and if the real situation and the results
generated by the software are not the sameNEGATIVE result
will be generated. POSITIVE values show correct diagnosis,
and NEGATIVE values show incorrect diagnosis.

For example, in Table 1, the accuracy of the MinVol
variable has been calculated as 0.9136 by the software.
Because this value is not the same with the real situation,
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(1) Central venous pressure (20) Insufficient anesthesia or analgesia

(2) Pulmonary capillary wedge pressure (21) Pulmonary embolus

(3) History of left ventricular failure (22) Intubation status

(4) Total peripheral resistance (23) Kinked ventilation tube

(5) Blood pressure (24) Disconnected ventilation tube

(6) Cardiac output (25) Left-ventricular end-diastolic volume

(7) Heart rate obtained from blood pressure monitor (26) Stroke volume

(8) Heart rate obtained from electrocardiogram (27) Catecholamine level

(9) Heart rate obtained from oximeter (28) Error in heart rate reading due to low cardiac output

(10) Pulmonary artery pressure (29) True heart rate

(11) Arterial-blood oxygen saturation (30) Error in heart rate reading due to electrocautery device

(12) Fraction of oxygen in inspired gas (31) Shunt

(13) Ventilation pressure (32) Pulmonary-artery oxygen saturation

(14) Carbon-dioxide content of expired gas (33) Arterial carbon-dioxide content

(15) Minute volume, measured (34) Alveolar ventilation

(16) Minute volume, calculated (35) Pulmonary ventilation

(17) Hypovolemia (36) Ventilation measured at endotracheal tube

(18) Left-ventricular failure (37) Minute ventilation measured at the ventilator

(19) Anaphylaxis

Figure 4: ALARM network structure and the variables defined in the network [9].

the correct diagnosis has not been obtained. Similarly, for
HREKG variable, the accuracy has been calculated as 0.8228
by the software. Because this value is the same with the real
situation, the correct diagnosis has been obtained. Similar
interpretations are also valid for other data sets. Each sample
generated by ALARM network includes 12 independent and
11 depended variables. So we formed 11 classification datasets
having 12 inputs and one output. The class labels for these 11
datasets are given at Table 2.

To see to effects of sample size, we generated several
datasets having 10, 100, 1000, and 2000 samples for each of

11 classification datasets. At the end, we have 44 (= 11 ∗ 4)

classification datasets.

5. Experimental Design

We used 11 machine learning algorithms fromWEKA library
[60] for the classification of these 44 datasets.The algorithms
are given in Table 3.

The default design parameters were selected for NB,
MLP, SL, SMO, IBK, J48, and RT algorithms. For the
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Figure 5: Conditional probability diagram for Alarm.dnet catechol variable.

Table 1: 11 Output variables for one record (100 datasets).

Variable name
(disease) Accuracy degree Real situations Results produced by the software The comparison of the real

situation and the result produced
History 0,9900 False False POSITIVE
Pres 0,9412 Normal Zero NEGATIVE
MinVol 0,9136 Normal Zero NEGATIVE
ExpCO2 0,9136 Normal Zero NEGATIVE
PAP 0,9000 Normal Normal POSITIVE
HRBP 0,8229 High High POSITIVE
HREKG 0,8229 High High POSITIVE
HRSat 0,8229 High High POSITIVE
CVP 0,7075 Normal Normal POSITIVE
PCWP 0,6970 Normal Normal POSITIVE
BP 0,4052 Low Low POSITIVE

Table 2: The class labels for 11 classification datasets.

Dependent variable (class) Class labels
BP Normal, low, high
CVP Normal, low, high
ExpCO2 Normal, low, high, zero
History False, true
HRBP Normal, low, high
HREKG Normal, low, high
HRSat Normal, low, high
MinVol Normal, low, high, zero
PAP Normal, low, high
PCWP Normal, low, high
Press Normal, low, high, zero

Table 3: Used classification algorithms and abbreviations.

Algorithm name Abbreviations
Zero rule ZR
Naive-Bayes NB
Multilayer perceptron MLP
Simple logistic SL
Support vector machines SMO
One nearest neighbor IBK
C4.5 decision tree J48
Rep Tree RT
Boosting BS
Bagging BG
Random forest RF
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Table 4: Classification accuracies with datasets having 10 samples (%).

ZR NB MLP SL SMO IBK BS BG J48 RF RT
BP 50.00 30.00 6.00 0.00 42.00 10.00 50.00 38.00 50.00 8.00 22.00
CVP 70.00 60.00 80.00 60.00 60.00 80.00 80.00 66.00 60.00 80.00 70.00
ExpCO2 50.00 50.00 60.00 50.00 52.00 50.00 50.00 46.00 50.00 54.00 20.00
History 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
HRBP 70.00 80.00 48.00 70.00 70.00 70.00 40.00 70.00 70.00 62.00 70.00
HREKG 60.00 70.00 42.00 48.00 60.00 40.00 30.00 58.00 30.00 44.00 60.00
HRSat 60.00 50.00 70.00 30.00 32.00 50.00 70.00 38.00 30.00 62.00 30.00
MinVol 70.00 70.00 80.00 70.00 72.00 70.00 80.00 70.00 70.00 72.00 70.00
PAP 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
PCWP 70.00 70.00 70.00 60.00 66.00 60.00 60.00 70.00 60.00 70.00 70.00
Press 70.00 70.00 80.00 70.00 70.00 70.00 80.00 70.00 70.00 70.00 70.00

Table 5: Classification accuracies with datasets having 100 samples (%).

ZR NB MLP SL SMO IBK BS BG J48 RF RT
BP 47.00 47.60 45.40 44.00 45.00 41.60 45.80 43.20 42.60 45.40 44.60
CVP 62.00 92.00 88.40 91.40 91.40 91.20 92.00 92.00 92.00 90.00 92.00
ExpCO2 65.00 70.80 73.20 74.00 69.20 69.00 65.00 67.60 69.20 71.60 66.20
History 98.00 98.00 100.00 98.00 98.00 98.00 100.00 98.00 98.00 98.40 98.00
HRBP 49.00 59.40 55.40 57.80 59.80 55.60 53.40 57.80 58.40 56.80 54.40
HREKG 48.00 55.60 56.80 54.80 56.80 54.20 54.00 50.80 53.20 54.60 50.20
HRSat 49.00 61.60 61.60 62.80 63.80 59.60 57.00 61.20 62.00 60.40 56.20
MinVol 79.00 84.00 86.20 84.60 85.20 82.00 79.00 79.00 82.00 83.40 79.00
PAP 88.00 88.00 86.80 88.00 88.00 88.00 88.00 88.00 88.00 87.40 88.00
PCWP 57.00 85.00 81.00 84.80 84.20 80.20 85.00 85.00 84.60 80.00 85.00
Press 80.00 85.00 89.80 87.20 85.20 84.00 80.40 82.20 85.00 85.60 81.40

Table 6: Classification accuracies with datasets having 1000 samples (%).

ZR NB MLP SL SMO IBK BS BG J48 RF RT
BP 45.00 46.32 44.52 46.44 46.58 44.58 45.00 47.18 46.52 44.84 46.60
CVP 67.70 87.64 87.00 87.72 87.08 87.14 85.60 87.70 87.70 87.06 87.68
ExpCO2 66.10 79.60 78.20 79.74 79.58 78.12 69.54 79.80 79.84 78.46 79.72
History 94.20 98.30 98.30 98.30 98.30 98.20 98.24 98.30 98.30 98.30 98.30
HRBP 48.00 67.12 66.18 67.20 67.56 66.48 59.20 67.06 67.04 66.62 66.88
HREKG 47.00 66.36 65.66 66.06 67.06 65.14 59.00 65.60 65.88 65.52 65.74
HRSat 47.40 65.68 65.02 65.88 66.84 64.60 59.00 65.14 65.20 64.68 65.10
MinVol 79.30 88.84 87.80 88.82 88.76 87.30 83.20 88.86 88.82 88.18 88.88
PAP 89.40 90.20 89.48 90.20 90.20 89.38 90.20 90.20 90.20 89.50 90.16
PCWP 65.20 86.80 86.40 86.90 86.72 86.18 83.80 86.90 86.90 86.50 86.90
Press 78.40 88.86 88.46 89.34 89.18 87.90 82.90 89.26 88.98 88.70 89.24

meta-algorithms (boosting, bagging, and random forest) the
ensemble sizes were selected as 100 to be sure frommaximum
accuracy.

6. Experimental Results

The performance of each classification algorithm was eval-
uated using 5 runs of 10-fold cross validation. In each 10-
fold cross validation, each dataset is randomly split into 10
equal size segments and results are averaged over 50 (5 ∗ 10)

trials. The classification results are divided by 4 according
to the dataset’s sample size. Tables 4, 5, 6, and 7 show the
averaged classification accuracies with experiments having
10, 100, 1000, and 2000 samples, respectively.

Figure 6, shows the classification accuracies changes with
the datasets’ sample size. J48 decision tree is used as classifier
in Figure 6.

As can be seen at Tables 4–7 andFigure 6when the sample
size increases it gives more accurate results, as expected. Zero
rule defines accuracy by chance. It selects the most existent
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Table 7: Classification accuracies with datasets having 2000 samples (%).

ZR NB MLP SL SMO IBK BS BG J48 RF RT
BP 45.40 47.37 45.63 46.88 46.64 46.31 45.40 46.93 47.08 46.38 46.62
CVP 69.30 88.65 88.48 88.64 88.65 88.46 86.80 88.60 88.55 88.53 88.63
ExpCO2 66.65 80.15 79.19 80.25 80.23 78.96 70.24 79.98 80.03 79.42 79.99
History 94.15 98.45 98.40 98.43 98.45 98.12 98.42 98.45 98.45 98.43 98.45
HRBP 49.75 66.47 66.72 66.57 66.78 66.57 58.20 67.12 67.41 66.71 67.20
HREKG 48.80 65.26 63.92 65.00 64.85 64.79 57.25 64.91 64.60 65.10 64.52
HRSat 48.95 65.05 64.41 65.03 65.58 65.40 57.40 64.90 65.26 65.51 64.95
MinVol 77.70 88.02 87.44 87.99 87.93 86.91 82.00 88.04 88.01 87.59 88.03
PAP 88.95 89.90 89.43 89.88 89.86 89.38 89.90 89.90 89.90 89.53 89.90
PCWP 65.45 86.95 86.53 86.95 86.95 86.67 83.55 86.95 86.95 86.67 86.95
Press 78.20 89.68 89.62 90.03 90.07 89.27 82.80 90.11 90.00 89.73 90.00
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Figure 6: Classification accuracies changes with datasets’ sample
size.

class for all samples. In BP and PAP datasets, none of the
algorithms won the zero rule. This means that the datasets
can not be learned by any of the algorithms.

We compared the accuracies of all classification algo-
rithms in a pairwise manner in Table 8. To compare two
algorithms’ performances, we employed the statistically sig-
nificance difference test (paired 𝑡-test) with 0.05 significance
level. The win/loss records in Table 8 are the number of wins
and losses of the algorithm in the row over the method in
the column.The number of ties is the sum of wins and losses
subtracted from 11. For example, J48 won over MLP on 5
datasets and the algorithms have similar performances on
other 6 datasets. For the comparison, the datasets having
2000 samples were only used.

In addition to statistical difference test, we also compared
the classification algorithms according to their average ranks.

In the average rank comparison, for each of the datasets, the
algorithms were ordered according to their performances.
Then their ranks were averaged over 11 datasets. The average
ranks and the sum of win and loses in Table 8 are given in
Table 9.

According to Table 9, J48 (C4.5 decision tree) is the best
ranked algorithm for our 11 datasets. The second one is
bagging. According to the sum of wins, the best one is again
J48.

To show the statistically meaningful difference between
the average ranks we also applied the Nemenyi test [61].
According to is the Nemenyi test, the performance of
two classifiers is significantly different if the corresponding
average ranks differ by at least the critical difference (CD)
calculated by

CD = 𝑞
𝛼
√
𝑘 (𝑘 + 1)

6𝑁
. (26)

In (26), 𝑘 is the number of classifiers compared, 𝑁 is the
number of datasets, 𝑞

𝛼
is the critical value, and 𝛼 is the

significance level. In our experiments, the critical value (𝑞
0.05

)

is 3.219 for 11 classifiers [62]. The critical difference (CD) is
3.129 ∗ sqrt((11 ∗ 12)/(6 ∗ 11)) = 4.424. According to the
Nemenyi test (at 𝑃 < 0.05), there are no statistical differences
between J48 and the algorithms having at most 4.424 + 3.55
= 7.974 average rank (NB, SL, SMO, BG, RF, and RT).

7. Conclusion

In cases of uncertainty and the lack of information, the
most important part of the decision support systems which
supports decision making process is the inference mech-
anism. There are data mining methods like SVM, MLP,
decision trees, and so forth which are available in inference
mechanism. Those methods can be used separately in an
inference mechanism or also as a hybrid system, which
consist of a combination of those methods.

In the study, for the generated synthetic data, ALARM
network structure which is widely used in scientific studies
has been used. This network structure is a structure that
has been prepared using real patient information for many
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Table 8: Pairwise comparison of accuracies (win/loss over 11 datasets) of all algorithms using 10 cv 𝑡-Test.

ZR NB MLP SL SMO IBK BS BG J48 RF RT
ZR 0/0 0/10 0/9 0/10 0/10 0/9 0/10 0/10 0/10 0/9 0/10
NB 10/0 0/0 3/0 0/0 0/0 5/0 8/0 0/0 0/1 3/0 0/0
MLP 9/0 0/3 0/0 0/3 0/3 2/0 8/1 0/4 0/5 0/0 0/4
SL 10/0 0/0 3/0 0/0 0/0 6/0 8/0 0/0 0/1 3/0 0/0
SMO 10/0 0/0 3/0 0/0 0/0 6/0 8/0 0/0 0/0 3/0 0/0
IBK 9/0 0/5 0/2 0/6 0/6 0/0 8/2 0/6 0/7 0/2 0/6
BS 10/0 0/8 1/8 0/8 0/8 2/8 0/0 0/8 0/8 1/8 0/8
BG 10/0 0/0 4/0 0/0 0/0 6/0 8/0 0/0 0/0 2/0 0/0
J48 10/0 1/0 5/0 1/0 0/0 7/0 8/0 0/0 0/0 4/0 0/0
RF 9/0 0/3 0/0 0/3 0/3 2/0 8/1 0/2 0/4 0/0 0/2
RT 10/0 0/0 4/0 0/0 0/0 6/0 8/0 0/0 0/0 2/0 0/0

Table 9: The average ranks of the algorithms over 11 datasets “and the sum of win/losses.”

Algorithm name ZR NB MLP SL SMO IBK BS BG J48 RF RT
Average rank 11 4.27 8.27 4.64 3.73 8 9.27 3.64 3.55 5.9 3.73
The number of wins/losses (over 110) 0/97 29/1 19/23 30/1 30/0 17/42 14/72 30/0 36/0 19/18 30/0

variables and shows the possibilities derived from the real life
circumstances.

In this study, the performances of 11 machine learning
algorithms (SVM, MLP, C4.5, etc.) are tested on 44 synthetic
data sets (11 different dependent variables and 4 different
dataset sizes). The comparison of algorithms we applied two
different tests (statistically difference and average rank). C4.5
decision tree is the best algorithm according to the both of the
tests for our 44 datasets. The datasets having more samples
can be better predicted than having fewer samples.

In the future study, the comparison of the performances
of the hybrid methods, which are combinations of the rule-
based methods, and the data-driven methods and other
machine learning systems will be carried out.
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[51] T. Elomaa and M. Kääriäinen, “An analysis of reduced error
pruning,” Journal of Artificial Intelligence Research, vol. 15, pp.
163–187, 2001.

[52] F. Esposito, D. Malerba, and G. Semeraro, “A comparative anal-
ysis of methods for pruning decision trees,” IEEE Transactions
on Pattern Analysis and Machine Intelligence, vol. 19, no. 5, pp.
476–491, 1997.

[53] M. Kaariainen, T. Malinen, and T. Elomaa, “Selective
Rademacher penalization and reduced error pruning of
decision trees,” Journal of Machine Learning Research, vol. 5,
pp. 1107–1126, 2003/04.

[54] Weka Manual for Version 3-6-3.
[55] J. Pearl, Probabilistic Reasoning in Intelligent Systems: Networks

of Plausible Inference, Morgan Kaufmann, San Diego, Calif,
USA, 1988.

[56] S. L. Lauritzen and D. J. Spiegelhalter, “Local computations
with probabilities on graphical structures and their application
to expert systems,” Journal of the Royal Statistical Society B:
Methodological, vol. 50, no. 2, pp. 157–224, 1988.

[57] Netica Software, http://www.norsys.com/netica vb api.htm.
[58] Java Bayes Software, 2010, http://www.cs.cmu.edu/∼javabayes/

Home.
[59] F. G. Cozman, “Generalizing variable elimination in bayesian

network,” in Proceedings of the 7th Ibero-American Conference
on Artificial Intelligence (IBERAMIA/SBIA ’00), pp. 27–32, Sao
Paulo, Brazil, 2000.

[60] Weka Software, http://www.cs.waikato.ac.nz/ml/weka.
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As the fraudulent financial statement of an enterprise is increasingly serious with each passing day, establishing a valid forecasting
fraudulent financial statement model of an enterprise has become an important question for academic research and financial
practice. After screening the important variables using the stepwise regression, the study also matches the logistic regression,
support vector machine, and decision tree to construct the classification models to make a comparison. The study adopts financial
and nonfinancial variables to assist in establishment of the forecasting fraudulent financial statement model. Research objects are
the companies to which the fraudulent and nonfraudulent financial statement happened between years 1998 to 2012. The findings
are that financial and nonfinancial information are effectively used to distinguish the fraudulent financial statement, and decision
tree C5.0 has the best classification effect 85.71%.

1. Introduction

The financial statement is the main basis of decision-making
by investors, creditors, and other accounting information
demanders and concurrently also the concrete expression
of management performance, financial condition, and pos-
sessing social responsibility of the listed and OTC com-
panies, but the fraudulent financial statement (FFS) has
the trend of becoming increasingly serious in recent years
[1–8].

This behavior not only makes the investing public subject
to vast amount of loss but also, more seriously, influences
the capital market order. Because the fraudulent case is
increasingly serious with each passing day, the United States
Congress passed Sarbanes-Oxley Act in 2002 and mainly
hope by which to improve the accuracy and reliability of
the financial statement of a company and disclosure to make
the auditors able to forecast the omen of the FFS before the
FFS of an enterprise occurs. When one checks corporations’
financial statements due to fraud which led to a significant

misstatement, there are fairly strict norms for audit staff in
Taiwan [9].

The FFS can be regarded as a typical classification prob-
lem [10].The classification problem carries out a computation
mainly in light of the variable attribute numerical value of
some given classification data to acquire the relevant classi-
fication rule of every classification and bring the unknown
classification data into the rule to acquire the final classifi-
cation result. Many authors apply the logistic regression to
make a fraudulent classification and acquire the result in the
FFS issue in the past [3, 6, 7, 11–13].

Data mining is an analytical tool used to handle a
complicated data analysis. It discovers previously unknown
information from mass data and aims for data to make an
induction from the structured model as reference amount
in making a decision with many different functions, such as
classification, association, clustering, and forecasting [4, 5, 8,
14]. “Classification” function is used the most often therein,
and its result can serve as the decision basis and prediction.
However, whether every application of data mining in the
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FFS is superior to the traditional classification model is
controversial.

The purpose of this study is to expect that a better
method of forecasting fraudulent financial statement can be
presented to forecast the omen of the fraudulent financial
statement and to reduce damage to the investors and auditors.
The study will adopt the logistic regression and the support
vector machine (SVM) as well as the decision tree (DT)
C50 in data mining as the basis and match the stepwise
regression to separately establish classificationmodel tomake
a comparison. In conclusion, the study first aims at the
“fraudulent financial statement” issue to make an arrange-
ment for and carry out an exploration of relevant literature
to ensure the research variable and sample adopted by the
study. We then take the logistic regression, SVM, and DT
C5.0 as the bases to establish the FFS classification model.
Finally, we present the conclusions and suggestions of the
study.

2. Literature Review

2.1. Fraudulent Definition. The FFS is a kind of intentional or
illegal behavior, the result of which directly causes the seri-
ously misleading financial statement or financial disclosure
[2, 15]. Pursuant to the provision of SAS NO.99, a kind of
fraudulent pattern is dishonest financial report, and it means
a kind of intentional erroneous narration, neglecting amount
or disclosure, which makes the misunderstood financial
statement [6].

2.2. Research Method. The classification problem carries out
a computation mainly in light of the variable attribute
numerical value of some given classification data to acquire
the relevant classification rule of every classification andbring
the unknown classification data into the rule to acquire the
final classification result. Many authors apply the logistic
regression to make a fraudulent classification in the FFS issue
in the past [3, 11, 12, 15–17]. However, the traditional statistic
method has limitation of having to accord with specific
assumption in data.

As a result, the machine learning way which does not
require any statistic assumption about data portfolio rises
abruptly. Many scholars recently try to adopt the machine
learning way as the classification machine to conduct a
research.The empirical result also points out that it possesses
an excellent classification effect. Chen et al. [13] applied
the neural network and SVM to forecast network invasion,
and the research result indicates that the SVM has excellent
classification ability. Huang et al. [18] applied the neural
network and SVM to explore the classificationmodel of credit
evaluation. Shin et al. [19] conducted a relevant research of
bankruptcy prediction. Yeh et al. [4] apply it in prediction
of enterprise failure. On the other hand, Kotsiantis et al.
[3] and Kirkos et al. [10] apply DT C5.0 in the relevant
research to acquire the excellent classification result. Thus,
the study will adopt the foresaid logistic regression, SVM,
and DT C5.0 as the classifier construction classification
model.

2.3. Variable Selection. As for variable selection via rele-
vant literature exploration, some authors adopt the financial
variable as the research variable [3, 10], others adopt the
nonfinancial variable as the research variable [12, 16, 17], and
still others adopt both the financial variable and nonfinancial
variable as the research variable [15, 20].

Because financial statement data often have cheating
suspicion, if we purely consider the financial variables, the
possibility of erroneous classification may increase. There-
fore, the study not only adopts the financial variable as the
research variable, but also adds the nonfinancial variable to
construct the fraudulent financial prediction model.

3. Methodology

The purpose of this study is to present a two-stage research
model which integrates the financial variable and nonfi-
nancial variable to establish the fraudulent early warning
model of an enterprise. The procedure of the study is to
aim at the data to make a stepwise regression analysis, to
acquire the result of the important variable of the TTF
after screening, and then to take such variable as the input
variable of the logistic regression and SVM. Finally, the study
makes a comparison and an analysis to acquire a better FFS
classification result.

3.1. Stepwise Regression. The study selects a variable of the
maximum classification ability in accordance with forward
selection and incorporates the predictor into the model by
stepwise increase. During each process,𝑃 value of the statistic
test is used to screen the variables. If 𝑃 value is less than or
equal to 0.05, then the variable enters the regression model,
and the selected variable is the independent variable of the
regression model.

3.2. Logistic Regression. The logistic regression resembles the
linear regression, while the response variable and explanatory
variable of the general linear regression are usually the
continuous variable, but the response variable explored by the
logistic regression is the discrete variable; that is, it handles
the qualitative variable of the two-dimensional independent
variable problem (e.g., yes or no and success or failure).
The model utilizes cumulative probability density function
to convert real number value of the explanatory variable to
probability value between 0 and 1. The elementary assump-
tion is different from the analytic assumption of anothermul-
tivariate analysis.The influence of the explanatory variable on
the response variable is to fluctuate in the index form, which
means that the logistic regression does not need to conform
to the normal distribution assumption. In other words, it
can handle the population of the nonnormal distribution and
the problem of the nonlinear model and the nonmeasuring
variable.

The general logistic regression model is as follows:

𝑌
∗
= 𝛽𝑥 + 𝜀

𝑌 = (
1: 𝑌
∗
> 0

0: 𝑌
∗
≤ 0
) ,

(1)
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where 𝑌: response variable of actual observation, 𝑌 = 1: a
financial crisis event occurs, 𝑌 = 0: no financial crisis event
occurs, 𝑌∗: latent variable without observation, 𝑥: matrix
of explanatory variable, 𝛽: matrix of explanatory variable
parameter, and 𝜀: error of explanatory variable.

3.3. Support Vector Machine (SVM). The operation model of
the SVM projects the initial input vector to eigenspace of the
high dimension with linear and nonlinear core function and
utilizes the separating hyperplane to distinguish two or many
materials of different classes.The SVMutilizes the hyperplane
classifier to classify the materials.

3.3.1. Linear Divisibility. When the plain formed by the
training sample data is linear, which consider the training
vector: 𝑥

𝑖
= (𝑥

(1)

𝑖
, . . . , 𝑥

𝑛

𝑖
) ∈ 𝑅

𝑛 belongs to two classes
𝑦
𝑖
∈ {−1, +1}. In order to definitely distinguish the training

vector class, it is necessary to find out the optimal partition
hyperplane able to separate the materials.

If the hyperplane𝑤⋅𝑥+𝑏 can separate the training sample,
it is shown as

𝑤 ⋅ 𝑥
𝑖
+ 𝑏 > 0, if 𝑦

𝑖
= 1, (2)

𝑤 ⋅ 𝑥
𝑖
+ 𝑏 < 0, if 𝑦

𝑖
= −1. (3)

Adjust 𝑤 and 𝑏 properly; (2) and (3) can be rewritten as

𝑤 ⋅ 𝑥
𝑖
+ 𝑏 ≥ 1, if 𝑦

𝑖
= 1,

𝑤 ⋅ 𝑥
𝑖
+ 𝑏 ≤ −1, if 𝑦

𝑖
= −1.

(4)

or as

𝑦
𝑖
(𝑤 ⋅ 𝑥

𝑖
+ 𝑏) ≥ 1, ∀𝑖 ∈ {1, . . . , 𝑛} . (5)

Pursuant to the statistics theory, the best interface not only
separates two classes of samples correctly, but alsomaximizes
the classification margin.The class margin of the interface𝑤⋅
𝑥 + 𝑏 is shown as

𝑑 (𝑤, 𝑏) = min
{𝑥𝑖|𝑦𝑖=1}

𝑤 ⋅ 𝑥
𝑖
+ 𝑏

|𝑤|
− max
{𝑥𝑖|𝑦𝑖=−1}

𝑤 ⋅ 𝑥
𝑖
+ 𝑏

|𝑤|
. (6)

Equation (7) can be acquired from (4):

𝑑 (𝑤, 𝑏) =
1

|𝑤|
−
−1

|𝑤|
=
2

|𝑤|
. (7)

So the problem of the maximization class margin 𝑑(𝑤, 𝑏)
transforms to minimization |𝑤|2/2 under constraint con-
dition (5). Pursuant to Lagrange relaxation, the foresaid
problem must accord with the hypothesis of (8) and (9). In
the foresaid condition, the minimization is shown as (10):

𝛼
𝑖
≥ 0, (8)

∑

𝑖

𝛼
𝑖
𝑦
𝑖
= 0, (9)

∑

𝑖

𝛼
𝑖
−
1

2
∑

𝑖,𝑗

𝛼
𝑖
𝛼
𝑗
𝑦
𝑖
𝑦
𝑗
𝑥
𝑖
⋅ 𝑥
𝑗
, 𝑖 = 1, . . . , 𝑛. (10)

Every 𝛼
𝑖
corresponds to a training sample 𝑥

𝑖
, and the training

sample of its corresponding 𝛼
𝑖
> 0 is called the support

vector. Classification function acquired finally is shown as

𝑓 (𝑥) = sgn (𝑤 ⋅ 𝑥
𝑖
+ 𝑏)

= sgn(
𝑁
𝑠

∑

𝑖=1

𝛼
𝑖
𝑦
𝑖
𝑥
𝑖
⋅ 𝑥 + 𝑏) ,

(11)

where𝑁
𝑠
is the number of the support vector.

3.3.2. Linear Indivisibility. If the training sample is linearly
indivisible, (4) can be rewritten as

𝑤 ⋅ 𝑥
𝑖
+ 𝑏 ≥ 1 − 𝜉

𝑖
, if 𝑦

𝑖
= 1

𝑤 ⋅ 𝑥
𝑖
+ 𝑏 ≥ 𝜉

𝑖
− 1, if 𝑦

𝑖
= −1.

(12)

where 𝜉
𝑖
≥ 0, 𝑖 = 1, . . . , 𝑛.

If 𝑥
𝑖
is classified mistakenly, then 𝜉

𝑖
> 1. Thus, the

mistaken classification is less than∑
𝑖
𝜉
𝑖
. Add a given parame-

ter value in the objective function. Consider reasonably the
maximum class margin and the minimum mistaken class
sample; that is, seeking the minimum of |𝑤2|/2 + 𝐶(∑

𝑖
𝜉
𝑖
)

can acquire the SVM under linear indivisibility. Pursuant to
Lagrange relaxation, the foresaid problem must accord with
the hypothesis of (13) and (14). In the foresaid condition, the
minimization is shown as (15):

0 ≤ 𝛼
𝑖
≤ 𝐶, (13)

∑

𝑖

𝛼
𝑖
𝑦
𝑖
= 0, (14)

∑

𝑖

𝛼
𝑖
−
1

2
∑

𝑖,𝑗

𝛼
𝑖
𝛼
𝑗
𝑦
𝑖
𝑦
𝑗
𝑥
𝑖
⋅ 𝑥
𝑗
, 𝑖 = 1, 2, 3, . . . , 𝑛. (15)

3.4. Decision Tree (DT). The Decision Tree (DT) is the
simplest in the inductive learning method [21]. It belongs
to the data mining tool and can handle the continuous
and noncontinuous variable. It establishes the tree structure
diagram mainly by the given classification fact and induces
some principles therein. The principles are mutually exclu-
sive, and the DT generated can also make an out-of-sample
prediction. The DT algorithms used most frequently include
CART, CHAID, and C5.0 [22]. C5.0 [23] improves from
ID3 [23]. Thanks to ID3 use limitation, it cannot handle
the continuous numerical value materials; thus, Quinlan
conducts a research for improvement, and C5.0 is developed
to handle the continuous and the noncontinuous numerical
value.

The DT C5.0 is mainly separated into two parts. The first
part is classification criterion, which is calculated pursuant
to the gain ratio. Construct the DT completely as shown
in (2). Information gained in (16) is used to calculate the
pretest and posttest gain of the data set and is defined as
“pretest information” minus “postinformation” from (17).
The entropy in (16) is used to calculate impurity, which is
called randomness. In other words, it is used to calculate
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Table 1: Results of stepwise regression variable screening.

Variable code Variable classification Variable description Pr > ChiSq
𝑋1 Financial Accounts receivables/total assets 0.2401
𝑋3 Financial Inventory/current assets 0.0339
𝑋10 Financial Interest protection multiples 0.0694
𝑋13 Financial Debt ratio 0.0294
𝑋15 Financial Cash flow ratio 0.0025
𝑋17 Financial Accounts payable turnover 0.0295
𝑋24 Financial Operation profit/last year operation profit >1.1 0.0267
𝑋29 Nonfinancial Pledge ratio of shares of the directors and supervisors 0.0473

Table 2: Hit ratio of three models using the train datasets.

Research model C5.0 Logistic SVM
Hit ratio 93.94% 83.33% 78.79%

randomness of the data set. When randomness in the data
set reaches the most disorderly state, the value will be 1.

Therefore, the less random the posttest data set is, the
larger the information gain is calculated, and the more
favorable it is for DT construction:

Gain Ratio (𝑆, 𝐴) = Information 𝑛 Gain (𝑆, 𝐴)
Entropy (𝑆, 𝐴) (16)

Gain (𝑆, 𝐴) = Entropy (𝑆) − ∑

V ∈values(𝐴)

𝑆V


|𝑆|
Entropy (𝑆V) .

(17)

The second part is pruning criterion. Pursuant to the error
based pruning (EBP), the DT is properly pruned to enhance
the correct ratio of classification. EBP is evolved from the
pessimistic error pruning (PEP), and such two pruning
methods are presented by Quinlan. The main concept of the
EBP is to make a judgment using the error ratio, calculate the
error ratio of every node, and further judge the node which
results in rise of the error ratio of the overall DT. Finally, this
node is pruned properly to further enhance the correct ratio
of the DT.

3.5. Definition of Type I Error and Type II Error. In order to
establish the valid forecasting fraudulent financial statement,
it is considerably important to measure type I type II errors
of the study. Type I error is to mistakenly judge the normal
financial statement company as the FFS company. This
judgment does not cause investors’ damage, but it carries
out an erroneous audit opinion for being too conservative
and further influences credit of the company audited. Type
II error is that the FFS enterprise is mistaken for the normal
enterprise. This classification error leads to auditing failure,
auditors’ investment loss, or investors’ erroneous judgment.

4. Empirical Analysis

4.1. Data Collection and Variables. The research samples are
the FFS enterprises from the years 1998 to 2012. 66 enterprises
are selected from the listed andOTCcompanies of the Taiwan
Economic Journal Data Bank (TEJ). The 1 by 1 pair way is
adopted to match 66 normal enterprises, so there are 132
enterprises in total as research samples.

As for selection of the research variables, the study
altogether selects 29 variables, including 24 financial variables
and 5 nonfinancial variables (see appendix).

For consideration of the number of samples, to avoid
having too few samples of the test group and to improve test
accuracy, we propose to utilize 50% of the sample materials
as the train sample to establish the regression classification
model. The remaining 50% of the sample materials serve as
the test sample to test validity of the classification model
established.

In addition, to test the stability of the proposed research
model, this study randomly selects three groups at a ratio of
80% from the test data as the test sample for cross-validation.
The compartment and sampling of data in this research are
shown in Figure 1.

4.2. Model Development. To begin with, the study aims for
the financial and nonfinancial variable to screen using the
stepwise regression screeningmethod.The variables screened
serve as the input variable of the logistic regression and
SVM. Next, the study aims at every method to carry out
the model training and test. Finally, the study compares the
merit and demerit of the classification correct ratio and gives
the relevant suggestions for the analytic result. The model
construction is divided into three parts. The first part is the
variable screening way; the second part is the classification
way; the third part compares the test results of two kinds
of classification models. The research process of the study is
shown as Figure 2.

4.3. Important Variable Screening. While constructing the
classification model, there may be quite many variables, but
not every variable is important. Therefore, the variables of
no account need to be eliminated to construct a simpler
classification model. There are quite many variable screening
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Table 3: C5.0 cross-validation results.

C5.0 model Predict value Hit ratio Type I error Type II error
Non-FFS FFS

Actual value

CV1 Non-FFS 25 3 83.93% 10.71% 21.42%
FFS 6 22

CV2 Non-FFS 25 3 87.50% 10.71% 14.28%
FFS 4 24

CV3 Non-FFS 25 3 85.71% 10.71% 17.85%
FFS 5 23

Average 25 3 85.71% 10.71% 17.85%
5 23

Table 4: Logistic regression cross-validation results.

Logistic regression model Predict value Hit ratio Type I error Type II error
Non-FFS FFS

Actual value

CV1 Non-FFS 25 3 80.36% 10.71% 28.57%
FFS 8 20

CV2 Non-FFS 26 2 82.14% 7.14% 28.57%
FFS 8 20

CV3 Non-FFS 25 3 80.36% 10.71% 28.57%
FFS 8 20

Average Non-FFS 25 3 80.95% 9.52% 28.57%
FFS 8 20

ways, amongwhich the stepwise regression variable screening
method is used most frequently [24].

Therefore, the study adopts the suggestions of Pudil et al.
[24] to screen the variables using the stepwise regression by
which to retain the research variables with more influence.
The input variables of the study are screened via the step-
wise regression to acquire the results as shown in Table 1,
including 7 financial variables and 1 nonfinancial variable.
Subsequently, the study takes these 8 variables as the new
input variables to construct the classification model.

4.4. Classification Model. The prediction accuracy of the
three types of models using the train datasets is displayed in
Table 2.

As shown in Table 2, C5.0 has the best performance in the
establishment of the predictionmodel and its accuracy rate is
93.94%.The traditional logistic model is the second best. The
accuracy rate of the SVM model, at 78.79%, is the lowest of
the three. The cross-validation results of the proposed three
prediction models are shown in Tables 3 to 5.

4.4.1. Decision Tree (DT). The study constructs the DT C5.0
model, sets EBP at 𝛼 = 5%, and adopt the binary partition
principle to obtain the optimal spanning tree. The prediction
results of the DT C5.0 classification model are shown as
Table 3.

On average, 25 of the 28 non-FFS materials are correctly
classified in the non-FFS, and three of them are incorrectly
classified in the FFS. The type I error is 10.71%. On the other
hand, 23 of the 28 FFS materials are correctly classified, and

the remaining five FFS materials are incorrectly classified in
the non-FFS. The type II error is 17.85%.

4.4.2. Logistic Regression. Table 4 is the empirical results of
the logistic classification model, which shows that 25 of 28
non-FFS materials are correctly classified and that three of
them are incorrectly classified in the FFS. The overall type
I error is 9.52%. In addition, 20 of the 28 FFS materials are
correctly classified, and the remaining eight FFS materials
are incorrectly classified in the non-FFS. The type II error is
28.57%.

4.4.3. Support Vector Machine (SVM). The operation core is
set at RBF when the study constructs the SVMmodel. As for
the parameter, the C search scope is set at 2−10 to 210, and 𝛾 is
set at 0.1. The SVM classification results are shown as Table 5.

In this part, 26 of the 28 non-FFS materials are correctly
classified, and two of them are incorrectly classified in the
FFS. The type I error is 7.14%. In addition, 14 of the 28 FFS
materials are correctly classified, and the remaining 14 FFS
materials are incorrectly classified in the non-FFS. The type
II error is 48.81%.

4.4.4. Comprehensive Comparison and Analysis. Kirkos et al.
[10] pointed out that the merit and demerit of the evaluation
model must also consider the type I error and type II
error. The type I error means to classify the nonfraudulent
companies into the fraudulent companies. Occurrence of
these two type errors results from the auditing failure of
the auditors. Type II error means that the auditors classify
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Table 5: SVM cross-validation results.

SVMmodel Predict value Hit ratio Type I error Type II error
Non-FFS FFS

Actual value

CV1 Non-FFS 26 2 73.21% 7.14% 46.42%
FFS 13 15

CV2 Non-FFS 26 2 71.43% 7.14% 50.00%
FFS 14 14

CV3 Non-FFS 26 2 71.43% 7.14% 50.00%
FFS 14 14

Average Non-FFS 26 2 72.02% 7.14% 48.81%
FFS 14 14

Table 6: Summary of classification results.

Model Type I error Type II error Hit ratio Ranking
Logistic regression 9.52% 28.57% 80.95% 2
SVM 7.14% 48.81% 72.02% 3
DT C5.0 10.71% 17.85% 85.71% 1

Table 7: Paired-samples 𝑡 test.

Model 𝑡-value DF Significant (two-tailed)
C5.0—logistic −5.201 2 0.35
Logistic—SVM −16.958 2 0.03
SVM—C5.0 9.823 2 0.10

the fraudulent companies into the nonfraudulent companies.
Both types of error would cause different loss costs, and
the auditors must avoid occurrence of these two errors.
Comparing the results of these three models, we conclude
that the classification ability of the DT C5.0 is the best,
the next is the logistic regression, and the last is the SVM.
The classification correct ratios of three kinds of model are
summarized as shown in Table 6.

The comparison shows that, although the logistic classifi-
cation model performs the best for type I errors, the DT C5.0
possesses the best classification effect, both for type II errors
and the hit ratio. The correct classification ratio is 85.71%,
followed by 80.95% for the logistic model, and 72.02% for the
SVMmodel.

Unlike general studies using type I errors to judge the
performance of prediction models, FFS studies use type II
errors to determine the performance of prediction models.
For the sake of prudence, we conduct the statistical test of
type II errors in the abovementioned cross-validation results
to confirm whether the differences in between models are
significantly other than 0. The analysis results are shown in
Table 7, which shows that the 𝑡-values of the predictionmodel
type II error differences are −5.201 (C5.0—Logistic); −16.958
(Logistic—SVM); and 9.823 (SVM—C5.0), respectively, and
all of them reach the significance level.

5. Conclusion and Suggestion

As the fraudulent financial statement (FFS) increases on
the trot in recent years, the auditing failure risk of the
auditors also rises thereby. Therefore, many researches focus
on developing a good classification model to reduce the
relevant risk. In the past, the accuracy of forecasting FFS
purely using regression analysis has been relatively low.Many
scholars have pointed out that prediction by data mining can
improve the accuracy rate. Thus, this study adopts stepwise
regression to screen the important factors of financial and
nonfinancial variables. Meanwhile, it combines the above
with data mining techniques to establish a more accurate FFS
forecast model.

A total of eight critical variables are screened via the
stepwise regression analysis, including two parts: financial
variables (accounts receivables/total assets, inventory/current
assets, interest protection multiples, cash flow ratio, accounts
payable turnover, operation profit/last year operation profit
> 1.1) and nonfinancial variables (pledge ratio of shares of the
directors and supervisors).

The financial variables include operating capabilities,
profitability index, debt solvency ability index, and financial
structure. The nonfinancial variables include relevant vari-
ables of stock rights and scale of an enterprise’s directors
and supervisors. The results indicate that when auditors
investigate FFS, they must focus on the alert provided by the
nonfinancial information as well as the financial information.

In the classification model, the study adopts the logistic
regression of the traditional classificationmethod and theDT
C5.0 and SVM of data mining to construct the classification
model. The empirical result indicates that the SVM model
performs the best in the type I error after comparison, and the
DT C5.0 has the best classification performance in the type II
error and overall classification correct ratio.
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Table 8: Selection of the research variables.

Variable classification Variable code Variable description and computation

Financial variables

𝑋1 Accounts receivables/total assets
𝑋2 Gross profit/total assets
𝑋3 Inventory/current assets
𝑋4 Inventory/total assets
𝑋5 Net profit after tax/total assets
𝑋6 Net profit after tax/fixed assets
𝑋7 Cash/total assets
𝑋8 Log total assets
𝑋9 Log total liabilities
𝑋10 Interest protection multiples (debt service coverage ratio, times interest earned)
𝑋11 Gross profit margin
𝑋12 Operating expense ratio
𝑋13 Debt ratio
𝑋14 Inventory turnover
𝑋15 Cash flow ratio
𝑋16 Net profit ratio before tax
𝑋17 Accounts payable turnover
𝑋18 Revenue growth rate
𝑋19 Debt/equity ratio
𝑋20 Earnings before interest, taxes, depreciation, and amortization
𝑋21 Current liabilities/total assets
𝑋22 Total assets turnover
𝑋23 Account receivable/last year accounts receivable >1.1
𝑋24 Operation profit/last year operation profit >1.1

Nonfinancial variables

𝑋25 Shareholding ratio of the major shareholders
𝑋26 Shareholding ratio of directors and supervisors
𝑋27 Whether the chairman concurrently holds the position of CEO
𝑋28 Board size
𝑋29 Pledge ratio of shares of the directors and supervisors

Train subset

Test subset

FFS
and

non-FFS sample

50% without replacement 80% with replacement

Cross-validation

Cross-validation
subset 2

Cross-validation
subset 3

50%

50%

subset 1

Figure 1: Train and test subsets design.
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Figure 2: Research model.

One of the research purposes is to anticipate accom-
modating the auditors with another assistant auditing tool
besides the traditional analysis method, but the research
about the forecasting FFS is not sufficient. Therefore, the
subsequent researchers can also adopt other methods to
forecast the FFS to provide a better reference. In addition,
future researchers can also try to adopt different variable
screening methods to enhance the classification correct
ratio of the method. As for the variable, some nonfinancial
variables are difficult to measure, and material acquisition
is difficult, so the study does not incorporate them. Finally,
as for the sample, the study focuses on the FFS scope
research, and a certain number of the FFSs may not be found.
Therefore, the pair companies can also be the FFS companies
in the coming year, which can influence the accuracy of the
study. The findings of this study can provide a reference
to auditors, certified public accountants (CPAs), securities
analysts, company managers, and future academic studies.

Appendix

See Table 8.
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Recently, support vector machine (SVM) has excellent performance on classification and prediction and is widely used on disease
diagnosis or medical assistance. However, SVM only functions well on two-group classification problems. This study combines
feature selection and SVMrecursive feature elimination (SVM-RFE) to investigate the classification accuracy ofmulticlass problems
for Dermatology and Zoo databases. Dermatology dataset contains 33 feature variables, 1 class variable, and 366 testing instances;
and the Zoo dataset contains 16 feature variables, 1 class variable, and 101 testing instances. The feature variables in the two datasets
were sorted in descending order by explanatory power, and different feature sets were selected by SVM-RFE to explore classification
accuracy.Meanwhile, Taguchimethodwas jointly combinedwith SVMclassifier in order to optimize parameters𝐶 and 𝛾 to increase
classification accuracy for multiclass classification.The experimental results show that the classification accuracy can be more than
95% after SVM-RFE feature selection and Taguchi parameter optimization for Dermatology and Zoo databases.

1. Introduction

The support vector machine (SVM) is one of the important
tools of machine learning. The principle of SVM operation
is as follows: a given group of classified data is trained by
the algorithm to obtain a group of classification models,
which can help predict the category of the new data [1, 2].
Its scope of application is widely used in various fields, such
as disease or medical imaging diagnosis [3–5], financial crisis
prediction [6], biomedical engineering, and bioinformatics
classification [7, 8]. Although SVM is an efficient machine
learning method, its classification accuracy requires further
improvement in the case of multidimensional space clas-
sification and dataset for feature interaction variables [9].
Regarding such problems, in general, feature selection can
be applied to reduce data structure complexity in order to
identify important feature variables as a new set of testing
instances [10]. By feature selection, inappropriate, redundant,
and noise data of each problem can be filtered to reduce

the computational time of classification and improve classi-
fication accuracy. The common methods of feature selection
include backward feature selection (BFS), forward feature
selection (FFS), and ranker [11]. Another feature selection
method, support vector machine recursive feature elimina-
tion (SVM-RFE), can filter relevant features and remove
relatively insignificant feature variables in order to achieve
higher classification performance [12]. The research findings
of Harikrishna et al. have shown that computation is simpler
and can more effectively improve classification accuracy in
the case of datasets after SVM-REF selection [13–15].

As SVM basically applies on two-class data [16], many
scholars have explored the expansion of SVM on multiclass
data [17–19]. However, classification accuracy is not ideal.
There are many studies on choosing kernel parameters for
SVM [20–22]. Therefore, this study applies SVM-RFE to sort
the 33 variables for Dermatology dataset and 16 variables
for Zoo dataset by explanatory power in descending order
and selects different feature sets before using the Taguchi
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Table 1: Feature information for Dermatology and Zoo databases.

Dermatology Zoo
Dataset
characteristics Multivariate Multivariate

Attribute
characteristics Categorical, integer Categorical, integer

Associated tasks Classification Classification
Area Life Life
Number of
instances 366 101

Number of
attributes 33 16

Number of class 6 7

parameter design to optimize Multiclass SVM parameters 𝐶
and 𝛾 to improve the classification accuracy for SVM multi-
class classifier.

This study is organized as follows. Section 2 describes the
research data; Section 3 introduces methods used through
this paper; Section 4 discusses the experiment and results.
Finally, Section 5 presents our conclusions.

2. Study Population

This study used the Dermatology dataset from University
of California at Irvine (UCI) and the Zoo database from
its College of Information Technology and Computers to
conduct experimental tests, parameter optimization, and
classification accuracy performance evaluation, using the
SVM classifier.

In medicine, dermatological diseases are diseases of the
skin that have a serious impact on health. As frequently
occurring types of diseases, there are more than 1000 kinds
of dermatological diseases, such as psoriasis, seborrheic
dermatitis, lichen planus, pityriasis, chronic dermatitis, and
pityriasis rubra pilaris. The Dermatology dataset was estab-
lished by Nilsel in 1998 and contains 33 feature variables and
1 class variable (6-class).

The dermatology feature variables and data summary
are as shown in Table 1. The Dermatology dataset has eight
omissions. After removing the eight omissions, we retained
358 (instances) for this study.The instances of data of various
categories are psoriasis (Class 1): 111 instances, seborrheic
dermatitis (Class 2): 71 instances, lichen planus (Class 3): 60
instances, pityriasis (Class 4): 48 instances, chronic dermatitis
(Class 5): 48 instances, and pityriasis rubra pilaris (Class
6): 20 instances. The Zoo dataset contains 17 Boolean-
valued attributes and 101 instances. The instances of data of
various categories are as follows: bear, and so forth (Class
1) 41 instances; chicken, and so forth (Class 2) 20 instances;
seasnake, and so forth (Class 3) 5 instances; bass, and so forth
(Class 4) 13 instances; (Class 5) 4 instances; frog, and so forth
(Class 6) 8 instances; and honeybee, and so forth (Class 7) 10
instances.

Before feature selection, we conducted feature attribute
coding.The feature attribute coding of Dermatology and Zoo
databases is as shown in Tables 2 and 3.

Table 2: Attributes of Dermatology database.

ID Attribute
V1 Erythema
V2 Scaling
V3 Definite borders
V4 Itching
V5 Koebner phenomenon
V6 Polygonal papules
V7 Follicular papules
V8 Oral mucosal involvement
V9 Knee and elbow involvement
V10 Scalp involvement
V11 Family history
V12 Melanin incontinence
V13 Eosinophils in the infiltrate
V14 PNL infiltrate
V15 Fibrosis of the papillary dermis
V16 Exocytosis
V17 Acanthosis
V18 Hyperkeratosis
V19 Parakeratosis
V20 Clubbing of the rete ridges
V21 Elongation of the rete ridges
V22 Thinning of the suprapapillary epidermis
V23 Spongiform pustule
V24 Munro microabscess
V25 Focal hypergranulosis
V26 Disappearance of the granular layer
V27 Vacuolisation and damage of basal layer
V28 Spongiosis
V29 Saw-tooth appearance of retes
V30 Follicular horn plug
V31 Perifollicular parakeratosis
V32 Inflammatory mononuclear infiltrate
V33 Band-like infiltrate
V34 Age

3. Methodology

3.1. Research Framework. The research framework of the
study is shown in Figure 1. Steps are as follows.

(1) Database preprocessing: delete the omissions and
feature variable coding for Dermatology and Zoo
datasets. And there are 358 and 101 instances left for
Dermatology and Zoo databases for further experi-
ment, respectively.

(2) Feature selection: apply SVM-RFE ranking according
to the order of importance of the features, and
determine the feature set that contributes to the
classification.

(3) Parameter optimization: apply Taguchi parameter
design in the parameters (𝐶 & 𝛾) optimization of a
Multiclass SVM Classifier in order to enhance the
classification accuracy for the multiclass dataset.
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Table 3: Attributes of Zoo database.

ID Attribute
V1 Hair
V2 Feathers
V3 Eggs
V4 Milk
V5 Airborne
V6 Aquatic
V7 Predator
V8 Toothed
V9 Backbone
V10 Breathes
V11 Venomous
V12 Fins
V13 Legs
V14 Tail
V15 Domestic
V16 Cat-size

UCI Dermatology and Zoo datasets

After preprocessing

Dermatology: 358 instances

Zoo: 101 instances

Feature selection

SVM-FRE

Method 1 Method 2

Taguchi parameter design
C and 𝛾

LS-SVM
Bayesian

LS-SVM
Bayesian

initial parameters
C and 𝛾

LS-SVM classifier performance evaluation

Figure 1: Research framework.

3.2. Feature Selection. Feature selection implies not only
cardinality reduction, which means imposing an arbitrary or
predefined cutoff on the number of attributes that can be
considered when building a model, but also the choice of
attributes, meaning that either the analyst or the modeling
tool actively selects or discards attributes based on their
usefulness for analysis. The feature selection method is a
search strategy to select or remove some features of the

original feature set to generate various types of subsets to
obtain the optimum feature subset. The subsets selected each
time are compared and analyzed according to the formulated
assessment function. If the subset selected in step 𝑚 + 1 is
better than the subset selected in step 𝑚, the subset selected
in step𝑚 + 1 can be selected as the optimum subset.

3.3. Linear Support Vector Machine (Linear SVM). SVM is
developed from statistical learning theory, as based on SRM
(structural risk minimization). It can be applied on classifica-
tion and nonlinear regression [6]. Generally speaking, SVM
can be divided into linear SVM (linear SVM) and nonlinear
SVM, described as follows.

(1) Linear SVM. The linear SVM encodes the training data
of different types by classification with Class 1 as being “+1”
and Class 2 as being “−1” and the mathematical symbol
is {{𝑥

𝑖
, 𝑦
𝑖
}
𝑇

𝑖−1
, 𝑥
𝑖
∈ R𝑚, 𝑦

𝑖
∈ {−1, +1}}; the hyperplane is

represented as follows:

𝑤 ⋅ 𝑥 + 𝑏 = 0, (1)

where 𝑤 denotes weight vector, 𝑥 denotes the input dataset,
and 𝑏 denotes a constant as a bias (displacement) in the
hyperplane. The purpose of bias is to ensure that the hyper-
plane is in the correct position after horizontal movement.
Therefore, bias is determined after training𝑤.The parameters
of the hyperplane include 𝑤 and 𝑏. When SVM is applied
on classification, the hyperplane is regarded as a decision
function:

𝑓 (𝑥) = sign (𝑤 ⋅ 𝑥 + 𝑏) . (2)

Generally speaking, the purpose of SVM is to obtain the
hyperplane of the maximized marginal distance and improve
the distinguishing function between the two categories of
the dataset. The process of optimizing the distinguishing
function of the hyperplane can be regarded as a quadratic
programming problem:

minimize 𝐿
𝑝
=
1

2
‖𝑤‖
2

subject to 𝑦
𝑖
(𝑥
𝑖
⋅ 𝑤 + 𝑏) − 1 ≥ 0, 𝑖 = 1, . . . , 𝑙.

(3)

The original minimization problem is converted into a
maximization problem by using the LagrangeTheory:
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(4)

Finally, the linear divisive decision making function is

𝑓 (𝑥) = sign(
𝑛
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𝑖
𝛼
∗

𝑖
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) . (5)
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If 𝑓(𝑥) > 0, it means the sample is in the same category as
samples marked with “+1”; otherwise, it is in the category of
samples marked with “−1.” When the training data include
noise, the linear hyperplane cannot accurately distinguish
data points. By introducing slack variables 𝜉

𝑖
in the constraint,

the original (3) can be modified into the following:

minimize 1

2
‖𝑤‖
2
+ 𝐶(

𝑙

∑

𝑖=1

𝜉
𝑖
)

subject to 𝑦
𝑖
(𝑥
𝑖
⋅ 𝑤 + 𝑏) − 1 + 𝜉

𝑖
≥ 0, 𝑖 = 1, . . . , 𝑙

𝜉
𝑖
≥ 0, 𝑖 = 1, . . . , 𝑙,

(6)

where 𝜉
𝑖
is the distance between the boundary and the clas-

sification point and penalty parameter 𝐶 represents the cost
of the classification error of training data during the learning
process, as determined by the user. When 𝐶 is greater, the
margin will be smaller, indicating that the fault tolerance
rate will be smaller when a fault occurs. Otherwise, when
𝐶 is smaller, the fault tolerance rate will be greater. When
𝐶 → ∞, the linear inseparable problem will degenerate
into a linear separable problem. In this case, the solution of
the above mentioned optimization problem can be applied
to obtain the various parameters and optimum solution of
the target function using the Lagrangian coefficient; thus, the
linear inseparable dual optimization problem is as follows:

Max 𝐿
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≤ 𝐶, 𝑖 = 1, . . . , 𝑙.

(7)

Finally, the linear decision-making function is

𝑓 (𝑥) = sign(
𝑛

∑

𝑖=1

𝑦
𝑖
𝛼
∗

𝑖
(𝑥 ⋅ 𝑥
𝑖
) + 𝑏
∗
) . (8)

(2) Nonlinear Support Vector Machine (Nonlinear SVM).
When input training samples cannot be separated using
linear SVM, we can use conversion function 𝜑 to convert
the original 2-dimensional data into a new high-dimensional
feature space for linear separable problem. SVM can effi-
ciently perform a nonlinear classification using what is called
the kernel trick, implicitly mapping their inputs into high-
dimensional feature spaces. Presently, many different core
functions have been proposed. Using different core functions
regarding different data features can effectively improve the
computational efficiency of SVM. The relatively common
core functions include the following four types:

(1) linear kernel function:

𝐾(𝑥
𝑖
, 𝑦
𝑖
) = 𝑥
𝑡

𝑖
⋅ 𝑦
𝑗
, (9)

(2) polynomial kernel function:

𝐾(𝑥
𝑖
, 𝑦
𝑗
) = (𝛾𝑥

𝑡

𝑖
𝑥
𝑗
+ 𝑟)
𝑚

, 𝛾 > 0, (10)

(3) radial basis kernel function:

𝐾(𝑥
𝑖
, 𝑦
𝑗
) = exp(

−

𝑥
𝑖
− 𝑦
𝑗



2

2𝜎2
) , 𝛾 > 0, (11)

(4) sigmoid kernel function:

𝐾(𝑥
𝑖
, 𝑦
𝑗
) = tanh (𝛾𝑥𝑡

𝑖
⋅ 𝑦
𝑗
+ 𝑟) , (12)

where the emissive core function is more frequently applied
in high feature dimensional and nonlinear problems, and
the parameters to be set are 𝛾 and 𝐶, which can slightly
reduce SVM complexity and improve calculation efficiency;
therefore, this study selects the emissive core function.

3.4. Support Vector Machine Recursive Feature Elimination
(SVM-RFE). A feature selection process can be used to
remove terms in the training dataset that are statistically
uncorrelated with the class labels, thus improving both
efficiency and accuracy. Pal and Maiti (2010) provided a
supervised dimensionality reduction method. The feature
selection problem has been modeled as a mixed 0-1 inte-
ger program [23]. Multiclass Mahalanobis-Taguchi system
(MMTS) is developed for simultaneous multiclass classi-
fication and feature selection. The important features are
identified using the orthogonal arrays and the signal-to-
noise ratio and are then used to construct a reduced model
measurement scale [24]. SVM-RFE is an SVM-based feature
selection algorithm created by [12]. Using SVM-RFE, Guyon
et al. selected key and important feature sets. In addition to
reducing classification computational time, it can improve the
classification accuracy rate [12]. In recent years, many schol-
ars improved the classification effect in medical diagnosis by
taking advantage of this method [22, 25].

3.5. Multiclass SVM Classifier. SVM’s basic classification
principle is mainly based on dual categories. Presently, there
are three main methods, one-against-all, one-against-one,
and directed acyclic graph, to process multiclass problems
[26], described as follows.

(1) One-Against-All (OAA). Proposed by Bottou et al., (1994)
the one-versus-rest converts the classification problem of 𝑘
categories into 𝑘 dual-category problems [27]. Scholars have
also proposed subsequent effective classification methods
[28]. In the training process, it must train 𝑘 dual-category
SVMs. When training the 𝑖th classifier, data in the 𝑖th
category is regarded as “+1” and the data of the remaining
categories is regarded as “−1” to complete the training
of 𝑘 dual-category SVM; during the testing process, each
testing instance is tested by trained 𝑘 dual-category SVMs.
The classification results can be determined by comparing
the outputs of SVM. Regarding unknown category 𝑥, the
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decision function arg max
𝑖=1,...,𝑘

(𝑤
𝑖
)
𝑡
𝜙(𝑥) + 𝑏

𝑖 can be applied
to generate 𝑘 decision-making values, and category 𝑥 is the
category of the maximum decision making value.

(2) One-Against-One (OAO). When there are 𝑘 categories,
two categories can produce an SVM; thus, it can produce 𝑘(𝑘−
1)/2 classifiers and determine the category of the samples by a
voting strategy [28]. For example, if there are three categories
(1, 2, and 3) and a sample to be classified with an assumed
category of 2, the sample will then be input into three SVMs.
Each SVM will determine the category of the sample using
decision making function sign((𝑤𝑖𝑗)𝑡Φ(𝑥)+ 𝑏𝑖𝑗) and adds 1 to
the votes of the category. Finally, the category with the most
votes is the category of the sample.

(3) Directed Acyclic Graph (DAG). Similar to OAO method,
DAG is to disintegrate the classification problem 𝑘 categories
into a 𝑘(𝑘 − 1)/2 dual-category classification problem [18].
During the training process, it selects any two categories
from 𝑘 categories as a group, which it combines into a dual-
category classification SVM; during the testing process, it
establishes a dual-category acyclic graph. The data of an
unknown category is tested from the root nodes. In a problem
with 𝑘 classes, a rooted binaryDAGhas 𝑘 leaves labeled by the
classes where each of the 𝑘(𝑘 − 1)/2 internal nodes is labeled
with an element of a Boolean function [19].

4. Experiment and Results

4.1. Feature Selection Based on SVM-RFE. Themain purpose
of SVM-RFE is to compute the ranking weights for all
features and sort the features according to weight vectors as
the classification basis. SVM-RFE is an iteration process of
the backward removal of features. Its steps for feature set
selection are shown as follows.

(1) Use the current dataset to train the classifier.
(2) Compute the ranking weights for all features.
(3) Delete the feature with the smallest weight.

Implement the iteration process until there is only one feature
remaining in the dataset; the implementation result provides
a list of features in the order of weight. The algorithm
will remove the feature with smallest ranking weight, while
retaining the feature variables of significant impact. Finally,
the feature variables will be listed in the descending order
of explanatory difference degree. SVM-RFE’s selection of
feature sets can be mainly divided into three steps, namely,
(1) the input of the datasets to be classified, (2) calculation
of weight of each feature, and (3) the deletion of the feature
of minimum weight to obtain the ranking of features. The
computational step is shown as follows [12].

(1) Input

Training sample:𝑋
0
= [𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑚
]
𝑇.

Category: 𝑦 = [𝑦
1
, 𝑦
2
, . . . , 𝑦

𝑚
]
𝑇.

The current feature set: 𝑠 = [1, 2, . . . , 𝑛].
Feature sorted list: 𝑟 = [].

(2) Feature Sorting

Repeat the following process until 𝑠 = [].
To obtain the new training sample matrix according
to the remaining features:𝑋 = 𝑋

0
(:, 𝑠).

Training classifier: 𝛼 = SVM-train(𝑋, 𝑦).
Calculation of weight: 𝑤 = ∑

𝑘
𝛼
𝑘
𝑦
𝑘
𝑥
𝑘
.

Calculation of sorting standards: 𝑐
𝑖
= (𝑤
𝑖
)
2.

Finding the features of the minimum weight: 𝑓 =

arg min(𝑐).
Updating feature sorted list: 𝑟 = [𝑠(𝑓), 𝑟].
Removing the features with minimum weight: 𝑠 =
𝑠(1 : −1, 𝑓 + 1 : length(𝑠)).

(3) Output: Feature Sorted List 𝑟. In each loop, the feature
withminimum (𝑤

𝑖
)
2 will be removed.The SVM then retrains

the remaining features to obtain the new feature sorting.
SVM-RFE repeatedly implements the process until obtaining
a feature sorted list. Through training SVM using the feature
subsets of the sorted list and evaluating the subsets using the
SVMprediction accuracy, we can obtain the optimum feature
subsets.

4.2. SVM Parameters Optimization Based on Taguchi Method.
Taguchi Method rises from the engineering technological
perspective and its major tools include the orthogonal array
and 𝑆𝑁 ratio, where 𝑆𝑁 ratio and loss function are closely
related. A higher 𝑆𝑁 ratio indicates fewer losses [29]. Param-
eter selection is an important step of the construction of the
classificationmodel using SVM.The differences in parameter
settings can affect classification model stability and accuracy.
Hsu and Yu (2012) combined Taguchi method and Staelin
method to optimize the SVM-based e-mail spam filtering
model and promote spam filtering accuracy [30]. Taguchi
parameter design has many advantages. For one, the effect of
robustness on quality is great. Robustness reduces variation in
parts by reducing the effects of uncontrollable variation.More
consistent parts are equal to better quality. Also, the Taguchi
method allows for the analysis of many different parameters
without a prohibitively high amount of experimentation. It
provides the design engineer with a systematic and efficient
method for determining near optimumdesign parameters for
performance and cost. Therefore, by using the Taguchi qual-
ity parameter design, this study conducts the optimization
design of parameters𝐶 and 𝛾 to enhance the accuracy of SVM
classifier on the diagnosis of multiclass diseases.

This study uses the multiclass classification accuracy as
the quality attribute of the Taguchi parameter design [21]. In
general, when the classification accuracy is higher, it means
the accuracy of the classification model is better; that is,
the quality attribute is larger-the-better (LTB), and 𝑆𝑁LTB is
defined as:

𝑆𝑁LTB = −10 log10 (𝑀𝑆𝐷) = −10 log10 [
1

𝑛

𝑛

∑

𝑖=1

1

𝑦2
𝑖

] . (13)
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Table 4: Classification accuracy comparison.

Dermatology database Zoo database

𝐶
𝛾

𝐶
𝛾

1 3 10 12 0.1 5 10 12
1 52.57% 95.18% 94.08% 94.22% 1 71.18% 78.09% 62.36% 40.64%
10 52.57% 96.04% 97.94% 97.93% 10 71.18% 96.00% 91.00% 85.09%
50 52.57% 96.31% 96.86% 96.58% 50 71.18% 96.09% 96.00% 96.00%
100 52.57% 96.31% 96.32% 96.03% 100 71.18% 96.09% 96.09% 96.00%

Table 5: Factor level configuration of LS-SVM parameter design.

Dermatology database Zoo database

Control factor Level Control factor Level
1 2 3 1 2 3

𝐴(𝐶) 10 50 100 𝐴(𝐶) 5 10 50
𝐵(𝛾) 2.4 5 10 𝐵(𝛾) 0.08 4 11

4.3. Evaluation of Classification Accuracy. Cross-validation
measurement divides all the samples into a training set and
a testing set. The training set is the learning data of the
algorithm to establish the classification rules; the samples of
the testing data are used as the testing data to measure the
performance of the classification rules. All the samples are
randomly divided into 𝑘-folds by category, and the data are
mutually repelled. Each fold of the data is used as the testing
data and the remaining 𝑘−1 folds are used as the training set.
The step is repeated 𝑘 times, and each testing set validates the
classification rules learnt from the corresponding training set
to obtain an accuracy rate. The average of the accuracy rates
of all 𝑘 testing sets can be used as the final evaluation results.
The method is known as 𝑘-fold cross-validation.

4.4. Results and Discussion. The ranking order of all features
for Dermatology and Zoo databases, using RFE-SVM, is
summarized as follows: Dermatology = {V1, V16, V32, V28,
V19, V3, V17, V2, V15, V21, V26, V13, V14, V5, V18, V4, V23,
V11, V8, V12, V27, V24, V6, V25, V30, V29, V10, V31, V22,
V20, V33, V7, V9} and Zoo = {V13, V9, V14, V10, V16, V4,
V8, V1, V11, V2, V12, V5, V6, V3, V15, V7}. According to the
suggestions of scholars, the classification error rate of OAO is
relatively lowerwhen the number of testing instances is below
1000.Multiclass SVMparameter settings can affect theMulti-
class SVM’s classification accuracy. Arenas-Garćıa and Pérez-
Cruz applied SVMs’ parameters setting in the multiclass Zoo
dataset [31].They have carried out simulation, usingGaussian
kernels, for all possible combinations of 𝐶 and Garmar from
𝐶 = [𝑙, 3, 10, 30, 100] and Garmar = sqrt(0.25d), sqrt(0.5d),
sqrt(d), sqrt(2d), and sqrt(4d) with d being the dimension of
the input data. In this study, we have executed wide ranges of
the parameter settings for Dermatology and Zoo databases.
Finally, the parameter settings are suggested as Dermatology
(𝐶, 𝛾) = {𝐶 = 1, 10, 50, 100 and 𝛾 = 1, 3, 10, 12}, Zoo
(𝐶, 𝛾) = {𝐶 = 1, 10, 50, 100 and 𝛾 = 0.1, 5, 10, 12}, and the
testing accuracies are shown in Table 4.

As shown in Table 4, regarding parameter 𝐶, when 𝐶 =
10 and 𝛾 = {5, 10, 12}, the accuracy of the experiment is
higher than that of the experimental combination of 𝐶 = 1

and 𝛾 = {5, 10, 12}; moreover, regarding parameter 𝛾, the
experimental accuracy rate in the case of 𝛾 = 5 and 𝐶 =
{1, 10, 50, 100} is higher than that of the experimental com-
bination of 𝛾 = 0.1 and 𝐶 = {1, 10, 50, 100}. The near optimal
value of 𝐶 or 𝛾 may not be the same for different databases.
Finding the appropriate parameter settings is important for
the performance of classifiers. Practically, it is impossible to
simulate every possible combination of parameter settings.
And that is the reason why Taguchi methodology is applied
to reduce the experimental combinations for SVM. The
experimental step used in this study was first referred to
the related study, ex, 𝐶 = [1, 3, 10, 30, 100], [31]; then set a
possible range for both databases (𝐶 = 1∼100, 𝛾 = 1∼12).
After that, we slightly adjusted the ranges to understand if
there will be better results in Taguchi quality engineering
parameter optimization for each database. According to
our experimental result, the final parameter settings 𝐶 and
𝛾 range 10∼100 and 2.4∼10, respectively, for Dermatology
database; the parameters settings 𝐶 and 𝛾 range 5∼50 and
0.08∼11, respectively, for Zoo databases. Within the range
of Dermatology and Zoo databases parameters 𝐶 and 𝛾, we
select three parameter levels and two control factors, 𝐴 and
𝐵, to represent parameters 𝐶 and 𝛾, respectively. The Taguchi
orthogonal array experiment selects 𝐿

9
(3
2
) and the factor

level configuration is as illustrated in Table 5.
After data preprocessing, Dermatology and Zoo

databases include 358 and 101 testing instances, respectively.
The various experiments of the orthogonal array are repeated
five times (𝑛 = 5); the experimental combination and
observations are summarized, as shown in Tables 6 and 7.
According to (13), we can calculate the 𝑆𝑁 ratio for Taguchi
experimental combination #1 as

𝑆𝑁LTB = −10 log10 [
1

5
× (

1

0.96312
+

1

0.97012
+

1

0.96972

+
1

0.96272
+

1

0.96142
)]

= −0.3060.

(14)
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Table 6: Summary of experiment data of Dermatology database.

Number Control factor Observation Average SN
𝐴 𝐵 𝑦

1
𝑦
2

𝑦
3

𝑦
4

𝑦
5

1 1 1 0.9631 0.9701 0.9697 0.9627 0.9614 0.9654 −0.3060
2 1 2 0.9686 0.9749 0.9653 0.9621 0.9732 0.9688 −0.2755
3 1 3 0.9795 0.9847 0.9848 0.9838 0.9735 0.9813 −0.1647
4 2 1 0.9630 0.9615 0.9581 0.9599 0.9668 0.9619 −0.3379
5 2 2 0.9687 0.9721 0.9704 0.9707 0.9626 0.9689 −0.2746
6 2 3 0.9685 0.9748 0.9744 0.9712 0.9707 0.9719 −0.2475
7 3 1 0.9671 0.9689 0.9648 0.9668 0.9645 0.9664 −0.2967
8 3 2 0.9741 0.9704 0.9797 0.9799 0.9767 0.9762 −0.2098
9 3 3 0.9625 0.9633 0.9642 0.9678 0.9619 0.9639 −0.3191
(𝐴1 = 10, 𝐴2 = 50, 𝐴3 = 100; 𝐵1 = 2.4, 𝐵2 = 5, 𝐵3 = 10).

Table 7: Summary of experiment data of Zoo database.

Number Control factor Observation Average SN
𝐴 𝐵 𝑦

1
𝑦
2

𝑦
3

𝑦
4

𝑦
5

1 1 1 0.9513 0.9673 0.9435 0.9567 0.9546 0.9547 −0.4037
2 1 2 0.9600 0.9616 0.9588 0.9611 0.9608 0.9605 −0.3504
3 1 3 0.7809 0.7833 0.7820 0.7679 0.7811 0.7790 −2.1694
4 2 1 0.7118 0.6766 0.7368 0.7256 0.7109 0.7123 −2.9571
5 2 2 0.9600 0.9612 0.9604 0.9519 0.9440 0.9555 −0.3960
6 2 3 0.8900 0.8947 0.9214 0.9050 0.9190 0.9060 −0.8598
7 3 1 0.7118 0.7398 0.7421 0.7495 0.7203 0.7327 −2.7064
8 3 2 0.9610 0.9735 0.9709 0.9752 0.9661 0.9693 −0.2709
9 3 3 0.9600 0.9723 0.9707 0.9509 0.9763 0.9660 −0.3013
(𝐴1 = 5, 𝐴2 = 10, 𝐴3 = 50; 𝐵1 = 0.08, 𝐵2 = 4, 𝐵3 = 11).

The calculation results of the 𝑆𝑁 ratios of the remaining eight
experimental combinations are summarized, as in Table 6.
The Zoo experimental results and 𝑆𝑁 ratio calculation are
as shown in Table 7. According to the above results, we then
calculate the average 𝑆𝑁 ratios of the various factor levels.
With the experiment of Table 8 as an example, the average
𝑆𝑁 ratio 𝐴

1
of Factor 𝐴 at Level 1 is

𝐴
1
=
1

3
[−0.3060 + (−0.2755) + (−0.1647)] = −0.2487.

(15)

Similarly, we can calculate the average effects of 𝐴
2
and

𝐴
3
from Table 6.The difference analysis results of the various

factor levels of Dermatology and Zoo databases are as shown
in Table 8. The factor effect diagrams are as shown in Figures
2 and 3. As a greater 𝑆𝑁 ratio represents better quality,
according to the factor level difference and factor effect
diagrams, the Dermatology parameter level combination is
𝐴
1
𝐵
3
; in other words, parameters 𝐶 = 10, 𝛾 = 10, Zoo

parameter level combination is 𝐴
1
𝐵
2
, and the parameter

settings are 𝐶 = 5, 𝛾 = 4.
When constructing the Multiclass SVM model using

SVM-RFE, three different feature sets are selected according

−0.24
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Figure 2: Main effect plots for 𝑆𝑁 ratio of Dermatology database.

to their significance. At the first stage, Taguchi quality
engineering is applied to select the optimum values of
parameters 𝐶 and 𝛾. At the second stage, it constructs the
Multiclass SVM Classifier and compares the classification
performance according to the above parameters. In the
Dermatology experiment, Table 9 illustrates the two feature
subsets containing 23 and 33 feature variables. The 33 feature
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Table 8: Average of each factor at all levels.

Dermatology Zoo

Control factor Level Control factor Level
1 2 3 Difference 1 2 3 Difference

𝐴(𝐶) −0.2487 −0.2867 −0.2752 0.0380 𝐴(𝐶) −0.9745 −1.4043 −1.0929 0.4298
𝐵(𝛾) −0.3135 −0.2533 −0.2438 0.0697 𝐵(𝛾) −2.0224 −0.3391 −1.1102 1.6833

Table 9: Classification performance comparison of Dermatology database.

Methods Dimensions 𝐶 𝛾 Accuracy
SVM 33 100 5 95.10% ± 0.0096
SVM-RFE 23 50 2.4 89.28% ± 0.0139
SVM-RFE-Taguchi 23 10 10 95.38% ± 0.0098

Table 10: Classification performance comparison of Zoo database.

Methods Dimensions 𝐶 𝛾 Accuracy
SVM 16 10 11 89% ± 0.0314
SVM-RFE 6 50 0.08 92% ± 0.0199
SVM-RFE-Taguchi 12 5 4 97% ± 0.0396

321 321

−0.5

−1.0

−1.5

−2.0

A B

SN

Figure 3: Main effect plots for 𝑆𝑁 ratio of Zoo database.

sets are tested by SVM and SVM, as based on Taguchi. The
parameter settings and testing accuracy rate results are as
shown in Table 9. The experimental results, as shown in
Figure 4, show that the SVM (𝐶 = 10, 𝛾 = 10) testing
accuracy rate of the 17-feature sets datasets can be higher
than 90%, which is better than the accuracy rate of 20-feature
sets dataset SVM (𝐶 = 10, 𝛾 = 11), up to 90%. Moreover,
regardless of how many sets of feature variables are selected,
the accuracy of SVM (𝐶 = 50, 𝛾 = 2.4) cannot be higher than
90%.

Regarding the Zoo experiment, Table 10 summarizes the
experimental test results of sets containing 6, 12, and 16
feature variables using SVM and SVM based on Taguchi. As
shown in Table 10, the experimental results show that the
classification accuracy rate of the set of 12-feature variables in
the classification experiment using SVM-RFE-Taguchi (𝐶 =
10, 𝛾 = 10) is the highest, up to 97% ± 0.0396. As shown in
Figure 5, the experimental results show that the classification
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Figure 4: Classification performance comparison of Dermatology
database.

accuracy rate of the dataset containing 7 feature variables by
SVM-RFE-Taguchi (𝐶 = 50, 𝛾 = 2.4) can be higher than 90%,
which can obtain relatively better prediction effects.

5. Conclusions

As the study on the impact of feature selection on the
multiclass classification accuracy rate becomes increasingly
attractive and significant, this study applies SVM-RFE and
SVM in the construction of amulticlass classificationmethod
in order to establish the classification model. As RFE is a
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Table 11: Comparison of classification accuracy in related literature.

Author Method Accuracy%
Dermatology database

Xie et al. (2005) [16] FOut SVM 91.74%
Srinivasa et al. (2006) [32] FCM SVM 83.30%
Ren et al. (2006) [33] LDA SVM 72.09%
Our Method (2014) SVM-RFE-Taguchi 95.38%

Zoo database
Xie et al. (2005) [16] FOut SVM 88.24%
He (2006) [34] NFPH k-modes 92.08%
Golzari et al. (2009) [35] Fuzzy AIRS 94.96%
Our Method (2014) SVM-RFE-Taguchi 97.00%
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Figure 5: Classification performance comparison of Zoo database.

feature selection method of a wrapper model, it requires a
previously defined classifier as the assessment rule of feature
selection; therefore, SVM is used as the RFE assessment
standard to help RFE in the selection of feature sets.

According to the experimental results of this study,
with respect to parameter settings, the impact of parameter
selection on the construction of SVM classification model
is huge. Therefore, this study applies the Taguchi parameter
design in determining the parameter range and selection of
the optimum parameter combination for SVM classifier, as
it is a key factor influencing the classification accuracy. This
study also collected the experimental results of using different
research methods in the case of Dermatology and Zoo
databases [16, 32, 33], as shown inTable 11. By comparison, the
proposed method can achieve higher classification accuracy.
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Research on psychophysics, neurophysiology, and functional imaging shows particular representation of biological movements
which contains two pathways. The visual perception of biological movements formed through the visual system called dorsal and
ventral processing streams. Ventral processing stream is associated with the form information extraction; on the other hand, dorsal
processing stream provides motion information. Active basic model (ABM) as hierarchical representation of the human object had
revealed novelty in form pathway due to applying Gabor based supervised object recognition method. It creates more biological
plausibility along with similarity with original model. Fuzzy inference system is used for motion pattern information in motion
pathway creating more robustness in recognition process. Besides, interaction of these paths is intriguing and many studies in
various fields considered it. Here, the interaction of the pathways to get more appropriated results has been investigated. Extreme
learningmachine (ELM) has been implied for classification unit of this model, due to having the main properties of artificial neural
networks, but crosses from the difficulty of training time substantially diminished in it. Here, there will be a comparison between
two different configurations, interactions using synergetic neural network and ELM, in terms of accuracy and compatibility.

1. Introduction

The recognition of human action is one of the interesting
research field for decades in computer vision and machine
learning areas. However, it has far more intriguing rout of
intelligence systems andother relevant fields like psychophys-
ical, neurophysiological, and theoretical neuroscience espe-
cially once it comes to biological movement mechanic which
needs relevancy between biological and machine models.
Studies in the area of physiologic and psychophysical have
presented that there are several various processes for mech-
anism of biological motion analysis. It operates through
detecting local energies in displacements of motion (see [1–
3]). There are some spatial frequencies tuning considering
inconsistency variations and contrast in luminance [1, 3]. In
terms of motion analysis local or global motion, motion pat-
terns have substantial influences. Temporal characteristic is
considerable in perception of the movements too. Moreover,

synchronisation of object features bindingly [4] along with
its motion and perceiving time is also proceeded in temporal
processing [5] (with respect to visual system functionality of
temporal limitations [6]). Besides the aforementioned points,
recognition of biological movements in mammalian visual
system is considered through two separated pathways. Each
of these pathways is involving certain information, that is,
motion representing information of dorsal processing stream
and form pathway which involves data from ventral stream.

Two streams have used neural detectors for motion and
form feature extraction and hierarchically allow the indepen-
dency in size and style in both pathways and classification of
generated features from both feed-forward pathways to cate-
gorize the biological movements. Corresponding results on
the stationary biological motion recognition revealed that
discrimination can be accomplished through particularly
small latencies, constructing an important role of top-down
unlikely signals [7].The body shapes are determined by set of
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Figure 1: Figure reveals the analytical visual system model. The proposed approach suggests utilization of better interaction and classifier
in model of the biological movement. To develop the computational models for recognition mechanism and characterize the recognition
responses regarding various actions. The model is the perspective of the original model and consists of particular computations of motion
and form feature data. The model operates for high-dimension of input streams and the outcome is a combination of the ventral and dorsal
processing stream.

patterns like sequences of snapshots [8] which has constant
feature within whole action episode. The presented method
expands an earlier model used for stationary objects [8–
13] recognition by adding and combining over the temporal
information in pathways following the psychological evi-
dences [14, 15]. It can be good relating to quantity tool for
organizing, summarizing, and interpreting existent informa-
tion based on the data provided by psychophysics, neuro-
physiology and functional imaging [8]. The approach quan-
titatively develops the original model for temporal analysis
and even in computer simulations with respect to previous
model architecture (see Figure 1).

Motion pathway involves information of optical flow
which has fast natural temporal changes. It has consistency
with neurophysiological data from neural detectors. Chang-
ing variation features due to its achievements within short
changes between Frame(𝑡) and Frame(𝑡 + 1) (𝑡 represents the
time for each frame) creates instability in data attained from
this pathway. Local detector of optical flow is connected with
motion patterns and the model comprises population of four
directed neurons in area of MT. However there is a connec-
tion between MT and V4 for motion and direction selection.
Also, the motion edge selector cells (which have two opposite
directions sensitivity) that it finds in areas of MT, MSTd,
MSTl [16, 17], and many other parts of the dorsal steams and
probably in the kinetic occipital area (KO) [8]. Also, motion
selective edges can be likeMT [16] andMSTl [17] in macaque
monkey. Mild instability in the information of this pathway

can be a cause of disparity in the final decision.This problem
has been properly solved by applying an inference system
in this pathway which substantially decreased instability
throughout the fast varying pathway.

Few models have been proposed for recognition of
human body shape which is plausible and neurophysiologi-
cally uses for recognizing stationary form (for instance [9]).
Our method follows an object recognition model [9] which
is composed of form features detectors through utilization of
ABM. It follows the data obtained from neurophysiological
information concerning scale, position, and sizes invariance,
in case of adaptive ABM, which needs further computational
load along with the hierarchy.The methods which use Gabor
like filters tomodel the detectors have good constancy by sim-
ple cells [18]. The complex-like cells in V1 area or in V2 and
V4 are invariant in terms of position varying responses (see
[8]) and size independency, typically in the area ofV4. V2 and
V4 are more selective for difficult form features, for exam-
ple, junctions and corners while being not appropriate for
motion recognition because of temporal dependency in these
two pathways. Snapshots detectors is used to find the shape
(form) pattern similar to the area of IT (inferotemporal
cortex) ofmonkeywhere the view-tuned neurons located and
complex shapes tune [16]. Snapshot neurons are like view-
tuned neurons in area of IT and gives independent scale and
position. Previous models used Gaussian radial basis func-
tions for modelling and it adjusted in training which per-
formed a key frame regarding training sequences.
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Figure 2: The explanation diagram of the ventral processing of the applying active basis model [24] which represents movements pattern
and shape form of biological object within its movement episode. Active basis model is a Gabor based supervised object recognition method
which can learn the object shape in the training stage and can be a utilized object recognizer within the action episode. (a) The processing
digram of the ABM process for finding human object presented. The similarity between the method and biological finding in different level
has beenmentioned in different stages. (b) It represents the Gabor bank filter in different scales and orientations. Overall, ABMhas two stages,
SUM and MAX, which make the hierarchy from simple cells to complex cells and at the end whole human object shape by active bases.

The final decision for recognition of biological move-
ments is a combination of this information, the so-called
interaction between two independent processing pathways.
Interaction of these two streams is done at few levels in mam-
malian brains [19, 20] whereas many neurobiological, phys-
iological, and psychological evidences show that the infor-
mation coupling occur in many places for instance in STS
level [21] and in different ways, that is, recurrent feedback
loops [14]. Mutual links have suggested recurrent processing
loops that permit interaction of top-down and bottom-up
processing [14, 15, 22]. However, current neuroscience and
psychophysics research specifies more extensive form signals
influences on motion processing than previously assumed
[15].

We introduce a comparison of two different perspective
models which follow the original models utilizing ABM
considering the interaction portion between these processing

pathways alongwith decisionmaking segment.These interac-
tions consider two different structural and inference models.
Computational simulating along with testing the method is
presented in the Results section. Finally, we conclude the
recognition of biological movements model at the end; for
examination of the proposed approach on a broader range of
high-dimensional video streams, we measured responses to
separated parallel pathways of visual system and overall
results have been compared. Results for an instance patterns
model in ventral path are revealed (Figure 2). The proposed
model does a significant task of catching the constant pattern
of ventral pathway responses to humanmovements (Figure 2,
upper processing stream). The model considers the dorsal
covering responses as almost half of the visual system deci-
sion The form pattern features in the model of visual system
considers Gabor like stimuli in the form of hierarchical rep-
resentation for object recognition task throughout the ventral
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stream. ABM as Gabor based supervised method can boost
the responses of the stream directive and can be excellent
interpreted as providing the human object. Proposed model
tries to increase performance by incorporating the form
features with motion features form dorsal stream and using
different classifiers for this aim in original model (see [8]).

2. System Overview

In this paper, a comparison investigation has been addressed
between two classification methods in mechanism for recog-
nition of biological movement model. It follows the original
model and considers the psychological evidences regarding
the model improvement. Furthermore, decision making por-
tion in the model has been improved that it itself increases
accuracy rate and complementary part of this comparison.
For this aim, additional parts to the model have been
presented and afterward in-depth comparison results will be
presented.

2.1. Active Basis Model for Form Pathway. Gabor wavelet
has been previously introduced to mammalian visual system
model due to similarity with its stimuli in portion; however
this kind of features has been widely used for human action
recognition task (e.g., [23]) and similar tasks. Gabor wavelets
(in dictionary elements) provide biologically deformable
templates and have been widely used by active basis model
(ABM) [24]. Shared sketch algorithm (SSA) tracks through
AdaBoost. Within every repetition, matching pursuit fol-
lowed by SSA selects a wavelet element. The objects numbers
in different orientation, location, and scale are checked by this
method. Choosing the minor dictionary elements for each
image (sparse coding), there can be an image representation
applying linear combination of mentioned elements by con-
sidering 𝑈 a minor residual. SSA interacts with information
of motion pathway and visually guides:

𝐼 =

𝑛

∑

𝑖=1

𝑐
𝑖
𝛽
𝑖
+ 𝜖. (1)

Let 𝛽 = (𝛽
𝑖
, 𝑖 = 1, . . . , 𝑛) be Gabor wavelet set of sinusoid

elements and components, 𝑐
𝑖
= ⟨𝐼, 𝛽

𝑖
⟩, and 𝜖 an image

coefficient which is kept unsolved [24]. Using wavelet sparse
coding a large number of pixels reduce to small number of
wavelet element. Training the natural image patches through
sparse coding can be executed by dictionary elements of
Gabor like wavelet which carries the simple cells in V1 [25].
Local shape extraction will be discretely done for entire
frames similar to [24] filter responses in density and orien-
tation for each pixels. ABM uses Gabor filter bank but in
different form. A dictionary of Gabor wavelets contains 𝑛
directions and 𝑚 scales in the form of GW

𝑗
(𝜃, 𝜔), 𝑗 = 1, . . . ,

𝑚 × 𝑛, where 𝜃 ∈ {𝑘𝜋/𝑛, 𝑘 = 0, . . . , 𝑛 − 1} and 𝜔 = {√2/𝑖, 𝑖 =

1, . . . , 𝑚}. Features of Gabor wavelet specify the posture,
size, and location small variance of object form. In overall
shape structure is considered to be maintained during the

recognition process. Every element response (convolution)
offers the information of form with 𝜃 and 𝜔. Consider

𝐵 = ⟨GW, 𝐼⟩

= ∑∑GW (𝑥
0
− 𝑥, 𝑦

0
− 𝑦 : 𝜔

0
, 𝜃
0
) 𝐼 (𝑥, 𝑦) ,

(2)

where GW
𝑗
is a [𝑥

𝑔
, 𝑦
𝑔
], 𝐼 is a [𝑥

𝑖
, 𝑦
𝑖
]matrices, and response

of 𝐼 to GW is a [𝑥
𝑖
+ 𝑥
𝑔
, 𝑦
𝑖
+ 𝑦
𝑔
]. Consequently, earlier both

matrices convolution must be expanded by adequate zeroes.
Convolution consequence can be removed via the result
gathering. An extra technique would be to shift back the fre-
quencies centre (zero frequency) to the image center although
it might be considered loosing data reason. Training set
of image shown by {𝐼𝑚, 𝑚 = 1, . . . ,𝑀}, SSA consecutively
chooses 𝐵

𝑖
. The important opinion is to find 𝐵

𝑖
and thus the

segments edges attained from 𝐼
𝑚
become maximum [24]. It

requires to calculate [𝐼𝑚 ⋅𝛽] = 𝜓|⟨𝐼
𝑚
⋅𝛽⟩|
2 for different 𝑖where

𝛽 ∈ Dictionary and 𝜓 signifies sigmoid, whitening, and
thresholding transformations. Then for maximizing [𝐼𝑚 ⋅ 𝛽]
for all possible 𝛽 will be computed, where 𝛽 = (𝛽

𝑖
, 𝑖 = 1, . . . ,

𝑛) is the template, for every training image 𝐼𝑚 scoring will be
based on

𝑀(𝐼
𝑚
, 𝜃) =

𝑛

∑

𝑖=1

𝛿
𝑖

𝐼
𝑚
, 𝛽
 − logΦ(𝜆𝛿

𝑖
) . (3)

𝑀 is function of match scoring and 𝛿
𝑖
attained from

∑
𝑀

𝑛=1
[𝐼
𝑚
, 𝛽] concerning steps selection, and Φ is nonlinear

function. The exponential model for logarithmic likelihood
relation is attained from the template matching scores. The
weight vectors are calculated by technique of maximum
likelihood and are exposed by Δ = (𝛿

𝑖
, 𝑖 = 1, . . . , 𝑛) [24].

Consider

Max (𝑥, 𝑦) = max
(𝑥,𝑦)∈𝐷

𝑀(𝐼
𝑚
, 𝛽) . (4)

Max(𝑥, 𝑦) computes the maximum matching score previ-
ously obtained and𝐷 signifies 𝐼 lattice. Here, there is no sum-
mation because of updating the size based on training system
on frame (𝑡 − 1). Moreover, method tracks the object relating
to motion feature to signify the moving object displacement.
These displacements have been assisted to be detected better
through guidance ofmotion informationwhich is considered
a substantial similarity with biological evidences [14, 15, 25].

2.2. Dorsal Pathway and Motion Information. The informa-
tion of motion in recognition of biological movements is
attained using optical flow. It finds out the movement pattern
which has reliability by information of neurophysiological
from neural detectors hierarchy. Areas of V1 and MT have
some neurons for motion and direction selection in initial
motion pathway level correspondingly. Visibility of every
layer shows the principle dissimilar between previous and
layerwise optical flow estimation. Shape of mask can perform
while matching applies for the pixels which fall inside the
mask (see [26]). Applied layerwise optical flow method
(mentioned in [26]) has baseline optical flow algorithm of
[27–29]. In overview, 𝑀

1
and 𝑀

2
are visible masks for the

two frames 𝐼
1
(𝑡) and 𝐼

2
(𝑡 − 1) and the fields of flow from 𝐼

1
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to 𝐼
2
and from 𝐼

2
to 𝐼
1
are denoted by (𝑢

1
, V
1
) and (𝑢

2
, V
2
).

Following terms will be deliberated utilizing the layerwise
optical flow estimation. Objective function contains sum-
ming three parts and visible layer masks match these two
images using Gaussian filter which called data terms match-
ing 𝐸(𝑖)
𝛾
, symmetric 𝐸(𝑖)

𝛿
, and smoothness 𝐸(𝑖)

𝜇
. Consider

𝐸 (𝑢
1
, V
1
, 𝑢
2
, V
2
) =

2

∑

𝑖=1

𝐸
(𝑖)

𝛾
+ 𝜌𝐸
(𝑖)

𝛿
+ 𝜉𝐸
(𝑖)

𝜇
. (5)

After objective function optimization and applying inner
and outer fixed-point repetitions, coarse to fine search,
bidirectional flows are attained and utilized for specifying the
motion patterns. Compressed optic flow for all frames is cal-
culated by straight template matching earlier frame applying
the absolute difference summation (L1-norm). Though optic
flow is principally noisy, no smoothing techniques have been
done on it as the field of flow will be blurred in gaps and
specially the places where motion information is significant.
To get the proper optical flow response about its application in
recommended model, optical flow will be used for adjusting
active basis model and making it more efficient. To attain a
reliable illustration through form pathway, optic flow esti-
mates the velocity and flow direction. Response of the filter
based on local matching velocity and direction will be
maximal as these two parameters are constantly changing.

2.3. Fuzzy Inference in Dorsal Processing Stream. Fuzzy logic
is a multivalued logic, that is, created from fuzzy set theory
found by Zadeh (1965), and it deals with reasoning approxi-
mation [30]. It delivers great framework targeted at approxi-
mation reasoning which can suitably bring the imprecision
and uncertainty together in model expert heuristics and
linguistic semantics and handles necessary level organizing
principles. A time dependent fuzzy system also uses many
times regarding solution of control and classification and so
forth, Chen and Liu (2005) present a delay-dependent robust
fuzzy control for a class of nonlinear delay systems via state
feedback [31].

Applying fuzzy inference system involves the interaction
between both pathways. A fuzzy inference system to imply
optical flow within motion pathway has been presented by
considering the flow in every framedivision and estimation of
the membership value for every portion. The problem state-
ment through initial assumptions for the human object
velocity associates for both 𝑥 and 𝑦 directions. In general,
V
𝑥
, V
𝑦
∈ R𝑚×𝑛 where 𝑚 and 𝑛 are sizes of image frame from

input video stream.
Membership functions in triangular shapes for V

𝑥
and it

will be the same for V
𝑦
velocity in 𝑥 and 𝑦 directions and

signify quaternion correlator outputs in the enrolment stage
belonging to motion pathways, respectively (i.e., 𝜇𝐶1,2V

𝑥
(𝑥),

𝜇
𝐶
2,4

V
𝑥
(𝑥), 𝜇𝐶1,2V

𝑥
(𝑦), and 𝜇𝐶2,4V

𝑥
(𝑦)) [32].Maximumvelocity in two

coordinates has been considered for estimation of member-
ship valueswhich are related to each cell. Aggregation of these
values will be considered and helps in overall judgement
throughout the sequential frameswithin the path.Thedepen-
dency regarding time variation for every frame of video

in this pathway is through definition of fuzzy membership
scoring for every time division. Velocities information can be
unstable due to many environmental situations, for example,
camera shaking, dissimilar style of human object temporarily
in front of camera, and the velocity amount being time
dependent. Time definition in this context is based on the
frame time per second and creates resistance for every frame
with respect to previous score value of membership. It can be
involved in mathematical parameter or even just additional
programing algorithm.

Time dependent fuzzy optical flow division can be used
for signifying an optical flow divisions class with fuzzy
inference rules in time for every frame of video stream as unit
of time defined here, as follows:

𝜇
𝐶
𝑖

V (𝑡) = 𝜇
𝐶
𝑖

V (𝑡 − 𝜏) + 𝜂
𝐶
𝑖

V (𝑡) (1 − 𝜇
𝐶
𝑖

V (𝑡 − 𝜏))

𝑡 ∈ [𝑡
0
, 𝑡
0
+ 𝑘𝜏] , 𝑘 ∈ (0, 1, . . . , 𝑁) ,

(6)

where 𝜏 is the frame time which is a parameter for camera
and 𝑘 is numbers of frames pasted from the cell changing (it
means 𝑘will be reset after varying the cell membership).𝑁 is
the maximum number of frame distance from present frame
which does not unreasonably increase membership function
value. We call 𝜂𝐶𝑖V (𝑡) memory coefficient function and it can
be just a mathematical parameter or programming algorithm
to add the winner cell membership. 𝑡 is the frame time
where one division optical flow has the highest membership
amount as compared with other divisions and it will be
restarted by changing the division. At the end, aggregation of
fuzzy inference scoring for flow in different body has been
computed. Defuzzification has been done through IF-THEN
rule and output belongs to highest scores among the actions
classes and specifies the movement. The max. amount repre-
sents degree of belonging to each classes and at the end the
decision will be based on “winner takes all” (selection of the
maximum). For example, running, jogging, and walking
involve the lower limb activities whereas boxing, clapping,
and wavingmake flow in the upper limb of human object (for
interested readers, please refer to [32]).

2.4. Extreme Learning Machine (ELM). Neural networks
have been widely utilized in several research areas because of
their ability to estimate difficult nonlinear mappings straight
from the sample of input as well as offering models for a big
class of artificial and natural phenomena that are problematic
to hold via classical parametric techniques. Recently, Huang
et al. [33–35] presented a novel algorithm for learning
regarding single layer feed-forward neural network structural
design named extreme learning machine (ELM) that solves
the problems initiated through algorithms using gradient
descent, for instance, backpropagation used in ANNs. ELM
is able to considerably diminish the time quantity required to
train neural network and has greatly enhanced faster learning
and generalization performance. It needs lesser interventions
of human and can run significantly faster than conventional
techniques. It routinely concludes the parameters of network
entirely, which evades unimportant external intervention by
human and more effective in real-time applications. Some
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advantages of extreme learning machine can be named:
simplicity in usage, quicker speed of learning, greater gen-
eralization performance, appropriateness for several nonlin-
ear kernel functions, and activation function [36]. Single
hidden layer feed-forward neural network (SLFN) function
with hidden nodes [37, 38] can be shown by mathematical
explanation of SLFN integrating additive and sigmoid hidden
nodes together in a joined method provided as follows:

𝑓
𝐿
(𝑥) =

𝐿

∑

𝑖=1

𝛽
𝑖
𝐺 (𝑠
1
, 𝑏
𝑖
, 𝑥) , 𝑥 ∈ R

𝑛
, 𝑎
𝑖
∈ R
𝑛
. (7)

Let 𝑎
𝑖
and 𝑏
𝑖
be the parameters of learning in hidden nodes

and 𝛽
𝑖
represent the connecting weight of 𝑖𝑡ℎ for output node

of hidden node. 𝐺(𝑠
1
, 𝑏
𝑖
, 𝑥) is the output of 𝑖𝑡ℎ hidden node

with respect to the input 𝑥. For additive hidden node with
activation function 𝐺(𝑥) : R → R (e.g., sigmoid and
threshold), 𝐺(𝑠

1
, 𝑏
𝑖
, 𝑥) is given by

𝐺 (𝑎
𝑖
, 𝑏
𝑖
, 𝑥) = 𝑔 (𝑎

𝑖
, 𝑥 + 𝑏

𝑖
) , 𝑏

𝑖
∈ R. (8)

Let 𝑎
𝑖
be the connecting weight vector of the input layer to 𝑖𝑡ℎ

hidden node and 𝑏
𝑖
the 𝑖𝑡ℎ hidden node bias. For𝑁, arbitrary

different examples (𝑥
𝑖
, 𝑡
𝑖
) ∈ R𝑛×R𝑚. Now, 𝑥

𝑖
is a 𝑛×1 vector

of contribution and 𝑡
𝑖
is a𝑚×1 vector of target. If an SLFN by

𝐿 hidden nodes can be estimated, these𝑁 samples have zero
error. If then infers that there exist 𝛽

𝑖
, 𝑎
𝑖
, and 𝑏

𝑖
such that

𝑓
𝐿
(𝑥
𝑗
) =

𝑖=1

∑

𝐿

𝛽
𝑖
𝐺 (𝑎
𝑖
, 𝑏
𝑖
, 𝑥) , 𝑗 = 1, 2, . . . , 𝑁. (9)

The equation above is mentioned in compacted way as
follows:

𝐻𝛽 = 𝑇, (10)

where

𝐻(𝑎, �̂�, 𝑥) = [
𝐺 (𝑎
1
, 𝑏
1
, 𝑥
1
) 𝐺 (𝑎

𝐿
, 𝑏
𝐿
, 𝑥
1
)

𝐺 (𝑎
1
, 𝑏
1
, 𝑥
𝑁
) 𝐺 (𝑎

𝐿
, 𝑏
𝐿
, 𝑥
𝑁
)
]
𝑁×𝐿

, (11)

with 𝑎 = 𝑎
1
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Let𝐻 represent the hidden layer of SLFN output matrix with
𝑖
𝑡
ℎ column of 𝐻 being 𝑖𝑡ℎ hidden nodes output with respect

to inputs 𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑁
. In terms of method application, the

proposed approach seems to be a straight video processing
task for machine. The rate of involving video frame is very
much dependent on temporal order considering the informa-
tion extraction in each pathway. ABM requires two frames by
having two time unit differences and it is very similar with
motion pathway. Considering that therewill be an implemen-
tation of interaction between two independent processing
streams which comprises the visual guidance from optical
flow to SSAwhich it needsmore frames, it means every frame

for being processed by ABM involves two frames for motion
information. Furthermore, ABM itself requires two frames
for operation so generally four frames are needed to operate
whole system for one step. However, in the case of no internal
additional interaction, there will be just two frames for each
step.

3. Experimental Results

The approach has considered recognition task of biological
movement in mammalian visual system. It followed the
original model in this area whereas it has been scrutinizingly
developed in many parts including process of object recog-
nition in the form pathway and implying fuzzy inference in
motion pathway. Yet, development in this model has sug-
gested the implementation of interaction within both path-
ways processing streams. However, in the comparison part,
both cases have been investigated. In addition, the influence
of various classifiers for changing the decision making por-
tion also has been analyzed. Two different classifiers have
classified to examine the decision making effects in the
model. Besides all these biologically inspired explanations,
this machine perspective of the task is human action recog-
nition.There must be many important cautions to be consid-
ered, including the biological point of viewduring entire steps
of the task. For benchmarking of the method and following
computer vision normality and estimation of the accuracy
and performance, human action recognition datasets have
been used. For general accuracy of systemperformance, KTH
human action [39] has used and comparisons have been
recorded and presented in the following sections. Moreover,
Weizmann human action recognition robustness dataset [40]
is also used to show the robust performance using the pre-
sented techniques. KTH action dataset as one of the principal
single person human action datasets contains 598 action
sequences and six different single person actions types, that is,
boxing, jogging, clapping, walking, running, and waving. 25
people perform the actions in diverse conditions: outdoors
with different clothes (s3), outdoors with scale variation (s2),
outdoors (s1), and indoors with lighting variation (s4). Here,
the sequences resolutions become 200 × 142 pixels through
downsampling. For the approach, 5 random cases (subjects)
have been used for training andmaking the form andmotion
predefined templates. As it is mentioned in the literature,
KTH is a robust intrasubject difference with large set whereas
the camera for taking the video throughout the preparation
had some shacking and it creates many difficulties to use this
database. Furthermore, it has four scenarios which are sepa-
rately and independently tested and trained (i.e., four visually
different databases, which share the same classes). Both
alternatives have been run. For considering the human
actions symmetry problem, there is a sequences mirror func-
tion along with vertical axis which can be obtainable for test-
ing and training sets. Here all probable human actions inter-
section has been considered (e.g., one video has 24 and 32
action frames.)
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3.1. Contribution between Motion and Form Features. Sub-
stantial contribution on the model development insipid of
supervised Gabor wavelet based object recognition and addi-
tional inference fuzzy system in motion processing pathway
is considered as interaction of two processing pathways along
with utilization of different decision making part that can
be done through changing the classifiers and analysis of
its performance. Considering that there are many ways for
combination of information obtained by these two process-
ing pathways and much psychological, physiological, and
neurophysiological evidence regarding the interaction of
independent processing streams, this approach follows the
mentioned valuable evidence to improve previously pre-
sented models (all follows the recognition mechanism of
biological movement in original model). Importance of this
interaction between these pathways is investigated via
benchmarking performance within state-of-the-art methods
(please see Table 1). Furthermore, the comparison is not only
valuable in terms of information interaction decisionmaking
performance. It has very substantial result to represent the
performance of modification in decision making parts. Here,
we have shown a method for development of biologically
inspired model of biological movement with respect to the
original model and previous approaches. Feature extraction
for pathways interaction and decision making between them
has been considered which modified the feed-forward struc-
ture of these independent information.

3.2. Results. Implementing our method in terms of accuracy
is considered as two stages for the general accuracy and
stability test. The general accuracy is obtained for compari-
son study for interaction justification within the processing
streams that have been done using KTH human action
recognition dataset. For this aim comparison with state-of-
the-art methods also considered the same dataset. Task of the
proposed method has been implied by general human action
recognition task. However, this task was also the same in the
stability testing. Weizmann human action robustness dataset
is used concerning the cluttered background benchmarking
of robustness. Using ABM is one of the strength points of
proposed development in the model. Furthermore, optical
flow involvement and information combination between two
processing pathways can be a very good reason for this.
Fuzzy inference system in the motion pathway is a good
point for increasing the robustness. It is very obvious due to
eliminating very quick changes of flow within optical flow
outcomes. Fast variations of flow in motion pathway usually
can be a cause of disparity within the decision making pro-
cesses. This can diminish accuracy rate for the model and it
is not realistic in the actual environmental situations because
every second of the video including many frame images and
changing the action in fraction of second and within the
frames seems far from reality. It must be considered because
the model is the implementation of mammalian visual sys-
tem. An overview to attain the action prototype way and its
discussion is considered in this portion. The comparison of
development in the approach in the aspect of interaction
along with decision making expansion is illustrated and
discussed in this section.

Table 1: The proposed comparison method recognition results
revealed among previous human action recognition method accu-
racies (bio- or non-bioinspired) on KTH human action dataset.

Methods Accuracy (%) Years
Schüldt et al., [39] 71.72 2004
Niebles et al., [45] 83.33 2008
Jhuang et al., [42] 91.79 2007
Schindler and Van Gool [11] 92.79 2008
Wang and Huang [34] 91.29 2005

Zhang and Tao [43]

U-SFA: 86.67

2012S-SFA: 86.40
D-SFA: 89.33
SD-SFA: 93.87

Yousefi and Loo [32] SNN: 86.46 2014
Proposed method ELM: 96.5

3.3. Overview on Action Prototypes. As it is used and pre-
sented [32, 41], every human action has certain form simi-
larity and specific structural configurations.Thesementioned
shapes can be a substantial abstract of every human action
during time process in video. We divide every human action
movement in its sequences to five primitive basic movements
which is not necessarily common among variousmovements.
These primarily action abstracts are called action prototypes
and can mostly reconstruct every human action applying
them. They also can be very good representative of the
action in many environmental situations and style invariance
property in the actions. It is motivated by the training map
of human objects within the actions or any other tasks.These
action prototypes have been computed through two-time uti-
lization of synergetic neural networkmelting for every differ-
ent action which gives action abstracts. For this aim five dif-
ferent action episodes are randomly chosen and considered
as training map of the proposed approach and excluded from
the testing dataset. Deliberate prototype images seeing style
invariance signify one action in five different snapshots (for
more information please refer to [32, 41]). The outcomes of
melting process in synergetic neural network does verymuch
look like abstracting a set of human object actions using
eigendecomposition which gives eigenimages within a set.
The action prototype has a very significant and essential role
in the form processing information in the ventral stream.

3.4. Experimental Results. The benchmarks are mentioned in
this section and the approach follows the implementation
of fuzzy inference using optical flow division presented in
[13] and further interactions are scrutinizingly investigated.
Moreover, modification in decision making section explores
in-depth.The task in this section considered more look-alike
computer vision task regarding human action recognition.
Confusion matrices are obtained in the similar experimental
conditions as [13]. The tables and confusion substantially
represent the better result presentation within modification
of the classifier and decisionmaking block of the algorithm in
biologically inspired model. Recognition accuracy compari-
son has been demonstrated in Figures 6 and 7. Comparison
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performed by depiction of the accuracy in terms of compari-
sonwith state-of-the-artmethods and similarmethodswhich
are more biologically inspired. Similarity of the presented
model has been deliberated in the assessment. KTH human
action dataset is used for benchmarking and the evaluation
assessment compared with state-of-the-art methods in the
same dataset for consistency in the experimental results (see
Figure 4) [11, 42–46]. Also it is noticeable, as previously men-
tioned, that the training map and action prototypes obtained
from the random selection of the human action set in four
different scenario videos from KTH and excluded from the
testing set have no overlap between these two sets. Utilization
of the training map within the performance estimation
is shown by simple comparison in current videos frames
snippets with the action prototype which is merely template
matching. It gives a score of the matching for every human
action prototype. It comprises the information of form
representing the ventral processing streams outcomes and
needs to involve the information motion pathways. Figure 6
depicts the confusionmatrix and Figure 7 shows some results
of the proposed expansion in the recognition mechanism
of biological movements. Confusion matrix rows denote the
results of corresponding classification, although, respectively,
columns signify the examples to be classified. As it is
shown through these figures and corresponding results, the
highest confusion happens among running, jogging, and
walking. To distinguish these actions is difficult as the actions
performance by some subjects has resemblance. Correspond-
ingly, anothermisclassification happensmainly between alike
classes, similar earlier confusion, or hand-clapping and hand-
waving (please see confusion matrices in Figures 5 and 6).
Following the mentioned parts regarding the action proto-
types computed by twofold synergetic neural network melt-
ing within whole action frames.These action prototypes per-
form as action abstract within the recognition mechanism.
It can be used for recognition and categorization of action in
the form pathway. Besides, there was an adjustment in this
pathway which involved the motion information into form
path via analysis of the type of action whether it occurs
in lower or upper limb; the relevant membership function
organized this task. There can be a discussion for this perfor-
mance; this approach implementation can be done through
a simple programming rather than complex mathematical
computation. The method gives very good time delay
memory which is totally time dependent and it provides
robustness within quick changes of optical flow and motion
information plus dramatically diminishing the disparity rate.

3.5. Relation to Existing Methods and Discussion. The pre-
sented method is utilized for mechanism of biological move-
ment and main focus of this approach concentrates on inter-
action of two visual processing streams and decision making
within these paths. Here, general difference and similarity
between existing methods and this approach are shortly
investigated. The method is totally in direction of psycho-
logical and physiological evidences. It particularly follows the
original model of biological movement recognition [8, 11, 42,
47] considering psychological evidences [14, 15].The obvious

change in this area can be considered applying a supervised
Gabor wavelet based object recognition method in ventral
stream which is presented [41]. Applying ABM increases
the focus of form pathway in information of form and
structure of human object and provides more stability in the
recognition task. Moreover, it follows the characteristic of
simple and complex cells to attain the shape of object in form
pathway and gives reliability and robustness in form pathway
particularly in the clutter background. On the other hand,
information of motion is considered through utilization of
optical flow in dorsal pathway. Optical flow can substantially
give motion information within the video frames and object
movements can be shown by simple silhouette representing
the flow of human object within the considered frames.
Optical flow is successfully used by the original model many
times but it can reveal instability due to fast variation of
the input video streams. The fuzzy optical flow division has
been introduced for this pathway and increases the rate of
stability and more reliability via delivering the time memory
and time delay, in the processing of quick variation input
[32]. It gives good combination of fast variation of motion
information and this delay gave more robustness in the
recognition mechanism.The interaction of these two parallel
independent processing streams has been investigated for
many years in different areas especially psychology and
physiology. In visual system, Gabor like filters mainly have
a representation role for simple and complex cells. ABM is an
appropriate characteristic for this part, particularly concern-
ing its contribution in object recognition task. It could follow
the concerning encoded object shape [15].The shape of object
concerns in form pathway and ventral processing stream
has been properly deliberated based on training phase and
explanation for its reliability is done human prototypes. ABM
is someway contemplate Gabor action inducement for pin-
down form processing at two-level local information around
limb angle from orientations and global body structure of
Gabor signaled by Gabor paths spatial arrangement. On the
contrary, optical flow used formotion information extraction
has tracked the second characteristic and contains filtering
through direction selection sensors and its incorporation for
resolving the well-known aperture problem. Motion infor-
mation shows both motion signals local velocity categories
and motion trajectories joint utilizes signals in form path by
guiding SSA in ABM [48] as a good representation of
crossconnection between V4 and MT [14, 15], that is, a
very substantial interaction effect within these two pro-
cessing pathways [32, 41]. However, the interaction in both
processing pathways is not limited to this interaction and
will occur in different regions of visual processing stream.
Form and motion processing principal view in human
visual system, it is assumed that these two traits are con-
trolled by self-determination and distinct modules ([8, 11,
13, 23]). It has been identified that form signal information
can influence motion processing more broadly than earlier
believed (see [15]) and the proposed approach reflects direct
motion information effect on form processing. Visual system
connectivity is categorized by crossconnections with respect
to feed-forward of parallel connection ([14, 49, 50]). Optical
flow division method delivers bottom-up and top-down
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Figure 3: The result of dorsal processing stream applying optical flow [26] and the optical flow division into the fuzzification has been
depicted. The resolution of divisions is designed for categorization of actions group to have additional interference of dorsal and ventral
processing streams. It can be a good representative of the interaction on MT, middle temporal of dorsal stream, and V4, ventral stream (for
shape and orientation), or the MST area with inferior temporal (IT) (see more details in [14, 15]). The membership function of the action will
be estimated from the position of maximum flow in the flow image. Membership values are aggregated through the proposed technique to
increase the robustness. The input image of action mentioned in the figures is obtained from KTH human action recognition dataset [39].

Boxing Clapping RunningJogging Walking Waving

Figure 4: The figure depicts KTH human action dataset. To
test the recognition of biological movements one of the well-
known human action recognition datasets has been utilized in its
performance. Here, the set represents KTH human action dataset. It
is noticeable tomention thatKTHdataset is one of the largest human
action datasets having six various human actions in four different
scenarios.

processing interaction and connection among brain regions
within dual computational streams and can be decent
descriptive connection between dorsal and ventral streams
(i.e., V4 and MT; see Figure 3) [14, 15]. Dorsal stream is
correspondingly supposed to preform spatial computation
correspondences (where) and ventral stream regarding object

recognition task (what) in the cortical areas of V4, V2,
V1, and IT(inferotemporal cortex) accompanied by existing
conflict evidence to a whole separation of “what” and “where”
in macaque brain information (see [50, 51]) demonstrating
about information for position and size of objects are simi-
larly signified in macaques inferotemporal cortex. However,
proposed method is an initial spatial configuration and
distinctiveness isolation into distributed processing pathways
requires weighty hardware computation. However having
optical flow low resolution divisions (four alienated portions)
could be a worthy factor aimed at the computational load
diminishing. The precise classified sequences are described
as highest results existing in the field literature. To place sug-
gested technique in this context, we have mentioned it with
the state-of-the-art methods. Our method is a frame-based
which tracks for all frames inaction sequences.The individual
labels formerly attained from trainingmap basically associate
with a label sequence done majority voting (like [11, 13]). The
interacted approach comparison by state-of-the-art methods
has been performed and it is shown in Table 1. Its accuracy
just represents the concerns in comparison with other similar
methods indicating relative compatibility and significant
performance for proposed approach.

4. Conclusion

The presented approach has addressed a very substantial
interrelevant comparison of the interaction of two processing
streams of mammalian brain visual system. The develop-
ments in decision making portion along with a significant
comparison within these pathways have been scrutinizingly
investigated. Generally, the interaction of motion informa-
tion to form processing pathways has shown a very good
and reasonable effect in the recognition model and it can
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Figure 5: Confusion matrices SNN classifying KTH dataset obtained by adapted active basis model as combination of form and motion
pathways. Confusion matrices of the proposed approach have been presented for the case without fuzzy interference system, left matrix, and,
after it, right matrix which are achieved from human action movements of KTH dataset [39]. The robustness of the method after adding the
fuzzy interference stabilizer is considerably increased. The wrong recognitions in the left confusion matrix have been decreased especially in
case of some actions, that is, clapping. Moreover, soar of robustness helps increase the overall accuracy and gives better results in classification
of biological movement. The accuracy of categorizations using unbalanced SNN is reached at 86.46%.
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Figure 6: Confusion matrices ELM classifying KTH dataset attained by adapted active basis model as combination of form and motion
pathways. Confusion matrices of the proposed approach have been presented which is obtained from human action movements of KTH
dataset [39]. There are three different kernels which have been used in classifying using ELM algorithm [33–38] in the decision making and
categorization of the biological movement. From left to right, RBF kernel-ELM, wavelet kernel ELM, and sigmoid-ELM confusion matrices
have been depicted where sigmoid kernel-ELM has better results in classification of biological movement. The accuracy of categorizations is
ELM-Wav = 91.5%, ELM-RBF = 92.7%, and ELM-Sig = 96.5%.

represent crossconnection of V4 and MT in brain [23]. The
human action prototype outcomes using twofold synergetic
neural network melting have been reviewed and considered
for recognition of form information in form processing
pathway. For benchmarking, the task has been converted to
a computer vision and human action recognition and two
datasets have been used regarding evaluation and recognition
performance with the state-of-the-art methods. The cross-
connection in feed-forward biologically inspired method

also has been presented accordingly. Correspondingly it had
respectable performance in dissimilar datasets along with
reasonable computational cost. As a limitation, it currently
has no mechanisms for invariance alongside rotation and
variations in viewpoint although it can be considered to put
mechanism regardingmultiscale. ABM is a delicate algorithm
and requires further attention though its training still can be
more developed to be a powerful tool for form pathway that
is far from this approach purposes.
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Figure 7: Simulation results for simple biological movement
paradigm based on ABM [24] in the ventral processing stream and
optical flow [26] in dorsal stream are shown. Each row within the
panel reveals the response of ABMduring the episode as well as flow
generated for every different action.The set of biologicalmovements
belongs to the biological movements which is from KTH dataset
[39]. (a) The simulation results of the different actions of KTH
dataset. (b) Optical flow simulation results.
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[39] C. Schüldt, I. Laptev, and B. Caputo, “Recognizing human
actions: a local SVM approach,” in Proceedings of the 17th
International Conference on Pattern Recognition (ICPR ’04), pp.
32–36, Cambridge, UK, August 2004.

[40] L. Gorelick, M. Blank, E. Shechtman, M. Irani, and R. Basri,
“Actions as space-time shapes,” IEEE Transactions on Pattern
Analysis andMachine Intelligence, vol. 29, no. 12, pp. 2247–2253,
2007.

[41] B. Yousefi, C. K. Loo, and A. Memariani, “Biological inspired
human action recognition,” in Proceedings of the IEEEWorkshop
onRobotic Intelligence in Informationally Structured Space (RiiSS
’13), pp. 58–65, IEEE, 2013.

[42] H. Jhuang, T. Serre, L. Wolf, and T. Poggio, “A biologically
inspired system for action recognition,” in Proceedings of the
IEEE 11th International Conference on Computer Vision (ICCV
’07), pp. 1253–1260, Rio de Janeiro, Brazil, October 2007.

[43] Z. Zhang and D. Tao, “Slow feature analysis for human
action recognition,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 34, no. 3, pp. 436–450, 2012.

[44] N. Naveen, V. Ravi, C. R. Rao, and N. Chauhan, “Differential
evolution trained radial basis function network: application to
bankruptcy prediction in banks,” International Journal of Bio-
Inspired Computation, vol. 2, no. 3-4, pp. 222–232, 2010.

[45] J. C. Niebles, H. Wang, and L. Fei-Fei, “Unsupervised learning
of human action categories using spatial-temporal words,”
International Journal of Computer Vision, vol. 79, no. 3, pp. 299–
318, 2008.

[46] Y.Wang andG.Mori, “Human action recognition by semilatent
topic models,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 31, no. 10, pp. 1762–1774, 2009.

[47] A. A. Efros, A. C. Berg, G. Mori, and J. Malik, “Recognizing
action at a distance,” in Proceedings of the IEEE International
Conference on Computer Vision, pp. 726–733, Nice, France,
October 2003.

[48] S. M. Thurman and H. Lu, “Complex interactions between
spatial, orientation, and motion cues for biological motion
perception across visual space,” Journal of Vision, vol. 13, no. 2,
article 8, 2013.

[49] C. Distler, D. Boussaoud, R. Desimone, and L. G. Ungerleider,
“Cortical connections of inferior temporal area TEO in
macaque monkeys,” Journal of Comparative Neurology, vol. 334,
no. 1, pp. 125–150, 1993.

[50] D. J. Felleman and D. C. Van Essen, “Distributed hierarchical
processing in the primate cerebral cortex,” Cerebral Cortex, vol.
1, no. 1, pp. 1–47, 1991.

[51] S. R. Lehky, X. Peng, C. J. McAdams, and A. B. Sereno, “Spatial
modulation of primate inferotemporal responses by eye posi-
tion,” PLoS ONE, vol. 3, no. 10, Article ID e3492, 2008.



Research Article
Efficiently Hiding Sensitive Itemsets with
Transaction Deletion Based on Genetic Algorithms

Chun-Wei Lin,1,2 Binbin Zhang,3 Kuo-Tung Yang,4 and Tzung-Pei Hong4,5

1 Innovative Information Industry Research Center (IIIRC), School of Computer Science and Technology,
Harbin Institute of Technology Shenzhen Graduate School, Shenzhen 518055, China

2 Shenzhen Key Laboratory of Internet Information Collaboration, School of Computer Science and Technology,
Harbin Institute of Technology Shenzhen Graduate School, Shenzhen 518055, China

3Medical School, Shenzhen University, Shenzhen 518060, China
4Department of Computer Science and Information Engineering, National University of Kaohsiung, Kaohsiung 811, Taiwan
5Department of Computer Science and Engineering, National Sun Yat-sen University, Kaohsiung 804, Taiwan

Correspondence should be addressed to Binbin Zhang; binbinsherry.zhang@gmail.com

Received 28 May 2014; Revised 7 August 2014; Accepted 8 August 2014; Published 1 September 2014

Academic Editor: Shifei Ding

Copyright © 2014 Chun-Wei Lin et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Data mining is used to mine meaningful and useful information or knowledge from a very large database. Some secure or private
information can be discovered by datamining techniques, thus resulting in an inherent risk of threats to privacy. Privacy-preserving
data mining (PPDM) has thus arisen in recent years to sanitize the original database for hiding sensitive information, which can
be concerned as an NP-hard problem in sanitization process. In this paper, a compact prelarge GA-based (cpGA2DT) algorithm to
delete transactions for hiding sensitive itemsets is thus proposed. It solves the limitations of the evolutionary process by adopting
both the compact GA-based (cGA) mechanism and the prelarge concept. A flexible fitness function with three adjustable weights
is thus designed to find the appropriate transactions to be deleted in order to hide sensitive itemsets with minimal side effects of
hiding failure, missing cost, and artificial cost. Experiments are conducted to show the performance of the proposed cpGA2DT
algorithm compared to the simple GA-based (sGA2DT) algorithm and the greedy approach in terms of execution time and three
side effects.

1. Introduction

With the rapid growth of data mining technologies in
recent years, useful and meaningful information can thus
be easily discovered for the purpose of decision making in
different domains.The discovered information can be mostly
classified into association rules [1–5], sequential patterns [6–
9], classification [10–12], clustering [13, 14], and utilitymining
[15–18], among others. Among them, mining association
rules method is the most common way to find the potential
relationships between the purchased items or goods in a
very large database. Some applications require protection
against the disclosure of private, confidential, or secure data.
For example, social security numbers, address information,
credit card numbers, and purchasing behaviors of customers

can be considered as the confidential, private, or privacy
information.

Instead of personal information, privacy issue can be
extended to business. Based on business purposes, shared
information among companies may be extracted and ana-
lyzed by other partners, thus causing the security threats.
Privacy-preserving data mining (PPDM) [19–22] was pro-
posed to reduce privacy threats by hiding sensitive informa-
tion while allowing required information to be discovered
fromdatabases. Such datamay implicitly contain confidential
information that will lead to privacy threats if it is misused.
Heuristic methods [20, 21, 23–26] have been proposed to
choose the appropriate data for sanitization in order to hide
the sensitive information. During the procedure to hide
the sensitive information, side effects of missing cost and
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artificial cost are thus generated and should be concerned in
PPDM. The optimal way to select the sensitive information
to be hidden is, however, concerned as the NP-hard problem
in sanitization process [22, 27]. Genetic algorithms (GAs)
[28] are able to find optimal solutions using the principles
of natural evolution. The amount of chromosomes is thus
required to process the several operations in evaluation
process of simple GAs.

To solve the limitations of traditional GA-based algo-
rithms with high requirements of memory and computa-
tions at each evolutionary process, the compact GA (cGA)
mechanism [29] and the prelarge concept [30] are adopted
in the proposed cpGA2DT algorithm. Based on the cGA
mechanism, only two chromosomes are competed to each
other at each iteration.The probabilities of transactions to be
selected are increased along with the winner chromosome.
The probabilities of transactions to be selected are, however,
decreased along with the loser chromosome. Since only
two chromosomes are generated for the competition, the
memory requirements of populations can be greatly reduced.
In addition, a flexible fitness function is designed to evaluate
three side effects at each evolutionary process.This procedure
causes the computations of multiple database rescans. The
prelarge concept is adopted in the proposed cpGA2DT
algorithm to find the prelarge itemsets [30, 31] in advance,
thus reducing the computations of multiple database rescans
at each evolution. To the best of our knowledge, this is the
first approach to solve the limitations by considering both
the time and the space complexities with transaction deletion
for hiding sensitive itemsets. A straightforward approach
(greedy) and a simple GA-based algorithm are also designed
as a benchmark to evaluate the performance of the proposed
cpGA2DT in regard to the execution time and the number
of three side effects in the experiments. Contributions of this
paper can be illustrated as follows.

(1) Most past approaches applied heuristic ways to san-
itize the original database for the purpose of hiding
sensitive itemsets by deleting partial items. In this
paper, a GA-based approach is thus proposed to
optimize the selected transactions to be deleted, thus
minimizing the side effects in PPDM.

(2) It requires the amount of memory in evaluation
process based on traditional GA approach. In this
proposed approach, cGA is applied to reduce the
population size based on probability distribution to
select the appropriate transactions to be deleted.

(3) The prelarge concept is used in the proposed algo-
rithm to reduce the execution time for database
rescan in chromosome evaluation.

(4) An evaluation function with three adjustable weights
is designed in the evaluation process to minimize the
side effects of PPDM.

The remainder parts of this paper are organized as
follows. Relatedworks are described in Section 2; preliminary
of PPDM is mentioned in Section 3. The proposed approach
is illustrated in Section 4. An example is given in Section 5.

Problem preprocess

Encode 
chromosome

Crossover

Fitness 
evaluation

Terminated?

Selection

End
Yes

No

Initial population

Mutation

Figure 1: Flowchart of GAs.

Experiments are conducted in Section 6. Conclusion is given
in Section 7.

2. Review of Related Works

Related works of genetic algorithms, data sanitization, and
prelarge concept are briefly reviewed in this section.

2.1. Genetic Algorithms. Holland applied the natural selection
and the survival of the fittest of Darwin theory and proposed
the evolutionary computation of genetic algorithms (GAs)
[28]. GAs are the search techniques, which are designed and
developed to find a set of feasible solutions in a limited
amount of time [32, 33]. According to the principle of survival
of the fittest, GAs generate the next population by various
operations with each individual in the population repre-
senting a set of possible solutions. Three basic operations
including crossover, mutation, and selection are performed
on chromosomes for the next generations. Each chromo-
somea is then evaluated by the designed fitness function.
This procedure is recursively processed until the predefined
termination criteria are achieved. Flowchart of GAs is shown
in Figure 1.

Traditional GAs have to generate the size of populations
for the purpose of performing crossover, mutation, and
selection operations for the next generations, thus causing
memory lack problem. Compact genetic algorithm (cGA)
was thus proposed to simulate traditional GAs with only the
probability vector for selection operation and population size
without the crossover and mutation operations in order to
generate two individuals (or chromosomes) at competition
[29]. The probability of the ith vector in the winner chro-
mosome is increased, but the loser probability is decreased.
A cGA algorithm can reduce the memory requirements
without the crossover and mutation operations but still can
approximately mimic the behaviors of traditional GAs.
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2.2. Data Sanitization. Data mining [1, 34–37] is progres-
sively developed to extract useful and meaningful informa-
tion or rules from a very large database. The misuse of data
mining techniques may, however, lead to security threats and
privacy concerns. Privacy-preserving data mining (PPDM)
[19, 23, 24, 38] was thus proposed to hide the confidential,
private, or secure information before it is published in public
or shared among alliances. Most approaches were proposed
to perturb the original database for the purpose of hiding
sensitive information in PPDM. Agrawal and Srikant intro-
duced a quantitative measure to evaluate the utility of PPDM
methods [19]. Lindell and Pinkas stated hiding confidential
information on the union of shared databases among two
parties without revealing any unnecessary information [20].
Oliveira and Zäıane, respectively, designed the multiple-rule
hiding MinFIA, MaxFIA, and IGA algorithms to efficiently
hide sensitive itemsets and introduced the performance
measures for three side effects [39]. Dasseni et al. then
proposed a hiding approach based on the hamming-distance
approach to decrease the confidence or support values of
association rules for hiding sensitive information [40]. Three
heuristic algorithms are designed, respectively, to increase
the supports of antecedent parts, to decrease the supports
of consequent parts, and to decrease the support of either
the antecedent or the consequent parts until the supports or
confidences of association rules below the threshold values.
Amiri then proposed aggregate, disaggregate, and hybrid
approaches to hidemultiple sensitive rules [23].The designed
aggregate approach computes the union of the supporting
transactions for all sensitive itemsets. The transactions with
the most sensitive and the least sensitive itemsets are thus
removed to hide the sensitive information. The disaggregate
approach aims to remove individual items from transactions
and then remove whole transactions, thus reducing side
effects of PPDM. Hybrid one is to combine the previous
designed algorithms to firstly identify sensitive transactions
and secondly to delete items from those of transactions until
the sensitive information has been hidden. Many heuristic
approaches are still being developed in progress for the
purpose of hiding different types of knowledge in PPDM
[21, 26, 41].

The optimal sanitization of databases is regarded to be an
NP-hard problem [22, 27]. Genetic algorithms (GAs) were
usually used to find optimal solutions in the least amount of
time [28]. Fewer studies have adopted GAs to find optimal
solutions to hide sensitive information.Han andNg proposed
secure protocols for rule discovery based on private arbitrar-
ily partitioneddata among twopartieswithout compromising
their data privacy using GAs [42]. It uses the true positive
rate multiplied by the true negative rate to define the fitness
function for evaluating the goodness of each decision rule.
Dehkordi et al. designed three multiobjective methods to
partially remove the items from the original database [43].
Only the number of modified transactions is considered in
the fitness function for evaluation. The other side effects of
missing cost and artificial cost thus arose in the evaluation
process. In this paper, three side effects are concerned in the
designed fitness function for hiding sensitive itemsets with
transaction deletion based on cGA algorithm.

Case 1 Case 2 Case 3

Case 4 Case 5 Case 6

Case 7 Case 8 Case 9

Large 
itemsets

Large 
itemsets

Prelarge 
itemsets

Prelarge 
itemsets

Small 
itemsets

Small 
itemsets

New records

Original databases

Figure 2: Nine cases arise as a result of transaction deletion.

2.3. Prelarge Concept. Data mining techniques are used to
discover useful and meaningful information or rules to aid
managers in making efficient decisions in many different
domains. Most data mining techniques handle, however, the
static database to extract the required information. Cheung
et al., respectively, designed FUP [44] and FUP2 [45] con-
cepts to maintain and update the discovered information in
dynamic databases. The original database is still, however,
required to be rescanned based on the FUP and FUP2
concepts in the updating process. Hong et al. proposed
prelarge concepts [30, 31] for the purpose of efficiently
updating the discovered information without rescanning the
original database each time. Prelarge itemset is not large
itemset but has high potential to be large in the future through
the data insertion or deletion process. Upper (the same as
the minimum support threshold in conventional mining
algorithms) and lower support thresholds are used to define
the large and prelarge itemsets. Prelarge itemsets are used as
a buffer to reduce the movement of an itemset directly from
large to small and vice versa. For transaction deletion based
on prelarge concept [30], nine cases thus arose and are shown
in Figure 2.

From Figure 2, cases 2, 3, 4, 7, and 8 do not affect
the final frequent itemsets of association rules. Case 1 may
remove some discovered frequent itemsets of association
rules. Cases 5, 6, and 9 may produce new frequent itemsets
of association rules. If all frequent or prelarge itemsets are
prestored from the original database, cases 1, 5, and 6 can be
easily maintained and updated. An itemset in Case 9 cannot
possibly be a large itemset in the updated database as long
as the number of deleted transactions is a considerably small
proportion of the original databases, which can be defined as
[30]

𝑓 ≤
(𝑆
𝑢
− 𝑆
𝑙
) × |𝐷|

𝑆
𝑢

, (1)

where 𝑆
𝑙
is a lower support threshold, 𝑆

𝑢
is an upper support

threshold, and |𝐷| is the number of transactions in databases.
If the number of deleted transactions satisfies the above
condition, which is smaller than the safety bound 𝑓, an
itemset in Case 9 is absolutely not large in the updated
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Figure 3: The relationship of itemsets before and after the PPDM
process.
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Figure 4: The set of sensitive itemsets that fail to be hidden.

databases. It is thus unnecessary to rescan the original
databases. In the proposed cpGA2DT, the prelarge concepts
are adopted to reduce the database rescan in the evaluation
process, thus speeding up computations.

3. Preliminaries

Before sanitization process to hide the sensitive itemsets, fre-
quent itemsets can be discovered by data mining techniques.
Let 𝐼 ∈ {𝑖

1
, 𝑖
2
, . . . , 𝑖

𝑛
} be the set of items in the database

𝐷; a database 𝐷 consists of several transactions as 𝐷 ∈

{𝑡
1
, 𝑡
2
, . . . , 𝑡

𝑚
}, in which each transaction is a set of items. A

minimum support threshold is set at 𝜎. Denote a support of
an item (itemset) by sup(𝑖

𝑗
). An item (itemset) is denoted by

freq(𝑖
𝑗
) if it is considered as a large or frequent item (itemset)

as freq(𝑖
𝑗
) = sup(𝑖

𝑗
)/|𝐷| ≥ 𝜎.

In PPDM, it is required not only to hide sensitive itemsets
but also to minimize the side effects. The relationship of
itemsets before and after the PPDM process can be seen
in Figure 3, where 𝐿 represents the large itemsets of 𝐷, 𝑆
represents the sensitive itemsets defined by users that are
large, ∼ 𝑆 represents the nonsensitive itemsets that are large,
and𝐿
 is the large itemsets after some transactions are deleted.

Let 𝛼 be the number of sensitive itemsets that fail to
be hidden. Thus, the number of sensitive itemsets should
ideally be zero after the database is sanitized. The set of
sensitive itemsets is shown in Figure 4, in which 𝛼 part is the
interaction of 𝑆 and 𝐿

.

L

L


𝛽

Figure 5: The set of sensitive itemsets that fail to be hidden.
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Figure 6: The set of artificial itemsets.

Definition 1. The hiding failure of the sensitive itemsets in
PPDM is defined as 𝛼, in which 𝛼 = 𝑆 ∩ 𝐿

.

Another evaluation criterion is the number of missing
itemsets, which is denoted by 𝛽. A missing itemset is a
nonsensitive large itemset in the original database but is
not extracted from the sanitized database. This side effect is
shown in Figure 5, in which the 𝛽 part is the difference of ∼ 𝑆

and 𝐿
.

Definition 2. Themissing itemsets in PPDM are defined by 𝛽,
in which 𝛽 =∼ 𝑆 − 𝐿


= (𝐿 − 𝑆) − 𝐿

.

The last evaluation criterion is the number of artificial
itemsets, which is denoted by 𝛾. It represents the set of
large itemsets appearing in the sanitized database but not
belonging to the large itemset in the original database. This
side effect is shown in Figure 6, in which the 𝛾 part is the
difference of 𝐿 and 𝐿.



The Scientific World Journal 5

Definition 3. The artificial itemsets in PPDM are defined as 𝛾,
in which 𝛾 = 𝐿


− 𝐿.

Hiding sensitive itemsets or information is not only one
purpose of PPDM but also minimizing the above side effects
for data sanitization.

4. Proposed Compact Prelarge
Genetic Algorithm to Delete Transactions
(cpGA2DT)

In this paper, a cpGA2DT approach is thus proposed to find
the appropriate transactions to be deleted for hiding sensitive
itemsets. The sensitive itemsets to be hidden can be defined
below.

Definition 4. Suppose that a set of HS consist of the amounts
of sensitive itemsets to be hidden; thus HS = {si

1
, si
2
, . . . , si

𝑘
}.

In the proposed cpGA2DT for hiding the sensitive
itemsets through transaction deletion, the support count of
a sensitive itemset must be below the minimum support
threshold, in which each transaction to be deleted must
contain any of the sensitive itemsets in HS.

Definition 5. Suppose an original database 𝐷 =

{𝑇
1
, 𝑇
2
, . . . , 𝑇

𝑛
}; a database 𝐷

 is thus projected from 𝐷,
in which each 𝑇

𝑗
in 𝐷
 must consist of any of the sensitive

itemsets in HS.

In GAs, a chromosome corresponds to a possible solu-
tion. Suppose that 𝑚 is appropriate transactions from 𝐷

 to
be deleted for hiding the sensitive itemsets. A chromosome
with𝑚 genes is thus designed. Each gene represents a possible
transaction to be deleted as a positive integer of transaction
ID (TID) value or null.

Definition 6. Suppose a projected database 𝐷


=

{𝑇
1
, 𝑇
2
, . . . , 𝑇

𝑛
}, in which each 𝑇

𝑗
represents a transaction ID.

Suppose that 𝑚 is appropriate transactions to be deleted; a
chromosome 𝑐

𝑖
is a set of 𝑚 gens. Each 𝑚 in 𝑐

𝑖
is represented

as a transaction 𝑇
𝑗
or null.

In GAs, a flexible fitness function with three adjustable
weights to evaluate the goodness of chromosomes is thus
designed.

Definition 7. A fitness function to evaluate the goodness of a
chromosome 𝑐

𝑖
is defined as

fitness (𝑐
𝑖
) = 𝑤
1
× 𝛼 + 𝑤

2
× 𝛽 + 𝑤

3
× 𝛾, (2)

where 𝑤
1
, 𝑤
2
, and 𝑤

3
are the weighting parameters. The 𝛼,

𝛽, and 𝛾 are the hiding failure, missing cost, and artificial
cost. Details of the notations and the proposed cpGA2DT
algorithm are described in Algorithm 1.

4.1. Proposed cpGA2DT Algorithm. The designed cpGA2DT
algorithm is described in Algorithm 1.

Table 1: Original database.

TID Item
1 a, b, c
2 b, c, e
3 a, b, c, e
4 a, b, e
5 a, b, e
6 a, c, d
7 b, c, d, e
8 b, c, e
9 c
10 a, b

For the proposed cpGA2DT, it adopts both the compact
GA and prelarge concepts to reduce not only the computa-
tions of database rescan but also the population size at each
evaluation. Prelarge itemsets (PL) act like buffers and are used
to reduce the movement of itemsets directly from large to
small and vice versa when transactions are deleted (in steps
(1) and (2)). In competition process, only two individuals are
used for competition (in step (8)). This approach can reduce
the population size to speed up the evaluation process. When
the termination condition is not satisfied, two chromosomes
are then generated again, respectively, to increase the proba-
bility of selected transactions in the winner chromosome but
decrease the probability of selected transactions in the loser
chromosome.

5. An Illustrated Example

In this section, an example is given to demonstrate the
proposed cpGA2DT for privacy-preserving data mining.
Assume that an original database contains 10 transactions
shown in Table 1.

Also assume that the set of sensitive itemsets is defined as
{𝑏𝑒, 𝑏𝑐𝑒} to be hidden.Theminimum support threshold is set
at 40%.The proposed algorithm is then processed as follows.
The transactions with any of the sensitive itemsets in Table 1
are then projected. In this example, transactions 2, 3, 4, 5, 7,
and 8 are then projected to form another projected database.
The initial probabilities of those five transactions are initially
set at 0.5. The lower support threshold for deriving the
prelarge itemsets in this example is calculated as 𝑆

𝑙
= 𝑆
𝑢
×

(1 − 𝑚/|𝐷|)(= 0.4) × (1 − 4/10) (= 0.24). The database is
scanned to find the large and prelarge itemsets. The results
are, respectively, shown in Tables 2 and 3.

Two chromosomes (individuals) are then generated ran-
domly according to the probability vector with 4 genes. The
results are then shown in Table 4.

The chromosomes in Table 4 are then competed by the
designed fitness function. In this example, the weights for
three factors are, respectively, set as 0.5, 0.3, and 0.2. Take
𝐶
𝐴
as an example to illustrate the evolutionary process. The

number of hiding failures for 𝐶
𝐴

is 0 since all sensitive
itemsets (be, bce) are completely hidden; the number of
missing itemsets of𝐶

𝐴
is 3 (itemsets e, bc, and ce aremissing),
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Input: 𝐷,𝐻𝑆,𝑚, 𝑆
𝑢
𝑆
𝑙
.

Output: A sanitized database𝐷∗.
Termination condition:The fitness := 0 or the number of generation :=𝑁.

(1) set 𝑆
𝑙
= 𝑆
𝑢
× (1 −

𝑚

|𝐷|
).

(2) scan𝐷 to get 𝐿 and 𝑃𝐿 respectively by 𝑆
𝑢
and 𝑆

𝑙
.

(3) for (𝑗 ← 1, 𝑛; 𝑎 ← 1, 𝑘) do
if (sia ⊆ Tj) then

project 𝑇
𝑗
from𝐷 to form𝐷

.
end if

end for
// initialize the probability vector for each transaction 𝑇

𝑗
in𝐷
.

(4) for (𝑖 ← 1, 𝐷
) do

𝑝[𝑖]:= 0.5.
end for
// generate two individuals with m genes from 𝐷

 by 𝑝[𝑖].
(5) 𝑐
𝐴
[𝑎]:= {𝑇

𝑗
or 0, 𝑇

𝑗
⊆ 𝐷
, 1 ≤ 𝑎 ≤ 𝑚}.

(6) 𝑐
𝐵
[𝑎]:= {𝑇

𝑗
or 0, 𝑇

𝑗
⊆ 𝐷
, 1 ≤ 𝑎 ≤ 𝑚}.

// compete 𝑐
𝐴
and 𝑐

𝐵
.

(7) winner, loser:= compete(𝑐
𝐴
, 𝑐
𝐵
) by fitness.

// update the probability vector towards to the better chromosome.
(8) for (𝑖 ← 1, 𝐷

) do
𝑝[𝑖]:= 𝑝[𝑖] + 1/𝐷

 for the 𝑇𝑗 of winner.
𝑝[𝑖]:= 𝑝[𝑖] − 1/𝐷

 for the 𝑇𝑗 of loser.
end for

(9) if terminated condition is not satisfied then
perform Steps 5 to 8.

else
terminate.

end if

Algorithm 1: cpGA2DT algorithm.

Table 2: Large itemsets.

1-itemset Count 2-itemset Count 3-itemset Count
a 6 ab 5 bce 4
b 8 bc 5
c 7 be 6
e 6 ce 4

Table 3: Prelarge itemsets.

Prelarge
1-itemset Count Prelarge

2-itemset Count Prelarge
3-itemset Count

d 2 ac 3 abc 2
ae 3 abe 3
cd 2

Table 4: Two individuals.

𝐶
𝐴

2 7 8 5
𝐶
𝐵

3 2 4 7

and the number of artificial itemsets of 𝐶
𝐴
is 1 (itemset ac

arose). The fitness value of 𝐶
𝐴
is calculated as fitness(𝐶

𝐴
) =

0.5 × 0 + 0.3 × 3 + 0.2 × 1 (=1.1). The 𝐶
𝐵
is processed in

Table 5: Probability vector.

TID 2 3 4 5 7 8
Probability 0.5 0.667 0.667 0.33 0.33 0.5

the same way, and fitness(𝐶
𝐵
) = 0.5 × 0 + 0.3 × 3 + 0.2 ×

0 (=0.9). In the competition process, the 𝐶
𝐵
is better than

𝐶
𝐴
; the probabilities of transactions 2, 3, 4, and 7 are then,

respectively, increased and updated in the probability vector
by 0.5 + 1/6 (=0.667); the probabilities of transactions 2, 5,
7, and 8 are then, respectively, decreased and updated in
the probability vector by 0.5 – 1/6 (=0.33). After that, the
probability vector is updated and shown in Table 5.

Steps (5) to (8) are then, recursively, processed until the
termination condition is satisfied. In this example, three cri-
teria are used as the termination conditions. The criteria are
as follows.The fitness function value of the best chromosome
is 0; or a predefined number of generations is achieved; or
the probability vector is converged. After the evolutionary
process, the top-4 transactions with high probabilities in the
probability vector are then selected as the transactions to be
deleted in the sanitization process.
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Table 6: Three databases.

Database Transactions Items Avg. of transactions
Mushroom 8,124 119 23
BMSWebview-1 59,602 497 2.5
BMSWebview-2 77,512 3,340 5

6. Experimental Results

Experiments are conducted to show the performance of the
proposed cpGA2DT, which was performed on a Pentium
IV processor at 2GHz and 512M of RAM running on the
Mandriva platform. A greedy approach and a simple GA-
based algorithm [46] are also designed as a benchmark to
be compared with the proposed algorithm. For the greedy
approach, it scans the transactions from top to down to
directly delete the transactions with sensitive itemsets. The
termination of the greedy algorithm is the number of the
deleted transactions, which is predefined by users. A simple
GA-based approach uses simple GAs to hide the sensitive
information. Three real databases mushroom [47], BMS-
WebView1 [48], andBMS-WebView2 [48] are used to evaluate
the performance of the proposed cpGA2DT in terms of the
execution time and the number of three side effects. The
weights for three side effects 𝛼, 𝛽, and 𝛾 are set at 0.5, 0.25,
and 0.25, which can be adjusted by users. Details of the three
databases used in the experiments are shown in Table 6.

6.1. Execution Time. Execution times obtained the proposed
cpGA2DT; greedy and simple GA-based algorithms are
then compared at various sensitivity percentages of the
sensitive itemsets for three databases. Results are shown in
Figures 7, 8, and 9. The 𝑆

𝑢
is initially set at 1.5%. According

to predefined number of transactions to be deleted (the size
of chromosome) in the original database, the 𝑆

𝑙
is easily

retrieved for deriving the prelarge itemsets, thus speeding up
the execution time without computations of database rescan.

From Figures 7 to 9, it is obvious to see that the
straightforward greedy approach has the best performance
in execution time since it does not consider any side effects
but directly delete the transactions for the purpose of hid-
ing sensitive itemsets. The proposed cpGA2DT can greatly
reduce the execution time compared to the simple GA-based
algorithm since for cpGA2DT it is unnecessary to rescan
the original database for evaluating fitness at each iteration.
Experiments are then conducted to show the execution times
for three algorithms at various minimum support thresholds.
The results are then shown in Figures 10, 11, and 12.

Form Figures 10 and 12, it is obvious to see that the greedy
approach has the best performance of execution time at vari-
ous minimum support thresholds. The proposed cpGA2DT
has the best performance in BMSWebview-1 database. The
simpleGA-based algorithm still has theworst performance in
execution time since it requires to rescan the original database
to evaluate the goodness of fitness at each iteration. The side
effects of hiding failure, missing cost, and the artificial cost
are also evaluated to show the performance of the proposed
cpGA2DT. The descriptions are given as follows.
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Figure 7: Comparisons of execution time at various sensitivity
percentages for mushroom database.
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Figure 8: Comparisons of execution time at various sensitivity
percentages for BMSWebview-1 database.

6.2. Hiding Failure (HF). The hiding failure is one of the
side effects to evaluate whether the sensitive information
has been successfully hidden before and after sanitization
process, which can be calculated as

HF =

HS (𝐷∗)
|HS (𝐷)|

, (3)

where |HS(𝐷∗)| is the number of sensitive itemsets after
sanitization process and the |HS(𝐷)| is the number of sen-
sitive itemsets before sanitization process. The hiding failure
obtained three algorithms at various sensitivity percentages
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Figure 9: Comparisons of execution time at various sensitivity
percentages for BMSWebview-2 database.
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Figure 10: Comparisons of execution time at various minimum
support thresholds for mushroom database.

of the sensitive itemsets for three databases with 𝑆
𝑢
(= 1.5%).

The results are then shown in Figures 13, 14, and 15.
From Figures 13 to 15, it is obvious to see that the

greedy approach has the worst performance for hiding the
sensitive itemsets in three databases.Theproposed cpGA2DT
generally has the best performance for hiding the sensitive
itemsets in three databases except when the sensitive per-
centage is set at 10% of frequent itemsets in BMSWebview-2
database. Experiments are then conducted to show that the
performance of hiding failure obtained three algorithms at
various minimum support thresholds. The results are then
shown in Figures 16, 17, and 18.

From Figures 16 to 18, it is easily found that the proposed
cpGA2DT generally has the best performance of hiding
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Figure 11: Comparisons of execution time at various minimum
support thresholds for BMSWebview-1 database.
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Figure 12: Comparisons of execution time at various minimum
support thresholds for BMSWebview-2 database.

failure at various minimum support thresholds for three
databases and is better than the greedy and the simple GA-
based algorithms in most cases at various minimum support
thresholds for three databases.

6.3. Missing Cost (MC). The side effects of missing cost are
also evaluated to show the performance of the proposed
cpGA2DT, which is calculated as

MC =
|FIs (𝐷)| −

FIs (𝐷
∗
)


|FIs (𝐷)|
, (4)

where |FIs(𝐷)| is the number of frequent itemsets before
data sanitization and |FIs(𝐷∗)| is the number of frequent
itemsets after data sanitization. Note that even sensitive
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Figure 13: Comparisons of hiding failure at various sensitivity
percentages of the frequent itemsets for mushroom database.
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Figure 14: Comparisons of hiding failure at various sensitivity
percentages of the frequent itemsets for BMSWebview-1 database.

itemsets are the frequent itemsets but not considered here to
calculate the missing cost. The missing cost obtained three
algorithms which are then compared at various sensitivity
percentages of the sensitive itemsets for three databases with
𝑆
𝑢
(= 1.5%). The missing cost that obtained three algorithms

has, however, zero for the mushroom database since the
mushroom database is too small for data sanitization. All
sensitive itemsets can thus be successfully hiddenwithout any
missing cost in mushroom database.The results for the other
two databases are then shown in Figures 19 to 20.

In the experiments of the proposed cpGA2DT, the weight
of hiding failure is set at 0.5, which is higher than the
missing cost and artificial cost. From Figure 19, the proposed
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Figure 15: Comparisons of hiding failure at various sensitivity
percentages of the frequent itemsets for BMSWebview-2 database.
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Figure 16: Comparisons of hiding failure at various minimum
support thresholds for mushroom database.

cpGA2DT has generated some missing costs at 15% and
20% sensitive percentages of frequent itemsets.The proposed
cpGA2DT has not any missing cost in BMSWebview-2
database. Experiments are then conducted to show that the
performance ofmissing cost obtained three algorithms at var-
iousminimum support thresholds for three databases. Again,
the missing cost is zero for the obtained three algorithms for
mushroom database. The results for the other two databases
are then shown in Figures 21 to 22.

From Figure 21, the proposed cpGA2DT algorithm
has no missing cost for the BMSWebview-1 database. The
greedy approach slightly outperforms better than the pro-
posed cpGA2DT in the BMSWebview-2 but the proposed
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Figure 17: Comparisons of hiding failure at various minimum
support thresholds for BMSWebview-1 database.
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Figure 18: Comparisons of hiding failure at various minimum
support thresholds for BMSWebview-2 database.

cpGA2DT still achieves good performance at the 1.5% and
1.6% minimum support thresholds with zero missing cost.
In the experimental process, we have also found that the
greedy approach is executed to delete transactions from top
transactions to down ones, and the deleted transactions of the
greedy approach in BMSWebview-2 have fewer numbers of
items within it.Thus, the missing cost of the greedy approach
is a little bit better than the proposed algorithm at 1.65%
minimum support threshold.

6.4. Artificial Cost (AC). The side effects of artificial cost
are also evaluated to show the performance of the proposed
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Figure 19: Comparisons of missing cost at various sensitivity
percentages of frequent itemsets for BMSWebview-1 database.
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Figure 20: Comparisons of missing cost at various sensitivity
percentages of frequent itemsets for BMSWebview-2 database.

cpGA2DT, which is calculated as

AC =

FIs (𝐷
∗
)
 −

FIs (𝐷
∗
) ∩ FIs (𝐷)



|FIs (𝐷∗)|
. (5)

In three databases that obtained three algorithms in various
sensitivity percentages of the frequent itemsets and various
minimum support thresholds, there are not any side effects
of artificial cost. For the greedy approach in the experiments,
the deleted transactions have short length with lower support
items; thus the artificial cost is not shown. For the pro-
posed cpGA2DT, instead of the above reason of the greedy
approach, the artificial cost is also considered as a factor in the
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Figure 21: Comparisons of missing cost at various minimum
support thresholds for BMSWebview-1 database.
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Figure 22: Comparisons of missing cost at various minimum
support thresholds for BMSWebview-2 database.

evaluation process, thus avoiding the side effects of artificial
cost.

7. Conclusion

In this paper, a compact GA-based cpGA2DT algorithm
is thus proposed to hide the sensitive itemsets through
transaction deletion. A flexible fitness function with three
adjustable weights is also designed to consider the general
side effects of hiding failure, missing cost, and the artificial
cost to determine the goodness of the chromosomes. The
prelarge concept is adopted in the proposed algorithm to
reduce the computations of database rescan. The size of the

populations is also reduced by the compact GA approach,
thus reducing the memory lack problems of traditional
GAs. Experiments are conducted to show that the proposed
cpGA2DT algorithm outperforms better than the greedy and
simple GA-based algorithms considering all criteria of side
effects but the execution time.

Notations

𝐷 : Original database to be sanitized
|𝐷|: Number of transactions in𝐷

𝐷
: Projected database from𝐷 in which

each transaction in𝐷
 contains any

sensitive itemsets si
𝑎
in HS

𝐷
∗: Sanitized database after the designed

algorithm
HS: A set of sensitive itemsets to be hidden,

HS = {si
1
, si
2
, . . . , si

𝑘
}

𝑚: Number of transactions to be deleted
for hiding sensitive itemsets

𝑆
𝑢
: Upper support threshold

𝑆
𝑙
: Lower support threshold, 𝑆

𝑢
> 𝑆
𝑙

𝐿: A set of large itemsets in which the
count of each itemset is larger than or
equal to |𝐷| × 𝑆

𝑢

PL: A set of prelarge itemsets in which the
count of each itemset lies between
|𝐷| × 𝑆

𝑢
and |𝐷| × 𝑆

𝑢

𝑝: Probability vector of transactions in𝐷


𝑐
𝐴
, 𝑐
𝐵
: Two competition chromosomes.
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This paper presents a comparative study using different color spaces to evaluate the performance of color image segmentation
using the automatic GrabCut technique. GrabCut is considered as one of the semiautomatic image segmentation techniques, since
it requires user interaction for the initialization of the segmentation process.The automation of the GrabCut technique is proposed
as a modification of the original semiautomatic one in order to eliminate the user interaction. The automatic GrabCut utilizes
the unsupervised Orchard and Bouman clustering technique for the initialization phase. Comparisons with the original GrabCut
show the efficiency of the proposed automatic technique in terms of segmentation, quality, and accuracy. As no explicit color space
is recommended for every segmentation problem, automatic GrabCut is applied with 𝑅𝐺𝐵, 𝐻𝑆𝑉, 𝐶𝑀𝑌, 𝑋𝑌𝑍, and 𝑌𝑈𝑉 color
spaces. The comparative study and experimental results using different color images show that 𝑅𝐺𝐵 color space is the best color
space representation for the set of the images used.

1. Introduction

The process of partitioning a digital image into multiple
segments is defined as image segmentation. Segmentation
aims to divide an image into regions that can be more repre-
sentative and easier to analyze. Such regions may correspond
to individual surfaces, objects, or natural parts of objects.
Typically image segmentation is the process used to locate
objects and boundaries (e.g., lines or curves) in images [1].
Furthermore, it can be defined as the process of labeling every
pixel in an image, where all pixels having the same label
share certain visual characteristics [2]. Usually segmentation
uses local information in the digital image to compute the
best segmentation, such as color information used to create
histograms or information indicating edges, boundaries, or
texture information [3].

Color image segmentation that is based on the color
feature of image pixels assumes that homogeneous colors in
the image correspond to separate clusters and hence mean-
ingful objects in the image. In other words, each cluster
defines a class of pixels that share similar color properties.

As the segmentation results depend on the used color space,
there is no single color space that can provide acceptable
results for all kinds of images. For this reason, many authors
tried to determine the color space that will suit their specific
color image segmentation problem [4]. In this work, a seg-
mentation of color images is tested with different classical
color spaces, 𝑅𝐺𝐵, 𝐶𝑀𝑌,𝑋𝑌𝑍, 𝑌𝑈𝑉, and𝐻𝑆𝑉, to select the
best color space for the considered kind of images.

The segmentation process is based on the GrabCut
segmentation technique [5], which is considered as one of
the powerful state-of-the-art techniques for the problem of
color image segmentation.The iterative energy minimization
scheme of the GrabCut is based on the powerful optimiza-
tion of the Graph Cut technique [6] which allows for the
generation of the global optimal segmentation. In addition,
Graph Cut can be easily well extended to the problem of N-D
images. Furthermore, the cost energy function of the Graph
Cut minimization process allows it to be defined in terms of
different image features such as color, region, boundary, or
any mixture of image features. This flexibility provides wide
potential for the use of GrabCut in different applications.
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On the other hand, GrabCut is considered as a bilabel
segmentation technique, where images can be segmented
into two background and foreground regions only. Initial
user intervention is required in order to specify an object
of interest to be segmented out of the image, considering all
the remaining image pixels as one background region. This
classifies the GrabCut as a semiautomatic segmentation tech-
nique and turns the quality of the initialization and hence
the segmentation performance, sensitive to the user selection.
In other words, poor GrabCut initialization may lead to bad
final segmentation accuracy which might require extra user
interactions with the segmentation results for fine tuning [5].

In this work, a modified GrabCut is proposed as an auto-
matic segmentation technique, which can segment the image
into its natural objects without any need for the initial
user intervention. Automation of GrabCut is applied using
Orchard and Bouman clustering [7] as an unsupervised clus-
tering technique. The selection of the Orchard and Bouman
clustering is based on the empirical comparison results car-
ried out in the work of [8]. The paper exploits the use of
some evaluation criteria to evaluate the discriminating power
of the automatic GrabCut with the different color spaces.
The remainder of the paper is organized as follows. Section 2
provides a basic background on segmentation based-color
spacemodels, image segmentation using GrabCut, and unsu-
pervised clustering techniques. Section 3 explains the dif-
ferent color space models. Section 4 illustrates the Orchard
and Bouman clustering. The original GrabCut technique
and details of its modification are explained in Section 5.
Experimental results are presented in Section 6, while the
conclusion and future work are presented in Section 7.

2. Related Work

As no common opinion has emerged about which is the
best choice for color space based image segmentation, some
research work tried to identify the best color space for a
specific task. Several works [9, 10] show that different color
spaces are useful for the problem of color image segmenta-
tion. Jurio et al. [11] have carried out a comparative study
betweendifferent color spaces in cluster based image segmen-
tation using two similar clustering algorithms. Their study
involved the test of four color spaces, 𝑅𝐺𝐵, 𝐻𝑆𝑉, 𝐶𝑀𝑌,
and 𝑌𝑈𝑉, in order to identify the best color representation.
They obtained their best results in most cases using 𝐶𝑀𝑌

color space, while 𝐻𝑆𝑉 also provided good results. Busin
et al. [4] proposed a method to automatically select a specific
color space among classical color spaces. This selection was
done according to an evaluation criterion based on a spectral
color analysis. This criterion evaluates the quality of the
segmentation in each space and selects the best one, which
preserves its own specific properties. A study of the ten most
common color spaces for skin color detection was presented
in [12]. They concluded that 𝐻𝑆𝑉 is the best color space
to detect skin in an image. Another study that was applied
for the classification of pizza toppings [13] proved that the
polynomial SVM classifier combined with 𝐻𝑆𝑉 color space
is the best approach among five different color spaces. Based
on a comparative study between the 𝑅𝐺𝐵 and 𝐻𝑆𝑉 models,

Ruiz-Ruiz et al. [14] declared that the best accuracy was
achieved with 𝐻𝑆𝑉 representation in order to achieve real
time processing in real farm fields for crop segmentation.

GrabCut is considered one of the powerful techniques
used for color image segmentation. It has been applied
to different segmentation problems such as human body
segmentation [15–17], video segmentation [18], semantic
segmentation [19], and volume segmentation [20]. In [17],
an automatic extraction of the human body from color
images was developed byHu.The iteratedGrabCut technique
was used to dynamically update a trimap contour, which
was initialized from the results of a scanning detector used
for detecting faces from images. The research has some
drawbacks as the process goes through many steps and
iterations, in addition to being constrained to human poses
with frontal side faces. A fully automatic Spatio-Temporal
GrabCut human segmentation methodology was proposed
by Hernandez et al. [16]. They developed methodology
that takes the benefits of the combination of tracking and
segmentation. Instead of the initial user intervention to
initialize theGrabCut algorithm, a set of seeds defined by face
detection and a skin color model are used for initialization.
Another approach to segment humans from cluttered images
was proposed by Gulshan et al. in [15]. They utilized the
local colormodel basedGrabCut for automatic segmentation.
This GrabCut local color model was used to refine the crude
human segmentations they obtained. In video segmentation,
Corrigan et al. [18] extended GrabCut for more robust video
object segmentation. They extended the Gaussian mixture
model (GMM) of the GrabCut algorithm, so that the color
space was complemented with the derivative in time of the
pixel’s intensities in order to include temporal information
in the segmentation optimization process. Göring et al. [19]
integrated GrabCut into a semantic segmentation framework
by labeling objects in a given image. Most recently, Ramı́rez
et al. [20] proposed a fully parallelized scheme usingGrabCut
for 3D segmentation that has been adopted to run on GPU.
The scheme aims at producing efficient segmentation results
for the case of volume meshes, in addition to reducing the
computational time.

Clustering [21], the unsupervised classification of pat-
terns into groups, is one of the most important tasks in
exploratory data analysis [22]. It has a long and rich history
in a variety of scientific disciplines including anthropology,
biology, medicine, psychology, statistics, mathematics, engi-
neering, and computer science. Clustering in image segmen-
tations [2, 23, 24] is defined as the process of identifying
groups of similar image primitives. Unsupervised clustering
techniques [25] are content based clustering, where content
refers to shapes, textures, or any other information that can
be inherited from the image itself.

In the cases of bilabel segmentation, good separation
between foreground and background is required.This can be
implemented through finding clusters with a low variance,
since this makes the cluster easier to separate from the others.
The selection of the Orchard and Bouman clustering tech-
nique [7] is guided by Ruzon and Tomasi [26] and Chaung
et al. [27] in order to get tight and well separated clusters.
They have worked on solving the problem of image matting
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that is required for image compositing. In their approach,
Orchard and Bouman binary split algorithm has been used
for partitioning the unknown region colors into several clus-
ters, in order to generate a color distribution for the unknown
region to be estimated. According to a comparative study in
[8], the Orchard and Bouman clustering outperformed other
unsupervised clustering techniques including self-organizing
maps (SOFM) and fuzzy C-means (FCM) for the automation
of the GrabCut in terms of improving the segmentation
accuracy.

3. Color Space Models

The most widely used color space is the 𝑅𝐺𝐵 color space,
where a color point in the space is characterized by three
color components of the corresponding pixel which are red
(𝑅), green (𝐺), and blue (𝐵). However since there exist a
lot of color spaces, it is useful to classify them into fewer
categories with respect to their definitions and properties.
Vandenbroucke [28] proposed the classification of the color
spaces into the following categories.

(i) The primary spaces which are based on the theory
that assumes it is possible to match any color by
mixing an appropriate amount of the three primary
colors: the primary spaces are the real 𝑅𝐺𝐵, the
subtractive 𝐶𝑀𝑌, and the imaginary 𝑋𝑌𝑍 primary
spaces. The conversion from 𝑅𝐺𝐵 to 𝐶𝑀𝑌 is

𝐶

= 1 − 𝑅 𝐶 = min (1,max (0, 𝐶 − 𝐾


))

𝑀

= 1 − 𝐺 𝑀 = min (1,max (0,𝑀 − 𝐾


))

𝑌

= 1 − 𝐵 𝑌 = min (1,max (0, 𝑌 − 𝐾


))

𝐾

= min (𝐶,𝑀, 𝑌)

(1)

and the conversion from 𝑅𝐺𝐵 to𝑋𝑌𝑍 is

[

[

𝑋

𝑌

𝑍

]

]

= [

[

0.412453 0.357580 0.180423

0.212671 0.715160 0.072169

0.019334 0.119193 0.950227

]

]

[

[

𝑅

𝐺

𝐵

]

]

. (2)

(i) The luminance-chrominance spaces, which are com-
puted of one color component that represents the
luminance and two color components that represent
the chrominance: the 𝑌𝑈𝑉 color space is an example
of the luminance-chrominance spaces. The conver-
sion from 𝑅𝐺𝐵 to 𝑌𝑈𝑉 is

[

[

𝑌

𝑈

𝑉

]

]

= [

[

0.2989 0.5866 0.1145

−0.147 −0.289 0.436

0.615 −0.515 −0.100

]

]

[

[

𝑅

𝐺

𝐵

]

]

. (3)

(ii) The perceptual spaces that try to quantify the sub-
jective human color perception by means of three
measures, intensity, hue, and saturation: the 𝐻𝑆𝑉

is an example of the perceptual color space. The
conversion from 𝑅𝐺𝐵 to𝐻𝑆𝑉 is

𝐻 =

{{{{{{{{{{{{{{{{{

{{{{{{{{{{{{{{{{{

{

0, if Max = Min

(60
∘
×

𝐺 − 𝐵
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+ 360

∘
)

× mod 360
∘
, if Max = 𝑅

60
∘
×

𝐵 − 𝑅

Max−Min
+ 120

∘
, if Max = 𝐺

60
∘
×

𝑅 − 𝐺

Max−Min
+ 240

∘
, if Max = 𝐵

𝑆 =

{{{

{{{

{

0, if max = 0

Max−Min
Max

otherwise

𝑉 = Max .

(4)

4. Orchard and Bouman Clustering Technique

Orchard and Bouman [7] is a color quantization clustering
technique that uses the eigenvector of the color covariance
matrix to determine good cluster splits. The algorithm starts
with all the pixels in a single cluster. The cluster is then split
into two using a function of eigenvector of the covariance
matrix as the split point. Then it uses the eigenvalues of the
covariance matrices to choose which of the resulting clusters
is candidate for the next splitting. This procedure is repeated
until the desired number of clusters is achieved. It is an opti-
mal solution for large clusters with Gaussian distributions.

For example, consider 𝐶
1
as a set of pixels, in order to

divide it into 𝐾 clusters:

(1) calculate 𝜇
1
, the mean of 𝐶

1
, and Σ

1
, the covariance

matrix of 𝐶
1
,

(2) for 𝑖 = 2 to 𝐾 do the following:

(i) find the set 𝐶
𝑛
which has the largest eigenvalue

and store the associated eigenvector 𝑒
𝑛
,

(ii) split 𝐶
𝑛
into two sets, 𝐶

𝑖
= {𝑥 ∈ 𝐶

𝑛
: 𝑒
𝑇

𝑛
𝑧
𝑛
≤

𝑒
𝑇

𝑛
𝜇
𝑛
} and 𝐶∗

𝑛
= 𝐶
𝑛
− 𝐶
𝑖
,

(iii) compute 𝜇∗
𝑛
, Σ∗
𝑛
, 𝜇
𝑖
, and Σ

𝑖
.

This results in𝐾 pixel clusters.

5. Image Segmentation Using GrabCut

Image segmentation is simply the process of separating an
image into foreground and background parts. Graph Cut
technique [6] was considered as an effective way for the
segmentation of monochrome images, which is based on the
Min-Cut/Max-Flow algorithm [29]. GrabCut [5] is a power-
ful extension of the Graph Cut algorithm to segment color
images iteratively and to simplify the user interaction needed
for a given quality of the segmentation results. Section 5.1
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(a) (b)

Figure 1: Example of GrabCut segmentation. (a) GrabCut allows the user to drag a rectangle around the object of interest to be segmented.
(b) The segmented object.

explains the original semiautomatic GrabCut algorithm as
developed by Rother et al. in [5], while its modification for
automatic segmentation is presented in Section 5.2.

5.1. Original Semiautomatic GrabCut. The GrabCut algo-
rithm learns the color distributions of the foreground and
background by giving each pixel a probability to belong to
a cluster of other pixels. It can be explained as follows: given
a color image I, let us consider the 𝑧 = (𝑧

1
, . . . , 𝑧

𝑛
, . . . , 𝑧

𝑁
)

of 𝑁 pixels, where 𝑧
𝑖
= (𝐶
1𝑖
, 𝐶
2𝑖
, 𝐶
3𝑖
), 𝑖 ∈ [1, . . . , 𝑁], and

𝐶
𝑗
is the 𝑗th color component in the used color space. The

segmentation is defined as an array 𝛼 = (𝛼
1
, . . . , 𝛼

𝑁
), 𝛼
𝑖
∈

{0, 1}, assigning a label to each pixel of the image, indicating if
it belongs to the background or the foreground.The GrabCut
algorithm consists mainly of two basic steps: initialization
and iterative minimization. The details of both steps are
explained in the following subsections.

5.1.1. GrabCut Initialization. The novelty of the GrabCut
technique is in the “incomplete labeling” which allows a
reduced degree of user interaction. The user interaction
consists simply of specifying only the background pixels by
dragging a rectangle around the desired foreground object
(Figure 1). The process of GrabCut initialization works as
follows.

Step 1. A trimap 𝑇 = {TB,TU,TF} is initialized in a
semiautomatic way. The two regions TB and TU contain the
initial background and uncertain pixels, respectively, while
TF = Ø.The initial TB is determined as the pixels around the
outside of the marked rectangle. Pixels belonging to TB are
considered as a fixed background, whereas those belonging
to TU will be labeled by the algorithm.

Step 2. An initial image segmentation 𝛼 = (𝛼
1
, . . . , 𝛼

𝑖
, . . . ,

𝛼
𝑁
), 𝛼
𝑖

∈ {0, 1}, is created, where all unknown pixels
are tentatively placed in the foreground class (𝛼

𝑖
= 1 for

𝑖 ∈ TU) and all known background pixels are placed in the
background class (𝛼

𝑖
= 0 for 𝑖 ∈ TB).

Step 3. Two full covarianceGaussianmixturemodels (GMMs)
are defined, each consisting of 𝐾 = 5 components, one for

background pixels (𝛼
𝑖
= 0) and the other one for foreground

(initially unknown) pixels (𝛼
𝑖
= 1). The 𝐾 components of

both GMMs are initialized from the foreground and back-
ground classes using the Orchard and Bouman clustering
technique.

5.1.2. GrabCut Iterative Energy Minimization. The final seg-
mentation is performed using the iterative minimization
algorithm of the Graph Cut [6] in the following steps.

Step 4. Each pixel in the foreground class is assigned to the
most likely Gaussian component in the foreground GMM.
Similarly, each pixel in the background is assigned to themost
likely background Gaussian component.

Step 5. The GMMs are thrown away and new GMMs are
learned from the pixel sets created in the previous set.

Step 6. A graph is built and Graph Cut is run to find a new
foreground and background classification of pixels.

Step 7. Steps 4–6 are repeated until the classification con-
verges.

This has the advantage of allowing the automatic refine-
ment of the opacities 𝛼, as newly labeled pixels from the TU
region of the initial trimap are used to refine the color of the
GMM.

5.2. Proposed Automatic GrabCut. Although the incomplete
user labeling of GrabCut reduces the user interaction sub-
stantially, it is still a requirement in order to initiate the
segmentation process.This identifies GrabCut as a semiauto-
matic/supervised segmentation algorithm. In order to allow
the image to be segmented into proper segments without
any user guidance, this requires replacing the semiauto-
matic/supervised step of GrabCut initialization with a totally
automatic/unsupervised one.

In this paper, the Orchard and Bouman [7] is proposed to
be used as an image clustering technique to automatically set
the initial trimap 𝑇 and the initial segmentation (Section 5.1,
Steps 1 and 2). The distinction between the trimap and
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Figure 2: The dataset of images.

the segmentation formalizes the separation between the
region of interest to be segmented and the final segmentation
derived by the GrabCut algorithm. In the automatic tech-
nique, Steps 1 and 2 of the GrabCut initialization process will
be modified as follows.

Step 1. While the original GrabCut constructs a trimap 𝑇 of
two regions, TB and TU, as a fixed background and unknown
regions, respectively, the proposed automatic technique con-
siders the whole image as one unknown region TU, where
TU = {𝑧

𝑖
∈ {𝑧
1
, . . . , 𝑧

𝑛
, . . . , 𝑧

𝑁
}}, 𝑖 ∈ [1, . . . , 𝑁]. This means

that no fixed foreground or background regions are known
and all image pixels will be involved in the minimization
process to be labeled by the algorithm.

Step 2. The image is initially separated into two foreground
TF and background TB regions, using the Orchard and
Bouman clustering technique. During this step, a new GMM
is introduced, which consists of only two components (𝐾 =

2): one component for the background pixels (𝛼
𝑖
= 0) and

the other for the foreground pixels (𝛼
𝑖
= 1).The Orchard and

Bouman clustering technique is then applied and repeated
until reaching the number of components (𝐾 = 2) in the
GMM, resulting in separating the image exactly into two
clusters.

Step 3. The colors of image pixels belonging to each clus-
ter (foreground and background clusters) generated from

the previous step are then used to initialize another two full
covariance Gaussian mixture models (GMMs) with (𝐾 = 5).

Steps 4–7. The learning portion of the algorithm runs exactly
as the original GrabCut (Section 5.1, Steps 4–7).

6. Results and Discussions

The automatic GrabCut technique was experimentally tested
using a dataset of 23 different images, as shown in Figure 2.
According to literature, many recent works in the fields
of cluster based image segmentation and automatic image
segmentation are conducting their experiments on fewer
numbers of images such as [9, 11, 30, 31]. They are using a
dataset of 8, 4, 4, and 15 images, respectively. In this work
using a dataset of 23 images can be considered a reasonable
number of test cases. This dataset is collected partially from
the Berkeley segmentation dataset [32] and from publically
available images [33] in a way that matches certain criteria.
These criteria consider a special fitting into two class seg-
mentations, including having mainly one object (as a fore-
ground) and a well separation between the foreground and
background color regions.

For evaluation, it was noticed that no binary segmen-
tations exist as part of the human segmentations included
in the Berkeley segmentation dataset [32]. For this reason,
the ground truth data for our selected dataset is manually
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(a) (b) (c)

Figure 3: Samples of the manual binary ground truths generated.

(a)

(b)

Figure 4: Visual comparison of the segmentation results of (a) original semiautomatic GrabCut and (b) automatic GrabCut initialized using
Orchard and Bouman.

generated using standard image processing tools (Adobe
Photoshop). Figure 3 displays samples of the manual binary
ground truths generated.The error rate and the overlap score
rate are used as two evaluation metrics. The error rate is
calculated as the fraction of pixels with wrong segmentations
(compared to ground truth) divided by the total number of
pixels in the image. The overlap score rate is given by 𝑦

1
∩

𝑦
2
/𝑦
1
∪𝑦
2
, where𝑦

1
and𝑦
2
are any two binary segmentations.

In the first experiment, automatic GrabCut, which is ini-
tialized usingOrchard and Bouman, is applied and compared
to the original GrabCut algorithm. Figure 4 shows sample
visual results for the segmentation using (𝐾 = 5) components
for GMMs as recommended by Rother et al. [5]. Table 1
shows the quantitative comparison between the original and
modified GrabCut for the whole dataset as presented in
Figure 2. As shown in Table 1, the automatic GrabCut using
Orchard and Bouman clustering outperforms the original
one in terms of minimizing the error and improving the
segmentation accuracy. The average error rate is 3.64% for
the automatic GrabCut compared to 4.28% for the original

GrabCut technique. The overall performance looks better in
terms of the standard deviation (SD) which exhibits 3.61%
for the automatic GrabCut compared to 5.5% for the original
GrabCut.

Some cases with bad segmentation error using the orig-
inal GrabCut can be noticed in Table 1 (images 1 and 9).
This explains one main drawback of the original GrabCut
initialization, whichmakes the segmentation results sensitive
to the user selection of the area of interest to be segmented.
This occurs when other objects, which are out of interest,
may be considered as part of the foreground by being located
within the area of the dragged rectangular boundary around
the object of interest. The segmentation results of these
two images are visually illustrated in Figure 4(a). It can
be noticed how a large portion of the leaf appears in the
final segmentation of the insect image. The same problem
occurred when considering the land as part of the foreground
area with the elephant image. The quantitative comparisons
of the error rates generated for these two images in Table 1
and visual comparisons in Figure 4 illustrate the efficiency
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Table 1: Comparisons between the original and automatic GrabCut.

Image Error rate % Overlap score rate %

Original semiautomatic GrabCut Automatic GrabCut using
Orchard and Bouman Original semiautomatic GrabCut Automatic GrabCut using

Orchard and Bouman
1 3.05 18.70 95.91 58.57
2 15.48 5.74 43.96 75.69
3 4.79 7.31 91.51 85.48
4 3.07 3.09 97.06 97.02
5 4.16 3.75 82.42 85.18
6 0.86 0.86 97.17 97.17
7 2.40 2.40 69.00 69.01
8 0.87 1.08 92.76 90.81
9 25.81 2.17 67.66 97.31
10 2.82 2.81 96.32 96.35
11 2.05 2.05 97.04 97.04
12 4.99 4.93 88.45 89.32
13 2.28 2.30 95.71 95.64
14 2.36 2.56 96.85 96.41
15 2.78 3.50 94.14 91.98
16 3.16 3.02 93.38 93.80
17 2.08 2.10 95.19 95.11
18 3.88 3.86 90.95 91.06
19 2.88 2.92 93.44 93.30
20 1.43 1.44 96.47 96.43
21 1.27 1.27 94.62 94.64
22 3.30 3.16 93.37 93.73
23 2.57 2.58 93.75 93.74
Avg. 4.28 3.64 89.44 90.21
SD 5.50 3.61 12.76 9.87

of the automatic GrabCut in handling such a problem. The
efficiency of the automatic GrabCut is provoked by prevent-
ing any hard constraints to be specified during initialization
either for foreground or background (Section 5.2, Step 1).

In the second experiment, the automatic GrabCut, which
is initialized using Orchard and Bouman, is applied with
different color space models, including 𝑅𝐺𝐵, 𝑋𝑌𝑍, 𝐶𝑀𝑌,
𝑌𝑈𝑉, and 𝐻𝑆𝑉. The features that identify each image pixel
are only the values of its three components in the selected
color space. The final segmentation results are obtained for
all used images. For a quantitative comparison, Table 2 shows
the error rate and the overlap score rate for the whole dataset.
The results in Table 2 are ordered in ascending order from
left to right in terms of the total number of good image
segmentation results and the average error rates. We can see
that the 𝑅𝐺𝐵 space is the one that obtains better results for
most of the images in terms of the average error rate. 𝑌𝑈𝑉
and 𝑋𝑌𝑍 follow with very little increase in the average error
rate. They exhibit almost the same average error and overlap
score rates, which are 5.49% for the error rate and 95.35% for
the overlap score rate and 5.63% for the error rate and 95.79%
for the overlap score rate, respectively. Figure 5 shows visual

segmentation results for some images, while Figure 6 shows
graph plots of the average segmentation error rate and the
overlap score rate for all different color spaces.

7. Conclusions and Future Work

In this paper, a modification of GrabCut is presented to
eliminate the need of initial user interaction for guiding
segmentation and hence converting GrabCut into an auto-
matic segmentation technique. The modification includes
using Orchard and Bouman as an unsupervised clustering
technique to initialize the GrabCut segmentation process.
Based on a dataset of 23 images, the experiments revealed
that automatic GrabCut using Orchard and Bouman cluster-
ing outperforms the original GrabCut. It reduces the need
for user intervention while segmentation and adds extra
advantage for the GrabCut via automation. Furthermore, it
provides robust and accurate segmentationwith average error
rates of 3.64% compared to the results of 4.28% average error
rate that is achieved by the original GrabCut. In addition,
the performance of the automatic GrabCut is evaluated using
five different color spaces, 𝑅𝐺𝐵, 𝑌𝑈𝑉, 𝑋𝑌𝑍, 𝐻𝑆𝑉, and
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(a) (b) (c) (d) (e)

Figure 5: Visual comparison of segmentation results for automatic GrabCut applied in the (a) 𝑅𝐺𝐵, (b) 𝑌𝑈𝑉, (c) 𝑋𝑌𝑍, (d) 𝐶𝑀𝑌, and (e)
𝐻𝑆𝑉 color spaces.
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Table 2: Experimental segmentation results on different color spaces using automatic GrabCut.

Image Error rate % Overlap score rate %
RGB YUV XYZ CMY HSV RGB YUV XYZ CMY HSV

1 18.70 20.09 5.45 36.31 5.21 58.57 92.99 98.47 98.05 99.24
2 5.74 2.79 2.92 2.91 19.19 75.69 98.85 98.63 97.95 98.86
3 7.31 5.51 3.90 3.76 5.37 85.48 95.38 99.21 99.31 98.22
4 3.09 3.07 18.95 3.08 12.67 97.02 99.19 88.13 99.11 100
5 3.75 3.76 4.20 42.25 74.38 85.18 89.33 85.70 99.19 96.56
6 0.86 0.86 0.89 30.82 29.90 97.17 99.51 99.56 74.05 98.20
7 2.40 2.33 2.28 1.20 36.11 69.01 99.85 99.76 93.21 98.43
8 1.08 6.94 1.08 2.68 2.68 90.81 44.91 97.27 88.69 88.74
9 2.17 2.16 2.17 31.43 28.80 97.31 99.22 99.24 82.93 85.93
10 2.81 4.19 4.23 4.81 5.69 96.35 99.90 99.92 97.39 100
11 2.05 2.07 2.18 14.99 15.93 97.04 99.91 99.59 63.79 61.16
12 4.93 5.22 4.97 4.44 8.29 89.32 92.48 93.30 96.81 81.42
13 2.30 2.39 2.42 42.31 27.58 95.64 98.73 99.03 99.91 97.09
14 2.56 2.81 3.06 4.15 4.28 96.41 98.37 97.97 94.79 94.55
15 3.50 3.68 3.68 5.27 12.71 91.98 99.28 99.28 99.22 88.40
16 3.02 2.94 2.98 8.78 49.66 93.80 98.89 98.94 99.56 99.79
17 2.10 2.20 2.12 35.89 6.09 95.11 99.07 99.00 99.65 81.17
18 3.86 6.71 6.76 35.85 80.23 91.06 98.95 98.71 96.36 100
19 2.92 37.29 45.78 5.06 6.40 93.30 99.88 64.12 90.29 99.84
20 1.44 1.43 1.47 8.48 27.59 96.43 98.95 99.10 98.04 98.82
21 1.27 1.27 1.04 1.55 22.74 94.64 99.70 98.99 98.18 99.92
22 3.16 3.39 3.39 5.21 5.29 93.73 94.65 94.36 89.97 89.85
23 2.58 3.21 3.56 3.25 3.28 93.74 95.13 94.91 94.95 95.58
Avg. 3.64 5.49 5.63 14.54 21.31 90.21 95.35 95.79 93.54 93.55
SD 3.61 7.92 9.47 15.24 21.64 9.87 11.37 7.84 9.01 9.29
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Figure 6: Comparison of average accuracy measures for applying
automatic GrabCut segmentation on different color spaces.

𝐶𝑀𝑌. The experimental results show that the segmentation
results depending on the 𝑅𝐺𝐵 color space provided the best
segmentation results compared to other color spaces for the
considered set of images.

This study can be improved by enlarging the dataset and
including different kinds of images. On the other hand, future
work might include modifying the energy minimization
procedure of the automatic GrabCut to allow for multilabel
optimization and segmentation.
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Datacenters consolidate diverse applications to improve utilization. However when multiple applications are colocated on such
platforms, contention for shared resources like networks-on-chip (NoCs) can degrade the performance of latency-critical online
services (high-priority applications). Recently proposed bufferless NoCs (Nychis et al.) have the advantages of requiring less area
and power, but they pose challenges in quality-of-service (QoS) support, which usually relies on buffer-based virtual channels
(VCs). We propose QBLESS, a QoS-aware bufferless NoC scheme for datacenters. QBLESS consists of two components: a routing
mechanism (QBLESS-R) that can substantially reduce flit deflection for high-priority applications and a congestion-control
mechanism (QBLESS-CC) that guarantees performance for high-priority applications and improves overall system throughput.We
use trace-driven simulation tomodel a 64-core system, finding that, when compared to BLESS, a previous state-of-the-art bufferless
NoC design, QBLESS, improves performance of high-priority applications by an average of 33.2% and reduces network-hops by an
average of 42.8%.

1. Introduction

Web service companies such as Google, Yahoo, Amazon, and
Microsoft deploy datacenters with hundreds to thousands of
machines to host millions of users, all of whom may be run-
ning large, data-intensive applications [1]. Latency-critical
interactive applications must provide quality of service that
is predictable and often strictly defined. To satisfy variable
daily demands and to avoid contention for shared memory
and network resources, datacenter operators overprovision
resources, which results in poor resource utilization. Finding
better ways to deliver the required QoS is thus essential for
improving datacenter efficiency and managing costs.

Networks-on-chip are important shared resources in the
manycore devices that will likely be used to build future
datacenters. The NoCs in such chips are responsible for
conveying operands between cores, accessing main memory,
managing coherence, and performing I/O [2–4].

Traditional NoCs use router buffers to reduce the number
of dropped or deflected (misrouted) packets. These buffers,

however, improve effective bandwidth at the expense of
design complexity, chip area, and power consumption [4, 5].
Furthermore, these costs increase with the number of cores,
making bufferless NoCs attractive for large-scale manycore
chips [5, 6].

In contrast, bufferless NoCs eliminate on-chip router
buffers so that when a flit arrives, a router must immediately
select an appropriate output port to forward it. Although
previous studies show that bufferless NoCs can reduce router
area by 60% and save power consumption by 40% [5], the
difficulty in providing QoS in such designs has prevented
their use in datacenter environments with latency-critical
applications. The NoCs used in datacenters generally rely on
buffers to create virtual channels for different levels of service
[7].

To address the problem, we propose QBLESS, a QoS-
aware bufferless NoC scheme targeting datacenters. Instead
of using the prevalent VC-based QoS mechanisms, QBLESS
tags flits with priority bits and leverages this information in
its deflection routing and congestion-control mechanisms.
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The flits of latency-critical applications are assigned a high
priority, making them privileged with respect to routing in
the QBLESS NoC.

QBLESS routers implement two arbitration mechanisms
based on priority information. First, the routing mechanism
always allocates appropriate output ports to privileged flits
and deflects flits of low-priority applications. To avoid live-
lock, the high-priority flits undergo loss of privilege after
𝑁 hops, where 𝑁 is a system parameter influenced by
factors such as application memory access characteristics
and network size (for more details, see Section 3.1). Second,
QBLESS adopts a dynamic source-throttling mechanism
to control network congestion according to two rules: (1)
privileged sources will never be throttled and (2) the throt-
tling rates of nonprivileged sources are proportional to their
IPFs (instructions-per-flit), a measure that indicates memory
access intensity.

To enable the QBLESS NoC scheme, we add a QoS-
register to each core and design a router architecture that
can be programmed for various applications demands. We
study QBLESS in simulator, experimental results which show
that QBLESS effectively improves QoS and performance.
Compared to BLESS [5], a current state-of-the-art bufferless
NoC, QBLESS improves the performance of latency-critical
applications by up to 55.1% (60.0%) in a 64-core (100-
core) system with an 8 × 8 (10 × 10) mesh NoC. Average
improvement is 33.2% (38.2%). Somewhat counterintuitively,
QBLESS does not hurt low-priority applications but improves
their performance by 1.7%, on average, over BLESS.

2. Background and Related Work

Datacenters are built from high-end chip multiprocessor
(CMP) servers. CMPs rely on efficient networks-on-chip
to synchronize cores and to coordinate access to shared
memory and I/O resources. Here we present background
specific to datacenter NoCs and briefly survey the most
relevant prior work.

2.1. QoS and Utilization in Datacenters. In datacenters using
CMPs with tens of cores, more and more workloads are
deployed on a single server, and thus they must share
resources. Kambadur et al. [8] point out that in Google
datacenters, an average of 14 hyperthreads form heteroge-
neous applications run simultaneously on one server. For
instance, on a single machine, there may be five to even
twenty unique applications running together. Such mixed
workloads degrade application performance. In particular,
they can influence the QoS of interactive online services,
which is strongly related to user experience and is a key
factor in the revenue of the Internet companies. Datacenter
operators thus overprovision resources to guarantee QoS to
these latency-critical applications, even if doing so lowers
resource utilization. For instance, Google [9] reports that
CPU utilization in a typical 20,000-server datacenter for
online services averaged about 30% during January through
March, 2013. In contrast, batch-workload datacenters aver-
aged 75% CPU utilization during the same period.

Modern datacenters sacrifice server utilization to guar-
antee the QoS of online services by separating them from
batchworkloads. Previous efforts to increase utilizationwhile
keeping a high level of QoS have colocated the two incom-
patible kinds of workloads on the same node to eliminate
interference. Tang et al. explore the impact of the shared
memory subsystem (including the last level cache (LLC) and
front side bus (FSB)) on Google datacenter applications [10].
They propose ReQoS [1] to monitor the QoS of latency-
sensitive applications and adaptively reduce the memory
demands of low-priority applications. They also study the
negative effects that nonuniform memory access (NUMA)
[11] brings to Google’s important web services like the Gmail
backend and web-search frontend.

Previous work on guaranteeing datacenter QoS mainly
focuses on the on-chip and off-chip memory subsystems.
However, just as the security level is defined by the weakest
component, QoS is dictated by the least robust participant:
this means that all shared resourcesmust be QoS-aware if any
are to meet service-level agreements (SLAs). Improving NoC
QoS technology for interactive datacenter applications is thus
one promising direction for achieving higher throughput and
greater energy-efficiency.

2.2. QoS-Aware Buffered NoCs. Dally and Towles [7] show
that adding buffers to create virtual channels not only pre-
vents deadlock but also makes it possible to provide different
levels of service.

Many buffer-based QoS approaches have thus been
proposed for NoCs. For example, MANGO [12] guarantees
QoS by prioritizing virtual circuits and partitioning
virtual channels (VCs) with different priorities. Instead of
prioritizing VCs, Bolotin et al. [13] propose prioritizing
control packets over data packets. Das et al. [14] propose
application-aware prioritization policies to improve overall
application throughput and ensure fairness in NoCs. Grot
et al. [15] propose a preemptive virtual clock (PVC) scheme
to reduce dedicated VCs for QoS-support. Ouyang and Xie
[16] design LOFT, a scheme that leverages a local frame-
based scheduling mechanism and a flow-control mechanism
to guarantee QoS. Grot et al. propose Kilo-NOC [17], a
topology-aware QoS NoC architecture, that can substantially
reduce buffer overhead.

2.3. Bufferless NoCs. Some recent work focuses on alternative
designs that are tradeoff power consumption, die area, and
performance. One promising direction is bufferless routing
[5], which temporarily misrouts or drops and retransmits
packets to effectively resolve output port contention. Mosci-
broda and Mutlu [5] propose the BLESS routing algorithm
which consists of a set of rules for routers to select flits and
output ports. Fallin et al. [18] propose the CHIPPER router
architecture to reduce the complexity of BLESS control logic.

Bufferless routing yields significant network power
savings with minimal performance loss when the network
load is low-to-medium. In such bufferless NoCs, router area
is reduced by 40–75% and power consumption is reduced
by 20–40% [5, 6, 18]. However, for network-intensive
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workloads, bufferless routing behaves much worse than
traditional buffered NoCs due to high deflections rates and
bandwidth saturation.

To bridge the performance gap between the buffered and
bufferless NoCs at high network load, one possible approach
is to directly improve the efficiency of bufferless deflection
routing. Previous work [6, 19–21] uses source-throttling or
constraining applications’ network request rates to reduce
deflection-rates and improve overall system throughput.
Nychis et al. [6] propose the BLESS-throttling (BLESS-T)
algorithm to mitigate congestion by limiting traffic from
NoC-insensitive applications. Ausavarungnirun et al. [19]
propose an application-aware mechanism, adaptive cluster
throttling (ACT), to improve throughput and fairness by
throttling cluster of application. Kim et al. [20] propose
clumsy flow-control (CFC) to degrade network congestion by
implementing credit based flow-control in bufferless NoCs.

Another approach is to make a hybrid network that can
adaptively switch between the higher-capacity bufferedmode
and lower-cost bufferless mode. Jafri et al. [22] propose adap-
tive flow-control (AFC) to allow routers to switch between
backpressure mode (in which they store incoming flits) and
back pressureless mode (in which they use deflection), which
performs well under both high and low network loads.

Previous proposals are effective in improving throughput
and fairness of bufferless NoCs but they are not suited
for datacenter environments with mixed workloads where
the performance of latency-critical applications might be
substantially degraded. In this work, we investigate both
congestion control and deflection routing, finding that the
latter is more effective in guaranteeing QoS in bufferless
NoCs.

2.4. QoS-Aware Bufferless NoCs. Since almost all QoS-
support techniques are based on buffer-based VCs, imple-
menting QoS-support in bufferless NoCs remains an open
problem.

NoCs are shared by many cores; a QoS-oblivious buffer-
less NoCmay substantially degrade performance for latency-
critical applications, even if overall throughput is high. To
investigate this, we simulate a 64-core system and measure
the impact of NoC contention. We designate h264ref from
SPECCPU2006 [23] to be a high-priority application, and we
randomly mix it with other (low priority) applications. Fig-
ure 1 illustrates that, as the number of additional applications
increases from three to 63, the IPC (instruction per cycle) of
h264ref declines by 35%.

Figure 2 illustrates that BLESS-T, a state-of-the-art buffer-
less routing and congestion-control mechanism, still per-
forms poorly with respect to guaranteeing SLA-level QoS
for datacenter environments (here we take mcf from SPEC
CPU2006 as the critical application). There are two reasons
for this. First, BLESS-T allows data flits from high-priority
critical applications to be deflected by low-priority flits.
Figure 2 shows that mcf suffers from severe flit deflection
at a rate of 51–59% (54% on average) in an 8 × 8 NoC.
Second, since BLESS-T uses IPF as the metric to perform
source-throttling, a critical application with low IPF may be
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chosen as the throttling victim. Thus the application stays
in a starvation state in which it is prevented from injecting
flits into network. For example, our experimental results show
that the throttling rate of mcf is 40%, on average.

On the one hand, bufferless NoCs have the advantages
of small area and low power. On the other hand, SLA-level
QoS-support is essential for improving datacenter utilization
through resource sharing.These factors motivate us to inves-
tigate how to design and implement QoS on bufferless NoCs.

3. QBLESS Design

We propose QBLESS, a QoS-aware bufferless NoC design, for
datacenter environments. Figure 3 illustrates the organization
of our QBLESS scheme. In particular, QBLESS consists of
three components: (1) a bufferless routing mechanism is
responsible for selecting appropriate output ports for incom-
ing flits in light of priority information (Section 3.1); (2)
a congestion-control mechanism implements source throt-
tling, obeying a new set of rules to adjust throttling rates (Sec-
tion 3.2); and (3) a taggingmechanism conveys application flit
priority information to NoC routers (Section 3.3).

To integrate these mechanisms into NoCs, we need to
add a set of registers and to modify some components in the
routers. Figure 3 shows these modules we add (in red) and
the modules we modify (in blue). We present the details of
our three mechanisms in the following subsections.
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3.1. QBLESS Routing (QBLESS-R)

3.1.1. Illustrative Example. Figure 4 illustrates the principle of
theQBLESS-Rmechanism. A high-priority application sends
a flit via path (8→ 5→ 2) according to the rules of dimension-
order routing, as shown in Figure 4(a). Meanwhile, a low-
priority application wants to send a flit through path (3→
4→ 5→ 2). The flit of the low-priority application is sent one
cycle before its competitor so that the two flits arrive at router
number 5 at the same time.They contend for the same output
port to router number 2. Since there is no buffer, one must be
deflected in a wrong direction.

Previous routing algorithms usually adopt age-based
arbitration to determine which flit to deflect, regardless of
the priority of the data flits. Therefore, in this case, because
the age of the low-priority flit is one hop larger than that
of the high-priority flit, the high-priority flit is deflected to
router number 4, as shown in Figure 4(b). Figure 4(c) shows
that QBLESS allows the high-priority flit to go through
router number 5 and deflects the low-priority flit to router
number 4. Thus, compared to the QoS-unaware routing
algorithm, QBLESS removes two hops from the path of the
high-priority flit.

To achieve this, a QBLESS router must perform two
tasks: ranking flits to select an appropriate flit candidate (flit-
ranking) and prioritizing available output ports to select an
appropriate one (port-prioritizing).

3.1.2. Flit-Ranking. Previous routing algorithms usually
adopt age-based arbitration, for example, BLESS using
an oldest-first (OF) ranking policy that performs best
in most scenarios in terms of latency, deflection-rate, and

energy-efficiency [5]. However, the OF-only ranking policy is
unaware of priority, which means that flits of latency-critical
applications will inevitably be deflected.

In QBLESS, a high-priority flit obtains a privilege-age
when injected into the NoC, which means that the age of the
high-priority flit is a certain number of hops ahead of low-
priority flits. As shown in Figure 3, the value of this privilege-
age is stored in a register and is programmable via software.

Determining the value of the privilege-age is criti-
cal to effectiveness of the QBLESS routing. The value
should be large enough to allow high-priority applica-
tions to always beat low-priority ones. For low-priority
applications, privilege-age should be small enough to avoid
livelock.

The value of privilege-age is determined by the net-
work parameters (size, diameter), the individual application
characteristics (IPF and data locality), and the network
confliction. In practice, privilege-age is an empirical param-
eter that reflects QBLESS’s ability to guarantee high-priority
applications. Since it is programmable, we can dynamically
adjust its value according to NoC performance. We evaluate
the impact of privilege-age in Section 5.2.

3.1.3. Port-Prioritizing. When a flit arrives at the router, the
router first tries to assign it to its preferred port. If the
preferred port is occupied, the router assigns it to a deflecting
port.The routing algorithmmust guarantee that low-priority
flits are not deflected indefinitely.

3.2. QBLESS Congestion Control. Starvation occurs due to
congestion when a router exhausts all its ports and cannot
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Figure 4: Example of QBLESS-R.

inject new flits into the NoC. For bufferless NoCs, conges-
tion increases the deflection-rate, and deflections exacerbate
congestion. Thus, congestion control is important for both
throughput and latency.

Throttling a specific application is an effective approach
for mitigating starvation, but it degrades the performance
of the victim application. Previous studies [6, 19–21] try to
enforce overall system throughput and fairness according
to IPF, MPKI (misses per kilo-instructions), and injection
rate. Although such mechanisms (e.g., BLESS-T) are effective
for improving fairness, they are unsuitable for datacenter
environments.

Figure 5 illustrates the principles of the QBLESS-CC
mechanism. Like previous schemes, QBLESS-CC also adopts
source-throttling to control congestion. In contrast to those
previous schemes, QBLESS-CC can recognize network nodes

injecting high-priority flits and avoid throttling them, as
shown in Figure 5(b).

Table 1 illustrates QBLESS-CC rules. Program execution
is divided into a series of epochs. During each epoch, each
network node performs two tasks: determining throttling rate
and monitoring/updating statistics. To achieve these goals,
we add a set of registers to each router to record the dynamic
throttling rate and to track the number of starvation cycles,
injected flits, and retired instructions (see Figure 3). There
is a global controller that periodically collects these data to
identify congestion spots and to calculate throttling rates.
Specifically, QBLESS-CCneeds to address the following three
issues.

3.2.1. When to Throttle. In each epoch, a global controller
collects the IPF and starvation rate of each router. If any
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Table 1: Interval-based QBLESS congestion control.

Each node Global controller

(1) Dynamically throttle according to global controller information
from previous quantum
(2) Monitor IPF and starvation throughout this quantum

(1) Collect node measurements from previous quantum
(2) Identify congestion spots
(3) Calculate throttling rate for next quantum
(4) Broadcast throttling rate
(5) Wait for next quantum and repeat
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Figure 5: Example of QBLESS-CC.

router’s starvation rate exceeds a threshold, the network is
deemed to be congested. Note that each router has its own
threshold:

threshold = min(𝛼 +
𝛽

IPF + priority × 𝜆
, 𝛾) . (1)

Equation (1) defines the relationship between IPF, prior-
ity, and threshold. These coefficients are not fixed and can be
changed by the operating system.

3.2.2. Whom to Throttle. Generally, high-priority applica-
tions are not targeted for throttling. Low-priority applications
whose IPFs are lower than the average value are selected as
throttling candidates.

3.2.3. How Much to Throttle. Lower IPF indicates less NoC
sensitivity, and thus applications with lower IPF can be
throttled more than others. In particular, we adopt the
algorithm of BLESS-T [6] and add priority to the calculation
of the throttling rate as shown in (2). As in (1), all coefficients
are programmable:

throttlerate = min(𝜌 + 𝜎

IPF + Priority × 𝜑
, 𝜏) . (2)

3.3. QoS Identification. Each flit has a (potentially multibit)
priority tag. For example, one bit can be used to indicate
two priority levels. To make the QBLESS scheme easy to
understand, we use just one bit to present our design. In
practice, priority levels can be extended (Section 5.3).

The priority tags are obtained from application QoS
registers in the CPU cores. Specifically, we leverage a QoS
framework that adds priority information to each process
control block (PCB), and we add a corresponding QoS-
register to each core (see Figure 3).Thepriority information is
programmed by the operation system (OS). Upon a context
switch, the OS stores the value of the QoS-register into the
PCB of the old process and then loads the new priority value
from the process to be run. On each memory access request,
the core reads the value from the QoS-register and sets the
priority value for the request. Thus all the NoC packets
contain this priority information.

4. Methodology

4.1. Simulator Model. We use MacSim [24], a trace-driven,
cycle-level, heterogeneous architecture simulator. MacSim
models a detailed pipeline (in-order and out-of-order), a
memory system that includes caches, the NoC, and the
memory controllers.Wemodel an 8×8 (10×10)-mesh CMP.
Table 2 shows the parameters of our system.We run 10million
cycles for each experiment.
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Figure 6: Performance of high-priority applications.

Table 2: System parameters for evaluation.

Network
Topology 2D mesh, 8 × 8 (10 × 10) size
Routing algorithm QBLESS (BLESS)
Routing latency 2 cycles

Core Out-of-order, 16 MSHR, 128 instructions window size
L1 I-cache and D-cache: 32 KB, 64 B line-size, 2-way, LRU, 2-cycle hit. The L1 caches are private to each core

L2 cache Per-block interleaving, shared, distributed, 64 B line-size, perfect
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Figure 7: Performance of low-priority applications (normalized to
BLESS).

4.2. Workloads. We evaluate randomly generated multipro-
grammed workloads from 29 SPEC CPU2006 on both the
64-core and 100-core systems. Each workload consists of one
high-priority application and other low-priority applications.
For each application, we capture the instruction trace of a
representative execution slice using a Pin tool [25].

4.3. QBLESS Parameters. We determine the following algo-
rithm parameters based on empirical evaluations [6]:
privilege-age is set to 32, and the period of network infor-
mation collection 𝑇 is set to 100K cycles. For the congestion
threshold, we set the range limit from 𝛼 = 0.01 to 𝛾 = 0.7. We
set the coefficient 𝛽 = 0.4 and the priority associated factor
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Figure 8: Performance breakdown of routing and congestion
control (normalized to solo).

𝜆 = 2. We set the throttling rate interval to go from 𝜌 = 0.25
to 𝜏 = 0.8, and the factor 𝜎 = 0.9, 𝜑 = 2.

4.4. Comparison Mechanisms. To evaluate QBLESS, we
implement two previously proposed bufferless routing and
congestion-control mechanisms in our simulator: BLESS [5]
and BLESS-T [6].

5. Evaluation

In this section, we evaluate the effectiveness and scalability of
QBLESS.
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Figure 9: Average network-hops of high-priority applications.

5.1. Overall Performance

5.1.1. High-Priority Applications. Figure 6 shows the IPC
slowdown of the high-priority applications in each of the 29
workloads. The results are normalized to solo execution (the
selected high-priority application runs alone). According to
Figure 6, QBLESS reduces IPCs by less than 10% on average.
This is much better than BLESS, which is unaware of SLA-
level QoS. Although BLESS-T can reduce network congestion
to improve system performance by throttling network nodes,
it is unable to distinguish high-priority applications from
low-priority ones. High-priority applications thus suffer from
being heavily throttled. As expected, our results demonstrate
that, for high-priority applications, QBLESS performs much
better than methods that have no SLA-level QoS guarantee
mechanism.

5.1.2. Low-Priority Applications. AlthoughQBLESS can guar-
antee the QoS requirements of high-priority applications,
the overall throughput of other low-priority applications
is also improved. Figure 7 illustrates these counterintuitive
results; QBLESS improves the throughput of low-priority
applications by 0.4%∼3.0% and 1.7% on average. Compared
to BLESS-T, the overall system throughput of the most low-
priority workloads drops negligibly by only 0.4%.

There are two reasons for this: first, QBLESS-CC
can reduce network congestion to improve overall system
performance; second, QBLESS-R ensures that the flits of low-
priority applications arrive at their destinations after a certain
number of hops of delay.

Based on Figures 6 and 7, we conclude that QBLESS
improves performance for high-priority applications with
negligible impact on corunning low-priority applications.

5.2. Analysis

5.2.1. Performance Breakdown of Routing and Throttling.
Figure 8 illustrates the performance breakdown of the routing
mechanism and the congestion-control mechanism.The bars
are sorted in the ascending order of QBLESS-CC. Figure 8
shows that QBLESS-R contributes more than 90% to the

performance improvement of the high-priority applications,
indicating the effectiveness of QBLESS-R.

On the other hand, congestion control is also effective
for some applications, such as gcc, although the benefit is
not that obvious due to relative low network intensity of
our workload traces. In fact, as pointed out by Nychis et al.
[6], network congestion can cause application throughput
reductions for both small and large network loads. So we
believe that QBLESS can gain more benefits from QBLESS-
CC when network is more heavily congested.

5.2.2. Average Network Hops. As illustrated in Figure 9, the
network-hops of QBLESS are 3.9 to 5.6 (4.4 on average),
which reduces the average network-hops by 41.7% and
38.9%, respectively, compared to BLESS and BLESS-T. The
deflection-rate of high-priority application is largely reduced,
since QBLESS-R prioritizes the flits of latency-critical appli-
cation and assigns the preferred ports.

5.2.3. Privilege-Age. Asmentioned in Section 3.1, the value of
privilege-age is critical to the effectiveness of QBLESS-R but
is difficult to be determined. We conduct many experiments
and results in Figure 10 show that 32 is a good enough empir-
ical value for privilege-age. It is interesting that privilege-age
has negligible impact on low-priority applications.Therefore,
we choose privilege-age = 32 for QBLESS evaluation. It is
worth noting that privilege-age is programmable.

5.3. Scalability

5.3.1. Multiple Priorities. In previous experiments, QBLESS
supports only two priorities. We extend QBLESS to support
4 priorities (three-level high priorities and one low priority)
by using two priority bits. Figure 11 shows that higher priority
yields better performance. For example, the highest priority
applications achieve 94.5%∼96.7% performance compared to
solo while the middle and lower priority applications achieve
85.3%∼90.7% and 73.8%∼84.2%, respectively. These gradient
performance results conclude that QBLESS can be extended
to support multipriority easily with very low cost.
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5.3.2. 100 Cores. We perform experiments to evaluate
QBLESS in a 100-core system. As shown in Figure 12,
compared to BLESS and BLESS-T, QBLESS improves the
performance of latency-critical application by 3.2%∼60.0%
(38.2% on average) and 3.0%∼59.4% (35.7% on average),
respectively, which is more significant than the 64-core sys-
tem.This means that QBLESS can achieve good performance
scalability with SLA-QoS as the number of core increases.

5.4. HardwareOverhead. Themajor source of hardware over-
head of QBLESS is the modification of router architecture,
which is required to measure the starvation rate at each
node and to throttle injection. As shown in Figure 3, in each
router, QBLESS requires three 32-bit counters and two 8-bit
control registers. Additionally, an 8-bit register is required
in each core to store the QoS information derived from the
application level. Each tile, containing one process core and
one router, requires only 15 bytes (= 3 × 4B + 2 × 1B + 1B) of
storage overhead in total, which is much less than the storage
overhead for implementing the buffered router (256 bytes per
router).

6. Conclusion

We propose QBLESS, a hardware programmable approach
for reducing in-network contention in bufferless NoCs.
QBLESS adaptively selects the routed output port and throt-
tling rate of low-priority applications to ensure the QoS of
high-priority latency-critical corunners. We examine both
application level and network level performance in 8 × 8 and
10×10 networks and show significant QoS improvements for
latency-critical applications on a variety of real workloads.
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A discrete bat algorithm (DBA) is proposed for optimal permutation flow shop scheduling problem (PFSP). Firstly, the discrete bat
algorithm is constructed based on the idea of basic bat algorithm, which divide whole scheduling problem intomany subscheduling
problems and then NEH heuristic be introduced to solve subscheduling problem. Secondly, some subsequences are operated with
certain probability in the pulse emission and loudness phases. An intensive virtual population neighborhood search is integrated
into the discrete bat algorithm to further improve the performance. Finally, the experimental results show the suitability and
efficiency of the present discrete bat algorithm for optimal permutation flow shop scheduling problem.

1. Introduction

Scheduling problems are taking the very important effect
in both manufacturing systems and industrial process for
improving the utilization efficiency of resources [1], such
as, aircraft landing scheduling problem, job shop scheduling
problem, and flow shop scheduling problem. In the past
several decades, scheduling problems are widely researched.
Permutation flow shop scheduling problem (PFSP) is one
of best known production scheduling problems, which can
be viewed as a simplified version of the flow shop problem
and has been proved that non-deterministic polynomial
(NP) time [2]. Due to its significance in both academic and
engineering applications, the permutation flow shop with the
criterion of minimizing the makespan, maximum lateness
of jobs, or minimizing total flow time, a great diversity
of methods have been proposed to solve PFSP and some
achievements were obtained.

So far, there aremanymethods that have been introduced
for solving PFSP with the objective of minimizing the
makespan. To sum up, these methods can be classified into
three categories: exact methods, constructive heuristic meth-
ods, and metaheuristic algorithms based on the constructive
operation and neighborhood search. Exact methods include

branch and bound method [3], integer linear programming
method [4], and so on. Constructive heuristicmethodswhich
build some rule to construct a feasible scheduling, such as,

Johnson method, Rajendran NEH can be viewed as
the typical cases [5]. Among them, the NEH is one of
the most successful constructive methods and can provide
comparable results with metaheuristics. The metaheuristics
mainly include genetic algorithm (GA) [6], particle swarm
optimization algorithm (PSO) [7], differential evolution (DE)
[8], and bat algorithm (BA) [9] and so on. Many metaheuris-
tic algorithms are used to solve flow shop scheduling based
on the constructive operation and neighborhood search in
the past few years. In [6], Wang and Zheng proposed a
SGA to solve flow shop scheduling, which used the well-
known NEH combined with GA to generate the initial
population and applied multicrossover operators to enhance
the exploring potential. In [10], Tasgetiren et al. applied the
PSO algorithm to solve PFSP for makespan and total flow
time minimization by using the smallest position value rule
borrowed from the random key representation of GA, and
the proposed algorithm was combined with the variable
neighborhood-based local search, as called PSO VNS. Liu
et al., in [11], proposed an efficient particle swarm optimiza-
tion based mimetic algorithm (MA) for PFSP to minimize
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the maximum completion time. In [12], two effective heuris-
tics are used during the local search to improve all generated
chromosomes in every generation. Yagmahan and Yenisey
have proposed a multiobjective ant colony system algorithm
to simultaneously minimize objectives of makespan and total
flow time [13]. Tasgetiren et al. present a discrete artificial bee
colony algorithm hybridized with a variant of iterated greedy
algorithms to find the permutation that gives the smallest
total flow time [14]. In [15], a novelmechanism is employed in
initializing the pheromone trails based on an initial sequence,
and the pheromone trail intensities are limited between lower
and upper bounds which change dynamically. Moreover, a
local search is performed to improve the performance quality
of the solution. In [16], Li and Yin applied a differential evolu-
tion based memetic algorithm, named ODDE, to solve PFSP
by combining with NEH heuristic initialization, opposition-
based learning, pairwise local search, and fast local search
in ODDE. In [17], Liu et al. a multipopulation PSO based
memetic algorithm for permutation flow shop scheduling is
proposed. In [18], Mirabi proposed a novel hybrid genetic
algorithm to solve the sequence-dependent permutation flow
shop scheduling problem. In [19], Victor and Framinan
use on insertion tie-breaking rules in heuristics for the
permutation flow shop scheduling problem.

In recent years, a bat algorithm (BA) as a newmetaheuris-
tic optimization algorithm is proposed [9]. BA is inspired
by the intelligent echolocation behavior of microbats when
their foraging. After the bat algorithm is proposed by Yang
in 2010, bat algorithm is used to solve various optimization
problems. For example, Gandomi et al. focus on solving con-
strained optimization tasks [20]. Yang and Gandomi apply
bat algorithm to solvemany global engineering optimizations
[21]. Mishra et al. present a model for classification using
bat algorithm to update the weights of a functional link
artificial neural network (FLANN) classifier [22].Meanwhile,
there are improved bat algorithms that are applied to various
optimization problems; Xie et al. proposed a DLBA bat
algorithm based on differential operator and Lévy flights
trajectory to solve function optimization and nonlinear
equations [23]. Wang et al. proposed a new bat algorithm
with mutation (BAM) to solve the uninhabited combat air
vehicle (UCAV) path planning problem [24]. In this paper,
we propose a discrete bat algorithm (DBA) to solve PFSP.
Here, the DBA is constructed based on the idea of continuous
bat algorithm, which divide whole scheduling problem into
many subscheduling problems, then NEH heuristic was
introduced to solve subscheduling problem. Moreover, some
subsequences are operated with certain probability in the
pulse emission and loudness phases. An intensive virtual
population neighborhood search is integrated into the DBA
to further improve the performance. Finally, the experimental
results show the effectiveness of the discrete bat algorithm for
PFSP.

2. Problem Descriptions and Bat Algorithm

2.1. Permutation Flow Shop Scheduling Problem. The permu-
tation flow shop scheduling problem (PFSP) in the paper

consists of a set of jobs on a set of machines with the objective
of minimizing the makespan. In PFSP, 𝑛 jobs are to be
processed on a series of 𝑚 machines, sequentially. All jobs
are processed in the same permutation; meanwhile, every job
is processed in one machine only once and each machine can
only process one job at a time, and all jobs are processed in
an identical processing order on all machines.

The permutation flow shop scheduling problems are often
denoted by the symbols 𝑛 | 𝑚 | prmu | 𝐶max, where 𝑛
represents the number of jobs;𝑚 is the number of machines;
prmu denotes the type of flow shop scheduling problem; and
𝐶max is the makespan. Let 𝑡

𝑖,𝑗
(1 ≤ 𝑖 ≤ 𝑛, 1 ≤ 𝑗 ≤ 𝑚) be the

times of job 𝑖 processed on machine 𝑗, assuming preparation
time for each job is zero or is included in the processing time
𝑡
𝑖,𝑗
; 𝜋 = (𝑗

1
, 𝑗
2
, . . . , 𝑗

𝑛
) is a scheduling permutation of all jobs.

Π is set of all scheduling permutation. 𝐶(𝑗
𝑖
, 𝑘) is completion

time of job 𝑗
𝑖
onmachine 𝑘, and every jobwill be processed on

machine 1 to machine𝑚 orderly. The completion time of the
permutation flow shop scheduling problem according to the
processing sequence 𝜋 = (𝑗

1
, 𝑗
2
, . . . , 𝑗

𝑛
) is shown as follows:

𝐶 (𝑗
1
, 1) = 𝑡

𝑗
1
,1
,

𝐶 (𝑗
𝑖
, 1) = 𝐶 (𝑗

𝑖−1
, 1) + 𝑡

𝑗
𝑖
,1
, 𝑖 = 2, 3, . . . , 𝑛,

𝐶 (𝑗
1
, 𝑘) = 𝐶 (𝑗

1
, 𝑘 − 1) + 𝑡

𝑗
1
,𝑘
, 𝑘 = 2, 3, . . . , 𝑚,

𝐶 (𝑗
𝑖
, 𝑘) = max {𝐶 (𝑗

𝑖−1
, 𝑘) , 𝐶 (𝑗

𝑖
, 𝑘 − 1)} + 𝑡

𝑗
𝑖
,𝑘
,

𝑖 = 2, 3, . . . , 𝑛, 𝑘 = 2, 3, . . . , 𝑚,

𝜋
∗
= arg {𝐶max (𝜋) = 𝐶 (𝑗𝑛, 𝑚)} → min, ∀𝜋 ∈ Π,

(1)

where 𝜋
∗
is the most suitable arrangement which is the goal

of the permutation flow shop problem to find 𝐶max(𝜋∗) is the
minimal makespan.

2.2. Bat Algorithm (BA). The bat algorithm (BA) is an
evolutionary algorithm first introduced by Yang in 2010 [9].
In simulations of BA, under several ideal rules, the updated
rules of their positions 𝑥

𝑖
and velocities V

𝑖
in a D-dimensional

search space are defined. The new solutions 𝑥𝑡
𝑖
and velocities

V𝑡
𝑖
at generation 𝑡 are given by

𝑓
𝑖
= 𝑓min + (𝑓max − 𝑓min) 𝛽,

V𝑡
𝑖
= V𝑡−1
𝑖
+ (𝑥
𝑡

𝑖
− 𝑥
∗
) 𝑓
𝑖
,

𝑥
𝑡

𝑖
= 𝑥
𝑡−1

𝑖
+ V𝑡
𝑖
,

(2)

where 𝛽 ∈ [0, 1] is a random vector drawn from a uniform
distribution, 𝑓

𝑖
denotes frequency of each bat, and the

frequency𝑓
𝑖
∈ [𝑓min, 𝑓max]. Here 𝑥∗ is the current global best

location (solution) which is located after comparing all the
solutions among all the 𝑛 bats.

After the position updating of bat, a random number is
generated; if the random number is greater than the pulse
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Begin
Initialization. Set the generation counter 𝑡 = 1; Initialize the population of𝑁𝑃 bats
𝑃 randomly and each bat corresponding to a potential solution to the given problems;
define loudnes 𝐴

𝑖
, pulse frequency 𝑄

𝑖
and the initial velocities V

𝑖
(𝑖 = 1, 2, . . . , 𝑁𝑃);

set pulse rate 𝑟
𝑖
.

While the termination criterion is not satisfied or 𝑡 < 𝑀𝑎𝑥𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 do
Generate new solutions by adjusting frequency, and updating velocities and location
Solutions (2),
if (rand > 𝑟

𝑖
) then

Select a solution among the best solutions;
Generate a location solution around the selected best solution

endif
Generate a new solution by flying randomly

if (rand < 𝐴
𝑖
&& 𝑓(𝑥

𝑖
) < 𝑓(𝑥

∗
))

Accept the new solution
Increase 𝑟

𝑖
and reduce 𝐴

𝑖

endif
Rank the bats and the find the current best 𝑥

∗

𝑡 = 𝑡 + 1;
endwhile

Post-processing the results and visualization.
end.

Algorithm 1: Basic bat algorithm (BA).

Compute the total processing time for each job on m machine;
Generate a sequence 𝑗 = (𝑗

1
, 𝑗
2
, . . . , 𝑗

𝑛
) by sorting the jobs in non-increasing order according to

the total processing time;
The first job is taken. 𝜋

∗
= {𝑗
1
};

for 𝑖 = 1 : 𝑛 − 1
/∗ The implemented operations of NEH and NEH1 is different, the NEH insert a job into all possible

positions of 𝜋
∗
, but the NEH1 only insert a job into the front and rear of 𝜋

∗
. The other operations are

consistent both NEH and NEH1. ∗/
Take job 𝑗

𝑖
form 𝑗 and insert 𝑗

𝑖
into all possible positions of 𝜋

∗
; // Operation of NEH

Take job 𝑗
𝑖
form 𝑗 and insert 𝑗

𝑖
into the front and rear of 𝜋

∗
; // Operation of NEH1

Evaluate the new sequence 𝜋 ← 𝜋
∗
∪ 𝑗
𝑖
;

Select the 𝜋
∗
← 𝜋 with lowest objective value;

endfor
return 𝜋

∗
;

Algorithm 2: The pseudocode of NEH and NEH1.

for each individual
Compute pulse emission rate 𝑟

𝑖
by (6);

if rand > 𝑟
𝑖

/∗ sub-sequence swap ∗/
Randomly select two sub-sequences defined by frequency 𝑓on 𝑥𝑛

𝑖
(𝑡);

Swap the two sub-sequences to generate a new position;
else

/∗ sub-sequence inserting ∗/
Randomly select one sub-sequence defined by frequency 𝑓on 𝑥𝑛

𝑖
(𝑡);

Insert this sub-sequence into a random location in remainder sequence;
endif

endfor

Algorithm 3: The pseudocode of pulse emission rate local operation.
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emission rate 𝑟
𝑖
, a new position will be generated around the

current best solutions, and it can be represented by

𝑥 = 𝑥
∗
+ 𝜀𝐴
𝑡
, (3)

where 𝜀 ∈ [−1, 1] is a random number, while𝐴
𝑡
= ⟨𝐴
𝑡

𝑖
⟩ is the

average loudness of all the bats at current generation 𝑡.
Furthermore, the loudness𝐴

𝑖
and the pulse emission rate

𝑟
𝑖
will be updated and a solution will be accepted if a random

number is less than loudness𝐴
𝑖
and 𝑓(𝑥

𝑖
) < 𝑓(𝑥

∗
).𝐴
𝑖
and 𝑟
𝑖

are updated by

𝐴
𝑡+1

𝑖
= 𝛼𝐴
𝑡

𝑖
, 𝑟

𝑡+1

𝑖
= 𝑟
0

𝑖
[1 − exp (−𝛾𝑡)] , (4)

where 𝛼, 𝛾 are constants and 𝑓(⋅) is fitness function. The
algorithm repeats until the termination criterion is reached.
The basic steps of the bat algorithm (BA) can be described in
Algorithm 1.

3. Discrete Bat Algorithm for PFSP

Since standard BA is a continuous optimization algorithm,
the standard continuous encoding scheme of BA cannot be
used to solve PFSP directly. Meanwhile, many combinational
optimization problems are discrete problem, and PFSP is a
typical case. In order to apply BA to PFSP, there are two
methods: the first method is to solve PFSP using continuous
BA, however, this method needs to construct a direct map-
ping relationship between the job sequence and the vector
of individuals in BA; the second method is to construct a
discrete BA for PFSP. Therefore, in this paper, a discrete bat
algorithm is proposed to solve PFSPwithminimalmakespan.

In addition, for PFSP, some neighborhood search meth-
ods always are used to enhance the quality of the solution,
and the performance is remarkable. In this paper, four neigh-
borhood search methods, that is, insert, swap, inverse, and
crossover, will be employed. These neighborhood operations
are shown in Figure 1.The details of these neighborhoods are
as follows.

Swap.Choose two different positions from a job permutation
randomly and swap them.

Insert.Choose two different positions from a job permutation
randomly and insert the back one before the front.

Inverse. Inverse the subsequence between two different ran-
dom positions of a job permutation.

Crossover. Choose a subsequence in a random interval from
another random job permutation and replace the corre-
sponding part of subsequence.

3.1. Solution Representation in DBA. In original BA, the
position of each virtual bat is viewed as a candidate solution
of problem; these bat individuals adjust the flight speed
by randomly selecting frequency of sonic wave which they
emitted and then update the position of bats. Furthermore,
the pulse emission rate and loudness are used to control
the intensive local search that is process to generate a new

individual around the current global best solution. InDBA, in
general, the position𝑥𝑛

𝑖
(𝑡) of individual 𝑖denotes a scheduling

plan on 𝑡th iteration, where 𝑛 represents the scheduling
plan including 𝑛 jobs. The 𝑥𝑛

𝑖
(𝑡) is also viewed as a 𝜋 =

(𝑗
1
, 𝑗
2
, . . . , 𝑗

𝑛
). For example, if 𝑥4

1
(2) = [3 2 1 4], which

represents the processing order of all jobs on all machines, is
3 → 2 → 1 → 4, this permutation represents the position
of first bat individual in second generation.The velocity V𝑁

𝑖
(𝑡)

consists of a part of scheduling plan or whole scheduling plan
on 𝑡th iteration, where𝑁 ≤ 𝑛.

3.2. Population Initialization. In this paper, the DBA is
applied to explore the new search space. Initial swarm is
often generated randomly, and, in DBA, this initial strategy is
adopted. Meanwhile, recent studies have confirmed the supe-
riority ofNEHover themost recent constructive heuristic [5].
Manymetaheuristic algorithms in order to generate an initial
population with certain quality and diversity take advantage
of theNEHheuristic to generate some individuals and the rest
of the individuals are initialized with random values [16]. In
this paper, this kind of initialization strategy is not including
in DBA, but NEH is used in position updating of bat.
However, a discrete bat algorithm with NEH initialization
strategy is experimented. By experiments, we find that the
combination of NEH initialization strategy and succeeding
operation always deteriorates the population diversity, by
tracking offspring, the results showed that all the individuals
in the final population were similar.

In [25], NEH heuristic is regarded as the best heuristic for
the PFSP. The NEH algorithm is based on the idea that the
high processing time on all machines should be scheduled as
early in the sequence as possible. The NEH heuristic has two
phases.

(1) The jobs are sorted in nonincreasing sums of their
processing time.

(2) A job sequence is established by evaluating the partial
schedules based on the initial order of the first phase.
The standard NEH and a variant of standard NEH
(NEH1) can be described as shown in Algorithm 2;
the only difference of two NEH is that the inserted
position of new job in partial schedules is different:
NEH1 have only two possibilities of inserting.

3.3. Position Updating of Bat. Scheduling problemwithmany
jobs can be viewed as a combination of many subscheduling
problems; as we all know, we can apply dynamic program-
ming to solve this problem. However, in this paper, the
idea of partition is adopted, a complete scheduling sequence
is divided into many segments, and each subscheduling
problem is solved by superior NEH.

In continuous BA, the bat individual randomly selects a
certain range of frequency, and its speed is updated according
to their selected frequency; at last, a new position is generated
using its speed and its own position. In DBA, for each
individual, firstly, a frequency 𝑓 is selected in the range of
frequency [𝑓min, 𝑓max]; frequency 𝑓 denotes the number of
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Figure 1: Four neighborhood operations (swap, insert, inverse, and crossover).

subsequences, where 𝑓min, 𝑓max are two integers in the range
of job amount 𝑛,

𝑓 = ⌊𝑓max + (𝑓min − 𝑓max) × (
𝑡

𝑡max
)⌋ , (5)

where ⌊⋅⌋ denotes rounded down function. Secondly, fre-
quency 𝑓 decides the starting location and ending location
of each subsequence, and the position 𝑥𝑛

𝑖
(𝑡) is divided into 𝑓

subsegments; these subsequences are viewed as the velocity
V𝑁
𝑖,𝑓
(𝑡) of bat individual, where𝑁 ≤ 𝑛.Thirdly, these velocities

are updated by NEH; the new velocity is called V𝑁tmp,𝑓(𝑡). At
last, the corresponding part of 𝑥𝑛

𝑖
(𝑡) is replaced by V𝑁tmp,𝑓(𝑡).

In order to facilitate understanding, there is a simple instance:
𝑓 = 3 ∈ [2, 4], 𝑛 = 8, 𝑥(𝑡) = [5, 1, 3, 2, 4, 7, 6, 8]; V

1
=

[5, 1, 3], V
2
= [2, 4, 7], V

3
= [6, 8]; Vtmp,1 = [1, 3, 5], Vtmp,2 =

[4, 2, 7], Vtmp,3 = [6, 8]; V𝑁
𝑖
(𝑡) = [2, 1, 3], so 𝑥(𝑡 + 1) =

[1, 3, 5, 4, 2, 7, 6, 8].

3.4. Pulse Emission Rate Local Operation. In original BA, the
pulse emission rate and loudness are used to control the
intensive local search, that is to generate a new individual
around the current global best individual 𝑔𝑏𝑒𝑠𝑡 𝑥. In DBA,
each individual has its own pulse emission rate 𝑟

𝑖
. The initial

pulse emission rate is a positive and smaller number; with the
increase of iteration, pulse emission rate 𝑟

𝑖
will increase to 1.

The updating of 𝑟
𝑖
using

𝑟
𝑖
(𝑡) = 1 + exp(− 10

𝑡max
× (𝑡 −

𝑡max
2
) + 𝑟
𝑖
(1))

−1

. (6)

Figure 2 presents an example of updating curve of pulse
emission rate 𝑟

𝑖
under maximal iterations is 100, pulse

emission rate 𝑟
𝑖
has a value ranging from 0 to 1. Using this

updating formula, the algorithm can not only quickly exploit
near the current optimal position in the early iteration, so
that speed up the convergence rate, but also can mainly
concentrate in diversity in later search and can avoid to fall
into local optima.
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Figure 2: Updating curve of pulse emission rate 𝑟
𝑖
.

The pulse emission rate 𝑟
𝑖
will control the subsegment

local operation. For each individual, randomly generate a
random number; if this random number is larger than its
𝑟
𝑖
, this position of bat individual will be updated by random

swap two segments defined by frequency 𝑓; otherwise, the
updating operation will be implement by random inserting
operation; the pseudo code can be described as shown in
Algorithm 3.

3.5. Loudness Local Operation. In DBA, the loudness Ld
𝑖
of

bat individual 𝑖 is relative to its own fitness fit
𝑖
; the better

fitness, the less loudness. The loudness can be described by

Ld
𝑖
=

(fit
𝑖
− fitmin)

(fitmax − fitmin)
, (7)

where fit
𝑖
is the fitness of individual 𝑖 and fitmin and fitmax are

the minimum and maximum fitness in current population,
respectively. In DBA, the loudness reflects the quality of indi-
vidual. In this subsection, there are two kinds of local search
embedded into algorithm, random subsequence inverse and
random subsequence inserting. Note that, where inserting
operation is different from inserting operation in Section 3.4.

In this part, for each individual, randomly generate a ran-
dom number; if this random number is larger than its Ld

𝑖
, a

random length of subsequence is randomly selected in range
of [1, ⌊𝐷/2⌋]; this position of bat individual will be updated
by inserting operation with random subsequence; otherwise,
the updating operation will be implement by random sub-
sequence inverse operation. Note that the subsequence is a
portion of the current best position 𝑔𝑏𝑒𝑠𝑡 𝑥; however, the
corresponding replacement portion is the individual 𝑥

𝑖
in bat

population, and the pseudo code can be described as show in
Algorithm 4.

Although this inserting and inverse operation may gen-
erate invalid scheduling sequence,those invalid scheduling
sequences need to adjust to a feasible solution. The adjust-
ment of the pseudo code can be described as show in
Algorithm 5.

In order to facilitate understanding, process of adjust-
ment 𝑥 = [3, 6, 3, 2, 1, 5, 5, 3], {𝑆} = [1, 2, 3, 5, 6], {𝑆𝑖𝑑} =
[5, 4, 8, 7, 2], {𝑅} = [4, 7, 8], {𝑅𝑖𝑑} = [1, 3, 6], 𝐼𝑂 = [3, 1, 2],
and 𝑥adjust = [8, 6, 4, 2, 1, 7, 5, 3].

3.6. Intensive Virtual Population Neighborhood Search. In
this paper, an intensive virtual population neighborhood
search with same population size is easily embedded in
DBA for solving PFSP. The purpose of the virtual population
neighborhood search is to find a better solution from the
neighborhood of the current global best solution. In this part,
three neighborhoods, that is, insert, swap, and single-point
move backward operate, are employed. These operations are
used to improve the diversity of population and enhance the
quality of the solution.

In order to enhance the local search ability and get a better
solution, a new population is generated based on the current
global best solution, and the population size is not less than
original bat population; the new population is called virtual
population. The new population size ps

1
= 𝜇 × ps, 𝜇 ≥ 1 is

real number.
Firstly, the virtual population is generated by randomly

selecting two jobs to perform swap operation. Secondly, the
virtual population is generated by randomly selecting a job
and insert into another random location. At last, the single-
point move backward operation is performed also based on
current global best individual 𝑔𝑏𝑒𝑠𝑡 𝑥. In the simulation, first
of all, a job position 𝑖 is chosen randomly in 𝑔𝑏𝑒𝑠𝑡 𝑥; the
selected job 𝑖 is inserted into the back of job 𝑖, orderly, until the
population size ps

1
is reached. For example, the population

size ps
1
= 3, random job position 𝑖 = 2, and 𝑔𝑏𝑒𝑠𝑡 𝑥 =

[2, 5, 4, 1, 3]; the virtual population is generated as follows:

[2 4 5 1 3]

[2 4 1 5 3]

[2 4 1 3 5]

(8)

3.7. Discrete Bat Algorithm (DBA). In DBA, all individuals
once the update either in bat population or in virtual pop-
ulation, these individuals will be evaluated and one solution
be accepted as the current global best 𝑔𝑏𝑒𝑠𝑡 𝑥 if the objective
fitness of it is better than the fitness of the last 𝑔𝑏𝑒𝑠𝑡 𝑥. The
algorithm terminates until the stopping criterion is reached;
theDBA algorithm for PFSP can be described inAlgorithm 6.

4. Numerical Simulation Results
and Comparisons

To test the performance of the proposed DBA for the per-
mutation flow shop scheduling, computational simulations
are carried out with some well-studied problems taken
from the OR-Library (http://people.brunel.ac.uk/∼mastjjb/
info.html). In this paper, 29 problems from two classes of
PFFSP test problems are selected. The first eight problems
are instances Car1, Car2 through to Car8 designed by Carlier
[26]. The second 21 problems are instances Rec01, Rec03
through to Rec41 designed by Reeves and Yamada [27]. So
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for each individual
Compute loudness 𝐿𝑑

𝑖
by (7);

if rand > 𝐿𝑑
𝑖

/∗ random sub-sequence inserting ∗/
Randomly select a length of sub-sequence;
Randomly determine the sub-sequence with selected length in 𝑔𝑏𝑒𝑠𝑡 𝑥;
Insert this sub-sequence into a random location in remainder sequence;

else
/∗ random sub-sequence inverse ∗/
Randomly select a length of sub-sequence;
Randomly determine the sub-sequence with selected length in 𝑔𝑏𝑒𝑠𝑡 𝑥;
Perform inverse operation on selected sub-sequence;
Replace original sub-sequence with inverted sub-sequence

end if
end for

Algorithm 4: The pseudocode of loudness local operation.

for each individual
{𝑆, 𝑆𝑖𝑑} ← Find out all jobs and their position in current scheduling sequence;
{𝑅} ← {1 : 𝑛} − {𝑆}, where 𝑛 denotes the number of jobs in current scheduling problem;
{𝑅𝑖𝑑} ← {1 : 𝑛} − {𝑆𝑖𝑑};
Generate an insert order 𝐼𝑂 randomly;
Select a job in {𝑅} according to 𝐼𝑂 and insert into {𝑅𝑖𝑑};

end for

Algorithm 5: The pseudocode of adjustment.

far, these problems have been widely used as benchmarks to
certify the performance of algorithms by many researchers.

The DBA is coded in MATLAB 2012a, and in our simu-
lation, numerical experiments are performed on a PC with
AMD Athlon(tm) II X4 640 Processor 3.0GHz and 2.0GB
memory. In the experiment, the termination criterion is set
as (𝑛 × 𝑚/2) × 30ms maximum computation time. Setting
the time limitation in this way allows the much computation
time as the job number or the machine number increases.
And, this method is also adopted by many researchers,
such as Jarboui et al. [28], Ruiz and Stützle [29]. Each
instance is independently run 15 times for every algorithm
for comparison.

The comparison method adopts BRE, ARE, and WRE to
measure the quality of solution by the percentage difference
from 𝐶

∗
; these expressions as follows:

BRE =
𝐶
best
max − 𝐶∗
𝐶
∗

× 100%,

ARE =
𝑛

∑

𝑖=1

(
𝐶
𝑖

max − 𝐶∗
𝐶
∗

) ×
1

𝑛
× 100%,

WRE =
𝐶
worst
max − 𝐶∗
𝐶
∗

× 100%,

(9)

where 𝐶
∗
is the optimal makespan or upper bound value

known so far, the makespan of an obtained solution in DBA
is 𝐶max, BRE represents the best relative error to 𝐶

∗
, ARE

denotes the average relative error to 𝐶
∗
, andWRE represents

the worst relative error to 𝐶
∗
. Std denotes the standard

deviation of the makespan. These performance measures are
employed in our experiments; these results are rounded to the
nearest number which contains 2 or 3 digits after the decimal
point.

4.1. Parameter Analysis. In the subsection, parameters of
DBA are determined by experiments, and the impact of
each parameter is analyzed. In DBA, parameters ps, 𝜇 are
tested. ps is population size, A small ps may lead insufficient
information provided, and the diversity cannot guarantee.On
the other side, a large one indicates diversity is sufficient,
but the computing time will increase. 𝜇 determines the
size of virtual population; the large one can perform large
single point neighborhood search, whichmay achieve a better
solution, especially, the current best solution extraordinarily
approximated the exact solution; however, an oversize will
increase the computing time, and the precision of optimal
solution may have lesser improvement. In order to evaluate
the sensitivity of parameters, Car5 and Rec11 are chosen to
run 15 times and the results are shown in Figures 3 and 4.
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Begin
Initialize the population 𝑝𝑠, 𝑡 = 1, other parameters and bat population
Evaluate fitness for each individual and find out 𝑔𝑏𝑒𝑠𝑡 𝑥 and 𝑝𝑏𝑒𝑠𝑡 𝑥

while (the termination condition does not satisfy)
/∗ Position Updating of Bat ∗/
for 𝑖 = 1 :𝑝𝑠

Generate frequency 𝑓;
Obtain velocity V𝑁

𝑖,𝑓
(𝑡);

Determine V𝑁tmp,𝑓(𝑡) by NEH method;
Update 𝑥𝑛

𝑖
(𝑡) using V𝑁

𝑖
(𝑡);

Evaluate fitness of individual and update 𝑝𝑏𝑒𝑠𝑡 𝑥;
Perform Pulse Emission Rate Local Operation ; // Algorithm 2
Evaluate fitness of individual and update 𝑝𝑏𝑒𝑠𝑡 𝑥
Perform Loudness Local Operation; // Algorithm 3
𝑥 = adjustment(𝑥); // Algorithm 4
Evaluate fitness of individual and update 𝑝𝑏𝑒𝑠𝑡 𝑥;

endfor
Find out current global best position 𝑔𝑏𝑒𝑠𝑡 𝑥;
/∗ Intensive Virtual Population Neighborhood Search ∗/

for 𝑖 = 1 :𝑝𝑠
1

Execute swap operation based on 𝑔𝑏𝑒𝑠𝑡 𝑥
endfor

Evaluate fitness for each individual and find out 𝑔𝑏𝑒𝑠𝑡 𝑥
for 𝑖 = 1 :𝑝𝑠

1

Execute insert operation based on𝑔𝑏𝑒𝑠𝑡 𝑥
endfor

Evaluate fitness for each individual and find out 𝑔𝑏𝑒𝑠𝑡 𝑥
for 𝑖 = 1 :𝑝𝑠

1

Execute single-point move backward operation based on 𝑔𝑏𝑒𝑠𝑡 𝑥
endfor

Evaluate fitness for each individual and find out 𝑔𝑏𝑒𝑠𝑡 𝑥
𝑡 = 𝑡 + 1;

endwhile
Output result and plot;

end

Algorithm 6: The DBA for PFSP.

Figures 3 and 4 represent the relative error of test case
Car5 and Rec11 after 15 times independent running, which
showed the sensitivity of parameters ps and 𝜇. 𝜇 = 2 when
test parameter ps, and ps = 10 when test parameter 𝜇.
From the two test cases, for Car5, the performance is better
and better while parameter ps gradually increases. But for
Rec11, ps equal to 40 or 50 can achieve exact solution, but
the performances do not follow the laws of Car5. In DBA, the
parameter ps takes a compromise values, ps = 50. Similarly,
parameter 𝜇 equal to 2 is optimal for Car5; however, 𝜇 = 3
is optimal for Rec11. In order to balance all test cases, the
parameter 𝜇 is set as 1 while ps = 50.

4.2. Comparisons of DBA, DBA NEH1, and DBA-IVPNS. In
order to evaluate the performance of each strategy, two

variants of DBA are compared, whose abbreviations are as
follows.

(1) DBA: DBA with NEH.

(2) DBA NEH1: DBA with NEH1.

(3) DBA-IVPNS: DBA without intensive virtual popula-
tion neighborhood search.

At this group experiment, the parameter setting is ps =
10, 𝜇 = 2, termination criterion is set as (𝑛 × 𝑚/2) × 10ms
maximum computation time, and the algorithm is run 15
times independently. The statistical performances of DBA,
DBA NEH1, and DBA-IVPNS are shown in Table 1.

From Table 1, we can find out that the average perfor-
mance of DBA is better than the other two variants of DBA;
for benchmarks Car1 to Car8, the DBA-IVPNS is better; the
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Figure 6: Gantt chart of an optimal schedule for Car05, 𝜋
∗
= [5, 4, 2, 1, 3, 8, 6, 10, 9, 7].
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Figure 7: Gantt chart of an optimal schedule for Car06, 𝜋
∗
= [7, 1, 5, 6, 8, 3, 4, 2].
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Figure 8: Gantt chart of an optimal schedule for Rec7, 𝜋
∗
= [17, 13, 18, 12, 9, 1, 6, 3, 8, 4, 5, 2, 7, 15, 10, 19, 11, 16, 14, 20].

reason may be that the IVPNS implementation is single-
point operation on the current global best individual𝑔𝑏𝑒𝑠𝑡 𝑥;
this operation may improve the quality of solution, bur
this needs much computing time, so the DBA-IVPNS have
more time to explore of more new position. However, from
Rec1 to Rec41, the DBA is much better than other variants.

For DBA NEH, only it has a difference that the position
updating of bat by NEH1.TheNEH1 has lesser computational
complexity than NEH. From experiment results, we can find
out that DBA NEH1 can find better solutions for several
benchmarks. In general, the DBA is better than DBA NEH1
for all benchmarks.
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Figure 9: Gantt chart of an optimal schedule for Rec11, 𝜋
∗
= [16, 2, 14, 9, 12, 4, 20, 13, 10, 19, 8, 11, 3, 5, 15, 17, 1, 18, 7, 6].

Table 1: Statistical performances of DBA, DBA NEH1, and DBA-IVPNS.

Problem 𝑛 | 𝑚 𝐶
∗ DBA DBA NEH1 DBA-IVPNS

BRE ARE WRE Std BRE ARE WRE Std BRE ARE WRE Std
Car1 11 | 5 7038 0 0 0 0 0 0 0 0 0 0 0 0
Car2 13 | 4 7166 0 0.195 2.931 54.22 0 0.391 2.931 73.89 0 0 0 0
Car3 12 | 5 7312 0 0.476 1.190 44.12 0 0.635 1.190 44.93 0 0.397 1.190 42.45
Car4 14 | 4 8003 0 0 0 0 0 0 0 0 0 0 0 0
Car5 10 | 6 7720 0 0.246 1.308 35.70 0 0.664 1.360 45.95 0 0.352 1.308 40.88
Car6 8 | 9 8505 0 0 0 0 0 0 0 0 0 0 0 0
Car7 7 | 7 6590 0 0 0 0 0 0 0 0 0 0 0 0
Car8 8 | 8 8366 0 0 0 0 0 0 0 0 0 0 0 0
Rec1 20 | 5 1247 0.160 0.209 0.722 1.84 0.160 0.241 1.043 2.85 0.160 0.545 1.925 7.92
Rec3 20 | 5 1109 0.090 0.481 2.164 7.09 0 0.499 1.803 6.09 0.180 0.385 1.713 4.51
Rec5 20 | 5 1242 0.242 0.623 2.174 9.49 0.242 0.768 2.496 10.72 0.242 1.100 2.496 10.69
Rec7 20 | 10 1566 1.149 1.443 3.831 11.41 1.149 2.048 3.831 18.33 1.149 1.537 3.831 13.54
Rec9 20 | 20 1537 0 2.420 3.709 13.44 0 2.065 3.318 15.98 1.041 2.728 4.815 13.13
Rec11 20 | 10 1431 0.559 1.975 3.564 13.56 0 2.241 7.617 29.69 0 1.859 4.403 16.64
Rec13 20 | 15 1930 0.415 2.394 3.938 19.84 0.933 2.525 4.819 19.30 1.762 2.694 4.352 16.29
Rec15 20 | 15 1950 0.154 2.178 4.615 23.43 0.821 2.410 4.615 24.23 1.231 2.903 4.256 19.21
Rec17 20 | 15 1902 0.946 2.685 4.206 19.27 0.894 3.582 5.941 25.20 1.577 5.065 6.730 25.65
Rec19 30 | 10 2093 0.573 2.621 4.252 21.38 1.386 2.599 4.730 19.58 2.484 3.883 5.542 20.28
Rec21 30 | 10 2017 1.438 2.310 4.412 19.89 1.636 2.568 5.702 24.05 1.785 3.543 5.255 19.50
Rec23 30 | 10 2011 0.945 3.216 5.868 23.88 1.591 3.090 4.923 19.22 3.282 4.422 6.266 18.48
Rec25 30 | 15 2513 2.348 3.520 5.213 20.71 1.870 3.489 5.133 23.77 3.780 5.428 6.805 19.57
Rec27 30 | 15 2373 2.402 3.638 5.057 19.03 1.728 3.217 5.900 23.66 2.023 4.374 5.942 23.93
Rec29 30 | 15 2287 1.530 4.323 7.084 33.64 2.186 3.615 5.597 24.60 4.766 6.046 7.521 19.20
Rec31 50 | 10 3045 3.284 4.917 6.502 30.44 3.153 4.926 6.765 38.21 5.353 6.192 7.783 21.95
Rec33 50 | 10 3114 0.835 1.916 4.143 29.20 1.317 2.338 4.528 26.65 1.927 2.899 4.689 25.99
Rec35 50 | 10 3277 0.092 0.484 2.014 18.73 0.092 1.082 3.021 36.89 0.244 1.107 2.563 20.99
Rec37 75 | 20 4951 5.615 7.172 8.140 39.66 5.918 7.387 8.826 37.75 8.503 9.156 10.261 21.68
Rec39 75 | 20 5087 3.696 5.578 6.408 41.52 4.914 6.083 7.529 35.22 6.979 7.629 8.374 23.50
Rec41 75 | 20 4960 6.129 7.435 8.952 33.55 6.573 7.589 8.952 29.22 8.105 9.319 10.726 37.80

Average 1.124 2.154 3.531 20.17 1.261 2.278 3.882 22.62 1.951 2.881 4.095 16.68
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Table 2: Statistical performances of DBA, PSOMA, PSOVNS, and OSA.

Problem DBA PSOVNS PSOMA OSA
𝐶
𝑚𝑎𝑥

BRE ARE WRE Std BRE ARE WRE BRE ARE WRE BRE ARE Std
Car1 7038 0 0 0 0 0 0 0 0 0 0 0 0 0
Car2 7166 0 0 0 0 0 0 0 0 0 0 0 0 0
Car3 7312 0 0.397 1.190 42.45 0 0.420 1.189 0 0 0 0 0.625 47.19
Car4 8003 0 0 0 0 0 0 0 0 0 0 0 0 0
Car5 7720 0 0 0 0 0 0.039 0.389 0 0.018 0.375 0 0.801 50.73
Car6 8505 0 0 0 0 0 0.076 0.764 0 0.114 0.764 0 2.093 274.71
Car7 6590 0 0 0 0 0 0 0 0 0 0 0 1.483 114.21
Car8 8366 0 0 0 0 0 0 0 0 0 0 0 2.297 254.63
Rec1 1247 0 0.080 0.160 0.85 0.160 0.168 0.321 0 0.144 0.160 0.160 0.160 0
Rec3 1109 0 0.081 0.180 0.88 0 0.158 0.180 0 0.189 0.721 0 0.189 1.85
Rec5 1245 0.242 0.242 0.242 0 0.242 0.249 0.420 0.242 0.249 0.402 0.242 0.588 4.62
Rec7 1566 0 0.575 1.149 9.40 0.702 1.095 1.405 0 0.986 1.149 0 0.434 11.59
Rec9 1537 0 0.638 2.407 15.00 0 0.651 1.366 0 0.621 1.691 0 0.690 12.39
Rec11 1431 0 1.167 2.655 11.17 0.071 1.153 2.656 0 0.129 0.978 0 2.215 37.60
Rec13 1938 0.415 1.461 3.782 19.01 1.036 1.790 2.643 0.259 0.893 1.502 0.311 1.793 14.69
Rec15 1953 0.154 1.226 2.103 7.97 0.769 1.487 2.256 0.051 0.628 1.076 0.718 1.569 16.07
Rec17 1909 0.368 1.277 2.154 41.65 0.999 2.453 3.365 0 1.330 2.155 1.840 3.796 36.72
Rec19 2105 0.573 0.929 2.023 33.06 1.529 2.099 2.532 0.430 1.313 2.102 0.287 0.803 9.48
Rec21 2046 1.438 1.671 2.231 4.04 1.487 1.671 2.033 1.437 1.596 1.636 1.438 1.477 1.69
Rec23 2027 0.796 1.173 2.381 39.27 1.343 2.106 2.884 0.596 1.310 2.038 0.497 0.854 10.82
Rec25 2554 1.632 2.921 3.940 18.96 2.388 3.166 3.780 0.835 2.085 3.233 1.194 1.938 15.06
Rec27 2397 1.011 1.419 2.298 21.35 1.728 2.463 3.203 1.348 1.605 2.402 0.843 1.845 21.06
Rec29 2311 1.049 2.580 3.935 22.84 1.968 3.109 4.067 1.442 1.888 2.492 0.612 2.882 38.83
Rec31 3115 2.299 3.392 4.532 23.66 2.594 3.232 4.237 1.510 2.254 2.692 0.296 1.333 30.39
Rec33 3133 0.610 0.728 1.734 39.40 0.835 1.007 1.477 0 0.645 0.834 0.128 0.732 7.32
Rec35 3277 0 0.037 0.092 1.52 0 0.038 0.092 0 0 0 0 0 0
Rec37 5118 3.373 4.872 5.979 40.31 4.383 4.949 5.736 2.101 3.537 4.039 2.000 2.751 25.43
Rec39 5203 2.280 3.851 5.347 45.97 2.850 3.371 5.585 1.553 2.426 2.830 0.767 1.240 12.31
Rec41 5149 3.810 5.095 6.532 42.89 4.173 4.867 5.585 2.641 3.684 4.052 1.734 2.726 39.38

Table 3: Optimal job permutations of DBA.

Problem 𝑛 | 𝑚 𝐶
∗

𝜋
∗

Car1 11 | 5 7038 8, 1, 3, 11, 5, 9, 4, 10, 7, 2, 6
Car2 13 | 4 7166 7, 3, 4, 11, 9, 1, 8, 12, 5, 2, 13, 10, 6
Car3 12 | 5 7312 11, 6, 5, 10, 12, 9, 3, 2, 4, 7, 8, 1
Car4 14 | 4 8003 4, 12, 13, 14, 5, 7, 6, 1, 9, 10, 11, 8, 2, 3
Car5 10 | 6 7720 5, 4, 2, 1, 3, 8, 6, 10, 9, 7
Car6 8 | 9 8505 7, 1, 5, 6, 8, 3, 4, 2
Car7 7 | 7 6590 5, 4, 2, 6, 7, 3, 1
Car8 8 | 8 8366 7, 3, 8, 5, 2, 1, 6, 4
Rec1 20 | 5 1247 6, 9, 2, 20, 12, 14, 17, 15, 13, 7, 1, 18, 3, 4, 11, 5, 8, 10, 19, 16
Rec3 20 | 5 1109 6, 14, 7, 1, 2, 3, 11, 8, 9, 17, 15, 5, 19, 4, 16, 10, 12, 13, 18, 20
Rec7 20 | 10 1566 17, 13, 18, 12, 9, 1, 6, 3, 8, 4, 5, 2, 7, 15, 10, 19, 11, 16, 14, 20
Rec9 20 | 20 1537 4, 19, 17, 12, 18, 14, 7, 16, 5, 13, 2, 10, 9, 11, 8, 20, 1, 15, 3, 6
Rec11 20 | 10 1431 16, 2, 14, 9, 12, 4, 20, 13, 10, 19, 8, 11, 3, 5, 15, 17, 1, 18, 7, 6

Rec35 50 | 10 3277 13, 14, 40, 39, 50, 36, 46, 35, 37, 26, 2, 18, 19, 8, 41, 10, 25, 20, 38, 29, 33, 15, 27, 9, 21, 17,
42, 22, 32, 3, 1, 23, 4, 12, 5, 49, 11, 45, 43, 16, 34, 6, 44, 30, 7, 48, 47, 28, 24, 31
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Table 4: The statistical results of score.

Benchmark DBA PSOVNS PSOMA SGA + NEH OSA
BRE ARE WRE Std BRE ARE WRE BRE ARE WRE BRE ARE BRE ARE Std

Car1–Car8 32 31 30 32 32 27 28 32 29 30 30 16 32 19 27
Rec1–Rec41 60 58 62 70 40 37 56 73 66 78 20 4 73 57 77
Car1–Rec29 78 78 78 83 63 54 67 85 75 84 47 19 82 54 81
Car1–Rec41 92 89 92 102 72 64 84 105 95 108 50 20 105 76 104
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Figure 10: The convergence curves of Car5.
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Figure 11: The convergence curves of Car6.
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Figure 12: The convergence curves of Rec7.
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Figure 13: The convergence curves of Rec11.
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In addition, in order to demonstrate the effect of each
strategy in the specific scheduling problem, the frequency of
finding a new best solution by applying these moves in DBA
is recorded; it can show the contribution of each strategy.The
Car1 to Car8 and Rec1 to Rec15 16 benchmarks are chosen
to tested. Each problem was run 10 times; each time a new
best solution was found by the algorithm; the move resulting
in this improvement was recorded. Figure 5 demonstrates the
percentage of contribution.

4.3. Comparisons of DBA, PSOMA, PSOVNS, OSA. In order
to show the effectiveness of DBA, we carry out a simulation
to compare our DBA with other state-of-art algorithms, that
is, PSOMA proposed by Liu et al. [11], PSOVNS proposed
by Tasgetiren et al., and experimental results reference [5],
and SA is a simulated annealing, the experimental results
reference [16]. The population size is 50 and the termination
criterion is set as (𝑛 × 𝑚/2) × 30ms maximum computation
time. The experimental results are listed in Table 2.

From Table 2, for the Car problems, the DBA, PSOVNS,
PSOMA, and OSA all can find the exact solution, and DBA
is better than the other algorithm on ARE. For the Rec
problems, DBA also can find better solutions. Comparedwith
DBA, PSOVNS, PSOMA, and OSA, the DBA achieved 14
exact solutions; several optimal job permutations are shown
in Table 3. PSOVNS achieved 11 exact solutions, PSOMA
achieved 16 exact solutions, and OSA achieved 13 exact
solutions. For all test problems, obtained solutions ofDBA are
not better than the PSOMA and OSA, but the performance is
similar to PSOMA and OSA.

In order to compare each norm (BRE, ARE, WRE, and
Std) of corresponding algorithms, for all benchmarks, each
norm is scored among corresponding algorithms. The first
is score 4, the second is score 3, the third is score 2, the
fourth is score 1, and the last is score 0, if several results are
same, they have same score. The statistical results are listed
in Table 4. From Table 4, for Car problems, the DBA is best
on ARE, the DBA and PSOMA are identical on WRE, DBA
has better Std compared with OSA. For Rec problems, the
OSA and PSOMA have better BRE, the DBA is better than
PSOVNS, the DBA is better than PSOVNS, OSA, the DBA
is also better than PSOVNS onWRE among DBA, PSOVNS,
and PSOMA, but the Std is not better than OSA. The DBA
is best on ARE for Car1 to Rec29 among DBA, PSOVNS,
PSOMA, and OSA, and the Std is better than OSA. On the
whole, the achieved solutions of DBA have better quality. For
large-scale scheduling problems, the DBA still have the room
for improvement; it also is our further work.

The DBA achieved 14 exact solutions, due to the fact that
Rec35 have 10 machines and 50 jobs, the margin of paper is
restricted, the Gantt chart of an optimal schedule for Rec35
cannot display on this paper, and the Gantt chart of Car5,
Car6, Rec7, and Rec11 is selected as instance. These Gantt
charts of an optimal schedule are shown in Figures 6, 7, 8,
and 9.

Figures 10, 11, 12, and 13 show the convergence curves
of Car5, Car6 Rec7, and Rec11. From Figures 10 to 13, the
convergence rate of DBA is fast, and the precision of solution

is prominent.The performance of DBA is similar to PSOMA;
however, the convergence rate of DBA is faster than PSOMA
in the early phase of iteration.The precision of solution is not
as good as PSOMA while the scale of scheduling problems is
increasing.TheDBA is better than SGA+NEH [5], PSOBNS,
and OSA in some aspects.

5. Conclusions

In this paper, we construct a direct relationship between the
job sequence and the vector of individuals in DBA; a DBA is
proposed to solve PFSP. In order to evaluate the performance
of the proposed DBA, we compare DBA with several PFSP
algorithms with benchmark problems of PFSP. Experimental
results have shown that our algorithm is pretty effective, the
performance of each strategy is evaluated, and sensitivity
of parameters is analyzed. Moreover, our further work is to
study the theoretical aspects as well as the performance of the
technique.
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Electroencephalogram (EEG) signal peak detection is widely used in clinical applications. The peak point can be detected using
several approaches, including time, frequency, time-frequency, and nonlinear domains depending on various peak features from
several models. However, there is no study that provides the importance of every peak feature in contributing to a good and
generalizedmodel. In this study, feature selection and classifier parameters estimation based on particle swarm optimization (PSO)
are proposed as a framework for peak detection on EEG signals in time domain analysis. Two versions of PSO are used in the study:
(1) standard PSO and (2) random asynchronous particle swarm optimization (RA-PSO). The proposed framework tries to find the
best combination of all the available features that offers good peak detection and a high classification rate from the results in the
conducted experiments. The evaluation results indicate that the accuracy of the peak detection can be improved up to 99.90% and
98.59% for training and testing, respectively, as compared to the framework without feature selection adaptation. Additionally, the
proposed framework based on RA-PSO offers a better and reliable classification rate as compared to standard PSO as it produces
low variance model.

1. Introduction

The peak detection algorithms have significantly been used
on different types of biological signals such as electroocu-
logram (EOG), electrocardiogram (ECG), and electroen-
cephalogram (EEG). EOG signal is generated by human eye.
ECG signal is generated by heart. EEG signal is generated by
brain. The peak detection in the EOG signal has been used
for detecting the eye blink [1, 2]. In the EOG based signal, a
number of electrodes are placed around the eyes. If the eyes
move in vertical direction, positive or negative peak points
will arise. For the ECG signal, peak detection is typically used
to detect the combination ofQ, R, and Swaves or the so-called
QRS complex [3].The QRS complex is a peak model for ECG
signal including Q-valley point, R-peak point, and S-valley

point. Other important peak points in ECG signal are P-peak
point and T-peak point. The detection of the QRS complex is
critical part in numerous ECG signal processing system. The
different pattern of QRS complex will determine the patient
heart syndrome. Additionally, the peak detection for the EEG
signal has been widely used to detect P300 response [4, 5]
and epilepsy response [6]. P300 is a brain response measured
by electrodes covering the parietal lobe in the presence of
visual and auditory stimuli. A brain with chronic disorder
will respond with epilepsy. Therefore, the utilization of peak
detection algorithm for the biological signals is compatible in
this study.

To date, variety approaches of peak detection algorithms
have been proposed. These algorithms can be categorized
into four main approaches based on time domain [7–15],
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frequency domain [16], time-frequency domain [10, 17], and
nonlinear [18]. In time domain approach, the peaks are ana-
lyzed in time. In frequency domain approach, the peaks are
analyzed in frequency. In time-frequency domain approach,
the peaks are analyzed in both time and frequency domain.
In nonlinear approach, some statistical parameters of the
peaks are analyzed. The general framework of peak detection
algorithm usually involves several processes which are signal
preprocessing, peak candidate detection, feature extraction,
and classification. Various signal preprocessing methods
have been employed such as data compression [19], wavelet
transform [6], Kalman filter [20], and Hilbert transform [15].
Two methods for peak candidate detection have been used
which are three point sliding windowmethod [8] and k-point
nonlinear energy operator (k-NEO) method [21]. Various
feature extraction techniques have been proposed which are
model-based [21], wavelet analysis [22], template matching
[23], and power spectra analysis [24]. Several classifiers have
been used, which are rule-based [8, 24], artificial neural
network (ANN) [10, 11, 25, 26], support vector machine
(SVM) [7, 27], and expert system [10]. The highlighted
purposes in designing the framework are to achieve the
highest performance and to reduce the computational time.
Almost all studies in the EEG peak detection literature focus
on the problem of detecting peaks in epileptic EEG signals. A
review of peak detection algorithms that is employed to the
epileptic EEG signal is presented in [28].Thepeak detection is
just a first step in epileptic event detection.Themain goal is to
determine the epileptic spikes not thewhole peaks.Therefore,
for an epileptic event detection system, the epileptic spike
detection performance not the peak detection performance
is the performance of interest.

In time domain approach, fourteen different peak features
are recognized from different peak models [7–10]. The peak
model is a set of peak features that represents a peak by its
amplitude, width, and slope. Most algorithms [7–13, 21] in
time domain approach consider different peak models and
the different styles of framework. The peak model is chosen
based on the experiences of EEG expert. To date, there is
no any peak detection framework that automatically finds
the finest existing peak model. The use of the finest peak
model will give a chance for the algorithm to achieve a good
performance. On the other hand, the chosen peak model is
not necessarily suitable for different types of biological signal.
Moreover, the finest peak model represents somemeaningful
information on the signal to be evaluated. Therefore, the
adaptation of feature selection technique is important in
this study to automatically find the finest peak model. The
utilization of feature selection on peak detection algorithm
will also reduce the computational time.

In this study, feature selection and classifier parame-
ters estimation method based on standard particle swarm
optimization (PSO) and random asynchronous PSO (RA-
PSO) algorithm are employed. The process to find the finest
peak model and classifier parameter estimation is executed
simultaneously. The peak features will be evaluated by a rule-
based classifier. The role of the classifier is to distinguish
between peak point and non-peak point. Rule-based classifier
is employed due to the ability to provide an outstanding

interpretation for the obtained decisions [24]. In addition, the
parameter values are tricky to be estimated manually. A PSO
algorithm is considered to be appropriate for addressing the
problem based on the reason in which the feature selection
is a binary search problem and determination of classifier
parameter is a continuous search problem [29].

1.1. Peak Model in Time Domain Analysis. Peak model is a set
of peak features that represents a peak by its amplitude, width,
and slope. In time domain analysis, fourteen different peak
features are recognized from different peak models [8–10].
The earliest peak model was introduced by Dumpala et al. in
1982 [8]. The peak model comprises four features, which are
(1) the amplitude between the magnitude of peak point and
the magnitude of valley point at the first half wave, (2) the
width between valley point of first half point and valley point
at second half wave, (3) and (4) two slopes between a peak
point and valley point in the first half wave and second half
wave. A similar definition of the peak amplitude and slopes
are also been used in [7, 11, 13].

An additional feature of peak amplitude and two features
of peak width have been introduced by Acir et al. [7, 11].
The additional peak amplitude is the amplitude between the
magnitude of peak point and themagnitude of valley point of
the second half wave. The peak widths are the width between
peak point and valley point of first half wave and second
half wave. The total features that are introduced by Acir et
al. are six features. Acir et al. did not use the width feature
that was introduced by Dumpala et al. A similar definition of
the peak amplitudes, widths, and slopes has also been used in
[21]. In [21], an additional peak feature is added with a set of
features that is introduced in [7, 11], which is the area of peak.
However, the definition of area integration is not presented in
the paper.

In addition, Liu et al. [10] have introduced eleven peak
features. The proposed peak model consists of four ampli-
tudes: (1) the amplitude between themagnitude of peak point
and the magnitude of valley point at the first half wave; (2)
the amplitude between the magnitude of peak point and the
magnitude of valley point of the second half wave; (3) the
amplitude between themagnitude of peak and themagnitude
of turning point at the first half wave, and (4) the amplitude
between themagnitude of peak and themagnitude of turning
point at the second half wave. The turning point is defined
as the point where the slope decreases more than 50% as
compared to the slope of the preceding point.Themodel also
consists of three widths: (1) the width between valley point at
first half point and valley point at second half wave, (2) the
width between turning point at first half wave and turning
point at second half wave, and (3) the width between half
point at first half wave and half point at second half wave.
There are four slopes that are also measured: (1) and (2) two
slopes between a peak point and valley point in the first half
wave and second half wave, (3) and (4) two slopes between
peak point and turning point at first half wave and second
half wave.

Another peak model consists of four features, which has
been proposed by Dingle et al. [9]. The peak amplitude is
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Table 1: Summary of different peak models on different style of framework.

Peak model Type of signal Description of framework

Dumpala et al.
(1982) [8]

Electrical control
activity (ECA)

The theory of maxima and minima using three-point sliding window approach has been
applied to detect a candidate peak. Two flowcharts of peak detection have been proposed. A
predicted peak can be identified if the feature values satisfied the decision threshold values. The
strength and weakness of the proposed approach are described as follows: (1) strength: the
authors claimed that the proposed peak detection algorithm can be used for other biological
signals, (2) weakness: the utilization of peak-to-peak amplitude on the peak model is hard to
distinguish between noise and actual peak. In addition, large variation of peak width in the
signal may drop the classification performance.

Dingle et al.
(1993) [9] Epileptic EEG

Based on the defined peak model, the features are grouped into two: (1) epileptiform transient
parameters and (2) background activity parameters. Two-threshold systems have been
employed to detect a candidate peak or candidate epileptiform transient. Expert system which
considered both spatial and temporal contextual information has been used to reject the
artifacts and classify the transient events. The strength and weakness of the proposed approach
are described as follows: (1) strength: moving average amplitude is good in rejecting false peak
points. The employed features are claimed to offer good performance in the proposed expert
system, (2) weakness: inconsistency of feature slope information as the proposed work claimed
that the proposed framework fails to provide slope information.

Liu et al. (2002)
[10] Epileptic EEG

Wavelet transform has been used to decompose the EEG signal. Based on the decomposed
signals and the defined peak model, seven features are calculated. These features are used as the
input of ANN classifier. Expert system which considered both spatial and temporal contextual
information has been used to reject the artifact. Several heuristic rules have been employed to
distinguish the type of artifact. After all artifacts are recognized and rejected, the decision will
be made to classify the epileptic events. The strength and weakness of the proposed approach
are described as follows: (1) strength: the employed features is claimed to offer good
performance in the proposed expert system, (2) weakness: it considers that almost all the
features may deteriorate the classification performance.

Acir et al. (2005)
[11] Epileptic EEG

A three-stage procedure based on ANN is proposed for the detection of epileptic spikes. The
EEG signal is transformed into time-derivative signal. Several rules have been used to detect a
peak candidate. The features of peak candidate are calculated based on the defined peak model.
These features are fed into two discrete perceptron classifiers to classify into three groups:
definite peak, definite non-peak, and possible/possible non-peak. The peak that belongs in the
third group is going to be further processed by nonlinear classifier. The strength and weakness
of the proposed approach are described as follows: (1) strength: the employed features are
claimed to offer good performance in the proposed system, (2) weakness: inconsistency of
feature slope information as the proposed work claimed that the proposed framework fails to
provide slope information.

Acir (2005) [26] Epileptic EEG

A two-stage procedure based on a modified radial basis function network (RBFN) is proposed
for the detection of epileptic spikes. The EEG signal is transform into time-derivative signal.
Several rules have been used to detect a peak candidate. The features of peak candidate are
calculated based on the defined peak model. These features are fed into discrete perceptron
classifiers to classify into two groups: definite non-peak and peak-like non-peak. The peak that
belongs to the second group requires further process by modified RBFN classifier. The strength
and weakness of the proposed approach are described as follows: (1) strength: the employed
features are claimed to offer good performance in the proposed system, (2) weakness:
inconsistency of feature slope information as the proposed work claimed that the proposed
framework fails to provide slope information.

Liu et al. (2013)
[21] Epileptic EEG

A two-stage procedure is proposed for the detection of epileptic spike. k-NEO has been used to
detect a candidate peak. The peak features are calculated based on the defined peak model.
These features are then used as the input of the AdaBoost classifier. The strength and weakness
of the proposed approach are described as follows: (1) strength: the peak model considers
feature based on peak area, (2) weakness: the definition of area integration is not presented in
the paper.

the difference between the peak point and the floating mean.
The floating mean is the average EEG which is centered
at the peak point that is also called moving average curve
(MAC) [12]. The width is calculated based on the difference
between the valley point at the first half wave and the

valley point at the second half wave. The two slopes are the
slopes between a peak point and valley point in the first
half wave and second half wave. Summary of different peak
models on different style of framework is briefly described
in Table 1. The strength and weakness are also highlighted
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Figure 1: Feature selection and parameters estimation framework for peak detection algorithm.

in Table 1. Generally, the authors claimed that the selected
peak feature offers good classification performance on the
proposed framework. However, the previous works did not
provide the justification on the selected features.

2. Methodology

Figure 1 shows the framework of the proposed techniques
for EEG signal peak detection. There are two phases of the
process which are training and testing phases. The training
phase is firstly run to find the finest peak model and the
optimal decision threshold values. Next, the testing phase is
utilized for unseen EEG signal.

The framework can be divided into four stages: peak
candidate detection, features extraction of peak candidate,
feature selection and parameters estimation, and classifica-
tion. In the first stage, the detection of peak candidates is
performed to differentiate between a peak candidate and a
non-peak candidate. The second stage is the extraction of
peak candidate features. In the third stage, PSO algorithm is
adapted during the training phase for feature selection and
classifier parameters’ estimation. Finally, the peak candidates
are classified between predicted peak and predicted non-peak
at particular locations by rule-based classifier.

2.1. Peak Candidate Detection. The first step to detect peaks
is to find candidate peaks. Consider a discrete-time signal,
𝑥(𝐼), of 𝐿 points. The 𝑖th candidate peak point, PP

𝑖
, as shown

in Figure 2, is identified using three-points sliding window
method [8]. Those three-points are denoted as 𝑥(𝐼 − 1), 𝑥(𝐼),
and 𝑥(𝐼 + 1) for 𝐼 = 1, 2, . . . , 𝐿. A candidate peak point is
identified when 𝑥(PP

𝑖
− 1) < 𝑥(PP

𝑖
) > 𝑥(PP

𝑖
+ 1) and two

associated valley points, VP1
𝑖
and VP2

𝑖
, are in between as

shown in Figure 2. Both valley points exist when 𝑥(VP1
𝑖
−

PPi

HP1i

TP1i

VP1i

VP2i

HP2i

TP2i

MAC (PPi)

Figure 2: Model-based parameters.

1) > 𝑥(VP1
𝑖
) < 𝑥(VP1

𝑖
+ 1) and 𝑥(VP2

𝑖
− 1) > 𝑥(VP2

𝑖
) <

𝑥(VP2
𝑖
+ 1).

2.2. Feature Extraction. Based on the existing peak models,
the total peak features are fourteen. The peak features of a
peak candidate are calculated based on the eightmodel-based
parameters as shown in Figure 2. The parameters consist
of the 𝑖th candidate peak point, PP

𝑖
, the two associated

valley points, VP1
𝑖
and VP2

𝑖
, the half point at first half

wave (HP1
𝑖
), the half point at second half wave (HP2

𝑖
), the

turning point at first half wave (TP1
𝑖
), the turning point

at second half wave (TP2
𝑖
), and the moving average curve

(MAC(PP
𝑖
)). The peak features can be categorized into three

groups; amplitude, width, and slope. There are five different
amplitudes, five different widths, and four different slopes
that can be calculated based on the model-based parameters.
All equations and description of peak features are tabulated
in Table 2. Referring to Table 3, the peak model, which is
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Table 2: Equations and descriptions of peak features.

Peak feature Equation Description

Amplitudes

𝑓
1
=
𝑥(PP𝑖) − 𝑥(VP1

𝑖
)


Amplitude between the magnitude of peak and the magnitude of valley at the first
half wave

𝑓
2
=
𝑥(PP𝑖) − 𝑥(VP2

𝑖
)


Amplitude between the magnitude of peak and the magnitude of valley of the
second half wave

𝑓
3
=
𝑥(PP𝑖) − 𝑥(TP1

𝑖
)


Amplitude between the magnitude of peak and the magnitude of turning point at
the first half wave

𝑓
4
=
𝑥(PP𝑖) − 𝑥(TP2

𝑖
)


Amplitude between the magnitude of peak and the magnitude of turning point at
the second half wave

𝑓
5
=
𝑥(PP𝑖) −MAC(PP

𝑖
)
 Amplitude between the magnitude of peak and the magnitude of moving average

Widths

𝑓
6
=
VP1
𝑖
− VP2

𝑖

 Width between valley point of first half point and valley point at second half wave
𝑓
7
=
PP𝑖 − VP1

𝑖

 Width between peak point and valley point at first half wave
𝑓
8
=
PP𝑖 − VP2

𝑖

 Width between peak point and valley point of second half wave

𝑓
9
=
TP1
𝑖
− TP2

𝑖


Width between turning point at first half wave and turning point at the second half
wave

𝑓
10
=
HP1
𝑖
−HP2

𝑖

 Width between half point of first half wave and half point of second half wave

Slopes

𝑓
11
=



𝑥(PP
𝑖
) − 𝑥(VP1

𝑖
)

PP
𝑖
− VP1

𝑖


Slope between a peak point and valley point at the first half wave

𝑓
12
=



𝑥(PP
𝑖
) − 𝑥(VP2

𝑖
)

PP
𝑖
− VP1

𝑖


Slope between a peak point and valley point at the second half wave

𝑓
13
=



𝑥(PP
𝑖
) − 𝑥(TP1

𝑖
)

PP
𝑖
− TP1

𝑖


The slope between peak point and turning point at the first half wave

𝑓
14
=



𝑥(PP
𝑖
) − 𝑥(TP2

𝑖
)

PP
𝑖
− TP2

𝑖


The slope between peak point and turning point at the second half wave

Table 3: List of different peak models and sets of features.

Peak model Set of features Number of features
Dumpala et al. (1982) [8] 𝑓

1
, 𝑓
6
, 𝑓
11
, 𝑓
12

4
Acir et al. (2005) [7, 11, 26] 𝑓

1
, 𝑓
2
, 𝑓
7
, 𝑓
8
, 𝑓
13
, 𝑓
14

6
Liu et al. (2002) [10] 𝑓

1
, 𝑓
2
, 𝑓
3
, 𝑓
4
, 𝑓
6
, 𝑓
9
, 𝑓
10
, 𝑓
11
, 𝑓
12
, 𝑓
13
, 𝑓
14

11
Dingle et al. (1993) [9] 𝑓

5
, 𝑓
6
, 𝑓
11
, 𝑓
12

4

introduced byDumpala et al. [8] andDingle et al. [9], consists
of four features.The peakmodel, which is specified by Acir et
al. [7, 11], consists of six features. The peak model, which is
specified by Liu et al. [10], consists of eleven features.

2.3. Feature Selection and Parameters Estimation Using Par-
ticle Swarm Optimization. In this stage, the peak features
and classifier parameters are simultaneously found using two
different PSO algorithms which are standard PSO and RA-
PSO algorithms. At the end of this stage, the finest peak
model and the optimal classifier parameters are obtained.The
optimal classifier parameters represent the optimal decision
threshold values.

The PSO algorithm was firstly introduced by Kennedy
and Eberhart in 1995 [30]. The PSO algorithm has been
numerously enhanced fundamentally [31, 32] and applied
in many fields [33–35]. Fundamentally, the PSO algorithm
follows several steps as described in Algorithm 1: (1) initial-
ization, (2) calculation of the fitness function, (3) updating
the personal best (pbest) for each particle and global best
(gbest), (4) updating the particle’s velocity and the particle’s

(1) Initialization
(2) while not stopping criteria do
(3) for each 𝑖th particle in a population do
(4) calculate fitness function
(5) update pbest and gbest
(6) end for
(7) for each particle in a population do
(8) update the 𝑖th particle’s velocity and
(9) update the 𝑖th particle’s position
(10) end for
(11) end while

Algorithm 1: Standard PSO Algorithm.

position, and (5) performing termination based on a stopping
criterion.

In PSO, particles search for the best solution and update
the position information from iteration to iteration. Each
particle in the population consists of a vector position and
vector velocity in 𝑑 dimension. The position of particle 𝑖 at
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(1) Initialization
(2) while not stopping criteria do
(3) while not meet 𝑁 times do
(4) Randomly choose 𝑖th particle in a population
(5) for 𝑖th particle in a population do
(6) calculate fitness function
(7) update pbest and gbest
(8) update the 𝑖th particle’s velocity and
(9) update the 𝑖th particle’s position
(10) end for
(11) end while
(12) end while

Algorithm 2: Random Asynchronous PSO (RA-PSO).

Table 4: Representation of particle position.

Particle Peak features (binary type) Thresholds (continuous type)
1 2 ⋅ ⋅ ⋅ 𝑛𝑓 𝑛𝑓 + 1 𝑛𝑓 + 2 ⋅ ⋅ ⋅ 𝑛𝑓 × 2

𝑠
𝑘

𝑖
𝑥
𝑘

𝑖,1
𝑥
𝑘

𝑖,2
⋅ ⋅ ⋅ 𝑥

𝑘

𝑖,𝑑
𝑥
𝑘

𝑖,1
𝑥
𝑘

𝑖,2
⋅ ⋅ ⋅ 𝑥

𝑘

𝑖,𝐷

iteration 𝑘 is denoted as 𝑠𝑘
𝑖
= {𝑥
𝑘

𝑖,1
, 𝑥
𝑘

𝑖,2
, 𝑥
𝑘

𝑖,3
, . . . , 𝑥

𝑘

𝑖,𝑑
}, while

the velocity of particle 𝑖 at iteration 𝑘 is denoted as V𝑘
𝑖
=

{V𝑘
𝑖,1
, V𝑘
𝑖,2
, V𝑘
𝑖,3
, . . . , V𝑘

𝑖,𝑑
}. The pbest of particle 𝑖 is represented as

𝑝
𝑘

𝑖
= {𝑝
𝑘

𝑖,1
, 𝑝
𝑘

𝑖,2
, 𝑝
𝑘

𝑖,3
, . . . , 𝑝

𝑘

𝑖,𝑑
} and the gbest is denoted as 𝑝𝑘

𝑔
=

{𝑝
𝑘

𝑔,1
, 𝑝
𝑘

𝑔,2
, 𝑝
𝑘

𝑔,3
, . . . , 𝑝

𝑘

𝑔,𝑑
}. To obtain the updated position of a

particle, 𝑠𝑘+1
𝑖

, each particle changes its velocity as the follows:

V𝑘+1
𝑖
= 𝜔V𝑘
𝑖
+ 𝑐
1
𝑟
1
(𝑝
𝑘

𝑖
− 𝑥
𝑘

𝑖
) + 𝑐
2
𝑟
2
(𝑝
𝑘

𝑔
− 𝑥
𝑘

𝑖
) , (1)

where 𝑐
1
is a cognitive coefficient, 𝑐

2
is a social coefficient, 𝑟

1

and 𝑟
2
are random values [0, 1], and 𝜔 is a decrease inertial

weight [36, 37] calculated as follows:

𝜔 = 𝜔max − (
𝜔max − 𝜔min
𝑘max

) × 𝑘, (2)

where 𝜔max and 𝜔min denote the maximum and minimum
values of inertia weight, respectively, and 𝑘max is the maxi-
mum iteration. Then, the particle’s position is updated based
on (3). Note that this equation is only valid for continuous
version of PSO algorithm:

𝑠
𝑘+1

𝑖
= 𝑠
𝑘

𝑖
+ V𝑘+1
𝑖
. (3)

For a binary version of PSO [38], the particle position is
updated based on the following equation:

𝑇 (V𝑘+1
𝑖
) =

tanh (V𝑘+1

𝑖
)

, (4)

𝑠
𝑘+1

𝑖
= {
(𝑠
𝑘

𝑖
)
−1

if rand < 𝑇 (V𝑘+1
𝑖
)

𝑠
𝑘

𝑖
rand ≥ 𝑇 (V𝑘+1

𝑖
) .

(5)

Equation (4) is a transfer function which is the main part
of the binary version. Several studies have proven that this
transfer function significantly improves the performance of

the standard binary PSO. Equation (5) is used to update the
particle position according to the given rules, where 𝑠𝑘

𝑖
and

V𝑘
𝑖
represent the vector position and velocity of 𝑖th particle at

iteration 𝑘 and (𝑠𝑘
𝑖
)
−1

is the complement of 𝑠𝑘
𝑖
. The particle

position maintains the current position when the velocity is
lower than random value and its complement the position
when the velocity is greater than random value. This method
has been introduced by Mirjalili and Lewis (2013) that is also
named as v-shaped transfer function [39].

Synchronous update in standard PSO algorithm indicates
that all particles move to their new position after all particles
are evaluated, as described in Algorithm 1. However, in RA-
PSO [40], a particle immediately updates its position after
it is evaluated without the need to wait until the evaluation
of all particles is completed. Moreover, an 𝑖th particle in a
population is randomly chosen with a total 𝑁 times before
𝑖th particle is evaluated. 𝑁 is the total number of particles.
Some particles might be chosen more than once while some
particles might not be chosen at all. The RA-PSO algorithm
is described in Algorithm 2.

To perform the feature selection and parameters esti-
mation simultaneously, both versions of PSO algorithm are
employed to the standard PSO and RA-PSO algorithms.
Table 4 illustrates the representation of particle position. The
𝑖th particle at iteration 𝑘, 𝑠𝑘

𝑖
, in PSO represents two types

of dimensions which are binary and continuous type of
dimension [29], 𝑠𝑘

𝑖
= {𝑥

𝑘

𝑖,1
, 𝑥
𝑘

𝑖,2
, . . . , 𝑥

𝑘

𝑖,𝑑
, 𝑥
𝑘

𝑖,1
, 𝑥
𝑘

𝑖,2
, . . . , 𝑥

𝑘

𝑖,𝐷
}.

The 𝑑 = 1, 2, 3, . . . , 𝑛𝑓 is a 𝑑th dimension of binary type, and
the𝐷 = 𝑛𝑓 + 1, 𝑛𝑓 + 2, 𝑛𝑓 + 3, . . . , 𝑛𝑓 × 2 is a𝐷th dimension
of continuous type. 𝑛𝑓 is the total number of peak features.
The particle dimension is a two times number of features.The
number of thresholds is equal of the number of features.

In the initialization stage of PSO algorithm, some of the
parameters are initialized: (1) the initial PSO parameters and
(2) the initial particle position. The initial PSO parameters
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consist of the maximum inertia weight, 𝜔max, the minimum
inertia weight, 𝜔min, the velocity clamping, Vmax the velocity
vector for each particle, the pbest score for each particle, gbest
score, the cognitive component, 𝑐

1
, and the social component,

𝑐
2
. The random values, 𝑟

1
and 𝑟
2
, are randomly distributed

values from 0 to 1. All particles are randomly placed within
the search space.

For the calculation of fitness function, geometric mean
(Gmean) is employed. The Gmean is calculated as follows:

TPR = TP
TP + FN

,

TNR = TN
TN + FP

,

Gmean = √TPR × TNR,

(6)

where true peak (TP) is a correctly detected peak point, true
non-peak (TN) is a correctly detected non-peak point, false
peak (FP) is a wrongly detected the non-peak point, false
non-peak (FN) is a wrongly detected peak point, TPR is a true
peak rate, and TNR is a true non-peak rate.

2.4. Rule-Based Classifier. A rule-based classifier is employed
to distinguish whether the candidate peak is a true peak or
true non-peak from the extracted features. Each feature has
a corresponding threshold value in the classification process.
Given a set of features, a true peak only can be identified if
all the feature values are greater than or equal to the decision
threshold values. Otherwise, the candidate peak belongs to
true non-peak. The form of the rule is

IF 𝑓
1
≥ th
1
AND 𝑓

2
≥ th
2
AND . . .AND

𝑓
𝑀
≥ th
𝑁

THEN Candidate Peak is a True Peak,
(7)

where 𝑓
𝑖
is denoted as a one of sixteen peak features, th

𝑖
is

denoted as one of the decision threshold values of this peak
feature, and true peak is predicted peak at a particular peak
point location.

3. Experimental Setup

In this section, two experiments are conducted for peak
detection of EEG signal. For first experiment, the framework
is executed without feature selection. For second experiment,
the experiment is executed with feature selection. The exper-
imental protocols are discussed in the next subsection. The
training and testing EEG signal are prepared to evaluate the
performance of the proposed framework. Then, the results
are discussed and analyzed.

Each experiment is conducted in 10 independent runs.
For each run, 30 particles are used to perform feature
selection and parameters estimation. For each particle, the
total number of dimensions is depending on the number of
features in a feature set. The maximum iteration was set to
1000. For the initial value of PSO parameters, the maximum
inertia weight, 𝜔max, is 0.9 and the minimum inertia weight,
𝜔min, is 0.4. The cognitive component, 𝑐

1
, and the social

Table 5: Parameters setting of standard PSO and RA-PSO algo-
rithms.

Initial PSO parameters
Parameters Value
Decrease inertia weight, 𝜔 0.9∼0.4
Cognitive component, 𝑐

1
2

Social component, 𝑐
2

2
Random value, 𝑟

1
and 𝑟
2

Random number [0, 1]
Velocity vector for each particle 0
Initial pbest score for each particle 0
Initial gbest score 0
Range of search space for 𝑛𝑓 + 1 to 𝑛𝑓 + 5 [0 30]

Range of search space for 𝑛𝑓 + 6 to 𝑛𝑓 + 12 [0 781.25]

Range of search space for 𝑛𝑓 + 13 to 𝑛𝑓 × 2 [0 24.16]

component, 𝑐
2
, are set to 2. These values are proposed by

Shi and Eberhart in 1999 [41]. The random values, 𝑟
1
and

𝑟
2
, are randomly distributed values from 0 to 1. The velocity

clamping, Vmax, for binary version is set to 6 [39].The velocity
vector for each particle, the pbest score for each particle, and
gbest score is set to 0.The parameters setting of standard PSO
and RA-PSO algorithms are tabulated in Table 5.

3.1. Experimental Protocols. This study uses the eye move-
ment EEG signal as a case study to evaluate the proposed
framework.The observation of the eyemovement EEG signal
indicates that the most observable signal pattern is the peak
point which signifies the brain response on eye movements.
The known peak point locations through the response of
the brain can be translated into an output, for example,
wheelchair movement.

The experimental protocol to acquire this EEG signal
was reviewed and approved by the Medical Ethic Committee
(MEC) in theUniversity ofMalayaMedical Centre (UMMC).
The subject gave a written consent prior to the data collection
session.This EEG signal was acquired in the Applied Control
and Robotic (ACR) Laboratory, Department of Electrical
Engineering, Faculty of Engineering, University of Malaya,
Malaysia. A healthy subject was involved voluntarily in this
data collection session who is a postgraduate student in the
Faculty of Engineering.

The EEG signal recording was conducted using the
g.MOBIlab portable signal acquisition system. The EEG
signal was recorded from C4 channel. The EEG signal of
channel CZ was used as a reference. The ground electrode
was located on the forehead. The electrode was placed using
the 10–20 international electrode placement system. The
sampling frequency was set to 256Hz.

Before the session begins, the subject was advised to get
good rest. Thus, he can give full focus during the session.
The subject was also advised to wash his hair. During the
data collection session, the subject was required to be ready
within 0 to 4 seconds for waiting for an external cue. The cue
is a command for a subject to move their eyes to the right
position. Within the standby time, the subject is required not
to move their eyes into a frontal position.
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Figure 3: Filtered EEG signal.

Table 6: Signal specifications.

Specification Channel C4
Total sampling point 10240
Total length signal (second) 40
Number of peak points in the signal 40
Sampling frequency (Hz) 256

When the time is exactly 5 seconds, the external cue
appears on the screen monitor. The instruction allows the
subject to move back their eyes in a frontal position. The
external cue appears for 40 times. The total length of EEG
recording is 40 seconds. As a cleanliness procedure, the
electrodes and head-cap that are used in the session were
washed. The filtered EEG signal is shown in Figure 3. Forty
locations of definite peak points are highlighted in the red
circle. The next process is to prepare the training and testing
data.

From the data collection, 40 definite peak point locations
have been identified by EEG expert. In 40-second signal there
are 10240 sampling points, 𝑥(𝐼).There are only 40 peak points
and the remaining of 10200 sampling points are the non-
peak points. For preparing the training and testing signal, the
training signal is selected from 1 to 5120 sampling pointswhile
the remaining EEG signal is used for testing signal.The signal
specification is summarized in Table 6.

4. Results and Discussions

To evaluate the proposed framework for training and testing
phase, four different measures are used including the average
Gmean, themaximumGmean, theminimumGmean, and the
standard deviation (STDEV).

4.1. Results of Peak Detection Algorithm without Feature
Selection. Four peak models are employed for evaluating
the peak models performance in the proposed framework.
The training and testing performance based on those four

different measures for each model is shown in Table 7. The
standard PSO algorithm is used to find the optimal threshold
values for each peak model. The obtained results for each
peak model are compared with the results of peak detection
algorithm and the feature selection framework based on
standard PSO. Notably, in this section, only standard PSO is
considered in the peak detection algorithm without feature
selection framework.

Referring to Table 7, the training performance for aver-
age, maximum, minimum, and STDEV is 84.01%, 89.15%,
80.58%, and 4.43% for Dumpala et al.’s peak model; 74.4%,
80.59%, 67.08%, and 3.71% for Acir et al.’s peak model; and
90.98%, 94.76%, 83.66%, and 5.51% for Dingle et al.’s peak
model, respectively. The testing performance for average,
maximum, minimum, and STDEV is 81.22%, 91.83%, 74.15%,
and 9.13% for Dumpala et al.’s peak model; 68.59%, 77.43%,
54.77%, and 6.97% for Acir et al.’s peak model; and 88.78%,
94.75%, 77.44%, and 7.98% for Dingle et al.’s peak model,
respectively.

Overall, the average performance of the training phase for
Dumpala et al.’s peakmodel, Acir et al.’s peakmodel, andDin-
gle et al.’s peakmodel is greater than the average performance
of their testing phase. However, for the peakmodel, Liu et al.’s
peak model, will give zero percent performance for training
and testing phase. This result indicates the limitation of rule-
based classifier when dealing with both feature sets. During
the training process on the feature sets, the particles in the
PSO algorithm do not meet the optimum decision threshold
values and the particlesmight also be trapped at local optima.
Based on the preceding rule, a true peak only can be identified
if all the feature values are greater than or equal to the decision
threshold values. So, if one of the feature values does not
satisfy the decision threshold value, the classifier will decide
the peak candidate as a non-peak point. When this happens
to all peak candidates, the TP is equal to zero.Gmeanwill give
zero percent performance even if TN is equal to some values.
The end results indicate the employment of the presented rule
is only valid for Dumpala et al.’s peak model, Acir et al.’s peak
model, and Dingle et al.’s peak model.

Compared to the test average performance of the peak
models, the highest test performance is obtained by Dingle et
al.’s peakmodel, which is 88.78%, then follows by Dumpala et
al.’s peak model, which is 81.22%. The worst test performance
is obtained by Acir et al.’s peak model, which is 68.59%. It
can be concluded: from the findings of experimental results,
the finest peak model for the filtered EEG signal is Dingle et
al.’s peak model, and the worst peak model for the filtered
EEG signal is Acir et al.’s peak model. True peak rate and
true non-peak rate of test performance are shown in Table 8.
It can be concluded that, from the finding experimental
results, the chosen peakmodels limit the designed framework
to obtain the best accuracy. Therefore, the feature selection
technique using standard PSO is employed into the designed
framework.

4.2. Results of PeakDetectionAlgorithmwith Feature Selection.
The results of peak detection algorithmwith feature selection
are categorized into two subsections which are the results of
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Table 7: Training and testing performance of peak detection for each peak model (without feature selection).

Peak model Training (%) Testing (%)
Average Max Min STDEV Average Max Min STDEV

Dumpala et al. (1982) [8] 84.01 89.15 80.58 4.43 81.22 91.83 74.15 9.13
Acir et al. (2005) [7, 11, 26] 74.4 80.59 67.08 3.71 68.59worst 77.43 54.77 6.97
Liu et al. (2002) [10] 0 0 0 0 0 0 0 0
Dingle et al. (1993) [9] 90.98 94.76 83.66 5.1 88.78best 94.75 77.44 7.98

Table 8: TPR and TNR test results for EEG signal (without feature
selection).

Peak model TPR (%) TNR (%)
Dumpala et al. (1982) [8] 65.0 99.7
Acir et al. (2005) [7, 11, 26] 50.0 99.9
Liu et al. (2002) [10] 0.0 0.0
Dingle et al. (1993) [9] 80.0 99.3

feature selection using standard PSO and the results of feature
selection using RA-PSO. Also, the results from the two PSO
algorithms in the proposed framework are discussed.

4.2.1. Feature Selection Using Standard PSO. The feature sets
of 10 runs using the standard PSO algorithm are shown
in Table 9. The result shows the variety of the optimal
combination of features that give the higher classification
performance, mostly higher than 99.69%. The maximum
training accuracy is 99.98%.Themost significant peak feature
is the feature 𝑓

5
because all the 10 runs appear as a selected

feature by PSO. Feature 𝑓
5
is the amplitude that is calculated

from the difference between peak points (PP) and moving
average curve (MAC). Another most significant feature is
feature 𝑓

2
, which is the calculated amplitude between a peak

point and valley point at the second haft wave. The feature
𝑓
6
is chosen 4 times. The feature 𝑓

6
is chosen 4 times. The

features 𝑓
4
and 𝑓

9
are chosen 2 times. The feature 𝑓

10
is only

selected at 9th run.
Based on the results in Table 9, the combination of peak

features (𝑓
2
, 𝑓
5
, and 𝑓

6
) appears 4 times, the combination

of peak features (𝑓
2
, 𝑓
5
, and 𝑓

9
) appears 2 times, and the

combination of peak features (𝑓
2
and 𝑓

5
) appears 2 times.

Therefore, there are 3 optimal combinations of features that
can be chosen.

Table 10 has the optimal threshold values for the optimal
combination of the features.The threshold values are selected
based on the selected peak features that are highlighted in the
table.

The average of training and testing results of 10 runs using
standard PSO algorithm is tabulated in Table 11.The results of
standard PSO show the average training accuracy is 99.91%.
The maximum training accuracy is 99.98%. The minimum
training accuracy is 99.69%, and the standard deviation is
8.07%. On the other hand, the testing accuracy is 93.73%.The
maximum testing accuracy is 99.92%. The minimum testing
accuracy is 77.41%.

In terms of peak and the non-peak rate (TP and TN) for
training results, the classifier accurately predicted all 20 peak
points and 5113 non-peak points. The results also show that
the classifiermisclassified 27 non-peak points.Themaximum
of the true peak point is 20 and true non-peak point is 5118.
The minimum of true peak point is 20, and true non-peak
point is 5109.

For testing results, the classifier accurately predicted 18
peak points and 5110 non-peak points. The maximum of the
true peak point is 20 and true non-peak point is 5114. The
minimum of true peak point is 12 and true non-peak point is
5106. In general, the average testing result that corresponds
to the selected peak features using the proposed feature
selection framework is greater than the average testing result
of Dingle’s peak model which is 93.73% and 88.78%. The
feature set of the Dingle’s peak model is 𝑓

5
, 𝑓
6
, 𝑓
11
, and 𝑓

12

while the feature set that gives a higher training performance
in this experiment is 𝑓

2
and 𝑓

5
.

However, the proposed framework based on standard
PSO produces slightly high variance model as it measures
from the STDEV index. The STDEV is evaluated for mea-
suring the algorithm consistency where lowest STDEV value
indicates a good generalization algorithm. Based on the
results of the STDEV in Table 13, the STDEV values of
the standard PSO are 8.07% and 7.18% for training and
testing, respectively. This results show that the high standard
deviation of the accuracy is recorded between maximum
and minimum of classification rate. The experimental results
are reasonable due to the limitation of the standard PSO
algorithm.

4.2.2. Feature Selection Using RA-PSO. Table 12 shows the
feature selection results of 10 runs based on the RA-PSO
algorithm. The feature set was highlighted of each run. The
threshold values for all selected features are also given in
Table 13.The highestGmean value of training phase is 99.91%.
The significant peak features are𝑓

5
and𝑓
8
.The corresponding

threshold values are 9.20 and 4. Note that feature 𝑓
5
is the

amplitude that is calculated from the difference between peak
points (PP) andmoving average curve (MAC). Another most
significant feature is feature 𝑓

8
, which is the width between

peak point and valley point of second half wave. The features
𝑓
2
, 𝑓
4
, and 𝑓

8
are chosen 3 times. The feature 𝑓

12
is only

selected at second run.
Three similar results were obtained out of ten runs. Other

significant feature sets that are obtained in this result are the
combination of peak features (𝑓

2
and 𝑓

5
) and (𝑓

4
and 𝑓

5
).

These feature sets also appear 3 times.
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Table 9: Training results: the feature sets of 10 runs using standard PSO.

Run
Peak features

Amplitudes Widths Slopes Gmean (%)
𝑓
1
𝑓
2
𝑓
3
𝑓
4
𝑓
5
𝑓
6
𝑓
7
𝑓
8
𝑓
9
𝑓
10
𝑓
11
𝑓
12
𝑓
13
-𝑓
14

#1 0 1 0 0 1 0 0 0 1 0 0 0 0 99.89
#2 0 0 0 1 1 0 0 0 0 0 0 0 0 99.91
#3 0 1 0 0 1 0 0 0 1 0 0 0 0 99.69
#4 0 1 0 0 1 1 0 0 0 0 0 0 0 99.92
#5 0 1 0 0 1 1 0 0 0 0 0 0 0 99.91
#6 0 1 0 0 1 0 0 0 0 0 0 0 0 99.95
#7 0 1 0 0 1 1 0 0 0 0 0 0 0 99.94
#8 0 1 0 0 1 1 0 0 0 0 0 0 0 99.91
#9 0 0 0 1 1 0 0 0 0 1 0 0 0 99.96
#10 0 1 0 0 1 0 0 0 0 0 0 0 0 99.98

Table 10: Training results: the optimal decision threshold values of 10 runs using standard PSO.

Run Optimal threshold values
th1 th2 th3 th4 th5 th6 th7 th8 th9 th10 th11 th12 th13-th14

#1 — 0.40 — — 9.07 — — — 9 — — — —
#2 — — — 0.27 9.20 — — — — — — — —
#3 — 1.24 — — 9.27 — — — 17 — — — —
#4 — 0.37 — — 8.93 12 — — — — — — —
#5 — 0.43 — — 9.18 12 — — — — — — —
#6 — 1.25 — — 11.34 — — — — — — — —
#7 — 0.93 — — 9.07 11 — — — — — — —
#8 — 0.38 — — 9.10 8 — — — — — — —
#9 — — — 0.43 9.13 — — — — 8 — — —
#10 — 0.90 — — 10.07 — — — — — — — —

Table 11: Average training and testing results of 10 runs with feature selection using standard PSO.

Algorithm Results Training Testing
Gmean (%) TN FP TP FN Gmean (%) TN FP TP FN

Standard PSO

AVG 99.91 5113 27 20 0 93.73 5110 30 18 2
MAX 99.98 5118 22 20 0 99.92 5114 26 20 0
MIN 99.69 5109 31 20 0 77.41 5106 34 12 8

STDEV 8.07 7.18

Table 12: Training results: the feature sets of 10 runs using RA-PSO.

RA-PSO Peak features
Amplitudes Widths Slopes Gmean (%)

Run 𝑓
1
𝑓
2
𝑓
3
𝑓
4
𝑓
5
𝑓
6
𝑓
7
𝑓
8
𝑓
9
𝑓
10
𝑓
11
𝑓
12
𝑓
13
-𝑓
14

#1 0 0 0 0 1 0 0 1 0 0 0 0 0 99.91
#2 0 0 0 0 1 0 0 0 0 0 0 1 0 99.87
#3 0 0 0 1 1 0 0 0 0 0 0 0 0 99.90
#4 0 0 0 1 1 0 0 0 0 0 0 0 0 99.90
#5 0 0 0 0 1 0 0 1 0 0 0 0 0 99.91
#6 0 1 0 0 1 0 0 0 0 0 0 0 0 99.90
#7 0 1 0 0 1 0 0 0 0 0 0 0 0 99.90
#8 0 0 0 1 1 0 0 0 0 0 0 0 0 99.90
#9 0 1 0 0 1 0 0 0 0 0 0 0 0 99.90
#10 0 0 0 0 1 0 0 1 0 0 0 0 0 99.91

AVERAGE Gmean 99.90
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Table 13: Training results: the optimal decision threshold values of 10 runs using RA-PSO.

Run Optimal threshold values using RA-PSO
th1 th2 th3 th4 th5 th6 th7 th8 th9 th10 th11 th12 th13-th14

#1 — — — — 9.20 — — 4 — — — — —
#2 — — — — 9.21 — — — — — — 0.6 —
#3 — — — 0.38 9.21 — — — — — — — —
#4 — — — 0.22 9.20 — — — — — — — —
#5 — — — — 9.20 — — 4 — — — — —
#6 — 0.36 — — 9.04 — — — — — — — —
#7 — 0.39 — — 9.22 — — — — — — — —
#8 — — — 0.25 9.20 — — — — — — — —
#9 — 0.27 — — 9.19 — — — — — — — —
#10 — — — — 9.20 — — 4 — — — — —

Table 14: Average training and testing results of 10 runs with feature selection using RA-PSO.

Algorithm Results Training Testing
Gmean (%) TN FP TP FN Gmean (%) TN FP TP FN

RA-PSO

AVG 99.90 5110 30 20 0 98.59 5106 34 19 1
MAX 99.91 5111 29 20 0 99.86 5107 33 20 0
MIN 99.87 5107 33 20 0 97.33 5103 37 19 1

STDEV 1.15 1.33

Table 14 shows the average training and testing results of
10 runs with feature selection using RA-PSO algorithm. The
averageGmean value of the RA-PSO algorithm is 99.90% and
98.59% for training and testing, respectively. The maximum
Gmean value of the RA-PSO algorithm is 99.91% and 99.86%
for training and testing, respectively. The minimum Gmean
value of the RA-PSO algorithm is 99.87% and 97.33% for
training and testing, respectively.

In terms of peak and the non-peak rate (TP and TN) for
training results, the classifier accurately predicted all 20 peak
points and 5110 non-peak points. The results also show that
the classifiermisclassified 30 non-peak points.Themaximum
of the true peak point is 20 and true non-peak point is 5111.
The minimum of true peak point is 20 and true non-peak
point is 5107.

For testing results, the classifier accurately predicted 19
peak points and 5106 non-peak points. The maximum of the
true peak point is 20 and true non-peak point is 5107. The
minimum of true peak point is 19 and true non-peak point is
5103.

As compared to the framework, using standard PSO, RA-
PSO is found to offer lower variance model. The recorded
STDEV values of the RA-PSO are 1.15% and 1.33% for training
and testing, respectively. Therefore, the RA-PSO may offer a
reliable and reasonable model as compared to standard PSO
with consistent classification rate.

5. Conclusions

In this study, the framework of feature selection and param-
eters estimation is proposed for EEG signal peak detection
algorithm. The proposed framework involves peak candidate

detection, feature extraction, feature selection, and classifica-
tion. The framework is developed based on PSO algorithm
and a rule-based classifier. In general, the binary PSO based
algorithm was utilized for selecting the peak features while
the continuous PSO based algorithm was utilized for opti-
mizing the classifier parameters. Two PSO based algorithms
are employed in the proposed framework: (1) standard PSO
and (2) RA-PSO. Fourteen peak features were employed
in this study. All these peak features were taken from the
existing peak models in the time domain approach. The
available peak features are then automatically selected in
combinatorial form using the proposed framework. Based on
the experiment results of peak detection algorithm without
feature selection, the best peak model is Dingle et al.’s [9]
peak model where the highest performance obtained is
88.78%. Meanwhile, the experimental results with feature
selection show the proposed framework with standard PSO
can further improve the Dingle et al.’s model. However, the
recorded results are inconsistent due to high variances of the
classification accuracy. The unreliability of the standard PSO
can be further improved based on the proposed framework
using RA-PSO. In general, the proposed feature selection
technique offers a better performance as compared to any
peak models without feature selection. For future work, the
proposed framework will be employed in more case studies
and will invent more classification methods.
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Community detection is of great value for complex networks in understanding their inherent law and predicting their behavior.
Spectral clustering algorithms have been successfully applied in community detection.This kind of methods has two inadequacies:
one is that the input matrixes they used cannot provide sufficient structural information for community detection and the other is
that they cannot necessarily derive the proper community number from the ladder distribution of eigenvector elements. In order
to solve these problems, this paper puts forward a novel community detection algorithm based on topology potential and spectral
clustering. The new algorithm constructs the normalized Laplacian matrix with nodes’ topology potential, which contains rich
structural information of the network. In addition, the new algorithm can automatically get the optimal community number from
the local maximum potential nodes. Experiments results showed that the new algorithm gave excellent performance on artificial
networks and real world networks and outperforms other community detection methods.

1. Introduction

Most networks show community structure [1]. The results
of community detection are meaningful for forecasting the
behavior and evolution trend of complex networks [2]. For
example, in World Wide Web, community detection can be
used to improve the performance of search engine, in social
networks, community detection can be used to forecast
the information propagation among users [3], in electronic
commerce area, community detection can be used to select
potential user for advertising; and in bioengineering area,
community detection can be used to recognize functions of
protein [4].

In recent years, many methods inspired by different
paradigms are put forward for community detection [5].
Among these efforts, spectral clustering has shown to be
successful [6], for it is very simple to implement and can be
solved by standard linear algebra methods.

The traditional spectral clustering methods are based
on kinds of input matrixes, such as the adjacency matrix,
the standard Laplacian matrix, and the normalized Lapla-
cian matrix. The standard Laplacian matrix is defined as

𝐿 = 𝐷−𝐴, and the normalized Laplacian matrix is defined as
𝐿 = 𝐷

−1
𝐴, where 𝐴 is adjacency matrix and 𝐷 is a diagonal

matrix with elements𝐷
𝑖𝑖
being the degree of the 𝑖th node.

Almost all above matrixes are constructed with the adja-
cency matrix and diagonal matrix of networks. These
matrixes can only reflect the local relationship between a
node and its direct neighbors, as [6] pointed out, “the
eigenvalues and eigenvectors of traditional input matrixes
cannot provide sufficient structural information for com-
munity detection.” As a result, the accuracy of community
detection may decrease.

What is more, the community number 𝑘 must be set
in advance for the spectral clustering method based on
standard Laplacian matrix. The normalized Laplacian matrix
can solve this problem to some extent, which has 𝑘 nontrivial
eigenvalues close to the biggest eigenvalue 1. The eigenvector
elements corresponding to these eigenvalues present ladder
distribution.The proper community number of communities
can be estimated by the ladders. However, when the commu-
nity structure of network is not clear, the eigenvector elements
cannot show obvious ladder distribution but an approxi-
mately continuous curve [7]. In this case, we cannot get
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the proper community number from the ladder distribution
of eigenvector elements.

In order to solve these problems, this paper puts forward
a novel community detection algorithm based on topology
potential and spectral clustering. The algorithm constructs
the normalized Laplacian matrix with topology potential of
network nodes.The topology potential of a node is the sum of
potential components produced by neighbors at the position
of this node. The topology potential describes the compli-
cated interaction among nodes and contains rich structural
information of the network. This structural information is
meaningful for community detection. In addition, the new
algorithm can automatically get the optimal community
number from the local maximum potential nodes, whether
the community structure of network is obvious or not. Exper-
iments results showed that the new algorithm can improve
the accuracy of community detection and has significant
adaptability.

This paper is organized as follows. Section 2 describes
related works. Section 3 introduces the concept of topology
potential. Section 4 shows the new community detection
algorithm based on topology potential and spectral cluster-
ing. Section 5 is simulation experiment and results. Section 6
comes to the conclusion of this paper.

2. Related Works

Spectral clustering algorithms have been successfully applied
to community detection. From the perspective of input
matrix, spectral clustering methods can be divided into the
adjacency matrix [8], the standard Laplacian matrix [9], the
normalized Laplacianmatrix [10], themodularitymatrix [11],
and the correlation matrix [12]. Reference [13] found that
the normalized Laplacian matrix significantly outperforms
the other matrixes in identifying the community structure of
networks.

In order to improve the performance of spectral clus-
tering, many nontraditional spectral clustering algorithms
have been proposed [6], such as complement based spectral
clustering [14], complex eigenvector based spectral clustering
[15], semisupervised spectral clustering [16], and eigenspace-
based spectral clustering [17]. Zarei and Samani [14] gave out
a spectral method based on the network complement and
anticommunity concept, declaring “the spectrum of matrixes
corresponding to a network complement reveals the commu-
nities more accurately than that of a matrix corresponding
to the network itself.” Zarei et al. [15] also put forward a
spectrum method based on complex eigenvectors and found
that the complex eigenvectors of network matrixes showed
better performance in community detection. Mavroeidis [16]
proposed a semisupervised spectral clustering, and its results
showed that the partial supervision cannot only improve
the quality of spectral clustering but also accelerate the
spectral clustering. Ma et al. [17] presented an eigenspace-
based spectral method for community detection, which can
identify both the overlapping and hierarchical community
without increasing the time complexity. All thesemethods try
to integrate some additional topology structure information
into input matrixes.

Except for methods mentioned above, there are some
other newly developed spectral methods for community
detection. Gong et al. [18] proposed a spectral algorithm
utilizing multiple eigenvectors to identify the communities
in networks, which performed better for more spectral infor-
mation is used. Newman [19] found that, within the spectral
approximations, community detection by modularity maxi-
mization, community detection by statistical inference, and
normalized-cut graph partitioning are identical. With the
large-deviation theory, Bo et al. [20] established a relationship
between the hierarchical community structure of a network
and the local mixing properties.

Recently, a novel theory-topology potential theory was
introduced to complex network for community detection
[21]. Because of its inherent advantage in time complexity
and performance, this theory has attracted plenty of atten-
tion. Gan et al. [21] put forward a topology-potential-based
community detection algorithm. With the algorithm, the
community structure can be uncovered by “detecting all local
high potential areas margined by low potential nodes.” Han
et al. [22] proposed an overlapping community detection
algorithm, which divides networks into separate communi-
ties by “spreading outward from each local maximum poten-
tial node.” Zhang et al. [23] proposed a variable scale net-
work overlapping community identificationmethodbased on
topology potential. In order to identify overlapping nodes,
this method defined an identity uncertainty measure related
to topology potential. These above topology-potential-based
methods show better performance in community detection;
however, there is aweakness for almost all thesemethods; that
is, they definitely need additional strategies or parameters to
determine the community attachment of nodes, such as the
benefit function in [21] and the parameter 𝜉 in [23].

Different from above works, this paper puts forward
a novel community detection algorithm, which combines
spectral clustering and topology potential, making best use of
their advantages and bypassing their disadvantages. The new
algorithm constructs the normalized Laplacian matrix with
topology potential of network nodes. The topology potential
contains rich structural information of the network, which is
meaningful for community detection. What’s more, the new
algorithm can automatically judge the optimal community
number from the local maximum potential nodes, whether
the community structure of complex network is obvious or
not.

3. Topology Potential

The topology potential field theory is an important branch
of the field theory. People abstracted the classical field as
a mathematical model to describe noncontact interaction
between objects [24]. Any complex network has its relatively
stable topology structure; nodes in the network are not
isolated, and there exist relationships between nodes linked
by edges. Therefore, the topology potential field theory was
introduced into complex network to describe the interaction
and association among network nodes [22].

Given a network 𝐺 = (𝑉, 𝐸), where 𝑉 = {𝜐
𝑖
| 𝑖 = 1, . . . ,

𝑛} is a set of nodes, 𝑛 is the total number of nodes,
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𝐸 = {(𝜐
𝑖
, 𝜐
𝑗
) | 𝜐
𝑖
, 𝜐
𝑗
∈ 𝑉} is a set of edges. According to the

topology potential field theory, the topology potential of any
node is defined as follows:

𝜑 (𝜐
𝑖
) =

𝑘

∑

𝑙=1

𝑚(𝜐
𝑙
) × 𝑒
−(𝑑
𝑖𝑙
/𝜎)
2

, (1)

where 𝜑(𝜐
𝑖
) is the topology potential of node 𝜐

𝑖
, 1 ≤ 𝑖 ≤ 𝑛;

the node 𝜐
𝑙
is a node within the influence scope of node 𝜐

𝑖
,

and 𝑘 is the total number of nodes within the influence scope,
1 ≤ 𝑘 ≤ 𝑛 − 1, 1 ≤ 𝑙 ≤ 𝑘; 𝑑

𝑖𝑙
is the hops between s 𝜐

𝑖
and 𝜐
𝑙
;

𝑚(𝜐
𝑙
) is the mass of node 𝜐

𝑙
; generally speaking, it is set to

1, and the mass difference between nodes is ignored; 𝜎 is an
impact factor used to control the influence scope of node, the
maximum scope is ⌊3𝜎/√2⌋ hops.

The impact factor𝜎will affect topology potential field and
the influence scope of node. If 𝜎 is small, the interaction and
association among nodes is weak. And when 𝜎 → 0, there is
evenno interaction and association.Conversely, if𝜎 is big, the
interaction and association become strong, and in extreme
conditions, all nodes associate with each. Therefore, we need
to select suitable value, so as to make the distribution of
topology potential value reflect the structure characteristics
of network. Potential entropy has been introduced to evaluate
the rationality of topology potential value distribution [21].

Suppose the topology potential of nodes 𝜐
1
, 𝜐
2
, . . . , 𝜐

𝑛
are

𝜑(𝜐
1
), 𝜑(𝜐
2
), . . . , 𝜑(𝜐

𝑛
), respectively; the potential entropy 𝐻

is defined as

𝐻 = −

𝑛

∑

𝑖=1

𝜑 (𝜐
𝑖
)

𝑍
⋅ log(

𝜑 (𝜐
𝑖
)

𝑍
) , (2)

where 𝑛 is the total number of nodes; 𝑍 = ∑
𝑛

𝑖=1
𝜑(𝜐
𝑖
) is a

normalization factor. When topology potential field achieves
the smallest potential entropy, the impact factor value is
optimal [25].

As can be seen from the formula (1), the topology poten-
tial of a node totally depends on the topology structure of its
surroundings, which reflects the influence ability of another
node over it. Obviously, the topology potential contains
rich structural information of the network, which offers a
desirable solution to the insufficient structural information
in the traditional Laplacian matrix. If we construct the
Laplacian matrix by using topology potential of network
nodes, the additional structural information can be provided
for community detection. So, this paper puts forward a novel
algorithmbased on topology potential and spectral clustering
to improve the performance of community detection, and
Section 4 will describe the new algorithm in detail.

4. Community Detection Algorithm

In this section, we will give out a novel community detection
algorithm based on topology potential and spectral cluster-
ing. The new algorithm is described as follows.

Input: complex network 𝐺 = (𝑉, 𝐸), the corresponding
node set 𝑉 = {𝜐

𝑖
| 𝑖 = 1, . . . , 𝑛}, edge set 𝐸 = {(𝜐

𝑖
, 𝜐
𝑗
) | 𝜐
𝑖
, 𝜐
𝑗
∈

𝑉}.

Output: a community partition of 𝐺.
Algorithm Description:

(1) calculate the topology potential of node with formula
(1);

(2) search all local maximum potential nodes of 𝐺. Sup-
pose we find 𝑘 local maximum potential nodes;

(3) construct the potential component matrix 𝑃 and
topology potential matrix 𝑇 of 𝐺;

(4) compute the normalized Laplacian matrix 𝐿 = 𝑇−1𝑃
of 𝐺;

(5) compute the first 𝑘 eigenvectors 𝑢
1
, . . . , 𝑢

𝑘
of 𝐿, 𝑘 is

the total number of local maximum potential nodes;
(6) map all nodes in 𝑉 to R𝑘 corresponding to eigenvec-

tors 𝑢
1
, . . . , 𝑢

𝑘
;

(7) cluster the nodes in R𝑘 with the 𝑘-means algorithm
into communities 𝐶

1
, . . . , 𝐶

𝑘
.

Compared with the traditional spectral clustering
method, the new algorithm constructs the normalized
Laplacian matrix with the topology potential of nodes and
can automatically get the optimal community number from
the local maximum potential node.

The following part of the section will focus on the nor-
malized Laplacian matrix construction and local maximum
potential node search of the new community detection
algorithm.

4.1. Normalized Laplacian Matrix Construction. In order to
add additional structural information of networks, the nor-
malized Laplacian matrix 𝐿 is redefined as follows:

𝐿 = 𝑇
−1
𝑃, (3)

where the adjacency matrix 𝐴 used in the conventional nor-
malized Laplacian matrix is replaced by the potential com-
ponent matrix 𝑃 and the degree matrix 𝐷 by the topology
potential matrix 𝑇.

The topology potential matrix 𝑇 is an 𝑛-dimensional
diagonal matrix, and the diagonal element 𝑡

𝑖,𝑖
= 𝜑(𝜐

𝑖
), that

is, the topology potential of node 𝜐
𝑖
.

The potential componentmatrix𝑃 is 𝑛×𝑛matrix, and the
matrix elements𝑝

𝑖,𝑗
are the potential component produced by

node 𝜐
𝑗
at the position node 𝜐

𝑖
, which is defined as follows:

𝑝
𝑖,𝑗
= 𝑚(𝜐

𝑗
) × 𝑒
−(𝑑
𝑖𝑗
/𝜎)
2

, 1 ≤ 𝑖, 𝑗 ≤ 𝑛, (4)

where𝑚(𝜐
𝑗
) is the mass of node; 𝑑

𝑖𝑗
is the hops between node

𝜐
𝑗
and node 𝜐

𝑖
; 𝜎 is an impact factor used to control the

influence scope of node. If 𝑖 = 𝑗, then 𝑝
𝑖,𝑗
= 0; if node 𝜐

𝑖
is out

of the influence scope (⌊3𝜎/√2⌋) of node 𝜐
𝑗
, then 𝑝

𝑖,𝑗
= 0.

Figure 1 shows a simple network model, which contains
only six nodes. Here, we take the figure as an example to show
the construction of the potential component matrix 𝑃 and
topology potential matrix 𝑇. For this network, the selected
optimal impact factor 𝜎 = 1.39; thus, the influence scope of
node ⌊3𝜎/√2⌋ = 2.We can use formula (1) to get the topology
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Figure 1: A simple network model.

potential of all the six nodes. The topology potential of node
1 is 1.3181, and the topology potentials of the other five nodes
are 1.3181, 2.0402, 2.0402, 0.8413, and 0.8413, respectively.
Thus, we can get the topology potential matrix 𝑇 of Figure 1:

𝑇

=
(
(

(

1.3181

1.3181

2.0402

2.0402

0.8413

0.8413

)
)

)

.

(5)

The topology potential of node 1 is the summation of
potential component produced by node 2 (0.5960), node
3 (0.5950), and node 4 (0.1261). Similarly, the topology
potential of node 3 is the summation of potential component
produced by node 1 (0.5960), node 2 (0.5960), node 4
(0.5950), node 5 (0.1261), and node 6 (0.1261). Thus, we can
get the potential component matrix 𝑃:

𝑃 =
(
(

(

0 0.5960 0.5960 0.1261 0 0

0.5960 0 0.5960 0.1261 0 0

0.5960 0.5960 0 0.5960 0.1261 0.1261

0.1261 0.1261 0.5960 0 0.5960 0.5960

0 0 0.1261 0.5960 0 0.1261

0 0 0.1261 0.5960 0.1261 0

)
)

)

.

(6)

Based on formula (2), the normalized Laplacian matrix 𝐿
is

𝐿

= 𝑇
−1
𝑃

=
(
(

(

0 0.4521 0.4521 0.0957 0 0

0.4521 0 0.4521 0.0957 0 0

0.2921 0.2921 0 0.2921 0.0618 0.0618

0.0618 0.0618 0.2921 0 0 0.2921

0 0 0.1487 0.7026 0 0.1487

0 0 0.1487 0.7026 0.1487 0

)
)

)

.

(7)

4.2. Local Maximum Potential Node Search. The hill-climb-
ing method is a traditional algorithm for local maximum
point search, which may leave out some local maximum
points, and search performance is greatly influenced by initial
point selection. We give out a new local maximum potential
node search algorithm with review to local maximum poten-
tial nodes’ characteristics.

The key steps of the new search algorithm are shown as
follows.

(1) All network nodes are initialized to ”unvisited.”
(2) Randomly choose an ”unvisited” node 𝜐

𝑖
and compare

the topology potential of 𝜐
𝑖
with its neighbors’. If the

topology potential of 𝜐
𝑖
is higher than all neighbors’,

then jump to step (3); otherwise, jump to step (4).
(3) Add 𝜐

𝑖
to the localmaximumpotential node set𝐾 and

mark 𝜐
𝑖
as well as its all neighbors “visited.”

(4) Mark 𝜐
𝑖
“visited,” and mark neighbors with lower

topology potential than 𝜐
𝑖
’s “visited.”

(5) Repeat steps (2), (3), and (4), until all nodes in
network are marked “visited.”

(6) If there are two local maximum potential nodes
whose distance, that is, hops, is smaller than ⌊3𝜎/√2⌋,
then we delete the smaller one from𝐾.

(7) Output the final local maximumpotential node set𝐾.
More details about local maximum potential node search

can be referred to [24].

5. Simulation Experiments

In this section, a series of experiments will be carried
out to empirically evaluate the performance of the new
algorithm. Simulation programwas implemented withMAT-
LAB. The experiment data include two kinds of complex
networks: artificial networks and real world networks. The
artificial networks were generated by ad hoc model [26]
and LFR Benchmark generator [27]. LFR Benchmark is a
network generator, which produces networks with power-
law degree distribution and with implanted communities
within the network [27]. The real world networks come
from http://www-personal.umich.edu/∼mejn/netdata/. The
normalized mutual information (NMI) [28], a widely used
measure, is calculated for the community partition by each
algorithm.

5.1. AdHoc Network. Thegenerated ad hoc network, with 128
nodes, is split into 4 communities containing 32 nodes each.
The parameter 𝑧out is the average edge that links one node
with other nodes of different communities. As 𝑧out increases,
the community structure of the ad hoc network becomes
ambiguous gradually. In the experiment, we changed 𝑧out
from 0 to 8 and observed the corresponding NMI produced
by six methods: our algorithm, traditional spectral method,
the 𝑘-means based on diffusion distance (DD 𝑘-means) [26],
the 𝑘-means based on dissimilarity index (DI 𝑘-means) [26],
Fast Newman algorithm [29], and Extremal Optimization
method [30].
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Figure 2: The NMI of the six methods with the change of 𝑧out.

The experiment results are shown in Figure 2, where 𝑦-
axis represents the value ofNMI, and each point represents an
average 30 simulation experiments. Compared with the other
five methods, our algorithm is only slightly worse than the
Extremal Optimization method for 6.4 < 𝑧out < 7.1. Our
algorithm has a good performance for the ad hoc network,
and the accurate rate is more than 98% for 𝑧out < 5.5.

5.2. LFR Network. In generated LFR networks, the node
degree and community size distribute according to power
law. A mixing parameter 𝜇 is defined as the ratio between
the external degree of a node with respect to its community
and the total degree of the node [26], 0 ≤ 𝜇 ≤ 1. As
𝜇 increases, the community structure of the LFR network
becomes ambiguous gradually. There are many other param-
eters used to control the generated LFRnetworks: the number
of nodes 𝑁, the average node degree 𝑘, the maximum node
degree max

𝑘
, the minimum community size min

𝑐
, and the

maximum community size max
𝑐
[26].

In our experiments, we changed 𝜇 from 0 to 0.8 and
observed the corresponding NMI produced by seven meth-
ods: our algorithm, traditional spectral method, Danon
algorithm, Louvain algorithm, Infomap algorithm, Clique
Percolation algorithm [28], and Fast Newman algorithm [29].
We used the default parameter configuration where 𝑁 =

1000, 𝑘 = 15, max
𝑘
= 50, min

𝑐
= 20, and max

𝑐
= 50.

The experiment results are shown in Figure 3, where
𝑦-axis represents the value of NMI. Compared with other
six algorithms, our algorithm performs quite well, and its
accuracy is only slightly worse than that of the Clique
Percolation, Louvan, and Informap in the case of 0.25 <

𝜇 < 0.45. Because of the complexity of topology potential
distribution in the topology potential field, local maximum
potential nodes may not necessarily the real central nodes of
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Figure 3: The NMI of the seven methods with the change of 𝜇.

communities in some cases, resulting in the split or merger of
some actual communities and the fluctuation of NMI value.

5.3. American College Football Network. The American Col-
lege Football network [18] contains 115 teams, among which
616 games were carried out. In the network, nodes represent
teams and edges games. All teams are organized into 12
conferences, and each of which contains about 8–12 teams.
These 12 conferences are Atlantic Coast, Big East, Big Ten,
Big Twelve, Conference USA, Independents, Mid American,
Mountain West, Pacific Ten, Southeastern, Sun Belt, and
Western Athletic.

We compared our algorithm with other three algorithms,
including the traditional spectral algorithm, the spectral algo-
rithm based on modularity 𝑄 [18], and CMITP (community
members identification based on topology potential) [22].

Firstly, we compared our algorithm with the traditional
spectral algorithm. The latter cannot obtain the football
network community number from the ladder distribution
of eigenvector elements; therefore, we set its community
number the same as our method. Figures 4 and 5 show the
community detection results by our algorithmand traditional
spectral algorithm, respectively. Each node represents a
competing team, using its name as label. The teams in same
community are marked the same color. For this network, the
traditional spectral algorithm gets six correct communities:
MountainWest, Atlantic Coast, Southeastern, Pacific Ten, Big
Ten, and Conference USA. Compared with the traditional
spectral algorithm, our algorithm gets three new correct
communities: Big Twelve, Big East, and Mid American. For
the conferenceWestern Atlantic, our algorithm gets 9 correct
teams, with only 1 team missing. Both algorithms split the
conference Sun Belt and Independents.
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Figure 4: The community detection results by our algorithm.

Secondly, we compared our algorithm with the spectral
algorithm based on modularity. Tables 1 and 2 show the
results of our algorithm and the spectral algorithm based
on modularity, respectively. The conference names are listed
in the leftmost column, and columns 𝑎∼𝑘 represent the
communities found by the two algorithms. Each found
community consists of teams from one or more conferences
as indicated by the numbers in the corresponding column
[18]. The spectral algorithm based on modularity divided
this network into 10 communities, and six communities are
correctly detected: Atlantic Coast, Big East, Big Ten, Big
Twelve, Mid American, and Pacific Ten. Compared with the
spectral algorithm based onmodularity, our algorithm found
11 communities and got a new correct communitiesMountain
West.

The CMITP method divided this network into 17 com-
munities, and there are many overlapping nodes between
communities, such as nodes “Hawaii” and “Nevada.” Table 3
shows the community number, 𝑄 and NMI of four differ-
ent algorithms. Compared with other three methods, our
algorithm got the highest NMI 0.9292. In addition, our

Table 1: The community detection results of our algorithm.

𝑎 𝑏 𝑐 𝑑 𝑒 𝑓 𝑔 ℎ 𝑖 𝑗 𝑘

Atlantic Coast 9 9
Big East 8 8
Big Ten 11 11
Big Twelve 12 12
Conference USA 9 1 10
Independents 1 2 1 1 5
Mid American 13 13
Mountain West 8 8
Pac Ten 10 10
Southeastern 12 12
Sun Belt 3 4 7
Western Atlantic 9 1 10

9 20 12 14 9 10 5 10 12 6 8 115

algorithm found 11 communities, which is the closest to the
real community number 12.
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Figure 5: The community detection results by the traditional spectral algorithm.

Table 2: The community detection results of the spectral algorithm
based on modularity.

𝑎 𝑏 𝑐 𝑑 𝑒 𝑓 𝑔 ℎ 𝑖 𝑗

Atlantic Coast 9 9
Big East 8 8
Big Ten 11 11
Big Twelve 12 12
Conference USA 1 9 10
Independents 2 2 1 5
Mid American 13 13
Mountain West 8 8
Pacific Ten 10 10
Southeastern 12 12
Sunbelt 3 4 7
Western Atlantic 1 8 1 10

10 11 12 10 16 9 9 15 9 14 115

5.4. The Influence of Impact Factor 𝜎 on Algorithm Perfor-
mance. The impact factor 𝜎 will affect topology potential
field and the influence scope of node. With different impact
factor 𝜎, the distribution of topology potential value will be
different. These changes may bring out different community

Table 3: The community number, 𝑄 and NMI of four algorithms.

Community
number 𝑄 NMI

The real community 12 0.5540 1.0000
Our algorithm 11 0.5879 0.9292
Traditional spectral 11 0.5792 0.8879
Spectral based on modularity 10 0.5870 0.8800
CMITP 17 0.5538 —

detecting results. We take a real world network, the Zachary
karate club network, to analyze the influence of impact factor
𝜎 on algorithm performance. Figure 6 shows the NMI of our
algorithm with different impact factor 𝜎.

Figure 6 shows that if 𝜎 ≤ 0.4716, the NMI is 0; if
0.4716 < 𝜎 ≤ 1.66, the NMI is 1; if 1.66 < 𝜎 ≤ 1.90, the
NMI is 0.8372; if 1.90 < 𝜎 ≤ 1.934, the NMI is 0.6459; if
𝜎 > 1.934, the NMI is 0.1701. The analysis is as follows. The
maximum influence scope of node is ⌊3𝜎/√2⌋ hops. When
𝜎 ≤ 0.4716, the influence scope of node ⌊3𝜎/√2⌋=0; itmeans
that all nodes are isolated and have same topology potential
value. For Zachary network, the optimal𝜎 is 1.02 according to
formula (2). When 0.4716 < 𝜎 ≤ 1.66, we can detect accurate
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Figure 6: The influence of 𝜎 on algorithm performance.

community structure, and the NMI is 1. But as 𝜎 further
increases, one node can associate with almost all the other
nodes. In this case, the distribution of topology potential
value cannot truly reflect the structure characteristics of
network; therefore, the community detecting results are bad.
In aword, as long as the impact factor𝜎 is set near the optimal
value, our algorithm can get good outcomes.

6. Conclusion

Identifying community structure is crucial for understanding
complex networks. Recently, spectral clustering algorithms
have been successfully applied in community detection.
The traditional spectral clustering methods cannot provide
sufficient structural information for community detection
and cannot always get the community number from the
ladder distribution of eigenvector elements. Aiming at these
inadequacies, this paper puts forward a novel community
detection algorithm based on topology potential and spectral
clustering. The new algorithm constructs the normalized
Laplacian matrix with network nodes’ topology potential,
which contains rich structural information of the network. In
addition, the new algorithm can automatically judge the opti-
mal community number from the local maximum potential
nodes. Experiments on ad hoc network, LFR network, and
the American college football network showed that the new
algorithm can improve the accuracy of community detection
and has significant adaptability.
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