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Nature-inspired algorithms are general-purpose problem
solvers that operate as a collection of intelligent agents,
mimicking interesting phenomena from nature in order to
efficiently solve a specific problem. Many optimization
techniques belonging to artificial intelligence were born
under this paradigm, which are able to combine data,
knowledge, learning, and search strategies for building
advanced algorithms. !is is a particularly interesting area
for neural engineering and other AI-related applications.

During the last three years, many new nature-inspired
algorithms have been proposed, such as human behavior-
based optimization, spotted hyena optimization, dragonfly
optimization, Andean Condor Algorithm, water evapora-
tion optimization, collective decision optimization, inter-
active search algorithm, vapour-liquid equilibrium
metaheuristic, selfish herds algorithm, scattering and re-
pulsive swarm intelligence, social engineering optimization,
virus colony search, thermal exchange optimization, and
kidney-inspired algorithm. Most of them involve interesting
novel aspects that have enabled the efficient solving of
complex problems, particularly from the NP-hard and NP-
complete class of problems. In pursuing these aspects and
possibilities, there are many trends and open issues that
deserve to be investigated.

!is special issue presents six original, high-quality ar-
ticles, clearly focused on theoretical and practical aspects,
including cutting-edge topics about neural networks, neural

models, brain-computer interface, machine learning, and
optimization algorithms.

!e first article in this special issue is entitled “Double-
Criteria Active Learning for Multiclass Brain-Computer
Interfaces” and focuses on improving the data collection
process for developing brain-computer interface (BCI)
systems. Brain-computer interfaces (BCIs) allow users to
control external devices via observed brain activity. Com-
monly, these systems are constructed by employing elec-
troencephalography (EEG) signal datasets. However, EEG
data acquisition is often lengthy and exhaustive because
signals often vary during experiments due to both biological
and technical causes. In this scenario, a main concern is to
develop a robust BCI system but using as few data as
possible. In this paper, the authors propose to combine a
two-query active learning algorithm with an extreme
learning machine (ELM) to solve this problem. !e pro-
posed approach is tested on different benchmark datasets,
demonstrating that the performance of the proposed hybrid
outperforms several state-of-the-art approaches.

!e second paper presents a survey about a recent
metaheuristic called cat swarm optimization (CSO). !e
survey focuses on exploring the different variations of CSO
as well as on the different application domains where CSO
has been successfully used. During the last 10 years, more
than 20 interesting variations of CSO have been reported
such as binary, multiobjective, parallel, and enhanced
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parallel CSO. Hybrids involving genetic algorithms, particle
swarm optimization, and simulated annealing have also been
proposed. Weights, opposition-based learning, and quan-
tum behavior have also been used to complement the basic
CSO. In the application context, CSO has mainly been
employed in electrical engineering, computer vision, signal
processing, and system management. Applications of CSO
for wireless devices, petroleum engineering, and civil en-
gineering can also be found in the literature. Finally, CSO is
tested on 23 classical benchmark functions and 10 recent
benchmark functions confirming the performance of this
interesting metaheuristic algorithm.

!e third manuscript is called “A Dendritic Neuron
Model with Adaptive Synapses Trained by Differential
Evolution Algorithm” that proposes to improve the com-
putational efficiency of the dendritic neuron model (DNM)
by implementing adaptive synapses (DMAS) which are
trained through a differential evolution (DE) algorithm.
Extensive experimentation is presented, using five classifi-
cation datasets from the UCI Machine Learning Repository,
for assessing the performance of the proposed DE-DMAS
algorithm with respect to those reached by a DNM and a
neural network, both trained with the classic back-
propagation algorithm. !e experimental results in terms of
correct rate, convergence rate, ROC curve, and cross-vali-
dation confirmed the superiority of DE-DMAS over the
other compared algorithms, highlighting certain advantages
of applying the self-adaptive synapses proposed in the paper:
a stronger robustness, an improved performance of DNM,
and a reduction of the input parameters needed by a DNM.

!e fourth paper is entitled “A Db-Scan Binarization
Algorithm Applied to Matrix Covering Problems” that
presents a novel binarization algorithm, based on the db-
scan unsupervised machine learning technique, which en-
ables the use of continuous swarm optimization meta-
heuristics for the efficient solution of discrete combinatorial
optimization problems. Using the well-known set covering
problem as a case study, the behavior of the proposed db-
scan binarization technique is analyzed when it is hybridized
with two distinct algorithms: a particle swarm optimization
and a cuckoo search. !e individual performance of each
one of these two hybrid metaheuristics was compared with
respect to the one produced by other reference binarization
methods employing k-means clusters and transfer functions
(TFs). !e experimental results allow the authors to con-
clude that the db-scan binarization consistently produced
better results, both in terms of solution quality and expended
computational time when compared with TFs. With regard
to the cluster-based binarization, no significant differences
in solution quality could be detected; however, the db-scan
binarization significantly improved the convergence times.

!e fifth paper is entitled “A Neural Network-Inspired
Approach for Improved and True Movie Recommenda-
tions” that demonstrates how the application of a recent
implementation of neural network improves the intelligent
semantic analysis of user reviews and certain external re-
sources in recommender systems. !ese systems, based on
collaborative filtering, allow recommendations to be pro-
vided on certain items based on the experience of users when

rating them, which finds many interesting applications
nowadays, such as movie rating. Moreover, the authors of
this article include, in addition to the ratings themselves,
multiple external data resources related to user interaction in
the context to make an intelligent analysis of the recom-
mendation. !e neural network considered is a recurrent
implementation that processes the sequence of words se-
mantically with user movie attention, which is a semantic
emotion. !is way, the recommender system evaluates
multivariate movies (ratings, votes, Twitter likes, and re-
views) to give a high-accurate recommendation. !e system
has been satisfactorily tested on a mobile app.

Finally, the article “Image Processing-Based Detection of
Pipe Corrosion Using Texture Analysis and Metaheuristic-
Optimized Machine Learning Approach” describes an in-
teresting research case where a supervised learning tech-
nique adjusted by means of a nature-inspired optimization
algorithm is applied to solve an image processing problem.
!e image processing is used for recognizing corroded and
intact pipe surfaces, which is essential to determine current
condition of the water supply and waste disposal systems.
Nevertheless, the accurate detection is a crucial task where
conventional methodologies based on human inspection can
be quite inefficient. !e intelligent approach constructs a
decision boundary for this purpose, applying a support
vector machine. In turn, this approach is optimized by using
a nature-inspired metaheuristic, the differential flower
pollination algorithm, which obtains the best hyper-
parameters of the support vector machine. As a result, this
proposal gives an accuracy rate of 92.8% on a dataset
consisting of 2,000 image samples.
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Recent technological advances have enabled researchers to collect large amounts of electroencephalography (EEG) signals in
labeled and unlabeled datasets. It is expensive and time consuming to collect labeled EEG data for use in brain-computer interface
(BCI) systems, however. In this paper, a novel active learning method is proposed to minimize the amount of labeled, subject-
specific EEG data required for effective classifier training, by combining measures of uncertainty and representativeness within an
extreme learning machine (ELM). Following this approach, an ELM classifier was first used to select a relatively large batch of
unlabeled examples, whose uncertainty was measured through the best-versus-second-best (BvSB) strategy. -e diversity of each
sample was then measured between the limited labeled training data and previously selected unlabeled samples, and similarity is
measured among the previously selected samples. Finally, a tradeoff parameter is introduced to control the balance between
informative and representative samples, and these samples are then used to construct a powerful ELM classifier. Extensive
experiments were conducted using benchmark andmulticlass motor imagery EEG datasets to evaluate the efficacy of the proposed
method. Experimental results show that the performance of the new algorithm exceeds or matches those of several state-of-the-art
active learning algorithms. It is thereby shown that the proposedmethod improves classifier performance and reduces the need for
training samples in BCI applications.

1. Introduction

Brain-computer interfaces (BCIs) are systems that allow
users to control external devices via observed brain activity,
without relying on peripheral nerve or muscle activity [1].
-e most common and useful BCIs are constructed using
noninvasive brain activity recording techniques, such as
electroencephalography (EEG) [2]. While EEG has become
widely used for medical monitoring, rehabilitation, neuro-
prosthesis, and other healthcare applications [3–5], the data
acquisition process can be lengthy and exhaustive for users
[6]. In addition, EEG signals often vary over the course of an
experiment due to both biological and technical causes,
including subject-specific anatomical differences, interses-
sion variability, and the attentional drift of subjects [7].
Consequently, users must often undergo a long data

collection process to train a suitable BCI system.-is poses a
prohibitive burden for individuals with paralysis or a se-
verely injured central nervous system, making it a major
hurdle for therapeutic applications. It is therefore of the
utmost importance that developed BCI systems achieve
efficient and robust performance with as few samples as
possible.

One approach that has been effectively applied to cases
with limited training sets is the introduction of active
learning (AL) to the BCI calibration procedure. AL queries
the class labels of informative samples within the unlabeled
sample space to maximize the efficiency of the learning
model, and its application greatly reduces the complexity of
training samples without any obvious loss of classification
accuracy [8]. In essence, AL is an iterative sampling and
labeling procedure. On each iteration, AL extracts the
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sample or batch of samples that are most valuable for im-
proving the current classification model from the unlabeled
data pool, and these samples are then manually labeled. -e
greatest challenge for AL methods is identifying the most
informative samples so that the maximum prediction ac-
curacy can be achieved. A number of sample-selection
criteria have then been applied to this task, including (1)
query-by-committee (QBC), in which several distinct clas-
sifiers are used and the selected samples are those with the
largest difference between the labels predicted by different
classifiers [9–11]; (2) margin uncertainty sampling, wherein
the samples are selected according to the maximum un-
certainty based on their respective distances from the
classification boundaries [12, 13]; (3) max-entropy sampling,
which uses entropy as the uncertainty measure via proba-
bilistic modeling [14, 15]; and (4) diversity sampling, which
prefers selecting representative samples [16].

Over the past few decades, many supervised learning
models have been adopted as baseline classifiers for AL,
including linear discriminate analysis (LDA) [12, 17], sup-
port vector machine (SVM) [18, 19], artificial neural net-
work (ANN) [20], and extreme learning machine (ELM)
[21, 22]. Among these, the ELM has shown a high learning
speed and good generalizability in preliminary testing.
Additionally, it can be directly applied to both two-class and
multiclass classification. To date, few studies have attempted
to introduce AL algorithms into the ELM framework, al-
though these have shown the method to be competitive with
active SVMs [13, 14, 23]. Specifically, Yu et al. [13] proposed
an active learning method called AL-ELM with the goal of
saving training time, and results showed a classification
performance comparable to that of AL-SVM [18]. Zhang
and Er [23] then introduced the SEAL-ELM method by
combining the online sequential ELM (OS-ELM) with AL,
yielding a higher classification accuracy than offline com-
binations of AL and SVM on most test datasets. Regrettably,
these existing active ELMs only consider a single-querying
strategy, leaving space for improvement. -e intuitive next
step was to then introduce multiple querying strategies to
select desirable samples. In fact, researchers have tried to
combine two strategies in AL with base classifier SVM, with
each performing better than their single-query counterparts
[24–26]. At present, however, few implementations of active
learning with ELM have been explored and applied for
motor imagery- (MI-) based BCI systems [8, 13].

-e present investigation intends to fill this gap by
combining a two-query AL algorithm with an ELM and
testing the method in a BCI application. A well-defined,
general framework for active learning is thereby developed
in a manner that accounts for both informativeness and
representativeness in a multiclass situation. First, an un-
certainty sampling strategy is adopted to select a relative
large number of samples using the base ELM classifier. -e
degree of diversity between labeled training data and pre-
viously selected, unlabeled samples is then assessed, along
with the degree of similarity between the unlabeled samples.
Finally, highly informative and representative samples are
used to update the ELM classifier through the introduction
of a tradeoff parameter. -e method is then tested on several

benchmark datasets, along with a multiclass MI EEG dataset
from BCI Competition IV Dataset 2a. Results demonstrate
that the performance of the new method compares favorably
with that of existing AL approaches.

Compared to existing ELM-based active learning algo-
rithms, the new method has several noteworthy aspects:

(1) Considering that the use of a single uncertainty
strategy may not take full advantage of the abundant
information with unlabeled data, the AL-ELM al-
gorithm is extended to combine two querying
strategies (uncertainty and diversity) in order to
select the most valuable samples from the unlabeled
EEG data pool.

(2) -e proposed algorithm provides a straightforward
and meaningful way to measure representativeness
by assaying two kinds of similarity: the similarity
between a query sample and the labeled dataset, and
the similarity between any two possible query
samples. Employing this modified diversity strategy
can help isolate highly representative samples during
the active learning process.

2. Background Knowledge

2.1. Active Learning. Active learning methods typically
comprise five basic components: L, U, T, Q, and S. L is the
limited labeled dataset, U is the pool of samples/instances
that contains abundant unlabeled instances, T is the clas-
sification model trained by L, Q is a query strategy to select
the most valuable instances from U, and S is a human
annotator that labels the selected instances correctly. AL is
an iterative procedure that gradually adds the most im-
portant samples, queried by Q and labeled by S, from U to L
to update the classificationmodel T.-e iterative AL process
will continue in this manner until a predefined criterion is
met. -e ability to identify both an excellent classification
model T and an effective query strategy Q is highly im-
portant for active learning algorithms.

Depending on the number of querying samples at each
iteration, AL can be divided into two groups: stream-based AL
and pool-based AL. In stream-based AL, the learner can only
access one sample per iteration, while pool-based AL allows the
learner to select a batch of samples during each iteration.
Adjusting the selection method and number of queried
samples then creates different AL algorithms, such as the QBC
strategy, the uncertainty strategy, and the diversity strategy.

2.2. Basic ELM. Single-hidden-layer feedforward neural
networks (SLFNs) are capable of universal approximation
[21]. Consider a dataset containing N training samples,
X, Y{ } � xj, yj 

N

j�1, with the input xj � [xj1, xj2, . . . ,

xjp]T ∈ Rp and a corresponding desired output of
yj � [yj1, yj2, . . . , yjq]T ∈ Rq, where p and q represent the
respective dimensions and T denotes a transpose operation.
Assuming that M is the number of hidden neurons, the
output function of the SLFNs is mathematically modeled as
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yj � 
M

i�1
βig aTi xj + bi , j � 1, . . . , N, (1)

where βi � [βi1, βi2, . . . , βiq]T ∈ Rq is the weight vector that
connects the i-th hidden neuron to the output neurons, ai �

[ai1, ai2, . . . , aip]T ∈ Rp is a randomly chosen input weight
vector connecting the i-th hidden neuron to the input
neurons, bi ∈ R(i � 1, . . . , M) is a randomly chosen bias of
the i-th hidden node, and g(•) is the activation function,
which can be any nonlinear piecewise continuous function
(such as a sigmoid function or Gaussian function).

For convenience, equation (1) can be rewritten in matrix
notation as

Y � Hβ, (2)

where Y � [y1, y2, . . . , yN]T ∈ RN×q is the expected network
output, β � [β1, β2, . . . , βM]Τ ∈ RM×q denotes the weight of
output layer, and H is the hidden layer output matrix which
is defined as

H �

g aT1x1 + b1(  . . . g aTMx1 + bM( 

. . . . . . . . .

g aT1 xN + b1(  . . . g aTMxN + bM( 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

N×M

. (3)

Unlike SLFNs, which require that the parameters of
hidden neurons are adjusted during training, ELM adopts
randomly generated hidden layer parameters and a tuning-
free training strategy [22]. Even with these random hidden
node parameters, ELM maintains the universal approxi-
mation capability of SLFNs [21]. -e ELM training then
aims to find suitable network parameters to minimize the
approximation error ‖Hβ − Y‖2. To achieve better gener-
alization performance, a regularization parameter c is in-
troduced in [27], with its corresponding objective function
given as

min
β

1
2
‖β‖

2
2 +

c

2
‖Hβ − Y‖

2
2, (4)

where ‖·‖2 denotes the l2-norm of a matrix or a vector. We
can obtain the output weight vector β using the Moore-
Penrose principle. -e solution of equation (4) is then β �

((I/c) + HTH)− 1HTY if N>M, and β � HT((I/c) +

HHT)− 1Y if N<M.

3. The D-AL-ELM Method

In this section, we present a novel active learning algorithm,
D-AL-ELM, that incorporates both the uncertainty and
diversity strategies into consecutive steps. -is identifies the
most valuable, informative instances, which can then be
selected to update the baseline classifier ELM during each
learning round.

3.1. Discriminative Information by the Uncertainty Criterion.
-e uncertainty criterion is used to measure the informa-
tiveness of each sample. Uncertain samples which lie along
the boundaries of different classes carry more information
and play a more significant role in the construction of a

classifier. In this implementation, the best-versus-second-
best (BvSB) strategy is adopted to estimate the uncertainty of
each sample. -e BvSB strategy is based on a calculation of
posterior probability, which considers the difference in
probability values between the two classes with the highest
estimated probabilities [28]. -e outputs of the ELM then
approximate the posterior probabilities of the different classes
[13]. To do this, a sigmoid function is used to construct a
mapping relationship between the real outputs of the ELM
and the posterior probabilities, which is described as

p y � 1|fi(x)(  �
1

1 + exp − fi(x)( 
, (5)

where fi(x) denotes the actual output of the i− th output
node corresponding to the time instance x. In practice,
equation (5) is only applied to two-class problems, such that
the sum of the converted posterior probabilities for the
instance x is always 1. However, application in multiclass
problem may create a summed posterior proximity that
exceeds 1, so calculated probabilities were normalized using
the following formula:

p y � 1|fi(x)(  �
p y � 1|fi(x)( 


q
j�1 p y � 1|fj(x) 

, (6)

where p(y � 1|fi(x)) is the original probability of the i − th
class.

Based on the above parameters, the BvSB strategy for
each sample x can be expressed as

f(x)
BvSB

� p ybest| x(  − p ysecond− best| x( , (7)

where p(ybest | x) and p(ysecond− best | x) are the largest and
second largest posterior probabilities of x, respectively. It
should be noted that f(x)BvSB values are inversely related to
the amount of uncertainty in a sample, with smaller values
indicating greater uncertainty.

3.2. Representative Information by the Diversity Criterion.
-e selection of redundant or overly similar samples is of
little use when attempting to construct a robust classifier. It
is therefore necessary to use a diversity criterion to select a
batch of samples which are diverse in nature. A feasible way
of measuring the diversity of uncertain samples is the cosine
angle distance. Following this approach, the similarity be-
tween two samples xi and xj is given by

S xi, xj  � |cos xi, xj | �
xi · xj





xi

����
���� xj

�����

�����
. (8)

As can be seen from equation (8), the similarity S(xi, xj)

between the two samples xi and xj is small if these two
samples are far from each other, and vice versa.

Suppose a batch of samples W � w1, w2, . . . , wn . If the
value of maxi�1,...,nS(x, wi) is small, then the new sample x is
diverse from the samples inW. -e similarity between a new
sample x and W is defined as

div(x,W) � max
wj∈W

S x,wj . (9)
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Note that a smaller di v(x,W) value implies more di-
versity between x and W.

In order to avoid selecting highly redundant samples, a
novel diversity criterion is defined by combining the simi-
larity between a query sample and the labeled set, and the
similarity between any two candidate query samples at the
same time. -is calculation is given by

div wi(  � div wi,W(  + div wi, L( , (10)

where div(wi,W) represents the diversity between the
sample wi and the candidate set W (apart from wi), and
div(wi,L) represents the diversity between the sample wi

and the labeled training set L.

3.3. Proposed D-AL-ELM Algorithm. -e BvSB sampling
method is a highly effective strategy for sample selection in
active learning. Unfortunately, the BvSB may also select
some uncertain samples which contain highly redundant
information, which reduces the information available for
classification. To address this problem, optimal samples were
selected for classification. An ideal sample would not only
furnish significant information for the classifier but also
show diversity from the candidate unlabeled set and a
minimal amount of redundancy within the labeled set.

-e specific steps for each iteration of the D-AL-ELM
algorithm are as follows:

Step 1: the BvSB strategy is adopted to select the h most
uncertain samples from the unlabeled samples pool U.
Step 2: let h represent the most uncertain samples,
denoted by W � w1, w2, . . . , wh ⊆U, and Sm be an
arbitrary subset containing m(m ≤ h) samples selected
fromW. Two evaluations are then performed, including
the diversity from the labeled set L and the candidate set
Sm, and the similarity to the samples in Sm.
Step 3: combining the discriminative and representa-
tive parts, the following formulation is obtained to
select the m samples which are uncertain and diverse
from each other:

xBvSB− div
� argmin

si∈Sm

λf si( 
BvSB

+ (1 − λ) div si, Sm( (

+ div si,L( ,

(11)

where λ is a tradeoff parameter that can balance the in-
formativeness and representativeness criteria, and L is the
labeled training set. xBvSB− div denotes the unlabeled sample
that will be annotated and then included into the labeled
training dataset for updating the ELM classifier.

-e implementation of the proposed method is sum-
marized in Algorithm 1.

In order to quantitatively evaluate the quality of each
learning algorithm, area under the learning curve (ALC) [13]
was calculated as a performance metric, which is described as

ALC � 

Niter − 1

i�0

yi + yi+1

2Niter

, (12)

where Niter denotes the number of learning iterations and yi

denotes the classification accuracy at the i-th learning round,
such that ALC ∈ [0, 1]. It is noted that the larger the ALC
value, the better the performance of the learning algorithm.

4. Experimental Results and Discussions

In this section, several experiments were performed on
benchmark datasets and multiclass MI EEG datasets to
evaluate the performance of the proposed D-AL-ELM
method, in comparison with the other state-of-the-art ap-
proaches, including passive learning-based ELM, AL-ELM
[13], and entropy-based ELM [14]. All methods were
implemented using the MATLAB 2014b environment on a
computer with a 2.5GHz processor and 4.0GB RAM.

4.1. Experiments on the Benchmark Datasets

4.1.1. Description of the Benchmark Datasets. A series of
experiments were performed to evaluate the D-AL-ELM
algorithm on 9 benchmark datasets from the KEEL dataset
[29] and UCI dataset repositories [30]. Datasets included
both binary and multiclass classification problems. As in
[13], each raw dataset was divided into three parts: a small
initial labeled set, a large unlabeled set, and a testing set.
Testing instances comprised 50% of the total number of
samples, while the percentage of initially labeled instances
was assigned based on the size of the raw dataset and the
number of categories. Detailed information regarding these
datasets is presented in Table 1.

4.1.2. 4e Compared Algorithms, Parameter Settings, and the
Performance Metric. In our experiments, we compare the
proposed method with other state-of-the-art learning al-
gorithms, including the following:

(1) PL-ELM: a passive learning algorithm that randomly
selects some instances from the unlabeled set to train
the initial classifier

(2) AL-ELM: a batch-mode active learning method
based on ELM that uses themargin sampling strategy
to select most uncertain examples for labeling [13]

(3) ELM-Entropy: querying discriminative samples
through entropy measures [14]

In this study, the ELM adopted a sigmoid function as the
activation function on the hidden level. A grid search based
on tenfold cross-validation was then used to find the optimal
number of hidden nodes M in the initial labeled set. For the
regularization parameter c, a leave-one-out (LOO) cross-
validation strategy was adopted based on the minimum
MSEPRES to find the optimal parameter value [31]. -e
optimal parameters M and c were determined from
M ∈ 10, 20, . . . , 200{ } and c ∈ e− 5, e− 4.9, . . . , e5  on all the
datasets except for the Letter dataset, where the parameter M

was searched among 100, 200, . . . , 1000{ }. Additionally, the
tradeoff parameter λ ∈ 0.1, 0.2, . . . , 0.9{ } for equation (10)
was chosen by grid search when M and c were fixed through
the aforementioned methods. It should be noted that the
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ELM parameter selection process was implemented in the
same manner for all four methods.

Parameter details are shown in Table 2. It should be
noted that the regularization parameter c was automatically
identified using the LOO cross-validation and was not fixed
during the learning process (thus, not shown in Table 2).

-e batch mode was adopted to add new labeled in-
stances. For the proposed D-AL-ELM method, h samples
were first selected from the unlabeled set using equation (7),
and then m samples were selected from the h samples using
equation (11) and added to the labeled set for each iteration.
In this experiment, h was empirically set to h � 5m while m

was 5% of the total instances in the original unlabeled set for
8 of the 9 datasets (except Letter). For the Letter dataset, m

was 1% of the total instances in the original unlabeled set and
h was set to h � 2m. -ese parameters were chosen to de-
crease the labeling cost, considering the size of the raw
dataset and the number of categories.

To provide a fair comparison, all four methods queriedm

instances on each iteration. For each dataset, the procedure
was stopped when the prediction accuracy stabilized or the
number of selected samples was greater than 80% of the
original unlabeled set. Additionally, to ensure the validity of
experimental results, ten runs were performed for each
learning method in each experiment, and average results
were calculated.

4.1.3. Comparisons with Relevant State-of-the-Art
Algorithms. Figure 1shows the trends of classification ac-
curacy for the classifiers when trained by increasing num-
bers of data points across the various datasets. -e results
show that the proposed D-AL-ELM algorithm yielded the
highest accuracy of all four methods on most of datasets
(excepting the Wine and Iris datasets) at the last learning
round. Specifically, the proposed method performed better
than the remaining three methods over the majority of the
active learning period for the Twonorm, Hayes-Roth, and
Letter datasets. Moreover, the D-AL-ELM yielded the fastest
learning rate over the first few iterations of the learning
process for most datasets. -is phenomenon indicates that
the new method begins by effectively identifying the most
informative and representative samples, unlike the other
algorithms. Additionally, the ELM-Entropy approach gen-
erally yielded lower accuracy in multiclass classification,
failing to surpass the PL-ELM on theWine, Hayes-Roth, Iris,
and Letter datasets. Another interesting observation was that
the performance tended to degrade at a certain interval on
the Segment dataset. It was considered that the Segment
dataset may have a more irregular data structure, con-
founding the BvSB strategy and deteriorating the result. In
cases such as this, a more adaptive stop criterion should be
designed to stop the learning program at a more appropriate
right time, before output degrades.

Inputs: L � (xi, yi)  with nl labeled samples, U � xi  with nu unlabeled samples (nu≫ nl), the tradeoff parameter (λ), the number of
samples selected on basis of their uncertainty (h), the batch size (m), and the terminating condition.

Output: -e final learned ELM classifier.
(1) Train the ELM classifier using labeled set L.
(2) Repeat
(3) Calculate the estimated probability for the samples in U with the pretrained ELM classifier according to equation (5) or (6).
(4) Calculate the uncertainty level of each sample in U using equation (7).
(5) Include the h most uncertain samples into the set W.
(6) Select m samples from W using equation (11).
(7) Label the selected m samples.
(8) Update the labeled set L and unlabeled set U.
(9) Use the extended set L to train a new ELM classifier.
(10) Until the terminating condition is satisfied.
(11) Return the output the final learned ELM classifier.

ALGORITHM 1: -e double-criteria active learning with the ELM algorithm.

Table 1: Details of the datasets including the numbers of the corresponding features and samples.

Dataset
Number of Percentage of initial labeled

instances (%)
Percentage of initial unlabeled

instances (%)
Percentage of test
instances (%)Features Instances Classes

Liver 7 345 2 10 40 50
Diabetes 8 768 2 10 40 50
Wdbc 30 569 2 10 40 50
Twonorm 20 7400 2 1 49 50
Hayes-Roth 4 160 3 10 40 50
Iris 4 150 3 10 40 50
Wine 13 178 3 10 40 50
Segment 19 2310 7 10 40 50
Letter 16 20000 26 1 49 50

Computational Intelligence and Neuroscience 5



Table 3 presents the mean classification accuracies of the
four methods across the 9 datasets during the learning
process. -e ALC values for the four methods are further
compared in Table 4. -e results shown in Tables 3 and 4
indicate that the D-AL-ELM method yielded the best per-
formance among all datasets for the tested methods. As in
[13], the ALC metric not only was related to the learning
velocity but also had close relationship to the quality of the
learning model.-e proposed D-AL-ELM outperformed the
other methods in terms of ALC, with the AL-ELM per-
forming second best, with an accuracy close to that of the
D-AL-ELM on the Wdbc and Segment datasets. For the
Wdbc dataset, although the proposed method had a slightly
higher ALC value than the AL-ELM, both algorithms yielded
the same mean accuracy for the overall learning process.

Finally, Table 5 reports the average time for the learning
stage of each algorithm across all datasets. As expected, the
PL-ELMwas the fastest method because it lacked any criteria
for the evaluation of samples. -e proposed D-AL-ELM
required slightly more learning time than AL-ELM and
ELM-Entropy, since it computed both informativeness and
representativeness of each instance. Considering the im-
provement of classification performance, this extra timemay
be deemed an acceptable tradeoff.

4.1.4. Analysis of Effect of Different Batch Size Values. In this
experiment, the performance of the proposed active learning
method was further evaluated using different batch sizes
(i.e., h and m values).

-e new method was tested with different querying sizes
by varying the values of h and m, respectively.-e remaining
experimental settings were the same as in earlier experi-
ments and testing was conducted on two benchmark
datasets: Iris and Wine. -e M and λ parameters were set as
M � 100, λ � 0.5 to observe the performance with different
batch sizes. Results are reported in Figures 2 and 3. In
Figure 2, m was fixed at 5% of the total number of instances
in the original unlabeled set and h was chosen from a
candidate set h � 1.1m, 1.2m, 1.5m, 2m, 4m, 5m{ }. In Fig-
ure 3, h was fixed at the value of 2m and m was chosen from
1%, 2%, 4%, 6%, 8%{ }. It can be seen from Figure 2 that
learning rates at the start of the curve increased with higher h

values. Performance on Iris was less sensitive to the h value
when enough instances were queried, and learning curves

tended to be similar when query numbers and h values were
large. In contrast, performance on the Wine dataset was
more sensitive to h. -is may be a result of the Wine dataset
having a more complex distribution, which is difficult to
capture. Although the D-AL-ELM performed differently on
the two datasets, relatively larger h values were consistently
able to obtain favorable performance. On the other hand,
this increase in h value leads to a greater computational
burden. Figure 3 shows the effects of different values of m

on the Iris and Wine datasets. From this, it was observed
that convergence can be more easily achieved with small m

values. Alternatively, when m is large, more instances can
be learned at each iteration and the number of total iter-
ations greatly reduced, although this boost in performance
does not provide substantially increased accuracy. In
conclusion, optimizing the h and m values is not crucial for
the D-AL-ELM, as most values yield similar results. It
should be noted, however, that larger h and m are generally
recommended.

4.2. Experiment on Multiclass MI EEG Data

4.2.1. Description of EEG Datasets. -is section further
evaluates the performance of the proposed D-AL-ELM
method on multiclass MI EEG data from the BCI Com-
petition IV Dataset 2a [32]. -is dataset consists of the EEG
signals from 9 subjects who performed 4 tasks, including left
hand, right hand, foot, and tongue MI. EEG signals were
recorded using 22 electrodes. Each subject underwent a
training and testing session, each consisting of 288 trials (a
total of 576 trials across the two sessions).

4.2.2. Experimental Setup and Parameter Settings. Data
preprocessing was first performed on the raw EEG data. For
each trial, features were extracted from the time segment
lasting from 0.5 s to 2.5 s after the cue instructing the subject
to perform MI. Each trial was first band-pass filtered from
8–30Hz using a fifth-order Butterworth filter. Next, the
dimension of the EEG signal was reduced to a 24-dimension
feature set using the one-versus-rest common spatial pattern
(OVR-CSP) algorithm [33], which is an effective and
popular feature extraction method for EEG multi-
classification that computes the features that discriminate
each class from the remaining classes. Finally, the features

Table 2: Details of the optimal parameter settings for the different datasets using four methods.

Dataset
D-AL-ELM AL-ELM ELM-Entropy PL-ELM

M λ M M M

Liver 110 0.1 110 110 110
Diabetes 110 0.3 110 110 110
Wdbc 200 0.1 200 200 200
Twonorm 120 0.1 120 120 120
Hayes-Roth 100 0.3 100 100 100
Iris 170 0.9 170 170 170
Wine 60 0.7 60 60 60
Segment 200 0.6 200 200 200
Letter 700 0.4 700 700 700
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Figure 1: Continued.
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extracted by OVR-CSP were discriminated using the dif-
ferent classification methods.

Optimal selection of the M, λ, and c parameters was
performed in the same manner described in Section 4.1.2.
-e number of hidden nodes M was searched within

10, 20, ..., 150{ }. For each subject, the first 400 trials were
considered as the training set, while the remaining 176 trials
were used as the independent testing set [11]. -e values for
m and h were set at m � 10 and h � 5m. Finally, experiments
included ten runs for each learning method from which
average results were calculated.

Table 3: Mean accuracy results of the learning processes on 9
datasets (%).

Dataset D-AL-ELM AL-ELM ELM-Entropy PL-ELM
Liver 67.59 67.46 67.14 66.14
Diabetes 76.31 76.13 76.12 74.60
Wdbc 96.18 96.18 96.11 94.69
Twonorm 97.38 97.25 97.25 97.13
Wine 96.08 95.72 95.64 95.79
Hayes-Roth 59.43 56.23 54.03 56.56
Iris 96.65 96.43 94.44 95.58
Segment 89.26 89.17 88.06 87.63
Letter 82.89 81.67 67.09 75.76

Table 4: ALC comparisons of four methods on 9 datasets.

Dataset D-AL-ELM AL-ELM ELM-Entropy PL-ELM
Liver 0.7624 0.7610 0.7572 0.7447
Diabetes 0.7640 0.7624 0.7622 0.7469
Wdbc 0.9624 0.9623 0.9616 0.9474
Twonorm 0.9742 0.9729 0.9729 0.9715
Wine 0.9622 0.9584 0.9573 0.9584
Hayes-Roth 0.5959 0.5622 0.5395 0.5663
Iris 0.9676 0.9655 0.9450 0.9563
Segment 0.8939 0.8929 0.8812 0.8766
Letter 0.8330 0.8204 0.6718 0.7606
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Figure 1: -e learning curves of the four different learning algorithms on 9 benchmark datasets. (a) Liver. (b) Diabetes. (c) Wdbc. (d)
Twonorm. (e) Wine. (f ) Hayes-Roth. (g) Iris. (h) Segment. (i) Letter.
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Table 5: Average running time (s) for each learning algorithm.

Dataset D-AL-ELM AL-ELM ELM-Entropy PL-ELM
Liver 0.9141 0.7531 0.7719 0.7453
Diabetes 1.2031 1.0438 1.0060 0.9719
Wdbc 1.3484 1.2500 1.2828 1.2234
Twonorm 7.9813 5.3047 5.5875 4.8844
Wine 0.5391 0.4625 0.4625 0.4391
Hayes-Roth 0.5109 0.4516 0.4594 0.4203
Iris 0.5250 0.4469 0.4856 0.4313
Segment 3.6578 3.3906 3312 3.3250
Letter 121.8047 115.5203 123.0641 111.4641
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Figure 2: -e learning curves of the proposed algorithm with different h values on Iris and Wine. (a) Iris. (b) Wine.
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Figure 3: -e learning curves of the proposed algorithm with different m values on Iris and Wine. (a) Iris. (b) Wine.
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Figure 4: Continued.
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4.2.3. Comparisons with Related Algorithms. Figure 4 il-
lustrates the trend lines of classification accuracy when
methods were applied to different testing datasets, while
Table 6 lists the mean classification accuracies of the four
methods during the learning process. Table 7 then provides
the ALC results, while Table 8 shows the average running
time (s) for the learning stage.

-e results show that the performance of D-AL-ELM
method is comparable to that of the AL-ELM and better than
that of the ELM-Entropy and PL-ELM algorithms for all
subjects (except for subject 2 in PL-ELM). Specifically, the
proposed method surpassed the AL-ELM approach in 6 of
the 9 subjects (1, 2, 4, 5, 6, 9) in terms of the ALC metric. For
all 9 subjects, the D-AL-ELM method yielded a mean ac-
curacy of 71.36%, higher than that of AL-ELM (70.92%),
ELM-Entropy (70.34%), and PL-ELM (70.51%). -ese re-
sults demonstrate the effectiveness of the D-AL-ELM in
selecting both informative and representative instances from
unlabeled EEG samples. Additionally, they reveal that the
proposed method can calibrate an effective classifier for MI

EEG signals without the need for a large number of labeled
training samples.

For comparative purposes, Table 8 also provides the
average running time of each learning algorithm. Although
the D-AL-ELM exhibited slightly longer training time than
the other three methods, this may be considered a worth-
while tradeoff for the improved classification performance of
the D-AL-ELM.

4.3. Discussion. In these experiments, the proposed D-AL-
ELM method exhibited excellent performance in both
classification accuracy and computational efficiency, as
demonstrated on several benchmark datasets and an ex-
perimental MI EEG dataset. When compared to a passive
learning-based ELM, D-AL-ELM achieved improved per-
formance by effectively extracting the most valuable unla-
beled samples. -e D-AL-ELM also outperformed the AL-
ELM and ELM-Entropy algorithms, which both employed a
single-query strategy. Improvement was seen on all nine
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Figure 4: Learning curves of the four different learning algorithms on BCI Competition IV Dataset 2a. (a) S1. (b) S2. (c) S3. (d) S4. (e) S5. (f )
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datasets in Section 4.1, evidencing the ability of the D-AL-
ELM to boost overall learning performance by combining
the uncertainty and diversity strategies when updating the
classifier with the selected samples. In terms of computa-
tional efficiency, the slight increase in training time for the
D-AL-ELM, as compared to the PL-ELM, AL-ELM, and
ELM-Entropy, was negligible in practice, especially when
considering the improved classification accuracy. -e ex-
perimental results then demonstrate that the proposed al-
gorithm can effectively and comprehensively measure the
representativeness of samples. Simultaneously, the proposed
approach also measures how informative individual ex-
amples are, contributing to the improved classifier perfor-
mance. Combining these factors, suitable instances can be
selected for classifier construction.

Finally, the effectiveness of the D-AL-ELM was shown
in its application to an experimental multiclass MI task
from the BCI Competition IV Dataset 2a. Due to the low

signal-to-noise ratio of EEG data, the applied algorithms
struggled to generate adequate results. Consequently,
hand-designed features were first extracted from the raw
EEG data using the OVR-CSP approach, and the different
AL algorithms were then used to further extract the un-
labeled samples and calibrate a robust classifier. For sub-
jects S1, S3, S7, S8, and S9, the D-AL-ELM yielded an
acceptably high mean classification accuracy of over 80%
for the whole learning process. Unfortunately, all tested
methods performed poorly on subject S5. -e proposed
algorithm was only able to achieve 49.06% accuracy which,
though insufficient, still ranked the highest among the
applied methods.

5. Conclusion

In this paper, a novel active learning method with ELM, the
D-AL-ELM, was developed for multiclassification.-is new
algorithm combines the uncertainty and diversity strategies
and effectively reduces the expense and time cost of
obtaining labeled data manually. For each sample, the
proposed algorithm employs a BvSB strategy to measure
informativeness and the cosine angle distance to measure
diversity. -e modified diversity measure not only esti-
mates the diversity between the limited labeled training
data and previously selected unlabeled samples, but also
calculates the similarity among previously selected samples.
Experimental results from several benchmark datasets and
the multiclass MI EEG data from BCI Competition IV
Dataset 2a were then used to verify the efficacy of the
proposed D-AL-ELM algorithm. -ese results indicate that
the performance of the proposed algorithm is consistently
better than, or at least comparable to, that of other popular
active learning techniques. Future work will then aim to
develop online learning for the D-AL-ELM [23, 34]. In
addition, an adaptive stopping criterion may be applied to
promote the efficiency of the D-AL-ELM and improve its
abilities for the classification and evaluation of MI EEG
signals.
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Table 6: Mean accuracy (%) of the learning process on BCI
Competition IV Dataset 2a.

Datasets D-AL-ELM AL-ELM ELM-Entropy PL-ELM
S1 83.78 83.64 83.32 83.76
S2 53.91 52.50 52.33 54.55
S3 85.66 86.06 85.57 84.39
S4 65.32 63.48 62.94 64.95
S5 49.06 48.90 47.79 48.00
S6 54.31 53.96 52.97 52.36
S7 83.15 83.34 82.45 81.96
S8 83.46 83.56 83.34 81.71
S9 83.57 82.80 82.39 82.91
Mean 71.36 70.92 70.34 70.51

Table 8: Average running time (s) of each learning algorithm.

Datasets D-AL-ELM AL-ELM ELM-Entropy PL-ELM
S1 1.7266 1.4625 1.4594 1.4172
S2 2.5125 2.2813 2.3859 2.2469
S3 1.7219 1.4859 1.4578 1.4234
S4 2.0719 1.7891 1.8328 1.8125
S5 2.0781 1.8281 1.8141 1.7719
S6 1.7609 1.4594 1.4094 1.3609
S7 2.4188 2.1969 2.1734 2.1641
S8 1.5562 1.3375 1.3609 1.3078
S9 1.2906 0.9484 0.9563 0.8906
Mean 1.9042 1.6432 1.6500 1.5995

Table 7: ALC values of the four methods on BCI Competition IV
Dataset 2a.

Datasets D-AL-ELM AL-ELM ELM-Entropy PL-ELM
S1 81.22 0.8109 0.8076 81.21
S2 0.5238 0.5100 0.5085 0.5296
S3 0.8302 0.8340 0.8291 0.8177
S4 0.6340 0.6159 0.6105 0.6308
S5 0.4764 0.4749 0.4638 0.4662
S6 0.5276 0.5241 0.5144 0.5088
S7 0.8066 0.8085 0.7996 0.7952
S8 0.8090 0.8100 0.8079 0.7923
S9 0.8103 0.8032 0.7992 0.8042
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Copyright © 2020 Aram M. Ahmed et al. +is 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.

+is paper presents an in-depth survey and performance evaluation of cat swarm optimization (CSO) algorithm. CSO is a robust
and powerful metaheuristic swarm-based optimization approach that has received very positive feedback since its emergence. It
has been tackling many optimization problems, and many variants of it have been introduced. However, the literature lacks a
detailed survey or a performance evaluation in this regard. +erefore, this paper is an attempt to review all these works, including
its developments and applications, and group them accordingly. In addition, CSO is tested on 23 classical benchmark functions
and 10 modern benchmark functions (CEC 2019). +e results are then compared against three novel and powerful optimization
algorithms, namely, dragonfly algorithm (DA), butterfly optimization algorithm (BOA), and fitness dependent optimizer (FDO).
+ese algorithms are then ranked according to Friedman test, and the results show that CSO ranks first on the whole. Finally,
statistical approaches are employed to further confirm the outperformance of CSO algorithm.

1. Introduction

Optimization is the process by which the optimal solution is
selected for a given problem among many alternative so-
lutions. One key issue of this process is the immensity of the
search space for many real-life problems, in which it is not
feasible for all solutions to be checked in a reasonable time.
Nature-inspired algorithms are stochastic methods, which
are designed to tackle these types of optimization problems.
+ey usually integrate some deterministic and randomness
techniques together and then iteratively compare a number
of solutions until a satisfactory one is found. +ese algo-
rithms can be categorized into trajectory-based and pop-
ulation-based classes [1]. In trajectory-based types, such as a
simulated annealing algorithm [2], only one agent is
searching in the search space to find the optimal solution,
whereas, in the population-based algorithms, also known as
swarm Intelligence, such as particle swarm optimization
(PSO) [3], multiple agents are searching and communicating

with each other in a decentralized manner to find the op-
timal solution. Agents usually move in two phases, namely,
exploration and exploitation. In the first one, they move on a
global scale to find promising areas, while in the second one,
they search locally to discover better solutions in those
promising areas found so far. Having a trade-off between
these two phases, in any algorithm, is very crucial because
biasing towards either exploration or exploitation would
degrade the overall performance and produce undesirable
results [1]. +erefore, more than hundreds of swarm in-
telligence algorithms have been proposed by researchers to
achieve this balance and provide better solutions for the
existing optimization problems.

Cat swarm optimization (CSO) is a swarm Intelligence
algorithm, which was originally invented by Chu et al. in
2006 [4, 5]. It is inspired by the natural behavior of cats, and
it has a novel technique in modeling exploration and ex-
ploitation phases. It has been successfully applied in various
optimization fields of science and engineering. However, the
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literature lacks a recent and detailed review of this algorithm.
In addition, since 2006, CSO has not been compared against
novel algorithms, i.e., it has been mostly compared with PSO
algorithm while many new algorithms have been introduced
since then. So, a question, which arises, is whether CSO
competes with the novel algorithms or not? +erefore,
experimenting CSO on a wider range of test functions and
comparing it with new and robust algorithms will further
reveal the potential of the algorithm. As a result, the aims of
this paper are as follows: firstly, provide a comprehensive
and detailed review of the state of art of CSO algorithm (see
Figure 1), which shows the general framework for con-
ducting the survey; secondly, evaluate the performance of
CSO algorithm against modern metaheuristic algorithms.
+ese should hugely help researchers to further work in the
domain in terms of developments and applications.

+e rest of the paper is organized as follows. Section 2
presents the original algorithm and its mathematical
modeling. Section 3 is dedicated to reviewing all modified
versions and variants of CSO. Section 4 summarizes the
hybridizing CSO algorithm with ANN and other non-
metaheuristic methods. Section 5 presents applications of
the algorithm and groups them according to their disci-
plinary. Section 6 provides performance evaluation, where
CSO is compared against dragonfly algorithm (DA) [6],
butterfly optimization algorithm (BOA) [7], and fitness
dependent optimizer (FDO) [8]. Finally, Section 7 provides
the conclusion and future directions.

2. Original Cat Swarm Optimization Algorithm

+e original cat swarm optimization is a continuous and
single-objective algorithm [4, 5]. It is inspired by resting and
tracing behaviours of cats. Cats seem to be lazy and spend
most of their time resting. However, during their rests, their
consciousness is very high and they are very aware of what is
happening around them. So, they are constantly observing
the surroundings intelligently and deliberately and when
they see a target, they start moving towards it quickly.
+erefore, CSO algorithm is modeled based on combining
these two main deportments of cats.

CSO algorithm is composed of two modes, namely,
tracing and seeking modes. Each cat represents a solution
set, which has its own position, a fitness value, and a flag.+e
position is made up of M dimensions in the search space,
and each dimension has its own velocity; the fitness value
depicts how well the solution set (cat) is; finally, the flag is to
classify the cats into either seeking or tracing mode.+us, we
should first specify how many cats should be engaged in the
iteration and run them through the algorithm. +e best cat
in each iteration is saved into memory, and the one at the
final iteration will represent the final solution.

2.1. General Structure of the Algorithms. +e algorithm takes
the following steps in order to search for optimal solutions:

(1) Specify the upper and lower bounds for the solution
sets.

(2) Randomly generate N cats (solution sets) and spread
them in the M dimensional space in which each cat
has a random velocity value not larger than a pre-
defined maximum velocity value.

(3) Randomly classify the cats into seeking and tracing
modes according to MR. MR is a mixture ratio,
which is chosen in the interval of [0, 1]. So, for
example, if a number of cats N is equal to 10 and MR
is set to 0.2, then 8 cats will be randomly chosen to go
through seeking mode and the other 2 cats will go
through tracing mode.

(4) Evaluate the fitness value of all the cats according to
the domain-specified fitness function. Next, the best
cat is chosen and saved into memory.

(5) +e cats thenmove to either seeking or tracingmode.
(6) After the cats go through seeking or tracing mode,

for the next iteration, randomly redistribute the cats
into seeking or tracing modes based on MR.

(7) Check the termination condition; if satisfied; termi-
nate the program; otherwise, repeat Step 4 to Step 6.

2.2. Seeking Mode. +is mode imitates the resting behavior
of cats, where four fundamental parameters play important
roles: seeking memory pool (SMP), seeking range of the
selected dimension (SRD), counts of dimension to change
(CDC), and self-position considering (SPC). +ese values
are all tuned and defined by the user through a trial-and-
error method.

SMP specifies the size of seeking memory for cats, i.e., it
defines number of candidate positions in which one of them
is going to be chosen by the cat to go to, for example, if SMP
was set to 5, then for each and every cat, 5 new random
positions will be generated and one of them will be selected
to be the next position of the cat. How to randomize the new
positions will depend on the other two parameters that are
CDC and SRD. CDC defines how many dimensions to be
modified which is in the interval of [0, 1]. For example, if the
search space has 5 dimensions and CDC is set to 0.2, then for
each cat, four random dimensions out of the five need to be
modified and the other one stays the same. SRD is the
mutative ratio for the selected dimensions, i.e., it defines the
amount of mutation and modifications for those dimensions
that were selected by CDC. Finally, SPC is a Boolean value,
which specifies whether the current position of a cat will

CSO and its variants 
with artificial neural 

networks

Original CSO 
algorithm Variants of CSO

Applications of CSO

Figure 1: General framework for conducting the survey.
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be selected as a candidate position for the next iteration or
not. So, for example, if the SPC flag is set to true, then for
each cat, we need to generate (SMP-1) number of can-
didates instead of SMP number as the current position is
considered as one of them. Seeking mode steps are as
follows:

(1) Make as many as SMP copies of the current position
of Catk.

(2) For each copy, randomly select as many as CDC
dimensions to be mutated. Moreover, randomly add
or subtract SRD values from the current values,
which replace the old positions as shown in the
following equation:

Xjdnew � (1 + rand∗ SRD)∗Xjdold, (1)

where Xjdold is the current position; Xjdnew is the
next position; j denotes the number of a cat and d
denotes the dimensions; and rand is a random
number in the interval of [0, 1].

(3) Evaluate the fitness value (FS) for all the candidate
positions.

(4) Based on probability, select one of the candidate
points to be the next position for the cat where
candidate points with higher FS have more chance
to be selected as shown in equation (2). However,
if all fitness values are equal, then set all the
selecting probability of each candidate point to
be 1.

Pi �
FSi − FSb




FSmax − FSmin
, where 0< i< j. (2)

If the objective is minimization, then FSb � FSmax; oth-
erwise, FSb � FSmin.

2.3. TracingMode. +is mode copies the tracing behavior of
cats. For the first iteration, random velocity values are given
to all dimensions of a cat’s position. However, for later steps,
velocity values need to be updated. Moving cats in this mode
are as follows:

(1) Update velocities (Vk,d) for all dimensions according
to equation (3).

(2) If a velocity value outranged the maximum value,
then it is equal to the maximum velocity.

Vk,d � Vk,d + r1c1 Xbest,d − Xk,d . (3)

(3) Update position of Catk according to the following
equation:

Xk,d � Xk,d + Vk,d. (4)

Refer to Figure 2 which recaps the whole algorithm in a
diagram.

3. Variants of CSO

In the previous section, the original CSO was covered; this
section briefly discusses all other variants of CSO found in the
literature. Variantsmay include the following points: binary or
multiobjective versions of the algorithm, changing parame-
ters, altering steps, modifying the structure of the algorithm,
or hybridizing it with other algorithms. Refer to Table 1, which
presents a summary of these modifications and their results.

3.1. Discrete Binary Cat Swarm Optimization Algorithm
(BCSO). Sharafi et al. introduced the BCSO Algorithm,
which is the binary version of CSO [9]. In the seeking mode,
the SRD parameter has been substituted by another pa-
rameter called the probability of mutation operation (PMO).
However, the proceeding steps of seeking mode and the
other three parameters stay the same. Accordingly, the di-
mensions are selected using the CDC and then PMO will be
applied. In the tracing mode, the calculations of velocity and
position equations have also been changed into a new form,
in which the new position vector is composed of binary
digits taken from either current position vector or global
position vector (best position vector). Two velocity vectors
are also defined in order to decide which vector (current or
global) to choose from.

3.2. Multiobjective Cat Swarm Optimization (MOCSO).
Pradhan and Panda proposed multiobjective cat swarm
optimization (MOCSO) by extending CSO to deal with
multiobjective problems [10]. MOCSO is combined with the
concept of the external archive and Pareto dominance in
order to handle the nondominated solutions.

3.3. Parallel Cat Swarm Optimization (PCSO). Tsai and pan
introduced parallel cat swarm optimization (PCSO) [11].
+is algorithm improved the CSO algorithm by eliminating
the worst solutions. To achieve this, they first distribute the
cats into subgroups, i.e., subpopulations. Cats in the seeking
mode move as they do in the original algorithm. However, in
the tracing mode, for each subgroup, the best cat will be
saved into memory and will be considered as the local best.
Furthermore, cats move towards the local best rather than
the global best. +en, in each group, the cats are sorted
according to their fitness function from best to worst. +is
procedure will continue for a number of iterations, which is
specified by a parameter called ECH (a threshold that defines
when to exchange the information of groups). For example,
if ECH was equal to 20, then once every 20 iterations, the
subgroups exchange information where the worst cats will
be replaced by a randomly chosen local best of another
group. +ese modifications lead the algorithm to be com-
putationally faster and show more accuracy when the
number of iteration is fewer and the population size is small.

3.4.CSOClustering. Santosa andNingrum improved the CSO
algorithm and applied it for clustering purposes [12].+emain
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goal was to use CSO to cluster the data and find the best cluster
center. +e modifications they did were two main points:
firstly, removing the mixture ratio (MR) and hence forcing all
the cats to go through both seeking and tracing mode. +is is

aimed at shortening the time required to find the best cluster
center. Secondly, always setting the CDC value to be 100%,
instead of 80% as in the original CSO, in order to change all
dimensions of the candidate cats and increase diversity.

Start

Generate N cats

Initialize the position, velocities,
and the flag of every cat

Evaluate the cats based 
on their fitness function

and save the best cat
into memory

Catk is in the
seeking mode?

YesNo
Seeking mode

SPC flag is true
Yes Make SMP-1

copies of the cat
NoMake SMP

copies of the cat

Add or substract SRD values
based on CDC

Evaluate fitness value of
cats

Based on probability, select
next position for the cat

Tracing mode

Velocity value
>

maximum value?

Yes Velocity = maximum
velocity

No

Update velocities
for all dimensions

Update
positions

Redistribute cats into seeking or
tracing modes according to MR

Terminate?

Stop

Figure 2: Cat swarm optimization algorithm general structure.
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Table 1: Summary of the modified versions of the CSO algorithm.

Comparison of With Testing field Performance Reference
CSO (original) PSO and weighted-PSO Six test functions Better [4, 5]

BCSO GA, BPSO, and NBPSO
Four test functions (sphere,

Rastrigin, Ackley, and
Rosenbrock)

Better [9]

MOCSO NSGA-II Cooperative spectrum sensing in
cognitive radio Better [10]

PCSO CSO and weighted-PSO +ree test functions (Rosenbrock,
Rastrigrin, and Griewank)

Better when the number of
iteration is fewer and the
population size is small

[11]

CSO clustering K-means and PSO clustering
Four different clustering datasets
(Iris, Soybean, Glass, and Balance

Scale)
More accurate but slower. [12]

EPCSO
PCSO, PSO-LDIW, PSO-CREV,
GCPSO, MPSO-TVAC, CPSO-

H6, PSO-DVM

Five test functions and aircraft
schedule recovery problem Better [13]

AICSO CSO +ree test functions (Rastrigrin,
Griewank, and Ackley) Better [14]

ADCSO CSO
Six test functions (Rastrigrin,
Griewank, Ackley, axis parallel,

Trid10, and Zakharov)

Better except for Griewank test
function. [15]

Enhanced HCSO PSO Motion estimation block-
matching Better [16, 17]

ICSO PSO Motion estimation block-
matching Better [17]

OL-ICSO K-median, PSO, CSO, and ICSO ART1, ART2, Iris, CMC, Cancer,
and Wine datasets Better [18]

CQCSO QCSO, CSO, PSO, and CPSO

Five test functions (Schaffer,
Shubert, Griewank, Rastrigrin,
and Rosenbrock) and multipeak
maximum power point tracking
for a photovoltaic array under

complex conditions

Better [19]

ICSO CSO and PSO +e 69-bus test distribution
system Better [20]

ICSO CSO, BCSO, AICSO, and EPCSO

Twelve test functions (sphere,
Rosenbrock, Rastrigin, Griewank,
Ackley, Step, Powell, Schwefel,

Schaffer, Zakharov’s,
Michalewicz, quartic) and five

real-life clustering problems (Iris,
Cancer, CMC, Wine, and Glass)

Better [21]

Hybrid PCSOABC PCSO and ABC Five test functions Better [22]

CSO-GA-PSOSVM CSO+ SVM (CSOSVM)
66 feature points from each face of
CK+ (Cohn Kanade) dataset Better [23]

Hybrid CSO-based
algorithm GA, EA, SA, PSO, and AFS School timetabling test instances Better [24]

Hybrid CSO-GA-
SA SLPA and CFinder

Seven datasets (Karate, Dolphin,
Polbooks, Football, Net-Science,

Power, Indian Railway)
Better [25]

MCSO CSO Nine datasets from UCI Better [26]
MCSO CSO Eight dataset Better [27]
NMCSO CSO, PSO Sixteen benchmark functions Better [28]
ICSO CSO Ten datasets from UCI Better [29]
cCSO DE, PSO, CSO 47 benchmark functions Better [30]

BBCSO

Binary particle swarm
optimization (BPSO), binary

genetic algorithm (BGA), binary
CSO

0/1 Knapsack optimization
problem Better [31]

CSO-CS N/A VRP instances from http://neo.
lcc.uma.es/vrp/ N/A [32]
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3.5. Enhanced Parallel Cat Swarm Optimization (EPCSO).
Tsai et al. further improved the PCSO Algorithm in terms of
accuracy and performance by utilizing the orthogonal array
of Taguchi method and called it enhanced parallel cat swarm
optimization (EPCSO) [13]. Taguchi methods are statistical
methods, which are invented by Japanese Engineer Genichi
Taguchi. +e idea is developed based on “ORTHOGONAL
ARRAY” experiments, which improves the engineering
productivity in thematters of cost, quality, and performance.
In their proposed algorithm, the seeking mode of EPCSO is
the same as the original CSO. However, the tracingmode has
adopted the Taguchi orthogonal array. +e aim of this is to
improve the computational cost even when the number of
agents increases. +erefore, two sets of candidate velocities
will be created in the tracing mode. +en, based on the
orthogonal array, the experiments will be run and accord-
ingly the position of cats will be updated. Orouskhani et al.
[14] added some partial modifications to EPCSO in order to
further improve it and make it fit their application. +e
modifications were changing the representation of agents
from the coordinate to a set; adding a newly defined cluster
flag; and designing custom-made fitness function.

3.6. Average-Inertia Weighted CSO (AICSO). Orouskhani
et al. introduced an inertia value to the velocity equation in
order to achieve a balance between exploration and ex-
ploitation phase. +ey experimented that (w) value is better
to be selected in the range of [0.4, 0.9] where at the beginning
of the operation, it is set to 0.9, and as the iteration number
moves forward, (w) value gradually becomes smaller until it
reaches 0.4 at the final iteration. Large values of (w) assist
global search; whereas small values of (w) assist the local
search. In addition to adding inertia value, the position
equation was also reformed to a new one, in which averages
of current and previous positions, as well as an average of
current and previous velocities, were taken in the equation
[14].

3.7. Adaptive Dynamic Cat Swarm Optimization (ADCSO).
Orouskhani et al. further enhanced the algorithm by in-
troducing three main modifications [15]. Firstly, they in-
troduced an adjustable inertia value to the velocity equation.
+is value gradually decreases as the dimension numbers
increase. +erefore, it has the largest value for dimension
one and vice versa. Secondly, they changed the constant (C)
to an adjustable value. However, opposite to the inertia
weight, it has the smallest value for dimension one and
gradually increases until the final dimension where it has the
largest value. Finally, they reformed the position equation by
taking advantage of other dimensions’ information.

3.8. Enhanced Hybrid Cat Swarm Optimization (Enhanced
HCSO). Hadi and Sabah proposed a hybrid system and
called it enhanced HCSO [16, 17]. +e goal was to decrease
the computation cost of the block matching process in video
editing. In their proposal, they utilized a fitness calculation
strategy in seeking mode of the algorithm. +e idea was to

avoid calculating some areas by deciding whether or not to
do the calculation or estimate the next search location to
move to. In addition, they also introduced the inertia weight
to the tracing mode.

3.9. Improvement Structure of Cat Swarm Optimization
(ICSO). Hadi and Sabah proposed combining two concepts
together to improve the algorithm and named it ICSO. +e
first concept is parallel tracing mode and information ex-
changing, which was taken from PCSO. +e second concept
is the addition of an inertia weight to the position equation,
which was taken from AICSO. +ey applied their algorithm
for efficient motion estimation in block matching.+eir goal
was to enhance the performance and reduce the number of
iterations without the degradation of the image quality [17].

3.10. Opposition-Based Learning-Improved CSO (OL-ICSO).
Kumar and Sahoo first proposed using Cauchy mutation
operator to improve the exploration phase of the CSO al-
gorithm in [34]. +en, they introduced two more modifi-
cations to further improve the algorithm and named it
opposition-based learning-improved CSO (OL-ICSO). +ey
improved the population diversity of the algorithm by
adopting opposition-based learning method. Finally, two
heuristic mechanisms (for both seeking and tracing mode)
were introduced. +e goal of introducing these two mech-
anisms was to improve the diverse nature of the populations
and prevent the possibility of falling the algorithm into the
local optima when the solution lies near the boundary of the
datasets and data vectors cross the boundary constraints
frequently [18].

3.11. Chaos Quantum-Behaved Cat Swarm Optimization
(CQCSO). Nie et al. improved the CSO algorithm in terms
of accuracy and avoiding local optima trapping. +ey first
introduced quantum-behaved cat swarm optimization
(QCSO), which combined the CSO algorithm with quantum
mechanics. Hence, the accuracy was improved and the al-
gorithm avoided trapping in the local optima. Next, by
incorporating a tent map technique, they proposed chaos
quantum-behaved cat swarm optimization (CQCSO) algo-
rithm. +e idea of adding the tent map was to further
improve the algorithm and again let the algorithm to jump
out of the possible local optima points it might fall into [19].

3.12. Improved Cat Swarm Optimization (ICSO). In the
original algorithm, cats are randomly selected to either go
into seeking mode or tracing mode using a parameter called
MR. However, Kanwar et al. changed the seeking mode by
forcing the current best cat in each iteration to move to the
seeking mode. Moreover, in their problem domain, the
decision variables are firm integers while solutions in the
original cat are continuous. +erefore, from selecting the
best cat, two more cats are produced by flooring and ceiling
its value. After that, all probable combinations of cats are
produced from these two cats [20].
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3.13. ImprovedCat SwarmOptimization (ICSO). Kumar and
Singh made two modifications to the improved CSO algo-
rithm and called it ICSO [21]. +ey first improved the
tracing mode by modifying the velocity and updating po-
sition equations. In the velocity equation, a random uni-
formly distributed vector and two adaptive parameters were
added to tune global and local search movements. Secondly,
a local search method was combined with the algorithm to
prevent local optima problem.

3.14.Hybrid PCSOABC. Tsai et al. proposed a hybrid system
by combining PCSO with ABC algorithms and named is
hybrid PCSOABC [22]. +e structure simply included
running PCSO and ABC consecutively. Since PCSO per-
forms faster with a small population size, the algorithm first
starts with a small population and runs PCSO. After a
predefined number of iterations, the population size will be
increased and the ABC algorithm starts running. Since the
proposed algorithm was simple and did not have any ad-
justable feedback parameters, it sometimes provided worse
solutions than PCSO. Nevertheless, its convergence was
faster than PCSO.

3.15. CSO-GA-PSOSVM. Vivek and Reddy proposed a new
method by combining CSO with particle swarm intelligence
(PSO), genetic algorithm (GA), and support vector machine
(SVM) and called it CSO-GA-PSOSVM [23]. In their
method, they adopted the GA mutation operator into the
seeking mode of CSO in order to obtain divergence. In
addition, they adopted all GA operators as well as PSO
subtraction and addition operators into the tracing mode of
CSO in order to obtain convergence. +is hybrid meta-
heuristic system was then incorporated with the SVM
classifier and applied on facial emotion recognition.

3.16.HybridCSO-BasedAlgorithm. Skoullis et al. introduced
three modifications to the algorithm [24]. Firstly, they
combined CSO with a local search refining procedure.
Secondly, if the current cat is compared with the global best
cat and their fitness values were the same, the global best cat
will still be updated by the current cat. +e aim of this is to
achieve more diversity. Finally, cats are individually selected
to go into either seeking mode or tracing mode.

3.17. Hybrid CSO-GA-SA. Sarswat et al. also proposed a
hybrid system by combining CSO, GA, and SA and then
incorporating it with a modularity-based method [25]. +ey
named their algorithm hybrid CSO-GA-SA.+e structure of
the system was very simple and straight forward as it was
composed of a sequential combination of CSO, GA, and SA.
+ey applied the system to detect overlapping community
structures and find near-optimal disjoint communities.
+erefore, input datasets were firstly fed into CSO algorithm
for a predefined number of iterations. +e resulted cats were
then converted into chromosomes and henceforth GA was
applied on them. However, GA may fall into local optima,
and to solve this issue, SA was applied afterward.

3.18. Modified Cat Swarm Optimization (MCSO). Lin et al.
combined a mutation operator as a local search procedure
with CSO algorithm to find better solutions in the area of the
global best [26]. It is then used to optimize the feature se-
lection and parameters of the support vector machine.
Additionally, Mohapatra et al. used the idea of using mu-
tation operation before distributing the cats into seeking or
tracing modes [27].

3.19. Normal Mutation Strategy-Based Cat Swarm Optimi-
zation (NMCSO). Pappula et al. adopted a normal mutation
technique to CSO algorithm in order to improve the ex-
ploration phase of the algorithm. +ey used sixteen
benchmark functions to evaluate their proposed algorithm
against CSO and PSO algorithms [28].

3.20. Improved Cat Swarm Optimization (ICSO). Lin et al.
improved the seeking mode of CSO algorithm. Firstly, they
used crossover operation to generate candidate positions.
Secondly, they changed the value of the new position so that
SRD value and current position have no correlations [29]. It
is worth mentioning that there are four versions of CSO
referenced in [17, 20, 21, 29], all having the same name
(ICSO). However, their structures are different.

3.21. Compact Cat Swarm Optimization (CCSO). Zhao in-
troduced a compact version of the CSO algorithm. A dif-
ferential operator was used in the seeking mode of the
proposed algorithm to replace the original mutation ap-
proach. In addition, a normal probability model was used in
order to generate new individuals and denote a population
of solutions [30].

3.22. Boolean Binary Cat Swarm Optimization (BBCSO).
Siqueira et al. worked on simplifying the binary version of
CSO in order to increase its efficiency. +ey reduced the
number of equations, replaced the continues operators with
logic gates, and finally integrated the roulette wheel ap-
proach with the MR parameter [31].

3.23.HybridCat SwarmOptimization-CrowSearch (CSO-CS)
Algorithm. Pratiwi proposed a hybrid system by combining
CSO algorithm with crow search (CS) algorithm. +e al-
gorithm first runs CSO algorithm followed by the memory
update technique of the CS algorithm and then new posi-
tions will be generated. She applied her algorithm on vehicle
routing problem [32].

4. CSO and its Variants with Artificial
Neural Networks

Artificial neural networks are computing systems, which
have countless numbers of applications in various fields.
Earlier neural networks were used to be trained by con-
ventional methods, such as the backpropagation algorithm.
However, current neural networks are trained by nature-
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inspired optimization algorithms. +e training could be
optimizing the node weights or even the network archi-
tectures [35]. CSO has also been extensively combined with
neural networks in order to be applied in different appli-
cation areas. +is section briefly goes over those works, in
which CSO is hybridized with ANN and similar methods.

4.1. CSO+ANN+OBD. Yusiong proposes combining ANN
with CSO algorithm and optimal brain damage (OBD)
approach. Firstly, the CSO algorithm is used as an opti-
mization technique to train the ANN algorithm. Secondly,
OBD is used as a pruning algorithm to decrease the com-
plexity of ANN structure where less number of connections
has been used. As a result, an artificial neural network was
obtained that had less training errors and high classification
accuracy [36].

4.2. ADCSO+GD+ANFIS. Orouskhani et al. combined
ADCSO algorithm with gradient descent (GD) algorithm in
order to tweak parameters of the adaptive network-based
fuzzy inference system (ANFIS). In their method, the an-
tecedent and consequent parameters of ANFIS were trained
by CSO algorithm and GD algorithm consecutively [37].

4.3. CSO+ SVM. Abed and Al-Asadi proposed a hybrid
system based on SVM and CSO. +e system was applied to
electrocardiograms signals classification. +ey used CSO for
the purpose of feature selection optimization and enhancing
SVM parameters [38]. In addition, Lin et al. and Wang and
Wu [39, 40] also combined CSO with SVM and applied it to
a classroom response system.

4.4. CSO+WNN. Nanda proposed a hybrid system by
combining wavelet neural network (WNN) and CSO al-
gorithm. In their proposal, the CSO algorithm was used to
train the weights of WNN in order to obtain the near-op-
timal weights [41].

4.5. BCSO+ SVM. Mohamadeen et al. built a classification
model based on BCSO and SVM and then applied it in a
power system. +e use of BCSO was to optimize SVM
parameters [42].

4.6. CCSO+ANN. Wang et al. proposed designing an ANN
that can handle randomness, fuzziness, and accumulative
time effect in time series concurrently. In their work, the
CSO algorithm was used to optimize the network structure
and learning parameters at the same time [43].

4.7. CSO/PSO+ANN. Chittineni et al. used CSO and PSO
algorithms to train ANN and then applied their method on
stock market prediction. +eir comparison results showed
that CSO algorithm performed better than the PSO algo-
rithm [44].

4.8. CS-FLANN. Kumar et al. combined the CSO algorithm
with functional link artificial neural network (FLANN) to
develop an evolutionary filter to remove Gaussian noise [45].

5. Applications of CSO

+is section presents the applications of CSO algorithm,
which are categorized into seven groups, namely, electrical
engineering, computer vision, signal processing, system
management and combinatorial optimization, wireless and
WSN, petroleum engineering, and civil engineering. A
summary of the purposes and results of these applications is
provided in Table 2.

5.1. Electrical Engineering. CSO algorithm has been exten-
sively applied in the electrical engineering field. Hwang et al.
applied both CSO and PSO algorithms on an electrical
payment system in order to minimize electricity costs for
customers. Results indicated that CSO is more efficient and
faster than PSO in finding the global best solution [46].
Economic load dispatch (ELD) and unit commitment (UC)
are significant applications, in which the goal is to reduce the
total cost of fuel is a power system. Hwang et al. applied the
CSO algorithm on economic load dispatch (ELD) of wind
and thermal generators [47]. Faraji et al. also proposed
applying binary cat swarm optimization (BCSO) algorithm
on UC and obtained better results compared to the previous
approaches [48]. UPFC stands for unified power flow
controller, which is an electrical device used in transmission
systems to control both active and reactive power flows.
Kumar and Kalavathi used CSO algorithm to optimize
UPFC in order to improve the stability of the system [49].
Lenin and Reddy also applied ADCSO on reactive power
dispatch problemwith the aim tominimize active power loss
[50]. Improving available transfer capability (ATC) is very
significant in electrical engineering. Nireekshana et al. used
CSO algorithm to regulate the position and control pa-
rameters of SVC and TCSC with the aim of maximizing
power transfer transactions during normal and contingency
cases [51]. +e function of the transformers is to deliver
electricity to consumers. Determining how reliable these
transformers are in a power system is essential. Moha-
madeen et al. proposed a classification model to classify the
transformers according to their reliability status [42]. +e
model was built based on BCSO incorporation with SVM.
+e results are then compared with a similar model based on
BPSO. It is shown that BCSO is more efficient in optimizing
the SVM parameters. Wang et al. proposed designing an
ANN that can handle randomness, fuzziness, and accu-
mulative time effect in time series concurrently [43]. In their
work, the CSO algorithm has been used to optimize the
network structure and learning parameters at the same time.
+en, the model was applied to two applications, which were
individual household electric power consumption fore-
casting and Alkaline-surfactant-polymer (ASP) flooding oil
recovery index forecasting in oilfield development. +e
current source inverter (CSI) is a conventional kind of power
inverter topologies. Hosseinnia and Farsadi combined
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Table 2: +e purposes and results of using CSO algorithm in various applications.

Purpose Results Ref.
CSO applied on electrical payment system in order to
minimize electricity cost for customers CSO outperformed PSO [46]

CSO applied on economic load dispatch (ELD) of
wind and thermal generator CSO outperformed PSO [47]

BCSO applied on unit commitment (UC) CSO outperformed LR, ICGA, BF, MILP, ICA, and
SFLA [48]

Applied CSO algorithm on UPFC to increase the
stability of the system

IEEE 6-bus and 14-bus networks were used in the
simulation experiments and desirable results were

achieved
[49]

Applied ADCSO on reactive power dispatch problem
to minimize active power loss

IEEE 57-bus system was used in the simulation
experiments, in which ADCSO outperformed 16

other optimization algorithms
[50]

Applied CSO algorithm to regulate the position and
control parameters of SVC and TCSC to improve
available transfer capability (ATC)

IEEE 14-bus and IEEE 24-bus systems were used in
the simulation experiments, in which the system

provided better results after adopting CSO
[51]

Building a classification model based on BCSO and
SVM to classify the transformers according to their
reliability status.

+e model performed better compared to a similar
model, which was based on BPSO and VSM [42]

Applied CSO to optimize the network structure and
learning parameters of an ANN model named
CPNN-CSO, which is used to predict household
electric power consumption

CPNN-CSO outperformed ANFIS and similar
methods with no CSO such as PNN and CPNN [43]

Applied CSO and selective harmonic elimination
(SHE) algorithm on current source inverter (CSI)

CSO successfully optimized the switching parameters
of CSI and hence minimized the total harmonic

distortion
[52]

Applied both CSO, PCSO, PSO-CFA, and ACO-ABC
on distributed generation units on distribution
networks

IEEE 33-bus and IEEE 69-bus distribution systems
were used in the simulation experiments and CSO

outperformed the other algorithms
[53]

AppliedMCSO onMPPTto achieve global maximum
power point (GMPP) tracking

MCSO outperformed PSO, MPSO, DE, GA, and HC
algorithms [54]

Applied BCSO to optimize the location of phasor
measurement units and reduce the required number
of PMUs

IEEE 14-bus and IEEE 30-bus test systems were used
in the simulation. BCSO outperformed BPSO,

generalized integer linear programming, and effective
data structure-based algorithm

[55]

Used CSO algorithm to identify the parameters of
single and double diode models in solar cell system

CSO outperformed PSO, GA, SA, PS, Newton, HS,
GGHS, IGHS, ABSO, DE, and LMSA [56]

Applied CSO and SVM to classify students’ facial
expression

+e results show 100% classification accuracy for the
selected 9 face expressions [39]

Applied CSO and SVM to classify students’ facial
expression +e system achieved satisfactory results [40]

Applied CSO-GA-PSOSVM to classify students’
facial expression +e system achieved 99% classification accuracy [23]

Applied CSO, HCSO and ICSO in block matching for
efficient motion estimation

+e system reduced computational complexity and
provided faster convergence [16, 17, 57]

Used CSO algorithm to retrieve watermarks similar
to the original copy

CSO outperformed PSO and PSO time-varying
inertia weight factor algorithms [58, 59]

Sabah used EHCSO in an object-tracking system to
obtain further efficiency and accuracy

+e system yielded desirable results in terms of
efficiency and accuracy [60]

Used BCSO as a band selection method for
hyperspectral images BCSO outperformed PSO [61]

Used CSO and multilevel thresholding for image
segmentation CSO outperformed PSO [62]

Used CSO and multilevel thresholding for image
segmentation PSO outperformed CSO [63]

Used CSO, ANN and wavelet entropy to build an
AUD identification system. CSO outperformed GA, IGA, PSO, and CSPSO [64]

Used CSO and FLANN to remove the unwanted
Gaussian noises from CT images

+e proposed system outperformed mean filter and
adaptive Wiener filter. [45]

Used CSO with L-BFGS-B technique to register
nonrigid multimodal images +e system yielded satisfactory results [65]

Used CSO in image enhancement to optimize
parameters of the histogram stretching technique PSO outperformed CSO [66]

Used CSO algorithm for IIR system identification CSO outperformed GA and PSO [67]
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Table 2: Continued.

Purpose Results Ref.
Applied CSO to do direct and inverse modeling of
linear and nonlinear plants CSO outperformed GA and PSO [68]

Used CSO and SVM for electrocardiograms signal
classification

Optimizing SVM parameters using CSO improved
the system in terms of accuracy [38]

Applied CSO to increase reliability in a task allocation
system CSO outperformed GA and PSO [69, 70]

Applied CSO on JSSP
+e benchmark instances were taken from OR-

Library. CSO yielded desirable results compared to
the best recorded results in the dataset reference.

[71]

Applied BCSO on JSSP ACO outperformed CSO and cuckoo search
algorithms [72]

Applied CSO on FSSP
Carlier, Heller, and Reeves benchmark instances were
used, CSO can solve problems of up to 50 jobs

accurately
[73]

Applied CSO on OSSP CSO performs better than six metaheuristic
algorithms in the literature. [74]

Applied CSO on JSSP CSO performs better than some conventional
algorithms in terms of accuracy and speed. [75]

Applied CSO on bag-of-tasks and workflow
scheduling problems in cloud systems

CSO performs better than PSO and two other
heuristic algorithms [76]

Applied CSO on TSP and QAP

+e benchmark instances were taken from TSPLIB
and QAPLIB. +e results show that CSO

outperformed the best results recorded in those
dataset references.

[77]

Comparison between CSO, cuckoo search, and bat-
inspired algorithm to solve TSP problem

+e benchmark instances are taken from STPLIB.+e
results show that CSO falls behind the other

algorithms
[78]

Applied CSO and MCSO on workflow scheduling in
cloud systems CSO performs better than PSO [79]

Applied BCSO on workflow scheduling in cloud
systems BCSO performs better than PSO and BPSO [80]

Applied BCSO on SCP BCSO performs better than ABC [81]

Applied BCSO on SCP BCSO performs better than binary teaching-learning-
based optimization (BTLBO) [82, 83]

Used a CSO as a clustering mechanism in web
services. CSO performs better than K-means [84]

Applied hybrid CSO-GA-SA to find the overlapping
community structures.

Very good results were achieved. Silhouette
coefficient was used to verify these results in which

was between 0.7 and 0.9
[25]

Used CSO to optimize the network structures for
pinning control CSO outperformed a number of heuristic methods [85]

Applied CSO with local search refining procedure to
address high school timetabling problem

CSO outperformed genetic algorithm (GA),
evolutionary algorithm (EA), simulated annealing
(SA), particle swarm optimization (PSO) and

artificial fish swarm (AFS).

[24]

BCSO with dynamic mixture ratios to address the
manufacturing cell design problem

BCSO can effectively tackle the MCDP problem
regardless of the scale of the problem [86]

Used CSO to find the optimal reservoir operation in
water resource management CSO outperformed GA [87]

Applied CSO to classify the the feasibility of small
loans in banking systems

CSO resulted in 76% of accuracy in comparison to
64% resulted from OLR procedure. [88]

Used CSO, AEM and RPT to build a groundwater
management systems

CSO outperformed a number of metaheuristic
algorithms in addressing groundwater management

problem
[89]

Applied CSO to solve the multidocument
summarization problem CSO outperformed harmonic search (HS) and PSO [90]

Used CSO and (RPCM) to address groundwater
resource management CSO outperformed a similar model based on PSO [91]

Applied CSO-CS to solve VRPTW

CSO-CS successfully solves the VRPTW problem.
+e results show that the algorithm convergences
faster by increasing population and decreasing cdc

parameter.

[32]
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selective harmonic elimination (SHE) in corporation with
CSO algorithm and then applied it on current source in-
verter (CSI) [52]. +e role of the CSO algorithm was to
optimize and tune the switching parameters and minimize
total harmonic distortion. El-Ela et al. [53] used CSO and
PCSO to find the optimal place and size of distributed
generation units on distribution networks. Guo et al. [54]
used MCSO algorithm to propose a novel maximum power
point tracking (MPPT) approach to obtain global maximum
power point (GMPP) tracking. Srivastava et al. used BCSO
algorithm to optimize the location of phasor measurement
units and reduce the required number of PMUs [55]. Guo
et al. used CSO algorithm to identify the parameters of single
and double diode models in solar cell models [56].

5.2. Computer Vision. Facial emotion recognition is a bio-
metric approach to identify human emotion and classify
them accordingly. Lin et al. and Wang and Wu [39, 40]
proposed a classroom response system by combining the
CSO algorithm with support vector machine to classify
student’s facial expressions. Vivek and Reddy also used
CSO-GA-PSOSVM algorithm for the same purpose [23].

Block matching in video processing is computationally
expensive and time consuming. Hadi and Sabah used CSO
algorithm in block matching for efficient motion estimation
[57]. +e aim was to decrease the number of positions that
needs to be calculated within the search window during the
block matching process, i.e., to enhance the performance
and reduce the number of iterations without the degradation
of the image quality. +e authors further improved their
work and achieved better results by replacing the CSO al-
gorithm with HCSO and ICSO in [16, 17], respectively.
Kalaiselvan et al. and Lavanya and Natarajan [58, 59] used
CSO Algorithm to retrieve watermarks similar to the
original copy. In video processing, object tracking is the
process of determining the position of a moving object over
time using a camera. Hadi and Sabah used EHCSO in an
object-tracking system for further enhancement in terms of
efficiency and accuracy [60]. Yan et al. used BCSO as a band
selection method for hyperspectral images [61]. In computer
vision, image segmentation refers to the process of dividing
an image into multiple parts. Ansar and Bhattacharya and
Karakoyun et al. [62, 63] proposed using CSO algorithm
incorporation with the concept of multilevel thresholding
for image segmentation purposes. Zhang et al. combined

Table 2: Continued.

Purpose Results Ref.
Applied CSO and K-median to detect overlapping
community in social networks

CSO and K-median provides better modularity than
similar models based on PSO and BAT algorithm [92]

Applied MOCSO, fitness sharing, and fuzzy
mechanism on CR design

MOCSO outperformed MOPSO, NSGA-II and
MOBFO [93, 94]

Applied CSO and five other metaheuristic algorithms
to design a CR engine

CSO outperformed the GA, PSO, DE, BFO and ABC
algorithms [95]

Applied EPCSO on WSN to be used as a routing
algorithm

EPCSO outperformed AODV, a ladder diffusion
using ACO and a ladder diffusion using CSO. [33]

Applied CSO on WSN in order to solve optimal
power allocation problem

PSO is marginally better for small networks.
However, CSO outperformed PSO and cuckoo search

algorithm
[96]

Applied CSO on WSN to optimize cluster head
selection

+e proposed system outperformed the existing
systems by 75%. [97]

Applied CSO on CR based smart grid
communication network to optimize channel
allocation

+e proposed system obtains desirable results for
both fairness-based and priority-based cases [98]

Applied CSO in WSN to detect optimal location of
sink nodes

CSO outperformed PSO in reducing total power
consumption. [99, 100]

Applied CSO on time modulated concentric circular
antenna array to minimize the sidelobe level of
antenna arrays and enhance the directivity

CSO outperformed RGA, PSO and DE algorithms [101]

Applied CSO to optimize the radiation pattern
controlling parameters for linear antenna arrays.

CSO successfully tunes the parameters and provides
optimal designs of linear antenna arrays. [102]

Applied Cauchy mutated CSO to make linear
aperiodic arrays, where the goal was to reduce
sidelobe level and control the null positions

+e proposed system outperformed both CSO and
PSO [103]

Applied CSO and analytical formula-based objective
function to optimize well placements CSO outperformed DE algorithm [104]

Applied CSO to optimize well placements
considering oilfield constraints during development. CSO outperformed GA and DE algorithms [105]

CSO applied to optimize the network structure and
learning parameters of an ANN model, which is used
to predict an ASP flooding oil recovery index

+e system successfully forecast the ASP flooding oil
recovery index [42]

Applied CSO to build an identification model to
detect early cracks in beam type structures

CSO yields a desirable accuracy in detecting early
cracks [106]
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wavelet entropy, ANN, and CSO algorithm to develop an
alcohol use disorder (AUD) identification system [64].
Kumar et al. combined the CSO algorithm with functional
link artificial neural network (FLANN) to remove the un-
wanted Gaussian noises from CT images [45]. Yang et al.
combined CSO with L-BFGS-B technique to register non-
rigid multimodal images [65]. Çam employed CSO algo-
rithm to tune the parameters in the histogram stretching
technique for the purpose of image enhancement [66].

5.3. Signal Processing. IIR filter stands for infinite impulse
response. It is a discrete-time filter, which has applications in
signal processing and communication. Panda et al. used
CSO algorithm for IIR system identification [67]. +e au-
thors also applied CSO algorithm as an optimization
mechanism to do direct and inverse modeling of linear and
nonlinear plants [68]. Al-Asadi combined CSO Algorithm
with SVM for electrocardiograms signal classification [38].

5.4. System Management and Combinatorial Optimization.
In parallel computing, optimal task allocation is a key
challenge. Shojaee et al. [69, 70] proposed using CSO al-
gorithm to maximize system reliability. +ere are three basic
scheduling problems, namely, open shop, job shop, and flow
shop. +ese problems are classified as NP-hard and have
many real-world applications. +ey coordinate assigning
jobs to resources at particular times, where the objective is to
minimize time consumption. However, their difference is
mainly in having ordering constraints on operations.
Bouzidi and Riffi applied the BCSO algorithm on job
scheduling problem (JSSP) in [71]. +ey also made a
comparative study between CSO and two other meta-
heuristic algorithms, namely, cuckoo search (CS) algorithm
and the ant colony optimization (ACO) for JSSP in [72].
+en, they used the CSO algorithm to solve flow shop
scheduling (FSSP) [73] and open shop scheduling problems
(OSSP) as well [74]. Moreover, Dani et al. also applied CSO
algorithm on JSSP in which they used a nonconventional
approach to represent cat positions [75]. Maurya and Tri-
pathi also applied CSO algorithm on bag-of-tasks and
workflow scheduling problems in cloud systems [76].
Bouzidi and Riffi applied CSO algorithm on the traveling
salesman problem (TSP) and the quadratic assignment
problem (QAP), which are two combinatorial optimization
problems [77]. Bouzidi et al. also made a comparative study
between CSO algorithm, cuckoo search algorithm, and bat-
inspired algorithm for addressing TSP [78]. In cloud
computing, minimizing the total execution cost while al-
locating tasks to processing resources is a key problem.
Bilgaiyan et al. applied CSO and MCSO algorithms on
workflow scheduling in cloud systems [79]. In addition,
Kumar et al. also applied BCSO on workflow scheduling in
cloud systems [80]. Set cover problem (SCP) is considered as
an NP-complete problem. Crawford et al. successfully ap-
plied the BCSO Algorithm to this problem [81].+ey further
improved this work by using Binarization techniques and
selecting different parameters for each test example sets
[82, 83]. Web services provide a standardized

communication between applications over the web which
have many important applications. However, discovering
appropriate web services for a given task is challenging.
Kotekar and Kamath used a CSO-based approach as a
clustering algorithm to group service documents according
to their functionality similarities [84]. Sarswat et al. applied
Hybrid CSO-GA-SA to detect the overlapping community
structures and find the near-optimal disjoint communities
[25]. Optimizing the problem of controlling complex net-
work systems is critical in many areas of science and en-
gineering. Orouskhani et al. applied CSO algorithm to
address a number of problems in optimal pinning con-
trollability and thus optimized the network structure [85].
Skoullis et al. combined the CSO algorithm with local search
refining procedure and applied it on high school timetabling
problem [24]. Soto et al. combined BCSO with dynamic
mixture ratios to organize the cells in manufacturing cell
design problem [86]. Bahrami et al. applied a CSO algorithm
on water resource management where the algorithm was
used to find the optimal reservoir operation [87]. Kencana
et al. used CSO algorithm to classify the feasibility of small
loans in banking systems [88]. Majumder and Eldho
combined the CSO algorithm with the analytic element
method (AEM) and reverse particle tracking (RPT) to model
novel groundwater management systems [89]. Rautray and
Balabantaray used CSO algorithm to solve the multidocu-
ment summarization problem [90]. +omas et al. combined
radial point collocation meshfree (RPCM) approach with
CSO algorithm to be used in the groundwater resource
management [91]. Pratiwi created a hybrid system by
combining the CSO algorithm and crow search (CS) algo-
rithm and then used it to address the vehicle routing
problem with time windows (VRPTW) [32]. Naem et al.
proposed a modularity-based system by combining the CSO
algorithm with K-median clustering technique to detect
overlapping community in social networks [92].

5.5. Wireless and WSN. +e ever-growing wireless devices
push researchers to use electromagnetic spectrum bands
more wisely. Cognitive radio (CR) is an effective dynamic
spectrum allocation in which spectrums are dynamically
assigned based on a specific time or location. Pradhan and
Panda in [93, 94] combined MOCSO with fitness sharing
and fuzzy mechanism and applied it on CR design.+ey also
conducted a comparative analysis and proposed a gener-
alized method to design a CR engine based on six evolu-
tionary algorithms [95]. Wireless sensor network (WSN)
refers to a group of nodes (wireless sensors) that form a
network to monitor physical or environmental conditions.
+e gathered data need to be forwarded among the nodes
and each node requires having a routing path. Kong et al.
proposed applying enhanced parallel cat swarm optimiza-
tion (EPCSO) algorithm in this area as a routing algorithm
[33]. Another concern in the context of WSN is minimizing
the total power consumption while satisfying the perfor-
mance criteria. So, Tsiflikiotis and Goudos addressed this
problem which is known as optimal power allocation
problem, and for that, three metaheuristic algorithms were
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presented and compared [96]. Moreover, Pushpalatha and
Kousalya applied CSO in WSN for optimizing cluster head
selection which helps in energy saving and available
bandwidth [97]. Alam et al. also applied CSO algorithm in a
clustering-based method to handle channel allocation (CA)
issue between secondary users with respect to practical
constraints in the smart grid environment [98].+e authors
of [99, 100] used the CSO algorithm to find the optimal
location of sink nodes in WSN. Ram et al. applied CSO
algorithm to minimize the sidelobe level of antenna arrays
and enhance the directivity [101]. Ram et al. used CSO to
optimize controlling parameters of linear antenna arrays
and produce optimal designs [102]. Pappula and Ghosh
also used Cauchy mutated CSO to make linear aperiodic
arrays, where the goal was to reduce sidelobe level and
control the null positions [103].

5.6. Petroleum Engineering. CSO algorithm has also been
applied in the petroleum engineering field. For example, it
was used as a good placement optimization approach by
Chen et al. in [104, 105]. Furthermore, Wang et al. used CSO
algorithm as an ASP flooding oil recovery index forecasting
approach [43].

5.7. Civil Engineering. Ghadim et al. used CSO algorithm to
create an identification model that detects early cracks in
building structures [106].

6. Performance Evaluation

Many variants and applications of CSO algorithm were
discussed in the above sections. However, benchmarking
these versions and conducting a comparative analysis be-
tween them were not feasible in this work. +is is because:
firstly, their source codes were not available. Secondly,
different test functions or datasets have been used during
their experiments. In addition, since the emergence of CSO
algorithm, many novel and powerful metaheuristic algo-
rithms have been introduced. However, the literature lacks a
comparative study between CSO algorithm and these new
algorithms. +erefore, we conducted an experiment, in

which the original CSO algorithm was compared against
three new and robust algorithms, which were dragonfly
algorithm (DA) [6], butterfly optimization algorithm (BOA)
[7], and fitness dependent optimizer (FDO) [8]. For this, 23
traditional and 10 modern benchmark functions were used
(see Figure 3), which illustrates the general framework for
conducting the performance evaluation process. It is worth
mentioning that for four test functions, BOA returned
imaginary numbers and we set “N/A” for them.

6.1. Traditional Benchmark Functions. +is group includes
the unimodal and multimodal test functions. Unimodal test
functions contain one single optimumwhile multimodal test
functions contain multiple local optima and usually a single
global optimum. F1 to F7 are unimodal test functions
(Table 3), which are employed to experiment with the global
search capability of the algorithms. Furthermore, F8 to F23
are multimodal test functions, which are employed to ex-
periment with the local search capability of the algorithms.
Refer to [107] for the detailed description of unimodal and
multimodal functions.

6.2. Modern Benchmark Functions (CEC 2019). +ese set of
benchmark functions, also called composite benchmark
functions, are complex and difficult to solve. +e CEC01 to
CEC10 functions as shown in Table 3 are of these types,
which are shifted, rotated, expanded, and combined versions
of traditional benchmark functions. Refer to [108] for the
detailed description of modern benchmark functions.

+e comparison results for CSO and other algorithms
are given in Table 3 in the form of mean and standard
deviations. For each test function, the algorithms are exe-
cuted for 30 independent runs. For each run, 30 search
agents were searching over the course of 500 iterations.
Parameter settings are set as defaults for all algorithms, and
nothing was changed.

It can be noticed fromTable 3 that the CSO algorithm is a
competitive algorithm for the modern ones and provides
very satisfactory results. In order to perceive the overall
performance of the algorithms, they are ranked as shown in
Table 4 according to different benchmark function groups. It

CSO and its 
competitive 
algorithms

Classical and modern 
benchmark functions

Ranking 
(Friedman test)

Wilcoxon matched-pairs 
signed-rank test

(confirm the results)

Default control parameters
30 independent runs
30 search agents
500 iterations

(i)
(ii)

(iii)
(iv)

Figure 3: General framework of the performance evaluation process.
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Table 3: Comparison results of CSO algorithm with modern metaheuristic algorithms.

CSO DA BOA FDO
fminFunctions AV STD AV STD AV STD AV STD

F1 3.50E − 14 6.34E − 14 15.24805 23.78914 1.01E − 11 1.66E − 12 2.13E − 23 1.06E − 22 0
F2 2.68E − 08 2.61E − 08 1.458012 0.869819 4.65E − 09 4.63E − 10 0.047175 0.188922 0
F3 7.17E − 09 1.16E − 08 136.259 151.9406 1.08E − 11 1.71E − 12 2.39E − 06 1.28E − 05 0
F4 0.010352 0.007956 3.262584 2.112636 5.25E − 09 5.53E − 10 4.93E − 08 9.09E − 08 0
F5 8.587858 0.598892 374.9048 691.5889 8.935518 0.02146 21.58376 39.66721 0
F6 1.151759 0.431511 12.07847 17.97414 1.04685 0.346543 7.15E − 22 2.80E − 21 0
F7 0.026026 0.015039 0.035679 0.023538 0.001513 0.00056 0.612389 0.299315 0
F8 − 2855.11 359.1697 − 2814.14 432.944 NA NA − 10502.1 15188.77 − 418.9829× 5
F9 24.01772 6.480946 26.53478 11.20011 28.6796 20.17813 7.940883 4.110302 0
F10 3.754226 1.680534 2.827344 1.042434 3.00E − 09 1.16E − 09 7.76E − 15 2.46E − 15 0
F11 0.355631 0.19145 0.680359 0.353454 1.35E − 13 6.27E − 14 0.175694 0.148586 0
F12 1.900773 1.379549 2.083215 1.436402 0.130733 0.084891 7.737715 4.714534 0
F13 1.160662 0.53832 1.072302 1.327413 0.451355 0.138253 4.724571 6.448214 0
F14 0.998004 3.39E − 07 1.064272 0.252193 1.52699 0.841504 2.448453 1.766953 1
F15 0.001079 0.00117 0.005567 0.012211 0.000427 9.87E − 05 0.001492 0.003609 0.00030
F16 − 1.03162 1.53E − 05 − 1.03163 4.76E − 07 NA NA − 1.00442 0.149011 − 1.0316
F17 0.304253 1.81E − 06 0.304251 0 0.310807 0.004984 0.397887 5.17E − 15 0.398
F18 3.003667 0.004338 3.000003 1.22E − 05 3.126995 0.211554 3 2.37E − 07 3
F19 − 3.8625 0.00063 − 3.86262 0.00037 NA NA − 3.86015 0.003777 − 3.86
F20 − 3.30564 0.045254 − 3.25226 0.069341 NA NA − 3.06154 0.380813 − 3.32
F21 − 9.88163 0.90859 − 7.28362 2.790655 − 4.44409 0.383552 − 4.19074 2.664305 − 10.1532
F22 − 10.2995 0.094999 − 8.37454 2.726577 − 4.1496 0.715469 − 4.89633 3.085016 − 10.4028
F23 − 10.0356 1.375583 − 6.40669 2.892797 − 4.12367 0.859409 − 4.03276 2.517357 − 10.5363
CEC01 1.58E+ 09 1.71E+ 09 3.8E+ 10 4.03E+ 10 58930.69 11445.72 4585.278 20707.63 1
CEC02 19.70367 0.580672 83.73248 100.1326 18.91597 0.291311 4 3.28E − 09 1
CEC03 13.70241 2.35E − 06 13.70263 0.000673 13.70321 0.000617 13.7024 1.68E − 11 1
CEC04 179.1984 55.37322 371.2471 420.2062 20941.5 7707.688 33.08378 16.81143 1
CEC05 2.671378 0.171923 2.571134 0.304055 6.176949 0.708134 2.13924 0.087218 1
CEC06 11.21251 0.708359 10.34469 1.335367 11.83069 0.771166 12.13326 0.610499 1
CEC07 365.2358 164.997 534.3862 240.0417 1043.895 215.3575 120.4858 13.82608 1
CEC08 5.499615 0.484645 5.86374 0.51577 6.337199 0.359203 6.102152 0.769938 1
CEC09 6.325862 1.295848 8.501541 16.90603 2270.616 811.4442 2 2.00E − 10 1
CEC10 21.36829 0.06897 21.29284 0.176811 21.4936 0.079492 2.718282 4.52E − 16 1

Table 4: Ranking of CSO algorithm compared to the modern metaheuristic algorithms.

Test functions Ranking of CSO Ranking of DA Ranking of BOA Ranking of FDO
F1 2 4 3 1
F2 2 4 1 3
F3 2 4 1 3
F4 3 4 1 2
F5 1 4 2 3
F6 3 4 2 1
F7 2 3 1 4
F8 2 3 4 1
F9 2 3 4 1
F10 4 3 2 1
F11 3 4 1 2
F12 2 3 1 4
F13 3 2 1 4
F14 1 2 3 4
F15 2 4 1 3
F16 1 2 4 3
F17 3 4 2 1
F18 3 2 4 1
F19 2 3 4 1
F20 1 2 4 3
F21 1 2 3 4
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can be seen that CSO ranks first in the overall ranking and
multimodal test functions. Additionally, it ranks second in
unimodal and CEC test functions (see Figure 4). +ese
results indicate the effectiveness and robustness of the CSO
algorithm. +at being said, these results need to be con-
firmed statistically. Table 5 presents the Wilcoxon matched-
pairs signed-rank test for all test functions. In more than
85% of the results, P value is less than 0.05%, which proves
that the results are significant and we can reject the null
hypothesis that there is no difference between the means. It
is worth mentioning that the performance of CSO can be
further evaluated by comparing it against other new algo-
rithms such as donkey and smuggler optimization algorithm
[109], modified grey wolf optimizer [110], BSA and its

variants [111], WOA and its variants [112], and other
modified versions of DA [113].

7. Conclusion and Future Directions

Cat swarm optimization (CSO) is a metaheuristic optimi-
zation algorithm proposed originally by Chu et al. [5] in
2006. Henceforward, many modified versions and applica-
tions of it have been introduced. However, the literature
lacks a detailed survey in this regard. +erefore, this paper
firstly addressed this gap and presented a comprehensive
review including its developments and applications.

CSO showed its ability in tackling different and complex
problems in various areas. However, just like any other

Table 4: Continued.

Test functions Ranking of CSO Ranking of DA Ranking of BOA Ranking of FDO
F22 1 2 4 3
F23 1 2 3 4
Cec01 3 4 2 1
Cec02 3 4 2 1
Cec03 2 3 4 1
Cec04 2 3 4 1
Cec05 3 2 4 1
Cec06 2 1 3 4
Cec07 2 3 4 1
Cec08 1 2 4 3
Cec09 2 3 4 1
Cec10 3 2 4 1
Total 70 97 91 72
Overall ranking 2.121212 2.939394 2.757576 2.181818
F1–F7 subtotal 15 27 11 17
F1–F7 ranking 2.142857 3.857143 1.571429 2.428571
F8–F23 subtotal 32 43 45 40
F8–F23 ranking 2 2.6875 2.8125 2.5
CEC01–CEC10 subtotal 23 27 35 15
CEC01–CEC10 ranking 2.3 2.7 3.5 1.5

CSO DA BOA FDO

Overall ranking
F1–F7 ranking

F8–F23 ranking
CEC01–CEC10 ranking
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Figure 4: Ranking of algorithms according to different groups of test functions.
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metaheuristic algorithm, CSO algorithm possesses strengths
and weaknesses. +e tracing mode resembles the global
search process while the seeking mode resembles the local
search process. +is algorithm enjoys a significant property
for which these two modes are separated and independent.
+is enables researchers to easily modify or improve these
modes and hence achieve a proper balance between ex-
ploration and exploitation phases. In addition, fast con-
vergence is another strong point of this algorithm, which
makes it a sensible choice for those applications that require
quick responses. However, the algorithm has a high chance
of falling into local optima, known as premature conver-
gence, which can be considered as the main drawback of the
algorithm.

Another concern was the fact that CSO algorithm was
not given a chance to be compared against new algorithms
since it has been mostly measured up against PSO and GA
algorithms in the literature. To address this, a performance
evaluation was conducted to compare CSO against three
new and robust algorithms. For this, 23 traditional bench-
mark functions and 10 modern benchmark functions were
used. +e results showed the outperformance of CSO al-
gorithm, in which it ranked first in general. +e significance
of these results was also confirmed by statistical methods.

+is indicates that CSO is still a competitive algorithm in the
field.

In the future, the algorithm can be improved in many
aspects; for example, different techniques can be adapted to
the tracing mode in order to solve the premature conver-
gence problem or transformingMR parameter is static in the
original version of CSO. Transforming this parameter into a
dynamic parameter might improve the overall performance
of the algorithm.
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A dendritic neuron model with adaptive synapses (DMASs) based on differential evolution (DE) algorithm training is proposed.
According to the signal transmission order, aDNMcan be divided into four parts: the synaptic layer, dendritic layer,membrane layer, and
somatic cell layer. It can be converted to a logic circuit that is easily implemented on hardware by removing useless synapses and dendrites
after training.-is logic circuit can be designed to solve complex nonlinear problems using only four basic logical devices: comparators,
AND (conjunction), OR (disjunction), and NOT (negation). To obtain a faster and better solution, we adopt the most popular DE for
DMAS training. We have chosen five classification datasets from the UCI Machine Learning Repository for an experiment. We analyze
and discuss the experimental results in terms of the correct rate, convergence rate, ROC curve, and the cross-validation and then compare
the results with a dendritic neuron model trained by the backpropagation algorithm (BP-DNM) and a neural network trained by the
backpropagation algorithm (BPNN). -e analysis results show that the DE-DMAS shows better performance in all aspects.

1. Introduction

-e human brain consists of billions of neurons, and a single
neuron cell is constituted by a cell body, an axon, a cell
membrane, and a dendrite. Dendrites occupy more than 90
percent of the nerve cell organization and have a pivotal role
in a human’s learning process. -e first artificial neuron was
originally proposed by MuCulloch and Pitts in 1943 [1].-is
model is an abstract and simplified model that was con-
structed according to the structure and working principle of
a biological neuron membrane based on mathematics and
algorithms called threshold logic.

-e perceptron is a method for pattern recognition, which
was first created by Rosenblatt in 1958 [2, 3]. It was the first
artificial neural network model, laying the foundation for the
neural networkmodel. However, inMinsky Papert’s analysis of
Rosenbatt’s single-layer perceptron from a mathematical
perspective [4], the artificial neural network was criticized with
an example of the XOR operation. -e problem of how an
intelligent system independently learns from an environment is
not well solved, and the development of artificial neural net-
works (ANNs) has deteriorated. In the mid-1980s, scholars

began to explore the inner logic of knowledge discovery in
depth and discovered that inductive logic, especially incom-
plete induction logic, is a reasonable way to discover knowl-
edge. Rumelhart et al. surprisingly discovered that the
backpropagation error (BP) [5], whichwas invented byWerbos
more than 10 years ago, can effectively solve the learning
problems of hidden nodes in multilayer networks. It is not
correct to accept Minsky’s assertion that there may be no
effective learning methods for multilayer networks. Since then,
people’s enthusiasm for ANN research has been rekindled.

However, researchers have argued that the use of
McCulloch and Pitts’s neuron is inadvisable because it disre-
gards the dendritic structure in a real biology neuron. Koch and
Segev [6, 7] proposed that the interaction between synapses and
the action at the turning point of a branch can be approximated
as logic operation. In recent years, several dendritic computing
models considering the functions of dendrites in a neuron have
been proposed in the literature. A dendritic morphological
neural network (DMNN) which is based on the traditional
morphological neural networks [8, 9] is proposed for solving
classification problems [10] and 3D object recognition tasks
[11]. A nonlinear dendritic neuronmodel equippedwith binary
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synapses [11] is demonstrated to be capable of learning
temporal features of spike input patterns. Most recently, a
dendritic neuron model (DNM) with nonlinear synapses
has been proposed [12–14]. Different from DMNN, DNM
only considers a single neuron rather than the network of a
couple of neurons and has shown great information pro-
cessing capacity [15–19]. -e DNM uses a pruning tech-
nique derived from an interesting biological phenomenon:
in the early stages of neuron triggering, the selective re-
moval of unnecessary synapses and dendrites does not
cause neuron cell death [20, 21]. -e DNM subtly solves
nonlinear problems that cannot be well handled by the
Koch model [22, 23]. -e DNM has four layers in its
structure. -e input signal is triggered in the synaptic layer
and then sequentially received by the dendritic layer. -e
membrane layer collects the output from each branch of the
dendritic layer and sends the results to the somatic cell
layer. By the pruning function of the DNM, the precise
dendritic structure and morphology are simplified. After
training, all mature neurons are approximately replaced by
a logic circuit that consists of comparators, AND gates, OR
gates, and NOT gates.

In this study, we use a dendritic neuron model with
adaptive synapses (DMASs). Recent advances in neurobiology
have highlighted the importance of dendritic calculation. In
2019, Beaulieu-Laroche and his team [24] discovered that
dendrites are always active when the cell body of a neuron is
active, which implies that the dendritic synapse has a role in the
neural computing process. Based on this biophysical hy-
pothesis, we develop a synaptic adaptable neuron network
without parameters that need to be artificially adjusted. All
synaptic layer parameters will be trained by the learning al-
gorithm. -e effectiveness of adaptive synapses will be proved
in Section 4.3. -us, we have to consider additional aspects in
the choice of learning algorithms.

With the emergence of various new optimization al-
gorithms, how to train an ANN has been discussed [25]. BP
is very effective as an ANN training algorithm and can solve
some nonlinear problems [5]. However, BP has certain
limitations; for example, falling into a local minimum is easy,
the convergence speed is slow, and it is prone to overfitting
[26]. Differential evolution (DE) has been employed to train
DMAS in our research. DE was first proposed by Storn and
Price in 1997 [27]. It is a biological-inspired, population-
based global optimization algorithm. Due to its simple
concept, easy implementation, fast convergence, and ex-
cellent robustness, it has been more extensively utilized than
other mainstream evolutionary algorithms, such as the ge-
netic algorithm (GA) [28, 29], the evolutionary strategy (ES)
[30, 31], and particle swarm optimization (PSO) [32] in
recent years. DE is similar to the GA and ES but differs from
them because a unique differential evolution operator is
referenced in DE. DE has proven to be superior to many
algorithms [33–35]. Because of these characteristics and the
advantages of DE, it has been recognized by scholars in the
field of ANNs [36, 37]. Also, DE has been applied in dendrite
morphological neural networks [38].

Five realistic classifications problems are considered in
our research to validate our model (DE-DMAS) : iris, BUPA

liver disorders, breast cancer, glass, and Australian credit
approval (ACA). All the datasets are preprocessed as the
binary-classification problem. -ese five datasets have un-
dergone preprocessing, including outlier repair to fill in
missing values. We compare the experimental results of DE-
DMAS, BP-DNM, and BPNN for these five datasets. Ex-
perimental results show that DMAS outperforms its peers in
terms of test accuracy, sensitivity, specificity, receiver op-
erating characteristic (ROC), and cross-validation.

-e remainder of this paper is organized as follows:
Section 2 introduces the structure of our model (DMAS).
-e learning algorithm (DE) is explained in Section 3. -e
experimental method is designed in Section 4. Section 5
presents the analysis and discussion of the experimental
results. -e conclusions are provided in Section 6.

2. Dendritic Neuron Model with
Adaptive Synapses

DMAS is applied in our research. -e neuron model in-
cludes four layers: the adaptive synaptic layer, dendritic
layer, membrane layer, and somatic cell layer. In this section,
we detail the structure and principle of these four layers.

2.1. Adaptive Synaptic Layer. -e synaptic layer receives and
computes the input signal and sends the calculated results to
the dendritic layer. Once the input signal exceeds the
threshold, synapses will be fired. To simulate this process, we
design a synaptic layer with a sigmoid faction as in the
following equation:

Yi,m �
1

1 + e− k wimxi− qim( )
, (1)

where xi is the input and Yi,m is the output of them-th (m �

1, 2, 3, . . . , M) branch of dendrites. -e i in i � 1, 2, 3, . . . , I

represents the number of inputs that have been normalized
into [0, 1] from the dataset. I also represents the number of
synapses on each dendrite. k is a tunable parameter which
denotes the connection strength between presynaptic and
postsynaptic neurons. To reduce the parameters that need to
be adjusted in our study, k will be used as the training object.
Due to the nature of the sigmoid function, this step has a
minimal effect on the function. wim and qim are objects that
also need to be trained by the learning algorithm; their values
will be set initially within [− 2, 2]. Because the synaptic layer
works with these three training objects and inputs and no
artificial adjustment parameters are needed, this synapse has
an adaptive function [39]. -e threshold θim is an important
indicator for synapses and is calculated by the following
equation:

θim �
qim

wim

. (2)

After the synapse has been activated by the sigmoid
function, it can adopt one of the 4 different states according
to different ranges of wim and qim. -ese states are described
as the direct-connecting state (●), opposite-connecting state
(▂), constant-1 state (①), and constant-0 state (⓪), as shown
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in Figure 1. According to the change of the values of wim and
qim, the four states are divided into the following six cases.

Case (a): direct-connecting state, when wim > qim > 0. In
this state, if the value of the input xim is greater than θim, the
value of the output approximately equals 1; otherwise, it
equals 0. For example, when wim � 1.0 and qim � 0.5, the
function can be shown in Figure 2(a), where the X-axis
represents the value of the input x and the Y-axis represents
the value of the output. Since the range of input is [0, 1], we
only need to pay attention to the area between the two
dashed lines.

Case (b): opposite-connecting state, e.g., when
0> qim >wim. In this state, if the value of the input xim is less
than θim, the value of the output approximately equals 1;
otherwise, it equals 0. A synapse in this state works as a logic
NOT operation. For example, when wim � − 1.0 and
qim � − 0.5, the function diagram is as shown in Figure 2(b).

Case (c1): constant-1 state when wim > 0> qim. For ex-
ample, when wim � 1.0 and qim � − 0.5, the function dia-
grams are as shown in Figure 2(c1).

Case (c2): constant-1 state when 0>wim > qim. For ex-
ample, when wim � − 1.0 and qim � − 1.5, the function dia-
grams are as shown in Figure 2(c2). In cases (c1) and (c2),
regardless of the value of the input xi,m, the output remains
1.

Case (d1): constant-0 state when qim >wim > 0. For ex-
ample, when wim � 1.0 and qim � 1.5, the function diagrams
are as shown in Figure 2(d1).

Case (d2): constant-0 when state qim > 0>wim. For ex-
ample, when wim � − 1.0 and qim � 0.5, the function dia-
grams are as shown in Figure 2(d2). In cases (d1) and (d2),
regardless of the value of the input xim, the output remains 0.

2.2. Dendritic Layer. -e outputs of the synaptic layer are
calculated by the dendritic layer using multiplication. Be-
cause the sigmoid function is employed, the outputs are
approximately equal to either 1 or 0. -e outputs of the
dendritic layer are also approximately equal to either 1 or 0.
-e dendrites work the same as a logic AND operation. -e
equation is

Zm � 
I

i�1
Yim. (3)

2.3. Membrane Layer. -e membrane accepts the output of
the dendritic layer as the input and linearly sums the values.
-e summation can be approximately simulated with logic
OR operations. -e equation is

V � 
M

m�1
Zm. (4)

2.4. SomaticCell Layer. -e somatic cell layer will receive the
signal from the membrane. -e signal is calculated using the
sigmoid function as follows:

O �
1

1 + e− ksoma V− θsoma( ))
, (5)

where ksoma and θsoma are set to 10 and 0.5, which were
suggested to be the most promising setting in our previous
papers [40, 41].

2.5. SimplifiedModel. We pruned the synapses and dendrites
to obtain our simplifiedmodel.-e synapse receiving the input
signal is activated and converted into the constant-1, constant-
0, direct-connecting, or opposite-connecting state. -e acti-
vated signal is transmitted to the dendrites. -ese signals are
multiplied in the dendrites, enter the membrane, and are re-
ceived by the soma. When a synapse is converted into the
constant-1 state, we will remove this synapse since 1 multiplied
by any number is equal to the number itself. When a synapse
on a dendrite is converted to the constant-0 state, we will
remove this dendrite since 0 multiplied by any number equals
0. An example is shown in Figure 3. In the upper left diagram,
dendrite (2) has a constant-0 state synapse (c) and an opposite-
connecting state synapse (d). Because synapse (c) is in the
constant-0 state, dendrite (2) is removed, including the other
synapses, as shown in the lower left diagram. We refer to this
step as dendrite pruning. In the lower left diagram, a constant-1
state synapse (a) and a direct-connecting state synapse (b) exist
on dendrite (1). Since synapse (a) is in the constant-1 state, this
synapse is removed. We refer to this step as synapse pruning.
-e diagram on the right shows the simplified model after
pruning, and only dendrite (1) and synapse (b) remain.

3. Learning Algorithm

As previously mentioned, we use the three parameters of the
synaptic layer as training objects. -is space is a vast search
space. We use the DE algorithm as the learning algorithm of
DMAS. Since DE is excellent in global optimization [42], it can
find the optimal solution faster in the immense search space.

DE demonstrates a fixed number of vectors that are
randomly initialized in the search space. -e new vectors
evolve over time to explore the minimum of the objective
function. In the process of evolution, arithmetical operators
are combined with the operators of mutation, hybridization,
and selection. A randomly generated starting population will
be evolved to an optimal solution. DE has numerous strategies

(a) (b)

1

(c)

0

(d)

Figure 1: Four connecting states: (a) direct-connecting state;
(b) opposite-connecting state; (c) constant-1 state; (d) constant-0 state.
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[43], and we used DE/rand/1/bin in this study. Other strat-
egies include DE/best/1/exp and DE/rand/2/exp, and the
preliminary experimental results had suggested that they were
slightly inferior than DE/rand/1/bin because it has the sim-
plest structure [44, 45]. Next, we will explain how DE works.

Step 1. Parameter setup. Select the population size P and
restrict the boundary. Confirm the cross-probability CR,
the impact factor F [46, 47], and the termination criterion
of the maximum number of generations (G).

Step 2. Initialization of the population. Set the gener-
ation g � 0. Initialize a population containing P indi-
viduals. -e attributes of each individual include
weights w, thresholds q and a k, described as D. -e
number of weights w and thresholds q equals the
number of hidden layers (M) multiplied by the number
of inputs (I) provided by the dataset. -us, the pop-
ulation is considered to be a vectormatrix of P rows and

D (D � 2 × M × I + 1) columns. Each value of the
weights w and thresholds q is initialized as a random
real number in the range [− 2, 2]. -e value of the k is
randomly initialized in the range [1, 10]. -e following
equation shows the content of the population:

xp⟶ x1, x2, x3, . . . , xP( ,

xp � w(1×1)p, q(1×1)p, . . . , w(1×M)p, q(1×M)p, . . . ,

w(I×M)p, q(I×M)p, kp.

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(6)

Step 3. Evaluation of the population. DE can be
employed as a training algorithm for DE-DMAS. DE-
DMAS can also be regarded as the evaluation function
of DE. -erefore, the evaluation becomes a calculation
of the mean square error (MSE), which will be formally
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Figure 2: -e synapse function figures for the four states: (a) direct-connecting state; (b) opposite-connecting state; (c1) constant-1 state;
(c2) constant-1 state; (d1) constant-0 state; (d2) constant-0 state.
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defined in equation (12). In the experiment, the MSE of
DMAS is the fitness at each step. Each up-to-date
generation will be evaluated after the next mutation,
crossover, and selection operations. In our research, the
maximum number of generations is set to 1000. -us,
the evaluation function will be run 1001 times.
Step 4. Mutation operation. -e mutation operation
produces a mutation operator (vi,g). -e process of
production is shown in the following equation:

vi,g � xr1 ,g + F xr2 ,g − xr3 ,g , (7)

where xr1 ,g, xr2 ,g, and xr3 ,g are randomly chosen from the
population of this generation. If all individuals are
regarded as points in the search space, then the mutation
operation can be interpreted as follows: vi,g is a new point
after xr1 ,g moves in the direction of xr3 ,g to xr2 ,g by F
times the Euclidean distance between xr2 ,g and xr3 ,g.
Step 5. Crossover operation. -e crossover operation
combines the mutation operator with the target indi-
vidual, resulting in a new individual. DE involves two
methods of crossover: binomial crossover and expo-
nential crossover. Zaharie analyzed the performance of
binomial crossover and exponential crossover [48] and
suggested that exponential crossover is more affected
by population size than binomial crossover. Binomial
crossover is applied in our research. -e following
equation shows the crossover function:

uj,i,g �
vj,i,g, if randj ≤CRor j � jrand,

xj,i,g, otherwise.
⎧⎨

⎩ (8)

Generate the random number randj ∈ [0, 1] for each
dimension of each individual. If randj is less than CR in
one dimension, then the target individual xi,g is
replaced by the mutation operator vi,g in this dimen-
sion; otherwise, it remains the same as the target in-
dividual xi,g. Before this step, to ensure that the target
individual hybridizes in at least in one dimension, a
random integer jrand ∈ 1, 2, 3, . . . , D{ } is generated.
When j � jrand, the target individual must hybridize in
the j-th dimension.
Step 6. Selection operation. DE employs the mutation
operator and the crossover operator to generate a son
population and applies a one-to-one selection to compare
the son individuals with the corresponding parent indi-
viduals. -e better individuals are saved to the next-
generation population. In DE-DMAS, the one-to-one
selection operation can be described as follows:

xi,g+1 �
ui,g, if MSEui

≤MSExi
,

xi,g, otherwise.
⎧⎨

⎩ (9)

Since DE employs a one-to-one selection method, the
algorithm can ensure that the elitism will not be lost during

the evolution process. In addition, one-to-one selection
operation has a better ability to maintain population di-
versity than sequencing or competitive bidding selection
[44].-e following Algorithm 1 summarizes the above steps,
where two functions rnd_int and rnd_real return random
integer and real numbers in the specified range, respectively.

4. Experimental Design

To achieve the best performance of the proposed method, it
is first necessary to confirm the parameters. DE-DMAS has
six main parameters. -e parameters can be divided into
fixed parameters and adjustable parameters. -e best ad-
justable parameters are determined using the Taguchi
method for each dataset [49], which is detailed in Section 4.2.
In Section 4.3, we will prove the adaptability of synapses as
mentioned above. Finally, DE-DMAS is compared with BP-
DNM and BPNN, which are introduced in Sections 4.4 and
Section 4.5, respectively. -e five datasets adopted in our
research are introduced in the following sections.

4.1.Dataset. -efive datasets, which are obtained fromUCI,
are extensively applied in artificial intelligence research. -e
datasets have been standardized by maximum minimization
to [0, 1] in our research. -eir detailed introduction and
summary are provided in Table 1.

-e iris data were provided by Fisher in July 1988
[50–52]. -e data have three classes: Iris Setosa, Iris Ver-
sicolour, and Iris Virginica. Each class has 50 instances. We
chose one of the instances as the experimental standard;
thus, the data are divided into two categories.-e selected 50
instances are divided into one class, and the other 100 in-
stances are divided into another class. Each instance has four
attributes: sepal length, sepal width, petal length, and petal
width. In our research, we use the class Iris Versicolour as
the output, and thus, it becomes a binary classification.
Because of the limitations of the single neuron model, the
DE-DMAS can only solve binary classification problems. So
we apply the iris dataset as a binary classification problem.

-e liver disorders dataset was provided by Richard S.
Forsyth in “None known other than what is shown in the PC/
BEAGLE User’s Guide.” It has been applied in [40, 53]. -e
dataset has 345 instances. Each instance has six attributes,
which include five kinds of blood tests and average daily al-
cohol consumption. -e liver dataset has two classifications:
164 healthy disorders and 181 unhealthy disorders.

-e breast cancer data were provided by Dr. William
Wolberg in July 1992 [54, 55]. It has been applied in [41].-e
699 instances of these data consist of 458 benign instances
and 241 malignant instances. Breast cancer data can be
divided into two classes. -e breast cancer data include 9
attributes, such as clump thickness, uniformity of cell size
and shape, and marginal adhesion.

-e glass identification database was provided by B.
Herman in September 1987. It has been applied in [56]. -e
glass data include 163 window glass instances and 51
nonwindow glass instances for a total of 214 instances. -e
attributes of the glass data include various element contents
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(Na, Mg, Al, Si, K, Ca, Ba, and Fe) and the refractive index
(RI). -e instances can be classified by these 9 attributes.

-e ACA data indicate whether the applicants are
creditworthy. It has been applied in [57, 58]. -e credit
history of the applicants classifies the data into two classes.
-ese data provide information about 690 applicants. -e
applicants include 307 people who are creditworthy and 383
people who have no credit. -e information that can be
considered as the attributes of the ACA dataset consist of 8
categorical records and 6 numerical records.

4.2. Optimal Parameter Settings. -ree parameters, F, CR,
and NP, are mentioned in the DE learning algorithm. -e
number of hidden layers is an important parameter in DE-
DMAS, namely, M. For different datasets, M should be
suitably determined.-e parameter ranges in DE-DMAS are
shown in Table 2.

Typically, we need to experiment with all combinations
of parameters to obtain the optimal parameters. However,
four parameters exist, and each parameter has three choices.
-us, we should perform 81 (34) different experiments,
which will be time-consuming. To ensure the credibility of
the experimental results, we should repeat every different
experiment 30 times. Because this approach is time-con-
suming, we should reduce the number of different experi-
ments. Taguchi’s method is a kind of method to efficiently
obtain the optimal parameters [59, 60]. -is method is
primarily employed using orthogonal arrays. According to
the previously mentioned parameter ranges, four param-
eter trials containing three datasets are available. -us, the
L9(34) orthogonal array has been applied in the optimal
parameter experiments of the five datasets. -e instances of
each dataset have been divided into 70% for training and
30% for testing.-e orthogonal experiments of each dataset

have been repeated 30 times. -e epoch of each orthogonal
experiment is set to 1000. -e orthogonal experimental
result of the iris dataset is shown in Table 3.-e result of the
liver dataset is shown in Table 4. -e result of the glass
dataset is shown in Table 5. -e result of the cancer dataset
is shown in Table 6. -e result of the ACA dataset is shown
in Table 7. -e last column displays the average correct rate
of 30 test experiments. We obtain the most optimal pa-
rameters by a comprehensive analysis of the mean and
variance. -e bold font indicates the optimal combination
of parameters. -e optimal parameters for all datasets are
shown in Table 8.

4.3. Adaptability of Synapses. In order to demonstrate the
adaptability of the synaptic layer in DE-DMAS, we carried
out a confront analysis. We removed the hyperparameter k
from the population of DE and set it to 1, 5, and 10, re-
spectively. -e five datasets were randomly divided into two
parts: 70% for training and 30% for testing. -e parameters
except kwere set as the same as these in Table 8.-en, we did
30 independent experiments for them. We recorded all test
accuracy results and compared the results in terms of mean
and standard deviation, as shown in Table 9. From it, we
found that the adaptive k which was learned by DE generally
performed better than these fixed values. Additionally, the
Friedman test [61] gave the statistical analysis results for the
accuracies. In this case, the lower the value of the Friedman
test, the better the performance. -e result of the Friedman
test is shown in Table 10. Based on the above results, it is
evident that the adaptive synapse is beneficial for DNM.

4.4. Comparison with BPNN. In this section, we compared
DE-DMAS with the most popular model BPNN. To make the
comparison relatively fair, the number of adjusted weights and
thresholds (DBPNN and DDE− OMAS shown in equations (10) and
(11), respectively) in bothmodels should be arranged nearly the
same because these numbers generally determine the size of the
model and the computational complexity although the two
models have different architectures:

Table 1: Dataset introduction.

Dataset
name

No. of
instances

No. of input
attributes

No. of class 1
instances

No. of class 2
instances

Iris 150 4 50 100
Liver 345 6 164 181
Cancer 699 9 458 241
Glass 214 9 51 163
ACA 690 14 307 383

Initial population;
Calculate the fitness of the first generation;
for g = 1 to G do

randomly uniformly select r1 ≠ r2 ≠ r3 ≠ i;
jrand = rnd_int(1, D);
for j = 1 to D do

if rnd_realj[0, 1) < CR or j == jrand then
Ui,g(j) = Xr1,g(j) + F × (Xr2,g(j) − Xr3,g(j));

else
Ui,g(j) = Xi,g(j);

for i = 1 to P do
Calculate the fitness of the new individual Ui;
if Ui,g performs better than Xi,g then

Xi,g+1 = Ui,g;

ALGORITHM 1: Differential evolution algorithm for DNM.

Table 2: Parameter ranges in DE-DMAS.

Dataset NP CR F M
Iris 10, 30, 60 0.3, 0.6, 0.9 0.3, 0.6, 0.9 4, 8, 12
Liver 10, 30, 60 0.3, 0.6, 0.9 0.3, 0.6, 0.9 6, 12, 18
Cancer 10, 30, 60 0.3, 0.6, 0.9 0.3, 0.6, 0.9 9, 18, 27
Glass 10, 30, 60 0.3, 0.6, 0.9 0.3, 0.6, 0.9 9, 18, 27
ACA 10, 30, 60 0.3, 0.6, 0.9 0.3, 0.6, 0.9 16, 32, 48
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DBPNN � (input × hidden) +(hidden × output)

+ hidden bias + output bias,
(10)

DDE− DMAS � (input × hidden) + 1. (11)

However, the larger the number of weights is, the more
the occupied computing resources are. In our research, to
demonstrate the excellent performance of DE-DMAS for
five datasets, the structure of DE-DMAS should be set
smaller than that of BPNN. Because the input and output of
each dataset are fixed, they are given the same number of
weights by adjusting their number of hidden layers. In the
previous section, we have configured this parameter (the
number of hidden layers) for DE-DMAS. We configure the
BPNN with the number of hidden layers according to the
above principles.-e structures of BPNN andDE-DMAS for
the five datasets are shown in Table 11. -e learning rate is
set to be 0.1 according to the experience.

Table 5: Orthogonal array for parameters of the glass dataset.

Experimental
runs

Parameters (levels)
Accuracy (%)Branch

(3)
F
(3)

CR
(3)

NP
(3)

1 9 0.3 0.3 10 93.75 ± 2.65
2 18 0.3 0.6 30 94.37 ± 4.13
3 27 0.3 0.9 60 94.42 ± 2.51
4 27 0.6 0.3 30 94.06 ± 4.44
5 9 0.6 0.6 10 93.12 ± 4.29
6 18 0.6 0.9 60 93.02 ± 4.07
7 18 0.9 0.3 60 93.54 ± 3.66
8 27 0.9 0.6 10 92.81 ± 4.03
9 9 0.9 0.9 30 94.01 ± 2.66

Table 6: Orthogonal array for parameters of the cancer dataset.

Experimental
runs

Parameters (levels)
Accuracy

(%)Branch
(3)

F
(3)

CR
(3)

NP
(3)

1 9 0.3 0.3 10 96.12 ± 1.17
2 18 0.3 0.6 30 96.12 ± 1.65
3 27 0.3 0.9 60 95.80 ± 1.26
4 27 0.6 0.3 30 95.39 ± 1.97
5 9 0.6 0.6 10 96.09 ± 1.64
6 18 0.6 0.9 60 96.19 ± 1.90
7 18 0.9 0.3 60 96.20 ± 2.00
8 27 0.9 0.6 10 95.81 ± 1.55
9 9 0.9 0.9 30 95.84 ± 1.31

Table 7: Orthogonal array for parameters of the ACA dataset.

Experimental
runs

Parameters (levels)
Accuracy

(%)Branch
(3)

F
(3)

CR
(3)

NP
(3)

1 16 0.3 0.3 10 84.41 ± 5.00
2 32 0.3 0.6 30 85.81 ± 2.41
3 48 0.3 0.9 60 85.28 ± 2.28
4 48 0.6 0.3 30 85.18 ± 1.67
5 16 0.6 0.6 10 85.58 ± 2.14
6 32 0.6 0.9 60 85.70 ± 1.64
7 32 0.9 0.3 60 84.89 ± 2.26
8 48 0.9 0.6 10 84.41 ± 5.73
9 16 0.9 0.9 30 86.18 ± 1.98

Table 8: Parameters for DE-DMAS

Dataset NP CR F M
Iris 0.6 0.6 10 4
Liver 0.3 0.6 30 12
Cancer 0.3 0.3 10 9
Glass 0.3 0.9 60 27
ACA 0.9 0.9 30 16

Table 3: Orthogonal array for parameters of the iris dataset.

Experimental runs
Parameters (levels)

Accuracy (%)
Branch (3) F (3) CR (3) NP (3)

1 4 0.3 0.3 10 92.51 ± 4.61
2 8 0.3 0.6 30 94.49 ± 5.46
3 12 0.3 0.9 60 94.96 ± 2.47
4 12 0.6 0.3 30 94.20 ± 4.61
5 4 0.6 0.6 10 96.74 ± 2.78
6 8 0.6 0.9 60 93.62 ± 5.32
7 8 0.9 0.3 60 94.20 ± 4.47
8 12 0.9 0.6 10 95.50 ± 4.90
9 4 0.9 0.9 30 94.00 ± 2.74

Table 4: Orthogonal array for parameters of the liver dataset.

Experimental
runs

Parameters (levels)
Accuracy (%)Branch

(3)
F
(3)

CR
(3)

NP
(3)

1 6 0.3 0.3 10 70.60 ± 4.81
2 12 0.3 0.6 30 73.59 ± 6.66
3 18 0.3 0.9 60 72.17 ± 3.86
4 18 0.6 0.3 30 66.92 ± 6.80
5 6 0.6 0.6 10 71.85 ± 4.75
6 12 0.6 0.9 60 68.33 ± 6.91
7 12 0.9 0.3 60 66.28 ± 7.36
8 18 0.9 0.6 10 68.58 ± 7.74
9 6 0.9 0.9 30 69.61 ± 4.88
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4.5. Comparison with BP-DNM. In order to compare BP-
DNM and DE-DMAS fairly, the three common parameters
of ksoma, θsoma, and the number of neurons in hidden layers
(M) are set to be the same. According to the experience, the
learning rate is set to 0.01, and the value of k is set to 3. BP-
DNM is also a single neuron model with synaptic nonlin-
earities. It has been proven to have outstanding performance
in the liver [40], cancer [41], and ACA [58].We will show the
performs of BP-DNM when it has the same structure as DE-
DMAS. We will use multiple objective methods to dem-
onstrate the performances of DE-DMAS and BP-DNM on
the five datasets and make a discussion.

5. Experimental Result Analysis

-e comparison experiment of DE-DMAS vs BPNN and
DE-DMAS vs BP-DNM is set up as follows: (1) the in-
stances of the five datasets are divided into 30% for testing
and 70% for training randomly, (2) the number of itera-
tions is set to 1000, and (3) all experiments are run using
Matlab 2018a.

5.1. Convergence Comparison. We use the value of the mean
square error (MSE) to represent the degree of convergence.
-e smaller the value is, the better the convergence is. We
calculate the value of MSE after each iteration in the DE-
DMAS, BP-DNM, and BPNN training process and record it.
We employ the following equation to calculate the value of
the MSE:

MSE �
1
2N



N

i�1
Oi − Ti( 

2
, (12)

where N represents the number of training instances and Oi

and Ti represent the output and the teacher signal of the i-th
training instance, respectively.

We perform 30 training sessions for DE-DMAS, BP-
DNM, and BPNN. We randomly select 70% of the instances
as the input for each training. We draw two graphs to

analyze the convergence effect of DE-DMAS, BP-DNM, and
BPNN for the five training datasets. In the first figure, the
ordinate represents the mean value of the MSE for 30
training sessions, and the abscissa represents the number of
iterations. A total of 1000 MSE values are recorded from the
start of initialization for the DE-DMAS, BP-DNM, and
BPNN. We can evaluate the speed of convergence by the
degree of the curve drop. In Figure 4, we note that curve of
DE-DMAS is falling faster than the comparators. -ese
figures show that DE-DMAS has an advantage in conver-
gence speed.

We record the value of MSE in the final iteration for 30
times in the training sessions. We use a box-and-whisker
plot [62] to represent the value of the MSE, as shown in
Figure 5. In this figure, the ordinate represents the value of
the MSE. -e horizontal line from the top to the bottom of
each box represents the maximum, 3/4 median, median, 1/4
median, and minimum. -e 1/4 median, median, and 3/4
median represent the value of MSE at 25%, 50%, and 75%,
respectively, after sorting. -e +sign represents an outlier,
which is a value that exceeds twice the standard deviation.
-e lines corresponding to the maximum, 3/4 median line,
median, 1/4 median, andminimum for DE-DMAS are below
those of BP-DNM and BPNN for the five datasets. Many
outliers exist in the boxes of BPNN and BP-DNM. -e
outliers above the maximum represent falling into a local
minimum during training. On the contrary, there is no
outlier above the maximum in the boxes of DE-DMAS. -e
results show that the convergence effect of DE-DMAS is
better than that of BP-DNM and BPNN.

Table 10: Demonstrate on the adaptability of synapse by the
Friedman test.

Dataset k� 1 k� 5 k� 10 Adaptive
Iris 4 2.33 2 1.67
Liver 2.77 2.73 2.55 1.95
Cancer 3.05 2.95 2.73 1.27
Glass 2.55 1.98 3.93 1.53
ACA 2.48 2.73 2.52 2.27

Table 9: Demonstrate on the adaptability of synapse in terms of test accuracy.

Dataset k� 1 k� 5 k� 10 Adaptive
Iris 80.81 ± 6.66 94.15 ± 2.83 95.11 ± 2.50 96.74 ± 2.78
Liver 69.39 ± 3.57 69.81 ± 4.12 69.39 ± 5.56 73.59 ± 6.66
Cancer 92.76 ± 3.35 92.97 ± 3.38 93.59 ± 2.11 96.12 ± 1.17
Glass 91.04 ± 2.84 93.33 ± 3.23 85.48 ± 2.02 94.42 ± 2.51
ACA 85.44 ± 2.99 85.56 ± 1.70 85.86 ± 2.53 86.18 ± 1.98

Table 11: Structures of DE-DMAS and BPNN for the five datasets.

Dataset Method No. of
inputs

No. of
branches

No. of
outputs

No.
of adjusted
weights

Iris
DE-

DMAS 4 4 1 33

BPNN 4 28 1 169

Liver
DE-

DMAS 6 12 1 145

BPNN 6 18 1 145

Cancer
DE-

DMAS 9 9 1 163

BPNN 9 18 1 199

Glass
DE-

DMAS 9 27 1 487

BPNN 27 45 1 496

ACA
DE-

DMAS 14 16 1 449

BPNN 14 30 1 481
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5.2. Accuracy Comparison. We compare DE-DMAS, BP-
DNM, and BPNN in terms of the test accuracy, sensitivity,
specificity, and receiver operating characteristic (ROC)
curve [63], which is a method for objectively analyzing the
performance of classifiers. To draw the ROC curve, we
collected the output (O) of the five datasets tested by DE-
DMAS, BP-DNM, and BPNN. T represents the corre-
sponding teacher signals. We convert the output O from a
real number to an integer of 0 or 1. For a two-category
problem, the instances are divided into positive and
negative classes. -e actual classification has four
situations:

(1) If an instance is in the positive class and is predicted
to be in the positive class, then it is a true classifi-
cation (true positive (TP))

(2) If an instance is in the positive class but is predicted
to be in the negative class, then it is a false-negative
classification (false negative (FN))

(3) If an instance is in the negative class but is predicted
to be in the positive class, then it is a false-positive
classification (false positive (FP))

(4) If an instance is in the negative class and is predicted
to be in the negative class, then it is a true-negative
classification (true negative (TN))

-e true-positive rate (TPR), which represents the
proportion of actual positive instances in the positive class
predicted by the classifier to all positive instances, equals the
sensitivity. -e false-positive rate (FPR), which represents
the proportion of actual negative instances in the positive
class predicted by the classifier to all negative instances,
equals 1-specificity. -e ROC curve is drawn with the FPR
(1 − specificity) as the x-axis and the TPR (sensitivity) as the
y-axis. -e AUC is the area under the ROC curve. -e value
of AUC is between 0.0 and 1.0 since the ROC curve is drawn
in an square area. -e greater the values of the sensitivity,
specificity, and AUC are, the better the performance of the
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Figure 4: Convergence graphs for the five datasets: (a) iris; (b) liver; (c) cancer; (d) glass; (e) ACA.
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classifier is.-ese terms are defined in Table 12.We calculate
the accuracy, sensitivity, specificity, and AUC based on these
terms using the following equations:

accuracy �
TP + TN

TP + FN + TN + FP
,

sensitivity �
TP

(TP + FN)
,

specificity �
TN

(TN + FP)
,

AUC(%) �
1
2

TP
TP + FN

+
TN

TN + FP
  × 100.

(13)

We plot the ROC curves of the five datasets to compare
DE-DMAS with BP-DNM and BPNN, as shown in Figure 6.
-e DE-DMAS curves are above the BP-DNM and BPNN
curves. -e sensitivity, specificity, and AUC, which can be
determined from the numerical values, are shown in Ta-
ble 13. -e test accuracy is the average of 30 experiments,
which we represent by the mean and variance in Table 13.
DE-DMAS exhibits higher values than BP-DNM and BPNN
for these four assessment levels. All test results prove the
superiority of DE-DMAS.

5.3. Cross-Validation. In order to facilitate the comparison
performance, four different experimental train-to-test ratios
were adopted and the four multifold cross-validation
(K × CV) methods include tenfold CV (90–10%, ×10),
fivefold CV (80–20%, ×5), fourfold CV (75–25%, ×4), and
twofold CV(50–50%, ×2). Here, the train-to-test ratio
represents the ratio between sample size for training and
testing. With K × CV (K� 2, 4, 5, 10), the whole dataset is
randomly divided intoK andmutually exclusive subsets with

approximately equal sample size. In K × CV, the method is
utilized on the training subsets, and the testing error is
measured on the testing subset. -e procedure is repeated
for a total of K trials, each time using a different subset for
testing. -e performance of the model is evaluated by the
mean of the squared error through testing over all trails of
the experiment. Compared with the single-fold validation
method, K×CV has an advantage of minimizing the cor-
relation deviation of random sampling of training samples,
but its disadvantage lies in that it may need too much
computation since the model has to be trained K times. We
select four kinds of BPNN with different learning rates and
number (No.) of branch as Table 14, namely, BPNN1,
BPNN2, BPNN3, and BPNN4. BP-DNM and DE-DMAS
used the above four types of training-to-test ratios. Five
datasets were applied to each type of training-to-test ratios
for each model, and 30 independent experiments were
performed. Finally, we compared the mean and standard
deviation of their test accuracy results. Table 15 shows the
cross-validation results of the iris dataset. Table 16 shows the
cross-validation results of the liver dataset. Table 17 shows
the cross-validation results of the cancer dataset. Table 18
shows the cross-validation results of the glass dataset. Ta-
ble 19 shows the cross-validation results of the ACA dataset.
Bold fonts in these tables indicate the top two according to
the standard deviation and the mean. DE-DMAS only in the
CV5 of the cancer dataset is not bold font. So we can
conclude that DE-DMAS is excellent.
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Figure 5: Box-and-whisker plots for the final MSE: (a) iris; (b) liver; (c) cancer; (d) glass; (e) ACA.

Table 12: Description of terms.

Teacher
signal

Real output
Row total

Positive (1) Negative (0)
Positive (1) TP FN TP+FN
Negative (0) FP TN FP+TN
Column total TP + F FN+TN N�TP+TN+FP+ FN
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5.4. Simplified Model. As previously mentioned, we remove
the useless dendrites and synapses by the pruning function.
-e entire simplification process for the iris dataset is shown

in Figure 7. First, initialize the structure of neurons with four
dendrites, as shown in Figure 7(a). Synapses on these
dendrites receive the inputs X1, X2, X3, and X4. -e
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Figure 6: ROC analysis for the five datasets: (a) iris ROC; (b) liver ROC; (c) cancer ROC; (d) glass ROC; (e) ACA ROC.

Table 13: Rate results for the five datasets.

Dataset Method Test accuracy Sensitivity Specificity AUC

Iris
DE-DMAS 96.74 ± 2.78 100 96.88 98.44
BP-DNM 91.78 ± 5.87 91.16 86.67 95.65
BPNN 85.93 ± 10.89 90.00 91.43 90.71

Liver
DE-DMAS 73.59 ± 6.66 66.67 83.87 75.27
BP-DNM 68.62 ± 5.24 52.50 .79.69 66.09
BPNN 59.94 ± 6.33 57.89 72.73 65.31

Cancer
DE-DMAS 96.12 ± 1.17 96.45 98.55 97.50
BP-DNM 96.33 ± 1.43 97.04 94.67 95.85
BPNN 93.76 ± 11.06 95.89 96.88 96.38

Glass
DE-DMAS 94.42 ± 2.51 98.57 92.85 96..67
BP-DNM 91.87 ± 3.88 84.62 96.08 90.35
BPNN 92.50 ± 3.34 97.92 81.25 89.58

ACA
DE-DMAS 86.18 ± 1.98 88.04 86.09 87.07
BP-DNM 83.66 ± 9.26 85.54 81.45 83.50
BPNN 85.57 ± 2.28 87.10 78.07 82.58
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Table 14: No. of models.

No. of BPNN Learning rate No. of branch
BPNN1 0.1 30
BPNN2 0.08 60
BPNN3 0.08 30
BPNN4 0.06 60

Table 15: Cross-validation for the iris.

Model CV10 CV5 CV4 CV2
DE-DMAS 94.44 ± 5.59 94.56 ± 5.90 95.00 ± 3.61 93.38 ± 5.09
BP-DNM 93.33 ± 10.79 93.22 ± 6.64 91.93 ± 4.98 86.80 ± 9.16
BPNN1 90.67 ± 7.50 91.42 ± 5.62 89.06 ± 9.41 91.29 ± 7.182
BPNN2 93.55 ± 10.72 93.35 ± 7.92 92.80 ± 7.82 91.82 ± 7.97
BPNN3 91.10 ± 9.85 88.77 ± 9.20 90.27 ± 9.89 86.71 ± 13.43
BPNN4 90.44 ± 8.69 89.89 ± 9.07 88.80 ± 9.59 89.07 ± 9.72

Table 16: Cross-validation for the liver.

Model CV10 CV5 CV4 CV2
DE-DMAS 70.20 ± 7.98 71.93 ± 4.79 71.40 ± 0.40 70.12 ± 3.10
BP-DNM 58.82 ± 7.93 69.42 ± 5.68 68.88 ± 5.57 66.44 ± 4.81
BPNN1 58.76 ± 9.45 59.18 ± 5.72 59.43 ± 7.34 60.44 ± 4.30
BPNN2 63.14 ± 8.20 58.72 ± 6.11 61.47 ± 6.72 58.83 ± 5.05
BPNN3 58.00 ± 8.33 58.55 ± 5.80 61.47 ± 6.72 59.37 ± 8.50
BPNN4 60.19 ± 8.94 61.11 ± 6.09 60.92 ± 8.45 60.71 ± 5.56

Table 17: Cross-validation for cancer.

Model CV10 CV5 CV4 CV2
DE-DMAS 96.38 ± 2.36 96.05 ± 1.74 96.11 ± 1.12 95.90 ± 0.70
BP-DNM 95.71 ± 2.17 96.02 ± 1.84 95.75 ± 1.64 95.70 ± 1.06
BPNN1 91.48 ± 11.65 92.26 ± 11.80 96.29 ± 1.67 94.29 ± 1.08
BPNN2 96.57 ± 2.51 96.28 ± 1.54 94.33 ± 1.52 93.71 ± 2.44
BPNN3 93.45 ± 12.00 95.52 ± 1.45 95.73 ± 1.35 93.53 ± 11.54
BPNN4 94.05 ± 12.53 96.30 ± 1.34 96.10 ± 1.75 96.07 ± 1.04

Table 18: Cross-validation for glass.

Model CV10 CV5 CV4 CV2
DE-DMAS 95.24 ± 3.75 96.05 ± 1.74 96.01 ± 1.36 95.70 ± 0.70
BP-DNM1 92.53 ± 4.95 92.40 ± 3.23 91.58 ± 3.16 91.12 ± 2.77
BPNN1 91.59 ± 5.55 90.39 ± 4.44 91.05 ± 3.19 91.53 ± 2.22
BPNN2 91.90 ± 4.36 92.56 ± 4.12 90.99 ± 4.12 90.31 ± 5.24
BPNN3 91.75 ± 4.83 89.61 ± 4.56 91.42 ± 4.28 89.50 ± 3.85
BPNN4 90.00 ± 6.77 92.02 ± 4.08 90.00 ± 5.36 91.78 ± 3.72

Table 19: Cross-validation for ACA.

Model CV10 CV5 CV4 CV2
DE-DMAS 84.98 ± 3.95 86.79 ± 2.70 85.59 ± 2.81 85.78 ± 1.39
BP-DNM 83.09 ± 8.52 82.00 ± 10.62 83.06 ± 10.51 82.07 ± 10.36
BPNN1 85.94 ± 4.34 85.20 ± 2.66 85.04 ± 2.63 85.39 ± 1.61
BPNN2 84.12 ± 3.97 85.11 ± 2.60 83.51 ± 3.41 86.13 ± 1.28
BPNN3 83.51 ± 4.64 85.48 ± 2.79 84.00 ± 3.49 85.35 ± 1.18
BPNN4 84.16 ± 4.48 86.11 ± 2.15 83.51 ± 33.30 85.09 ± 1.55
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synapses are activated and converted to the direct-con-
necting state (●), opposite-connecting state (▂), constant-1
state(①), or constant-0 state (⓪) after learning. Second,
remove all useless dendrites by the dendrite pruning
function; that is, if at least one synapse on a dendrite is in the
constant-0 state, remove the dendrites. In Figure 7(b), we
denote removed dendrite 1, dendrite 3, and dendrite 4 with
the symbol ✖. After dendrite pruning, only dendrite 2 re-
mains, as shown in Figure 7(c). -en, remove all unnec-
essary synapses by the synapse pruning function; that is,
remove the synapses with the constant-1 state by the symbol
✖ in the Figure 7(c). Figure 7(d) shows the simplified
structure for the iris dataset.-is structure is simplified from
4 layers of dendrites and 4 inputs to only dendrite 2 and the 2
inputs X3 and X4.

Liver dataset has 12 layers of dendrites and 6 inputs, as
shown in Figure 8(a). In Figure 8(b), we denote removed
(dendrites 1, 3, 4, 5, 6, 7, 8, 9, 10, and 12) with the symbol✖.
After dendrite pruning, dendrites 2 and 11 remain, as shown
in Figure 8(c). After synapse pruning, X1, X3, X4, and X6
have been remained, and the others have been removed by
the symbol ✖. Figure 8(d) shows the simplified structure for
the liver dataset.-is structure is simplified from 12 layers of
dendrites and 6 inputs to only dendrites 2 and 11 and the 4
inputs X1, X3, X4, and X6.

Cancer dataset has 9 layers of dendrites and 9 inputs, as
shown in Figure 9(a). In Figure 9(b), we denote removed
(dendrites 1, 2, 3, 4, 6, 7, and 9) with the symbol ✖. After
dendrite pruning, dendrites 5 and 8 remain, as shown in
Figure 9(c). After synapse pruning, X1, X2, X3, X5, and X6
have been remained, and the others have removed by the
symbol ✖. Figure 9(d) shows the simplified structure for the
cancer dataset. -is structure is simplified from 9 layers of

dendrites and 9 inputs to only dendrites 5 and 8 and the 5
inputs X1, X2, X3, X5, and X6.

Glass dataset has 27 layers of dendrites and 9 inputs, as
shown in Figure 10(a). In Figure 10(b), we denote removed
(dendrites 1, 2, 3, 4, 5, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18,
19, 20, 21, 22, 23, 25, 26, and 27) with the symbol ✖. After
dendrite pruning, dendrites 6 and 24 remain, as shown in
Figure 10(c). After synapse pruning,X1,X3,X4, andX8 have
been remained, and the others have been removed by the
symbol ✖. Figure 10(d) shows the simplified structure for
the liver dataset.-is structure is simplified from 12 layers of
dendrites and 6 inputs to only dendrites 6 and 24 and the 4
inputs X1, X3, X4, and X8.

ACA dataset has 16 layers of dendrites and 14 inputs, as
shown in Figure 11(a). In Figure 11(b), we denote removed
(dendrites 1, 2, 3, 4, 6, 7, 8, 9, 11, 12, 14, 15, and 16) with the
symbol✖. After dendrite pruning, dendrites 10 and 13 remain,
as shown in Figure 11(c). After synapse pruning, X3, X7, X8,
X10, X12, and X13 have remained, and the others have been
removed by the symbol ✖. Figure 11(d) shows the simplified
structure for the liver dataset. -is structure is simplified from
16 layers of dendrites and 6 inputs to only dendrites 10 and 13
and the 6 inputs X3, X7, X8, X10, X12, and X13.

As shown in these figures, we have obtained the final
simplified models of the five datasets. After simplifying the
models, the structures of the models have been reduced by
more than 90%, which indicates that we can use simpler
logic to solve the real problem. -e problem used to be
solved with more than hundreds of logic components but
can now be solved by only a few dozen simple logic com-
ponents, such as comparators, AND gates, OR gates, and
NOT gates. -is change substantially reduces the labor and
time costs. Logic circuits of the five datasets have been drawn
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Figure 7: Structure simplification process for the iris dataset.
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Figure 9: Continued.
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Figure 8: Structure simplification process for the liver dataset.
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Figure 10: Structure simplification process for the glass dataset.
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Figure 11: Structure simplification process for the ACA dataset.
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in Figure 12.-e value of θ in the comparator in the figure is
the value of θ in the corresponding synapse after training.
-e standardized input was calculated by these logic com-
ponents to get the expected output as 0 or 1.

6. Conclusion

To improve the calculation ability of the dendritic neuron
model (DNM), a dendritic neuron model with adaptive
synapses trained by differential evolution algorithm (DE-
DMAS) is proposed, which shows enhanced performance in
the simulation based on UCI datasets. A comparison with
the classic BPNN and BP-DNM is carried out in terms of the
test accuracy, sensitivity, specificity, and ROC and cross-
validation. DE-DMAS shows its superiority in all the results,
and DE-DMAS as a single neuron model is found to sub-
stantially outperform BPNN and BP-DNM.

DMAS has further access to the real biological neuron
with a self-pruning ability. -is function can eliminate
branches from the dendrite morphology depending on the
continuum values. It hence reduces the computational load

by evolving and simplifying the dendritic structure without
affecting the computational result. Simplified dendritic
structure can be implemented in the logic circuit with
comparator, OR gate, AND gate, and NOT gate. It makes it
possible to solve real problems with less cost.

To highlight the contribution of this work, a self-adaptive
synapse is for the first time proposed in the paper. Its utility
is proved by the Friedman test as summarized in Section 4.3.
-e ability of adaptive synapse not only has stronger ro-
bustness but also reduces a parameter in DNM and improves
the performance of DNM.

-e dendrite plays a pivotal role in the computing
process. A single DE-DMAS neuron model can only deal
with dichotomies problems (i.e., binary classification
problems), which is its main limitation. But all the current
neural networks are made up of multiple single neuron
models which can only deal with dichotomies. -is paper
aims at proposing the DE-DMAS model instead of the
network structure, so it is only a single one. Nevertheless, it is
worth pointing out that variants of DE-DMAS can be de-
veloped for solving multiclass classification problems. For
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Figure 12: Logic circuits obtained by the proposed method for five datasets: (a) iris; (b) liver; (c) cancer; (d) glass; (e) ACA.
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example, by using softmax function (together with the cross
entropy), the multiclass classification problem can be ap-
proximately transformed into dichotomies problems, and
the one-hot-encoding strategy based on several DE-DMAS
neuron models can be used to calculate the information
entropy. -e reason why we choose multiple datasets that
can be classified into two categories for experiments is that
we want to more intuitively reflect the ability of a single
neuron model, rather than the network of several ones.
Further research will focus on DMAS’s adjustment to make
it adaptive to the deep learning structure. We also believe
that this model has considerable potential in fields of
electronic design, such as VLSI and biomedical science.

Data Availability

-e classification dataset could be downloaded freely at
https://archive.ics.uci.edu/ml/index.php.
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.e integration of machine learning techniques and metaheuristic algorithms is an area of interest due to the great potential for
applications. In particular, using these hybrid techniques to solve combinatorial optimization problems (COPs) to improve the
quality of the solutions and convergence times is of great interest in operations research. In this article, the db-scan unsupervised
learning technique is explored with the goal of using it in the binarization process of continuous swarm intelligence metaheuristic
algorithms. .e contribution of the db-scan operator to the binarization process is analyzed systematically through the design of
random operators. Additionally, the behavior of this algorithm is studied and compared with other binarizationmethods based on
clusters and transfer functions (TFs). To verify the results, the well-known set covering problem is addressed, and a real-world
problem is solved. .e results show that the integration of the db-scan technique produces consistently better results in terms of
computation time and quality of the solutions when compared with TFs and random operators. Furthermore, when it is compared
with other clustering techniques, we see that it achieves significantly improved convergence times.

1. Introduction

In recent years, different optimization methods based on
evolutionary concepts have been explored. .ese methods
have been used to solve complex problems, therein obtaining
interesting levels of performance [1–3], and many such
methods have been inspired by concepts extracted from
abstractions of natural or social phenomena. .ese ab-
stractions can be interpreted as search strategies according
to an optimization perspective [4]. .ese algorithms are
inspired, for example, by the collective behavior of birds, e.g.,
the cuckoo search algorithm [5]; the movement of fish, e.g.,
the artificial fish swarm algorithm (AFSA) [6]; particle
movement, e.g., particle swarm optimization (PSO) [7]; the
social interactions of bees (ABC) [8]; and the process of
musical creation, as in the search for harmony (HS) [9] and
in genetic algorithms (GA) [10], among others. Many of
these algorithms work naturally in continuous spaces.

On the other hand, lines of research that allow robust
algorithms associated with the solution of combinatorial
optimization problems (COPs) to be obtained are of great
interest in the areas of computer science and operations
research. .is interest is currently mainly related to decision
making in complex systems. Many of these decisions require
the evaluation of a very large combination of elements in
addition to having to solve a COP to find a feasible and
satisfactory result. Examples of COPs can be found in the
areas of logistics, finance, transportation, biology, and many
others. Depending on the definition of the problem, many
COPs can be classified as NP-hard. Among the most suc-
cessful ways to address such problems, one commonmethod
is to simplify the model to attempt to solve instances of small
to medium size using exact techniques. Large problems are
usually addressed by heuristic or metaheuristic algorithms.

.e idea of hybridization between metaheuristic tech-
niques and methods from other areas aims to obtain more
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robust algorithms in terms of solution quality and convergence
times. State-of-the-art proposals for hybridization mainly in-
clude the following: (i) mateheuristics, which combines heu-
ristics or metaheuristics with mathematical programming [11];
(ii) hybrid heuristics, which corresponds to the integration of
different heuristic or metaheuristic methods [12]; (iii) sim-
heuŕıstics, which combines simulation and metaheuristics [13];
and (iv) the hybridization betweenmetaheuristics andmachine
learning [14]. Machine learning can be considered as a set of
algorithms that enable the identification of significant, po-
tentially useful information and learning through the use of
data. In this work, useful informationwill be obtained using the
data generated by a continuous metaheuristic algorithm
through the use of the db-scan unsupervised learning tech-
nique to obtain robust binarizations of this algorithm.

Within the lines of this discussion, we aim to provide the
following contributions:

(i) A novel automatic learning binarization algorithm
is proposed to allow metaheuristics commonly
defined and used in continuous optimization to
efficiently address COPs. .is algorithm uses the
db-scan unsupervised learning technique to per-
form the binarization process. .e selected meta-
heuristics are particle swarm optimization (PSO)
and cuckoo search (CS). .eir selection is based on
the fact that they are commonly used in continuous
optimization and enable a method for adjusting
their parameters in continuous spaces.

(ii) .ese hybrid metaheuristics are applied to the
well-known set covering problem (SCP). .is
problem has been studied extensively in the lit-
erature, and therefore, there known instances
where we can clearly evaluate the contribution of
the db-scan binarization operator. On the other
hand, the SCP has numerous practical real-world
applications such as vehicle routing, railways,
airline crew scheduling, microbial communities,
and pattern finding [15–18].

(iii) Random operators are designed to study the con-
tribution of the db-scan binarization algorithm in
the binarization process. Additionally, the behavior
of db-scan binarization is studied, comparing it with
binarization methods that use k-means and transfer
functions (TFs). Finally, the binarizations obtained
by db-scan are used to solve a real-world problem.

.e remainder of this article is structured as follows.
Section 2 describes the SCP and some of its applications. In
Section 3, a state-of-the-art hybridization between the areas of
machine learning andmetaheuristics is provided, and themain
binarization methods are described. Later, in Section 4, the
proposed db-scan algorithm is detailed. .e contributions of
the db-scan operator are provided in Section 5. Additionally, in
this section, the db-scan technique is studied by comparing it
with other binarization techniques that use k-means and TFs as
a binarization mechanism. In Section 6, a real-world appli-
cation problem is solved. Finally, in Section 7, conclusions and
some future lines of research are given.

2. Set Covering Problem

SCP is one of the oldest and most-studied optimization
problems and is well known to be NP-hard [19]. Never-
theless, different solution algorithms have been developed.
.ere exist exact algorithms that generally rely on the
branch-and-bound and branch-and-cut methods to obtain
optimal solutions [20, 21]. .ese methods, however, struggle
to solve SCP instances that grow exponentially with the
problem size. Even medium-sized problem instances often
become intractable and can no longer be solved using exact
algorithms. To overcome this issue, different heuristics have
been proposed [22, 23].

For example, [22] presented a number of greedy algo-
rithms based on a Lagrangian relaxation (called Lagrangian
heuristics). Caprara et al. [24] introduced relaxation-based
Lagrangian heuristics applied to the SCP. Metaheuristics,
e.g., genetic algorithms [25], simulated annealing [26], and
ant colony optimization [27], have also been applied to solve
the SCP. More recently, swarm-based metaheuristics, such
as the cat swarm [28], cuckoo search [29], artificial bee
colony [8], and black hole [30] metaheuristics, have also
been proposed.

.e SCP has many practical applications in engineering,
e.g., vehicle routing, railways, airline crew scheduling, mi-
crobial communities, and pattern finding [15, 16, 18, 31].

.e SCP can be formally defined as follows. Let A � (aij)

be an n × m zero-onematrix, where a column j covers a row i
if aij � 1, and a column j is associated with a nonnegative
real cost cj. Let I � 1, . . . , n{ } and J � 1, . . . , m{ } be the row
and column set of A, respectively. .e SCP consists of
searching a minimum cost subset S ⊂ J for which every row
i ∈ I is covered by at least one column j ∈ J, i.e.,

minimizef(x) � 

m

j�1
cjxj, (1)

subject to
m

j�1
aijxj ≥ 1, ∀i ∈ I, and xj ∈ 0, 1{ }, ∀j ∈ J,

(2)

where xj � 1 if j ∈ S and xj � 0, otherwise.

3. Related Work

3.1. Related Binarization Work. A series of metaheuristic
algorithms designed to work in continuous spaces have been
developed. Particle swarm optimization (PSO) and cuckoo
search (CS) are two of the most commonly used meta-
heuristic algorithms. On the other hand, the existence of a
large number of NP-hard combinatorial problems moti-
vates the investigation of robust mechanisms that allow these
continuous algorithms to be adapted to discrete versions.

In a review of the state-of-the-art binarization techniques
[32], two approximations were identified. .e first approach
considers general methods of binarization. In those general
methods, there is a mechanism that allows the transformation
of any continuous metaheuristic into a binary one without
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altering the metaheuristic operators. In this approach, the
main frameworks used are TFs and angle modulation. .e
second approach corresponds to binarizations in which the
method of operating metaheuristics is specifically altered.
Under this second approach, notable techniques include
quantum binary and set-based approaches.

3.1.1. Transfer Functions. .e simplest and most widely
used binarization method corresponds to TFs. TFs were
introduced by [33] to generate binary versions of PSO.
.is algorithm considers each solution as a particle. .e
particle has a position given by a solution in an iteration
and a velocity that corresponds to the vector obtained
from the difference of the particle position between two
consecutive iterations. .e TF is a very simple operator
and relates the velocity of the particles in PSO with a
transition probability. .e TF takes values from Rn and
generates transition probability values in [0, 1]n. .e TFs
force the particles to move in a binary space. Depending
on the function’s shape, they are usually classified as
S-shape [34] and V-shape functions [1]. Once the function
produces a value between 0 and 1, the next step is to use a
rule that allows obtaining 0 or 1. For this, well-defined
rules are applied that use the concepts of complement,
elite, and random, among others.

3.1.2. Angle Modulation. .is method is based on the family
of trigonometric functions shown in equation (3). .ese
functions have four parameters responsible for controlling
the frequency and displacement of the trigonometric
function:

gi xj  � sin 2π xj − ai bi cos 2π xj − ai ci   + di. (3)

.e first time this method was applied to binarizations
was in PSO. In this case, binary PSO was applied to
benchmark functions. Assume a given binary problem of
dimension n, and let X � (x1, x2, . . . , xn) be a solution. We
start with a four-dimensional search space. Each dimension
represents a coefficient of equation (3). .en, every solution
(ai, bi, ci, di) is associated with a trigonometric function gi.
For each element xj, the following rule is applied:

bij �
1, if gi xj ≥ 0,

0, otherwise.

⎧⎪⎨

⎪⎩
(4)

.en, for each initial solution of 4 dimensions
(ai, bi, ci, di), the function gi, which is shown in equation
(3), is applied and then equation (4) is utilized. As a
result, a binary solution of dimension n, (bi1, bi2, . . . , bin),
is obtained. .is is a feasible solution for our n-binary
problem. .e angle modulation method has been applied
to network reconfiguration problems [35] using a binary
PSO method, to an antenna position problem using an
angle modulation binary bat algorithm [36], and to a
multiuser detection technique [37] using a binary
adaptive evolutionary algorithm.

3.1.3. Quantum Binary Approach. .ere are three main
types of algorithms in research that integrates the areas of
evolutionary computation (EC) and quantum computation
[38].

(1) Quantum evolutionary algorithms: these methods
correspond to the design of EC algorithms to be
applied in a quantum computing environment

(2) Evolutionary-based quantum algorithms: these al-
gorithms attempt to automate the generation of new
quantum algorithms using evolutionary algorithms

(3) Quantum-inspired evolutionary algorithms: this
category uses quantum computing concepts to
strengthen EC algorithms

In particular, the quantum binary approach is a type of
quantum-inspired evolutionary algorithm. Specifically, this
approach adapts the concepts of q-bits and superposition
used in quantum computing applied to traditional
computers.

In the quantum binary approach, each feasible solution
has a position X � (x1, x2, . . . , xn) and a quantum q-bit
vector Q � [Q1, Q2, . . . , Qn]. Q represents the probability of
xj taking the value 1. For each dimension j, a random
number between [0, 1] is generated and compared with Qj: if
rand<Qj, then xj � 1; otherwise, xj � 0. .e upgrade
mechanism of theQ vector is specific for each metaheuristic.

.e main difficulty that general binarization frameworks
face is related to the concept of spatial disconnect [39]. A
spatial disconnect originates when nearby solutions gener-
ated by metaheuristics in the continuous space are not
transformed into nearby solutions when applying the
binarization process. Roughly speaking, we can think of a
loss of the continuity of the framework. .e spatial dis-
connect phenomenon consequently alters the properties of
exploration and exploitation, and therefore the precision
and convergence of the metaheuristics decrease. A study was
conducted on how the TFs affect the exploration and ex-
ploitation properties in [40]. For angle modulation, a study
was conducted in [39].

On the other hand, specific binarization algorithms that
modify the operators of the metaheuristic are susceptible to
problems such as Hamming cliffs, loss of precision, search
space discretization, and the curse of dimensionality [39].
.is was studied by [41] and for the particular case of PSO by
[42]. In the latter, the authors observed that the parameters
of the Binary PSO change the speed behavior of the original
metaheuristic.

3.2. Hybridizing Metaheuristics with Machine Learning.
Machine learning concerns algorithms that are capable of
learning from a dataset [43]..is learning can be supervised,
unsupervised, or semisupervised. Usually, these algorithms
are used in problems of regression, classification, trans-
formation, dimensionality reduction, time series, anomaly
detection, and computational vision [44], among others. On
the other hand, metaheuristics correspond to a broad family
of algorithms designed to solve complex problems without
the need for a deep adaptation of their mechanism when
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changing problems. .ey are incomplete techniques and
generally have a set of parameters that must be adjusted for
proper operation.

When a state-of-the-art integration between meta-
heuristic and machine learning algorithms is developed, the
integration is considered bidirectional..is means that there
are studies whereby metaheuristic algorithms contribute to
improving the performance of machine learning algorithms,
and there are investigations where machine learning algo-
rithms improve the convergence and quality of meta-
heuristic algorithms. In the case of metaheuristics that
improve the performance of machine learning algorithms,
we see that integration is found in all areas. In classification
problems, we find that such algorithms have been used
mainly in feature selection, feature extraction, and the
tuning of parameters. In [45], a genetic-SVM algorithm was
developed to improve the recognition of breast cancer
through image analysis. In this algorithm, genetic algorithms
were used for the extraction of characteristics. A multiverse
optimizer algorithm was used in [46] to perform the feature
selection and parameter tuning of SVM on a robust system
architecture. .e training of feed-forward neural networks
was addressed using an improved monarch butterfly algo-
rithm in [47]. In [48], a geotechnical problem was addressed
by integrating a firefly algorithm with the least squares
support vector machine technique. For the case of regression
problems, we found in [49] an application in the prediction
of the compressive strength of high-performance concrete
using metaheuristic-optimized least squares support vector
regression. .e improved prediction of stock prices was
addressed in [50], therein integrating metaheuristics and
artificial neural networks. Additionally, in [51], a stock price
prediction technique was developed using a sliding-window
metaheuristic-optimized machine learning regression ap-
plied to Taiwan’s construction companies. In [52], using a
firefly version, the least squares vector regression parameters
were optimized with the aim of improving the accuracy of
the prediction in engineering design. In the case of un-
supervised learning techniques, we find that metaheuristics
have contributed significantly to clustering techniques. For
example, in [53], an evolutionary-based clustering algorithm
that combines a metaheuristic with a kernel intuitionistic
fuzzy c-means method was proposed with the aim of de-
signing clustering solutions to apply them to different types
of datasets. Also in clustering, centroid search is a problem
type that suffers a large algorithmic complexity. .is
problem consists of the search for centroids with the ob-
jective of grouping the set of objects studied in an improved
manner. Because this problem is NP-hard, approximation
methods have been proposed. For example, an improved
artificial bee colony algorithmwas developed in [54] with the
goal of solving the energy efficiency clustering problem in a
wireless sensor network. In [55], a mathematical model and
a clustering search metaheuristic were developed for
addressing the helicopter transportation planning of oil and
gas production platform employees.

On the other hand, when looking for the contributions of
machine learning techniques in metaheuristic algorithms,
twomain lines of research can be distinguished..e first line

of research corresponds to specific integrations. In these
integrations, machine learning techniques are integrated
through a specific operator in one of the modules that
establish the metaheuristic. .e second line of research
explores general integrations, where the machine learning
techniques work as a selector of different metaheuristic
algorithms, therein choosing the most appropriate for each
instance. A metaheuristic, in addition to its evolution
mechanism, usually uses solution initiation operators,
solution perturbation, population management, binar-
ization, the tuning of parameters, and local search oper-
ators, among others. .e specific integrations explore the
machine learning application on some of these operators.
For the case of parameter tuning in [56], the parameter
tuning of a chess rating system was implemented. Based on
decision trees and using fuzzy logic, a semiautomatic
parameter tuning algorithm was designed in [57]. Another
relevant area of research is related to the design of binary
versions of algorithms that work naturally in continuous
spaces. .is line of research aims to apply these binary
versions in combinatorial problems. In this area, we find in
[2] the application of unsupervised learning techniques to
perform the binarization process. In [29], the percentile
concept was explored in the process of generating binary
algorithms. Additionally, in [17], the big data Apache
spark framework was applied to manage the size of the
solution population to improve the convergence times and
quality of results. .e randomness mechanism is fre-
quently used for the initialization of the solutions of a
metaheuristic. However, machine learning has been used
to improve the solution initialization stage. In [58], case-
based reasoning was used to initialize a genetic algorithm
and apply it to the weighted-circle design problem.
Hopfield neural networks were used in [59] to initiate
solutions of a genetic algorithm that was used to solve an
economic dispatch problem.

When analyzing the methods found in the literature
addressing general integrations of machine learning al-
gorithms on metaheuristics, we find three main groups:
algorithm selection, hyperheuristics, and cooperative
strategies. .e objective of algorithm selection is to choose
from a set of algorithms and a group of associated char-
acteristics for each instance of the problem an algorithm
that performs best for similar instances. In the hyper-
heuristics strategy, the goal is to automate the design of
heuristics or metaheuristic methods to address a wide
range of problems. Finally, cooperative strategies consist of
combining algorithms in a parallel or sequential manner to
obtain more robust methods. .e cooperation can be
completed by sharing the complete solution or partially
when only part of the solution is shared. In [60], the berth
scheduling problem at bulk terminals was addressed by
algorithm selection techniques. .e problem of nurse
rostering through a tensor-based hyperheuristic algorithm
was addressed in [61]. Finally, a distributed framework
based on agents was proposed in [62]. In this case, each
agent corresponds to a metaheuristic, and it has the ability
to adapt through direct cooperation. .is framework was
applied to the problem of permutation flow stores.
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4. Binary Db-Scan Algorithm

.e binary db-scan algorithm is composed of five oper-
ators. .e first operator, which will be detailed in Section
4.1, initializes the solutions. After the solutions are
started, the next step is to verify if the maximum iteration
criterion is met. When the criterion has not been met, the
binary db-scan operator is executed. .is operator con-
tinuously executes the metaheuristics and then clusters
the solutions considering the absolute value of the velocity
of the solutions. .e details of this operator are described
in Section 4.2. Subsequently, using the clusters generated
by the db-scan operator, the transition operator will
proceed to binarize the solutions generated by the con-
tinuous metaheuristics. When points are identified by db-
scan as outliers, a transition operator for outliers is ap-
plied. .e transition operator and the outlier operator are
described in Section 4.3. Finally, when the obtained so-
lutions do not satisfy all the restrictions, the repair op-
erator described in Section 4.4 is applied. Additionally, a
heuristic operator is used in the initiation and repair of the
solutions. .is operator is detailed in Section 4.5. .e flow
diagram of the binary db-scan algorithm is shown in
Figure 1.

4.1. Initiation Operator. .is operator attempts to initiate
the solutions that the binary db-scan algorithm will use.
.e first step, the SelectRandomColumn() function select
a column randomly. .en, the operator asks if the row
coverage constraint is fulfilled. When the constraint is not
met, the initiating operator calls the heuristic operator.
.is heuristic operator receives the list of columns that
currently has the solution and returns a new column to be
incorporated. .e details of the heuristic operator are
described in Section 4.5. .e call to the heuristic operator
is executed until all rows are covered. .e procedure for
initiating the solutions is shown in Algorithm 1.

4.2. Binary Db-Scan Operator. .e goal of the binary db-
scan operator is to group the different solutions obtained
by the execution of the continuous metaheuristics. When
considering solutions as particles, we will understand the
position of the particle as the location of the solution in
the search space. On the other hand, the velocity repre-
sents the transition vector of the particle from iteration t
to iteration t + 1.

To perform the clustering, the density-based spatial
clustering of applications with noise (db-scan) algorithm
is used. Db-scan is a data grouping algorithm proposed in
1996 by [63]. Db-scan uses the concept of density to
perform the clustering: given a set of S points in a metric
space, db-scan groups the points with many nearby
neighbors, marking as outliers those that are alone in low-
density regions. Db-scan requires two parameters: a ra-
dius ϵ and a minimum number of neighbors δ. .e db-
scan algorithm can be divided into the following steps:

(i) Find the points in the ϵ neighborhood of every point
and identify the core points with more than δ
neighbors

(ii) Find the connected components of core points on
the neighbor graph, ignoring all noncore points

(iii) Assign each noncore point to a nearby cluster if the
cluster is an ϵ neighbor; otherwise, assign it to noise

Let Mh be a swarm intelligence continuous meta-
heuristic and ListP(t) be the position list of the solutions
given by Mh at iteration t. .e binary db-scan operator has
input parameters Mh and ListP(t) and aims to cluster the
solutions given by Mh. .e first step of the operator is to
iterate the list ListP(t) using Mh to obtain the list of po-
sitions ListP(t + 1) at iteration t + 1. Subsequently, using
ListP(t) and ListP(t + 1), we obtain the list with transition
velocities ListV(t + 1).

Let vp(t + 1) ∈ ListV(t + 1) be the velocity vector in the
transition between t and t + 1 corresponding to particle p.
.is vector has n dimensions, where n depends on the
number of columns that the problem possesses. Let v

p
i (t +

1) ∈ vp(t + 1) be the value for dimension i of the vector
vp(t + 1). .en, ListVi(t + 1) corresponds to the list of
absolute values of v

p
i (t + 1),∀vp(t + 1) ∈ ListV(t + 1). Next,

we apply db-scan to the list ListVi(t + 1), thereby obtaining
the number of clusters nClusters(t + 1) and the cluster to
which each vi(t + 1) belongs ListViClusters(t + 1), where
abs(vi(t + 1)) ∈ ListVi(t + 1). .e procedure for the binary
db-scan operator is shown in Algorithm 2.

4.3. Transition Operator. .e db-scan operator returns the
number of clusters and a list with the cluster identifier to
which each element belongs: vp

i ∈ ListVi(t + 1). .e purpose
of the transition operator is to binarize the solutions gen-
erated by Mh and clustered by the binary db-scan operator.
To perform the binarization, we must consider that the
identifier Id(J) ∈ Z of the clusters will be assigned in the
following manner: a value of 0 will be assigned to the cluster
that has vi with the lowest absolute value. Let vj ∈ J and
vi ∈ I be elements of clusters J and I, respectively, and
abs(vj)> abs(vi); then, Id(J)> Id(I). .e value of Id will be
consecutive integers and if J≠ I⟹ Id(J)≠ Id(I). Finally,
for the cases identified by db-scan as outliers, we have
(Id(Ol) � − 1, whereOl ∈ outliers). .en, each cluster will
be assigned a transition probability given by equation (5). In
this equation, α corresponds to the initial transition co-
efficient, and β corresponds to the transition probability
coefficient.

Ptr(J) � α + β
Id(J)

T
, (5)

where T is the total number of clusters not considering
outliers.

Finally, to execute the binarization process, consider
x(t) as the position of a particle in iteration t. Let xi(t) be
the value of the dimension i for the particle x(t), and let
vx

i (t + 1) be the velocity of the particle x(t) in the i
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dimension to transform x(t) from iteration t to iteration
t + 1. Additionally, consider that vx

i (t + 1) ∈ J, where J is
one of the clusters identified by the binary db-scan oper-
ator. .en, we use equation (6) to generate the binary
position of the particles in iteration t + 1.

xi(t + 1) ≔
xi(t), if rand<Ptr(J)where vx

i (t + 1) ∈ J,

xi(t), otherwise.


(6)

When vx
i (t + 1) ∈ outliers, the procedure is as follows:

From the complete list of outliers, the vx
i (t + 1) are ordered,

starting with the solution with the best fitness and pro-
ceeding to those with the worst performance..e top 20% of
solutions in terms of fitness is chosen, and a transition value
of α is applied. For the remaining elements, a transition value
of α + β is applied. Finally, once the transition operator is
applied, a repair operator is used, as described in Section 4.4
for solutions that do not satisfy some of the restrictions. .e
details of the transition operator are shown in Algorithm 3.

4.4. Repair Operator. .e repair operator is executed after
the execution of the transition operator. In the event that the

Begin
Execute initial

solutions
operator

Stopping criteria
were completed? End

Execute
db-scan
operator

Is the solution
an outlier?Execute

repair
operator

Execute
outlier

operator

Execute
transition
operator

Yes

No

Yes

No

Figure 1: A general flow chart of the binary db-scan algorithm.

(1) Function Initiation ()
(2) Input
(3) Output Solution S
(4) Sini⟵ SelecRandomColumn ()
(5) while All row are not covered do
(6) Sini.append (Heuristic (Sini))
(7) end while
(8) S⟵ Sini
(9) return S

ALGORITHM 1: Initialization operator.

(1) Function BinaryDbscan (Mh, ListP(t))
(2) Input Mh, ListP(t)

(3) Output nClusters(t + 1), ListViClusters(t + 1)

(4) ListP(t + 1)⟵ applyMh (Mh(ListP(t)))
(5) ListV(t + 1)⟵ getVelocityList (ListP(t), ListP(t + 1))
(6) ListVi(t + 1)⟵ getClusterList (ListV(t + 1))
(7) nClusters(t + 1), ListViClusters(t + 1)⟵ applyDbscan (ListVi(t + 1))
(8) return nClusters(t + 1), ListViClusters(t + 1)

ALGORITHM 2: Binary db-scan operator.
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coverage condition of the rows is not met, the repair op-
erator uses the heuristic operator to add new columns. After
all the rows are covered, we verify that there are no groups of
columns that cover the same rows. .e details of the repair
operator are shown in Algorithm 4.

4.5. Heuristic Operator. When a solution needs to be started
or repaired, a heuristic operator is used that selects a new
element. As an input parameter, the operator considers the
solution Sin, which needs to be completed. In the case of
being a new solution, Sin � ∅. With the list of columns
belonging to Sin, we obtain the set of rows R not covered by
the solution. With the set of rows not covered and using
equation (7), we obtain in line 4 the best 10 rows to be
covered. With this list of rows (listRows) online 5, we obtain
the list of the best columns according to the heuristic shown
in equation (8). Finally, in line 6, we randomly obtain the
column to incorporate. .e details of the heuristic operator
are shown in Algorithm 5.

Weight row(i) �
1
Li

, (7)

where Li is the sum of all ones in row i.

Weight column(j) �
cj

R ∩ Mj




, (8)

where Mj is the set of rows covered by Colj.

5. Results

To determine the contribution of the db-scan algorithm to
the binarization process, three groups of experiments are
performed. .e first group compares the db-scan algo-
rithm with two random operators, as detailed in Section
5.2. .e second group considers comparing db-scan with
the k-means clustering technique. .e results are shown in
Section 5.3, and the details of the k-means technique can
be found in [1]. Finally, the third group is shown in
Section 5.4 and compares the binarization performed by
db-scan with the binarization using TFs. .e latter is a

technique widely used in the binarization of continuous
algorithms. Additionally, in Section 5.1, we describe the
methodology used to define the parameters of the utilized
algorithms.

CS [5] and PSO [7] were the selected algorithms. .ese
algorithms are chosen for three reasons. Both algorithms are
quite simple to parameterize; thus, the study can focus on the
binarization technique rather than the parameterization. On
the other hand, both algorithms have satisfactorily resolved
nonlinear optimization problems [17, 32, 64–66]. Finally,
simplified theoretical convergence models for both PSO [39]
and CS [67] have been developed.

For the evaluation of the db-scan algorithm, instances E,
F, G, andH, which correspond to the most difficult instances
from Beasley’s OR library, were used. For the execution of
the instances, we used a PC with Windows 10 and an Intel
Core i7-8550U processor with 16GB of RAM..e algorithm
was programmed in Python 3.7. To perform the statistical
analysis in this study, the nonparametric Wilcoxon signed-
rank test and violin charts were used. .e analysis was
performed by comparing the dispersion, median, and
interquartile ranges of the distributions.

5.1. Parameter Settings. To obtain the parameters necessary
to generate the binary algorithms db-scan-PSO and db-scan-
CS, the methodology proposed in [1, 2] was selected. .is
methodology uses 4 measures defined in equations (9) to
(12) to determine the best configuration. To be able to
compare the different configurations, there are 4 measures,
which are located on a radar chart, and the area under the
curve is calculated for each configuration. .e configuration
with the largest area is selected.

(1) .e percentage deviation of the best value obtained
in the ten executions compared with the best known
value (see equation (9))

bSolution � 1 −
KnownBestValue − BestValue

KnownBestValue
. (9)

(1) Function Transition (ListP(t), ListX(t), nClusters(t + 1))
(2) Input ListP(t), ListViClusters(t + 1), nClusters(t + 1)

(3) Output List BinaryP(t + 1)

(4) for xi(t), vx
i (t + 1) in (ListP(t), ListVi(t + 1)) do

(5) if vx
i (t + 1) not in ouliers then

(6) Ptr(xi)⟵ getTransitionProbabily (ListViClusters(t + 1), nClusters(t + 1)) –equation (5)
(7) else
(8) Ptr(xi)⟵ getOutlierTransitionProbabily (ListViClusters(t + 1), nClusters(t + 1))
(9) end if
(10) List BinaryP(t + 1).append (xi(t + 1))⟵ getBinaryPosition (Ptr(xi(t)), ListViClusters(t + 1)) –equation (6)
(11) end for
(12) for x(t + 1) in List BinaryP(t + 1) do
(13) List BinaryP(t + 1)[x(t + 1)]⟵ Repair (x(t + 1))
(14) end for
(15) return List BinaryP(t + 1)

ALGORITHM 3: Transition algorithm.
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(2) .e percentage deviation of the worst value obtained
in the ten executions compared with the best known
value (see equation (10))

wSolution � 1 −
KnownBestValue − WorstValue

KnownBestValue
. (10)

(3) .e percentage deviation of the average value ob-
tained in the ten executions compared with the best
known value (see equation (11))

aSolution � 1 −
KnownBestValue − AverageValue

KnownBestValue
. (11)

(4) .e convergence time for the best value in each
experiment normalized according to equation (12)

nTime � 1 −
convergenceTime − minTime

maxTime − minTime
. (12)

For PSO, the coefficients c1 and c2 are set to 2.ω is linearly
decreased from 0.9 to 0.4. For the parameters used by db-scan,
the minimum number of neighbors (minPts) is estimated as a
percentage of the number of particles (N). Specifically, if N �

50 andminPts � 10, then the minimum number of neighbors
for the point to be considered within a cluster is 5. To select the
parameters, problems E.1, F.1, G.1, and H.1 were chosen. .e
parameter settings are shown in Tables 1 and 2. In both tables,
the column labeled Value represents the selected value, and the
column labeled Range corresponds to the set of scanned values.

5.2. Contribution of Db-Scan Binary Operator. .is section
attempts to understand the contribution of the db-scan

operator when compared with two random operators. .e
random operator models the situation whereby the transition
probability does not depend on the velocity of the particle,
unlike the db-scan operator, where the velocity strongly in-
fluences the cluster in which it will be located. Two random
operators were considered. .e first case (naive) is whereby
each point has the same probability of transition and therefore
is independent of the velocity. In the experiment, two con-
ditions were considered for the random operator. First, the
operator N random-0.25 has a fixed probability of 0.25;
second, the operator N random-0.5 uses a fixed transition
probability of 0.5. To make the comparison, CS was used. .e
second random operator, C random-5, additionally includes
the concept of clusters. In this second operator, 5 clusters are
defined, where 5 corresponds to, on average, the clusters
obtained by db-scan when executing the different instances.
Subsequent to each cluster, a transition probability of the set
0.1, 0.2, 0.3, 0.4, 0.5{ } is assigned without repetitions. Finally,
each particle randomly assigns a cluster.

.e results obtained using the N random operator are
shown in Table 3 and Figure 2. When we analyzed the best
and average indicators shown in the table, the superiority of
the results obtained by db-scan over those obtained by the
N random-0.5 and N random-0.25 operators was observed.
.is difference is consistent in all instances. .e Wilcoxon
test indicates that the difference is significant. When ana-
lyzing the violin charts, we see that the dispersion,
interquartile range, and median are substantially more ro-
bust when using the db-scan operator. .is experiment is a
strong indicator that, in the binarization process, i.e., the
assignment of a transition probability to a particle, it is
critical to consider the behavior of the particle in the search
space. .is allows us to obtain better behaving methods.

For the C random operator, the results are shown in
Table 4 and Figure 3. In this experiment, the PSO and CS
algorithms were used. When we analyzed the results of the

(1) Function Repair (x(t + 1))
(2) Input Input solution x(t + 1)

(3) Output .e repaired solution xrep(t + 1)

(4) while needRepair (x(t + 1))� �True do
(5) x(t + 1).append (Heuristic (x(t + 1)))
(6) end while
(7) xrep(t + 1)⟵ deleteRepeatedItem (x(t + 1))
(8) return xrep(t + 1)

ALGORITHM 4: Repair algorithm.

(1) Function Heuristic (Sin)
(2) Input Input solution Sin
(3) Output .e new column Cout
(4) listRows⟵ getBestRows (Sin, N� 10)
(5) listcolumsnOut⟵ getBestColumns (ListRows, M� 5)
(6) columnOut⟵ getColumn (listcolumnsOut)
(7) return columnOut

ALGORITHM 5: Heuristic operator.
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table, it is observed that db-scan has a better behavior than
C random in both algorithms. When analyzing Figure 3, it is
observed that the median, interquartile range, and disper-
sion measures obtain better results with the db-scan oper-
ator. Additionally, we should note that C random achieves a
better performance than N random, which suggests that
assigning random transition probabilities by groups is more
appropriate than assigning them randomly.

5.3. K-Means Algorithm Comparison. K-means is another
clustering technique that was used in [2] to binarize

continuous swarm intelligence algorithms and applied to the
knapsack problem. .e objective of this section is to
compare the behavior of the binarization used by db-scan
with that used by k-means. .e k-means technique, unlike
db-scan, is necessary to define the number of clusters. On the
other hand, the computational complexity of k-means once
the number of clusters (k) and the dimension (d) of the
points are fixed is O(ndk+1log n), where n is the number of
points to be clustered. .e computational complexity of db-
scan is O(nlogn). In this experiment, the quality of the
solutions and their execution times are compared. For the
case of k-means, k� 5. In the case of db-scan, the number of

Table 1: Parameter setting for PSO Algorithm.

Parameters Description Value Range
α Initial transition coefficient 0.1 [0.08, 0.1, 0.12]
β Transition probability coefficient 0.6 [0.5, 0.6, 0.7]
N Number of particles 50 [30, 40, 50]
ϵ ϵ db-scan parameter 0.4 [0.3, 0.4, 0.5]
minPts Point db-scan parameter 10% [10, 12, 14]
Iteration number Maximum iterations 800 [600, 700, 800]

Table 2: Parameter setting for CS algorithm.

Parameters Description Value Range
α Transition probability coefficient 0.1 [0.08, 0.1, 0.12]
β Transition probability coefficient 0.5 [0.5, 0.6, 0.7]
N Number of particles 50 [30, 40, 50]
ϵ ϵ db-scan parameter 0.4 [0.3, 0.4, 0.5]
minPts Point db-scan parameter 12% [10, 12, 14]
c Step length 0.01 [0.009, 0.01, 0.011]
κ Levy distribution parameter 1.5 [1.4, 1.5, 1.6]
Iteration number Maximum iterations 800 [600, 700, 800]

Table 3: Comparison between db-scan and Nrandom operators.

Instance Best known
db − scan-CS Nrandom-0.25-CS Nrandom-0.5-CS

Best Avg Time (s) Best Avg Time (s) Best Avg Time (s)
E.1 29 29 29.0 12.1 29 30.4 7.7 29 30.7 8.2
E.2 30 30 30.2 11.8 31 32.6 8.1 30 32.4 7.8
E.3 27 27 27.3 12.9 28 29.4 6.6 28 29.8 8.1
E.4 28 28 28.0 11.5 29 30.3 6.5 28 30.7 8.3
E.5 28 28 28.0 11.4 29 29.8 6.7 28 30.1 8.2
F.1 14 14 14.0 12.7 15 16.1 9.1 15 16.9 14.1
F.2 15 15 15.2 13.1 16 17.8 8.7 16 18.1 15.3
F.3 14 14 14.1 12.6 15 15.4 9.3 15 15.5 14.8
F.4 14 14 14.0 12.9 15 16.2 9.4 15 16.2 14.9
F.5 13 13 13.2 13.2 14 15.7 8.9 14 15.9 14.1
G.1 176 176 177.1 73.1 183 187.4 54.6 184 189.1 60.3
G.2 154 156 156.6 72.6 162 167.1 57.3 161 166.3 61.2
G.3 166 168 168.4 70.3 174 179.4 58.6 173 178.4 59.7
G.4 168 169 169.7 68.9 173 177.2 56.6 174 178.2 60.5
G.5 168 168 168.2 72.1 172 176.7 54.1 171 177.8 58.1
H.1 63 64 64.8 65.3 68 72.3 52.7 68 73.1 54.9
H.2 63 63 63.6 68.1 69 73.1 55.3 68 73.5 53.1
H.3 59 60 60.9 69.7 64 68.4 57.2 64 67.9 58.9
H.4 58 59 59.2 70.3 63 66.3 56.6 62 67.1 60.4
H.5 55 55 55.2 69.3 61 64.2 55.3 60 64.9 59.1
Average 67.1 67.5 67.84 41.2 70.5 73.29 31.97 70.1 73.63 35.0
Wilcoxon p − value 1.03e− 4 8.84e− 5 5.20e− 4 8.85e− 5
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clusters is variable. For comparison, the same dataset as in
the previous experiment is used. In Table 5, the results of the
binarization for CS and PSO are shown using the k-means
and db-scan operators. When we observe the best and

average indicators, we see that their values are very similar for
both the implementation with k-means and the imple-
mentation with db-scan. Moreover, when we use the Wil-
coxon test, we see that the small differences are not significant.
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Figure 2: Gap comparison between db-scan and Nrandom algorithms for the SCP dataset.

Table 4: Comparison between db-scan and Crandom operators.

Instance Best known
Crandom-5.PSO db − scan-PSO Crandom-5.CS db − scan-CS

Best Avg Time Best Avg Time Best Avg Time Best Avg Time (s)
E.1 29 29 29.9 11.1 29 29.0 13.4 29 29.8 10.6 29 29.0 12.1
E.2 30 30 31.1 10.8 30 30.1 13.7 31 31.6 10.9 30 30.2 11.8
E.3 27 28 28.7 10.6 27 27.5 14.1 28 28.5 9.8 27 27.3 12.9
E.4 28 29 29.9 10.1 28 28.1 12.9 29 29.6 10.2 28 28.0 11.5
E.5 28 28 28.7 10.5 28 28.3 13.2 28 28.4 10.4 28 28.0 11.4
F.1 14 15 15.5 10.9 14 14.1 12.8 15 15.7 11.3 14 14.0 12.7
F.2 15 16 16.8 11.5 15 15.4 13.5 16 16.8 12.1 15 15.2 13.1
F.3 14 14 14.9 11.9 14 14.4 13.7 15 15.9 10.9 14 14.1 12.6
F.4 14 15 15.8 12.1 14 14.1 13.1 15 15.7 11.2 14 14.0 12.9
F.5 13 14 14.7 11.4 13 13.4 13.4 14 15.1 11.4 13 13.2 13.2
G.1 176 180 183.9 68.2 176 176.8 81.3 181 184.2 67.2 176 177.1 73.1
G.2 154 160 163.8 69.1 156 156.8 77.4 160 164.1 64.3 156 156.6 72.6
G.3 166 171 174.6 68.7 168 168.9 79.8 172 175.3 65.1 168 168.4 70.3
G.4 168 172 175.1 68.4 169 170.1 78.1 172 174.9 66.3 169 169.7 68.9
G.5 168 173 176.4 67.1 169 169.6 81.2 172 175.8 64.8 168 168.2 72.1
H.1 63 68 70.6 65.8 64 64.5 74.2 68 70.4 61.4 64 64.8 65.3
H.2 63 68 71.2 67.2 64 64.3 73.2 68 71.7 59.7 63 63.6 68.1
H.3 59 63 66.1 68.1 60 60.4 72.1 62 65.4 62.3 60 60.9 69.7
H.4 58 63 65.9 65.7 59 59.8 76.5 63 66.1 61.8 59 59.2 70.3
H.5 55 58 61.5 63.2 55 55.2 74.6 59 62.3 60.2 55 55.2 69.3
Average 67.1 69.7 71.76 39.12 67.6 68.04 45.11 69.85 71.87 37.09 67.5 67.84 41.2
Wilcoxon p − value 3.65e− 4 8.84e− 5 1.58e− 4 8.82e− 5
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However, when we analyze the execution times, we see that
db-scan improves the times obtained by k-means. When we
compare the interquartile range and the dispersion shown in
Figure 4, we see that the results are very similar. Considering
that k-means handles a fixed number of clusters and given

that, in the case of db-scan, this can be variable, the quality of
the solutions is not affected significantly.

5.4. Transfer Function Comparison. In this section, we detail
the experiments that allow us to evaluate the behavior of
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Figure 3: Gap comparison between db-scan and Crandom algorithms for the SCP dataset.

Table 5: Comparison between db-scan and k-means operators.

Instance Best known
k-means.PSO db − scan-PSO k-means.CS db − scan-CS

Best Avg Time Best Avg Time Best Avg Time Best Avg Time (s)
E.1 29 29 29.2 17.1 29 29.0 13.4 29 29.1 18.1 29 29.0 12.1
E.2 30 30 30.1 18.1 30 30.1 13.7 30 30.2 17.9 30 30.2 11.8
E.3 27 27 27.6 16.8 27 27.5 14.1 27 27.1 19.1 27 27.3 12.9
E.4 28 28 28.3 17.3 28 28.1 12.9 28 28.2 16.4 28 28.0 11.5
E.5 28 28 28.6 17.9 28 28.3 13.2 28 28.2 16.9 28 28.0 11.4
F.1 14 14 14.1 17.5 14 14.1 12.8 14 14.1 19.1 14 14.0 12.7
F.2 15 15 15.4 18.1 15 15.4 13.5 15 15.3 17.2 15 15.2 13.1
F.3 14 14 14.5 18.4 14 14.4 13.7 14 14.2 17.3 14 14.1 12.6
F.4 14 14 14.1 17.3 14 14.1 13.1 14 14.3 17.7 14 14.0 12.9
F.5 13 13 13.3 17.8 13 13.4 13.4 13 13.0 18.1 13 13.2 13.2
G.1 176 176 176.5 98.5 176 176.8 81.3 176 176.8 102.7 176 177.1 73.1
G.2 154 156 157.1 95.5 156 156.8 77.4 156 156.9 96.5 156 156.6 72.6
G.3 166 168 168.6 93.4 168 168.9 79.8 169 169.7 99.1 168 168.4 70.3
G.4 168 169 170.4 103.2 169 170.1 78.1 169 169.4 97.4 169 169.7 68.9
G.5 168 168 170.0 101.8 169 169.6 81.2 168 168.4 96.3 168 168.2 72.1
H.1 63 64 64.7 99.7 64 64.5 74.2 63 63.6 101.3 64 64.8 65.3
H.2 63 63 63.5 101.2 64 64.3 73.2 64 64.5 99.8 63 63.6 68.1
H.3 59 60 60.3 96.6 60 60.4 72.1 60 60.8 97.4 60 60.9 69.7
H.4 58 59 59.7 97.3 59 59.8 76.5 59 59.7 99.5 59 59.2 70.3
H.5 55 55 55.3 98.2 55 55.2 74.6 55 55.4 95.1 55 55.2 69.3
Average 67.1 67.5 68.07 58.09 67.6 68.04 45.11 67.55 67.94 58.14 67.5 67.84 41.2
Wilcoxon p − value 0.16 0.42 0.56 0.21
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binarization using db-scan with respect to the TF..e TF is
a general binarization mechanism that, instead of using the
cluster concept to assign a transition probability, uses
functions that map Rn in the space (0, 1)n. Usually,
two families of functions are used: v-shape ((eτ|xd

i
| − 1)/

(eτ|xd
i
| + 1)) and s-shape (1/(e− τxd

i + 1)) functions. For more
details about TFs, we recommended [32].

In our case, we used the v-shape function with the
parameter τ � 2.5 for both the CS and PSO algorithms. .e
methodology used to determine the family and the pa-
rameter τ corresponds to the same detailed in Section 5.1.
.e results are shown in Table 6 and Figure 5. For the TFs,
2000 iterations were considered for the experiment. From
Table 6, it is observed when analyzing the best and average
indicators that the binary algorithms obtained through db-
scan achieve better performance than those obtained with
the TF. When performing the Wilcoxon test, the obtained
differences are significant. When we look at Figure 5, we see
that the dispersion and interquartile ranges are considerably
improved when using db-scan. We should note that the TF
assigns a particular value of the transition probability to each
solution based on a function, unlike db-scan, uses assign-
ment by groups of solutions.

6. Real-World Application

.e crew scheduling problem (CSP) is related to building the
work schedules of crews necessary to cover a planned
timetable. .e CSP is studied in operations research and is
usually related to the airline industry, transit companies, and
railways, among others. In this section, we are interested in

using the binarizations obtained from applying the db-scan
algorithm to the CSP.

.e CSP, due to its difficulty, needs to be decomposed in
several stages, where each stage has a given computational
complexity. .e literature contains variations of the CSP.
.ese variations consider integration with other problems or
the inclusion of new restrictions. For example, in the CPS in
[68], attendance rates were studied. A CSP integration with
the vehicle scheduling problem was developed in [69]. In
[70], an application of the CSP with fairness preferences was
explored. .e crew pairing and fleet assignment problems
were studied in [71].

.e CSP starts with a timetable of services that must be
executed with a certain frequency. On the other hand, the
service needs to be executed in a certain time window. A
service consists of a sequence of trips, where a trip has the
following attributes: a start time, an end time, a departure
station, an arrival station, and a crew that delivers the
service. In terms of the above attributes, each trip is
assigned a cost. When we consider a period of time and a
crew, a roster must be generated. .en, the CSP consists of
finding a subset of rosters that covers all trips at the
minimum cost. .e problem can be divided into two
phases. .e first phase corresponds to the generation of a
pairing. A pairing is defined as a set of trips that are
assigned to a single crew in a short period of time. In this
pairing phase, a large number of pairings is generated that
satisfy the constraints of the problem. A match must start
and end at the same depot, and a cost must be associated.
.e second phase corresponds to the pairing optimiza-
tion. At this stage, a selection is made of the best subset of
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all generated pairings to ensure that all trips are covered at
a minimum cost. .e modeling of this phase follows an
approach based on the solution to set covering or set
partitioning problems. In this work, we use a dataset on

which the pairs were generated; therefore, we focus our
efforts on performing the pairing optimization phase. To
verify our algorithm, 7 datasets associated with real-world
crew scheduling problems were used. .ese datasets come

Table 6: Comparison between db-scan and TF operators.

Instance Best known
TF-PSO db − scan-PSO TF-CS db − scan-CS

Best Avg Time Best Avg Time Best Avg Time Best Avg Time (s)
E.1 29 29 30.8 47.4 29 29.0 13.4 29 29.7 37.2 29 29.0 12.1
E.2 30 30 30.7 41.5 30 30.1 13.7 30 31.3 36.5 30 30.2 11.8
E.3 27 28 30.1 39.8 27 27.5 14.1 28 29.2 38.3 27 27.3 12.9
E.4 28 29 29.8 45.7 28 28.1 12.9 29 29.7 37.7 28 28.0 11.5
E.5 28 29 29.6 44.2 28 28.3 13.2 29 30.1 34.1 28 28.0 11.4
F.1 14 14 14.9 46.1 14 14.1 12.8 14 14.9 39.5 14 14.0 12.7
F.2 15 15 15.1 49.2 15 15.4 13.5 15 15.2 43.2 15 15.2 13.1
F.3 14 14 14.6 49.3 14 14.4 13.7 14 14.9 47.1 14 14.1 12.6
F.4 14 14 14.7 45.2 14 14.1 13.1 14 14.8 46.3 14 14.0 12.9
F.5 13 14 14.9 41.4 13 13.4 13.4 14 14.7 44.1 13 13.2 13.2
G.1 176 177 178.4 286.4 176 176.8 81.3 177 177.9 324.4 176 177.1 73.1
G.2 154 157 158.3 301.3 156 156.8 77.4 158 159.1 351.3 156 156.6 72.6
G.3 166 169 170.2 314.5 168 168.9 79.8 170 171.4 346.7 168 168.4 70.3
G.4 168 169 170.7 322.1 169 170.1 78.1 169 171.2 358.1 169 169.7 68.9
G.5 168 169 170.5 303.1 169 169.6 81.2 169 169.9 354.2 168 168.2 72.1
H.1 63 64 65.1 265.2 64 64.5 74.2 64 65.1 286.8 64 64.8 65.3
H.2 63 64 65.3 246.4 64 64.3 73.2 64 65.7 279.4 63 63.6 68.1
H.3 59 60 61.8 298.1 60 60.4 72.1 61 62.1 277.2 60 60.9 69.7
H.4 58 59 60.3 293.7 59 59.8 76.5 60 60.6 298.1 59 59.2 70.3
H.5 55 56 57.4 300.1 55 55.2 74.6 56 57.2 305.2 55 55.2 69.3
Average 67.1 68.0 69.16 169.03 67.6 68.04 45.11 68.2 69.23 179.27 67.5 67.84 41.2
Wilcoxon p − value 4.6e − 3 1.2e − 4 1.05e − 3 1.3e − 4
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Figure 5: Gap comparison between db-scan and TF algorithms for the SCP dataset.
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from an application from the Italian railways and have
been provided by Ceria et al. [72]. Table 7 shows the
datasets and their results. When we analyzed the table, we
observed that although the problems were larger than the
previous problems, the performances of the db − scan—
PSO and db − scan— binarizations were adequate. In the
case of db − scan—PSO, the gap for the best value was
0.52%, and, on average, it was 1.17%. For db − scan—CS,
the gap for the best value was 0.52%, and, on average, it
was 1.08%.

7. Conclusions

In this article, an algorithm was proposed that uses the db-
scan technique with the goal of binarizing continuous swarm
intelligence metaheuristics. To evaluate the proposed algo-
rithm, as a first step, two random operators were designed
with the objective of identifying the contribution of db-scan
to the binarization process. Subsequently, the proposed db-
scan algorithm was compared with two binarization tech-
niques..e first technique is based on the clustering concept
and uses the k-means technique, where the number of
clusters is fixed. .e second technique uses TFs as a
binarization mechanism. In the comparison with the
binarization technique that uses the concept of i-means, the
results were very similar. .ose results were confirmed with
the Wilcoxon test, which showed no significant differences
between the two techniques. However, we must emphasize
that the execution times of db-scan were shorter than those
of k-means. One point to consider is that the different
methods of generating the clusters do not affect the quality of
the solutions. In the case of k-means, a fixed number of
clusters, generated based on the proximity of the points, is
defined. For db-scan, the number of clusters is variable and
is generated based on the proximity and density of points. In
comparison with the TFs, we observed that there is a sig-
nificant difference in favor of db-scan..is suggests that it is
more efficient in the binarization process to assign transition
probabilities to groups than to assign them individually. .e
application of machine learning to metaheuristic algorithms
is a line of research that has several aspects. We see that
machine learning techniques can learn and help to un-
derstand under which conditions a metaheuristic algorithm
performs efficiently. However, these techniques can be ap-
plied to other operators, such as perturbation operators,
when a metaheuristic algorithm is trapped in a local

minimum, and operators that control the population of a
swarm intelligence algorithm to improve the intensification
and diversification properties. Additionally, appealing to the
no-free-lunch theorem, it would be interesting to evaluate
these algorithms when including machine learning tuning
applied to other combinatorial problems.
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dynamic binary black hole algorithm applied to set covering
problem,” in Proceedings of the International Conference on
Harmony Search Algorithm, pp. 42–51, Springer, Bilbao,
Spain, February 2017.

[31] R. S. Garfinkel and G. L. Nemhauser, Integer Programming,
Wiley, New York, NY, USA, 1972.

[32] B. Crawford, R. Soto, G. Astorga, J. Garćıa, C. Castro, and
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In the last decade, sentiment analysis, opinion mining, and subjectivity of microblogs in social media have attracted a great deal of
attention of researchers. Movie recommendation systems are the tools, which provide valuable services to the users. -e data
available online are growing gradually because the online activities of users or viewers are increasing day by day. Because of this,
big data, analytics, and computational issues have raised. -erefore, we have to improve recommendations services upon the
traditional one to make the recommendation system significant and efficient. -is article presents the solution for these issues by
producing the significant and efficient recommendation services using multivariates (ratings, votes, Twitter likes, and reviews) of
movies from multiple external resources which are fetched by the web bot and managed by the Apache Hadoop framework in a
distributed manner. Reviews are analyzed by a deep semantic analyzer based on the recurrent neural network (RNN/LSTM
attention) with user movie attention (UMA) to produce the emotion. -e proposed recommender evaluates multivariates and
produces a more significant movie recommendation list according to the taste of the user on a mobile app in an efficient way.

1. Introduction

“Recommendation systems” are services that use Artificial
Intelligence (AI) and Natural Language Processing (NLP)
techniques to provide the empirical solutions of the rec-
ommendations for various application frameworks and
services [1]. Recommendation systems enables mobile apps
and web applications to make the perception intelligently
about the selection of different items, movies [2], hotels [3],
food [4], tourism [5], books [6], TV shows [7], YouTube
videos [8], health [9], etc. Community trends polarize to-
wards music, movies, or videos. For music or movies or
videos, a huge amount of stream is available online, but
which one of them will be watched is still a rising question.
Music or movie recommendation systems still have chal-
lenges like the playlist, magnitude, security, privacy, rec-
ommendation, and session. -erefore, MRSs become a
domain of music information retrieval (MIR) [10–13]. Now,
the society has changed, and community trends highly
depend on mobile app usage. Several products are enriched

by the usage of a mobile app. So mobile app recommen-
dation systems are essential for suitable selection of rec-
ommended items [14–16]. Most of the recommender
systems are univariate and use ratings and reviews or tweets
[17], and other few are bivariate (sentiment score and likes)
[18–20]. -is work is state of the art and uses the multi-
variate matrix, which makes the decision using a dynamic
approach for suggesting the movie according to the relative
taste of the users. -e term “multivariate” means involving
many variables like a qualitative variable (semantic score)
and quantitative variables (Twitter likes, rating, and votes) of
movies from three movie sites for significant recommen-
dation [21]. Our work is on extremity grouping of movie
reviews, where an opinionated report is labeled with se-
mantic emotions of the microblog text or reviews and
emotions [22] using a semantic parser based on the re-
current neural network (RNN/LSTM) [23, 24]. A drawback
is that change of a user’s review about a movie may affect the
user’s preference. -e nature of reviews influenced by the
choice of words uses multilingual dictionaries. Some
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recommendation systems use linked movie databases, in-
cluding Trovacinema, Google Places, and Netflix, and
Wikipedia provides linked data and ontologies for de-
scriptions about the movie [25–27]. Using the shallow
machine learning models for solving the NLP problems is
handcrafted and time-consuming. Nowadays, word em-
bedding, neural-based models achieve success and popu-
larity by producing a better result as compared to traditional
machine learning logistic regression, SVM, and KNN.

Artificial neural networks are the mathematical models
that are inspired by human neural networks.-ey have three
simple layers: input, output, and hidden layers, or sometimes
only two layers: input and output layers. -e input layer is
connected to the hidden layer via a lean weight. -e hidden
layer output combines via the activation function
h � ϕ(wi · xi). In the ANN, like the biological neural net-
work, neurons are the nodes, while synopses are the edges.
Each artificial neuron has an activation function in the ANN.
-ere are several activation functions like sigmoid which
ranges from 0 to 1, hyperbolic function which ranges from
−1 to 1, and softmax function whose output in categorical
distribution and ReLu function is a feedforward neural
network. -e ANN is not an algorithm; it is a framework for
several machine learning algorithms to solve a complex
work. -erefore, we can say that it is a collection of neurons
or networks of neurons (https://en.wikipedia.org/wiki/
Artificial_neural_network). -e recurrent neural network
(RNN/LSTM) processes the sequence semantically, which is
the basic structure of deep neural networks. Several NLP
tasks are performed by RNNs/LSTM attention. In this work,
we used the hierarchical neural network (HNN) based on
LSTM attention, which impaled the global user and movie
information via word and sentence-level attention for
document representation. -e user’s reviews and movie
features at the word and sentence level are taken for se-
mantic analysis of reviews, which play a major role in the
process of true recommendations. Global user information
represents the personal behavior and the movie feature
represents a movie genre or a movie profile or linked data
which are useful for semantic extraction of movie reviews
[28]. In natural language (word sequence), each word or
sentence is related to another one and requires to be un-
derstood semantically. A huge amount of data are available
online on web contents (ratings, reviews, likes, votes, smiley,
images, and stars) that can be fetched by a web bot or web
agent or crawler, which are all same terms used in-
terchangeably. Web content (ratings, reviews, likes, votes,
smiley, images, and stars) is useful for recommendation
services. -ese contents are evaluated and make the per-
ception about users, and items make the recommendation
for others [29, 30]. -e hot issues of big data like compu-
tational complexity are managed by using Map-Reduce and
Apache Mahout in NoSQL [31, 32] distributed environment
which reduce computation complexity by clustering and
horizontal scaling instead of empowered single machine
[33]. Because user frequency and data volume gradually
increase, it is difficult to manage these huge data by a single
machine. Sparsity can be reduced by factorization [34].
Movie recommendation systems provide services to users

using content-based filtering algorithms [35], collaborative
filtering [36], and some combined forms to make a hybrid
filtering algorithm [37]. We used implicate rating to handle
the cold start problem [38], an implication managed by the
server -e multivariate movie recommender provides the
services to users to watch the movies according to their
profile or history (previously watched or rated). -erefore,
there is a need to improve recommendation systems for
significant recommendation services. We developed a pilot
version for these problems, which consists of a mobile app, a
web scraper, and a multivariate recommender to provide the
significant services for movie recommendation in an effi-
cient way.

-is work is arranged as follows: related works are
discussed in Section 2, the recurrent multivariate movie
recommendation system model is explained in Section 3,
recurrent multivariate movie recommendation system
implementation is given in Section 4, experiments and re-
sults are discussed in Section 5, and evaluation of the system
is done in Section 6. -e conclusion of this paper is pre-
sented in Section 7 and future work with more parameters in
Section 8.

2. Literature Review

Sentiment analysis deals with the user’s comments, reviews,
likeness, ratings, etc. to retrieve the sentiment and opinions
of users. -e microblog text sentiment analysis is based on
the NLP methodology to retrieve suitable YouTube videos
and movies and campaigns for smoking cessation, phar-
macovigilance, politics of elections, advertisement of pizza,
journalistic inquiry, and influenza prevention for public
health [39–45].-e CNN and RNN are two major categories
of deep neural networks (DNNs). Sequential and hierarchal
structures deal with the RNN and CNN, respectively. Both
the CNN and RNN can be supervised, semisupervised, and
unsupervised. -e deep learning algorithm also involves in
propagation and weight update activities. RNNs are based
on multiple layers: input, hidden, and output layers, while
CNNs have input, hidden, and pooling layers. -e CNN is
efficient for pattern recognition in hierarchal data classifi-
cation. However, the RNN deals with linear data to be se-
mantically analyzed and classified in NLP; in the CNN, the
window size is limited, so the RNN is very useful if reviews
from the microblog are very large [46, 47]. Recommendation
frameworks were presented as agents of the second class,
being characterized as frameworks that “. . . enable in-
dividuals to settle on decisions dependent on the conclusions
of other individuals.” [48]. Early data-sharing frameworks
had a place with the primary class and depended on text-
based classification or separation, which works by choosing
important things as per many literary catchphrases [49].
Recommender frameworks propose “things important to
clients dependent on their unequivocal and verifiable in-
clinations, the inclinations of different clients, and client and
thing traits.” [50]. -e recommendation system is finding
the right product according to the taste of the customer by
filtering the fact through the likeness value [51]. Suggestions
utilize the assessments of a community of clients to help
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people in that community all the more adequately distin-
guish the content of enthusiasm from a possibly over-
powering set of decisions [52]. Recommendation by
demographics which groups the users as per the traits of
their personnel file, besides, creates proposals dependent on
classes of the statistic. A premature precedent is a gener-
alization-based Grundy system, which has been made to
bolster book searching in a library [53]. -e recommen-
dation is reliant on the computation of utility of each item
for a user’ utility capacity (http://www.eqo.info). Recom-
mendation by knowledge proposes things dependent on
legitimate inductions about a user’s inclinations. A learning
portrayal or a rule about how a thing meets a specific client
requirement is important (http://www.findme.com.ph). By
applying preference-based collaborative filtering, a recom-
mender system intend to foresee majority of estimation of
likeness, where a few users may provide inconspicuous views
as well [54]. -ere are two types of architecture for the
recommendation systems: One is centralized and situated at
a specific location [55]. Another one is geographically dis-
tributed and situated at different locations [56]. -ere are
three types of recommendation modes by which the system
will be initiated: -e first one is the push mode in which
suggestions are pushed to the user while he is not associating
with the system by email [48]. -e second one is the pull
mode in which suggestions are generated but are displayed
to the user just when he permits or unequivocally asks for it
[57]. Push and pull modes are the active mode in which the
recommender is initiated. -e third one is the passive mode
in which suggestions are generated as a feature of the
customary framework activity, for instance, an item sug-
gestion with reference to a user’s preference [58]. A user’s
preference of items can be determined by using the linear
adaptive functionmultiattribute utility theory (MAUT) [59].
Cosine similarity determined by cosine vector comparability
is one of the well-known measurements of insight since it
notionally considers just the edge of two vectors without the
size.-e collaboration between the search item and the other
item that is rated by users can be measured by the angle of
their vectors; if the angle is 90°, then the value of cosine
similarity is zero, which means the item is irrelevant. If the
angle between cosine vectors is nearly about zero, then the
value of cosine similarity is one, which means the product
is relevant (https://en.wikipedia.org/wiki/Cosine_similarity)
[60].-ere are threemajor classes of collaborative filtering: (1)
collaborative filtering (CF) in which users and items’ profile
data are required to make a decision for recommendation
[61], (2) content-based filtering on the description of the
content of items and user preference information (explicate or
implicate) for recommendation [62], and (3) combining
various filtering techniques to handle scalability, sparsity, and
cold start problem and other big data issues of the recom-
mendation system to get better outcomes [63].

3. Multivariate Movie Recommendation Model

-e multivariate approach is (see Figure 1) based on three
modules: mobile app, multivariate recommender, and web
scraper. Users can get the recommendation services through a

mobile application. -e mobile app module provides the
information such as the user’s query, profile, and history to
the recommender module. -e recommendation is made for
both registered and unregistered users of the mobile app. -e
recommendation module is based on the deep learning NLP
module and computation module. -e NLP module pre-
processes the fetched qualitative data (user’s reviews) of
microblogs using a tokenizer, stemmer, and POStagger and
then semantically analyzes the reviews and extracts the se-
mantic emotions aboutmovies. Semantic parser work is based
on the deep machine learning algorithm recurrent neural
network (RNN/LSTM attention) with user movie attention
(UMA). Semantic emotion is classified into five major classes:
(i) Highly Favorable, (ii) Favorable, (iii) Averagely Favorable,
(iv) Unfavorable, and (v) Highly Unfavorable, on the bases of
their relative semantic scores. While the computation module
normalized the quantitative data (Twitter likes, votes, and
ratings), normalized scores and semantic emotional scores
were evaluated to generate the recommended movie list. -e
recommended movie list consists of five medals and their
popularity such as Platinum: “Highly Popular,” Gold:
“Popular,” Silver: “Averagely Popular,” Bronze: “Unpopular,”
and Copper: “Highly Unpopular.” -e recommended movie
list is generated according to users’ taste and preference. A
web scraper fetched data (reviews, Twitter likes, votes, and
ratings) from external data source sites (CinemaBlend,
Moviefone, Rotten Tomatoes, and Twitter) and stored them in
the NoSQL database for computation. Users’ feedback about a
movie and app is useful for generating the recommended list
and evaluation of system reliability.

3.1. NLP Module. NLP has the capability to understand
natural language. Users share their opinions and reviews
from the microblog that help in making a decision. Posi-
tivity, negativity, and neutrality are extracted by opinion
mining, whereas emotions are extracted by semantic anal-
ysis. In our work, the NLP module determines the semantic
emotion of the movie’s reviews by the LSTM-attention
machine learning algorithm. -is semantics is one of the
parameters in multivariates used to make a recommenda-
tion. -is methodology for semantics is depicted as follows:

(i) -e module fetches the reviews from microblogs
related to movies such as CinemaBlend, Moviefone,
and Rotten Tomatoes

(ii) -e module preprocesses the microblog text or
reviews using a sentence splitter, tokenizer, and
stemmer/lemmatizer

(iii) -e module determines the sense of the word to
strength the sentiment using SenticNet

(iv) Semantic parsing based on attention is done to
construct a parse tree to identify the syntactic tree as
the emotion of the sentence

(v) RNN/LSTM-user movie attention (UMA) machine
learning algorithm is used to classify the reviews

3.2. Preprocessing. It is estimated that more than 80% of data
are unstructured and not in an organized manner.
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Preprocessing of text is cleaning or normalization of text/
reviews. Stemming or lemmatization and tokenization are
done to reduce the sparsity and shrink the feature space.
Semantic analysis has to face some challenges such as short
text, misspelling, grammatical mistake, slang, unusual terms,
tags, white spaces, noise, and emoji. Text is a sequence of
words, while word is a meaningful sequence of characters.
However, the question is how to find out the boundaries of
words. Words are identified by spaces or punctuation in
English. However, a compound word is a set of words which
have no spaces inGerman, for example, (“childhoodmemories
description of an unforgettable event”)⟶ (“Kindheitser-
innerungen Beschreibung eines unvergesslichen Ereignisses”),
while there are no spaces at all in Japanese like this
(“childhoodmemoriesdescriptionofanunforgettableevent”).

3.2.1. Tokenization. -e process of splitting the text stream
into units is called tokenization. Units refer to tokens. For
example, “-is movie is so riddled” is a character string which
is tokenized as [-is] [movie] [is] [so] [riddled]. Splitting the
input sequence into tokens has some problems. Splitting by
white space has a problem that different tokens are tokenized
into similar words, while the same words may have similar
meanings (https://NLTK.Tokenize.WhiteSpaceTokenizer).
Splitting by punctuation in which some punctuation are not
meaningful is like “An apostrophe problem” (https://NLTK.
Tokenize.WordPunctTokenizer). Splitting comes up with the
set of rules that generate a more meaning full result (https://
NLTK.Tokenize.TreeBankWordTokenizer).

3.2.2. Stemming (Lemmatization). -e stemmer stemmed
the words like the Porter stemmer, which stemmed the English
words “looked” as “look” with a morphological production
rule, for example, [(“SSES⟶ SS”): (“Caresses⟶ caress”)],
[(“IES⟶ I”): (“Ponies⟶Poni”)], [(“SS⟶ SS”): (“Caress
⟶Caress”)], and [(“S⟶ S”): (“Cats⟶Cat”)], but due to
stemming of nonwords, the same plural word can be stemmed
to singular and irregular forms. -ese are produced like
(Wolves⟶wolv), (Feet⟶ Feet). -e WordNet database is
looked up for lemmas to solve this type of problem. It solves
some specific problems but not all, like (Wolves⟶wolf) and
(Feet⟶ Foot) (https://NLTK.Stem.WordNetlemmatizer).

3.2.3. POS-Tag Generation. POS tags are determined for all
the tokens by Treebank POStagger. Treebank Project 1 repre-
sents 36 POS tags (http://www.ling.upenn.edu/courses/
Fall_2003/ling001/penn_treebank_pos.html). For example, the
POStag of string “Unwatchable I made it through 20minutes I
think” is [Unwatchable/VB] [I/PRP] [made/VBD] [it/PRP]
[through/IN] [20/CD] [minutes/NNS] [I/PRP] [think/VBP].

3.2.4. Word Sense Disambiguation (WSD). WSD is the issue
of deciding the “sense” of a word. A lexicon controls a word
and its conceivable faculties. Bar-Hillel, 1960, presented the
example [“Little John was looking for his toy box. Finally, he
found it. -e box was in the pen. John was very happy.”]. In
the previous string, a word “pen” has different senses
according to WordNet. “Pen” word defines an “ink flow
from a point to write”; here, pen is defined as an “arena of
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Figure 1: Architecture of the multivariate movie recommendation system.
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cattle” and as a “bird’s family.” In the assessment of the
movie’s reviews, SenticNet is utilized to indicate their de-
grees of polarity, antagonism, and impartiality. -e Sen-
ticNet score of the terms and its recurrence are determined
to get the general supposition of the reviews (https://sentic.
net) [64].

3.3. Parsing. In NLP, parsing is the process of determining
the structure of a sentence by analyzing its essential words
based on an underlying syntax. -e Stanford parser is used to
construct the parse tree that determines the syntactic struc-
ture relative to grammar (language). Parsing can refer to
various things. Shallow parsing or chunking is the process of
grouping the words into noun phrases (NP). Stuff can also be
grouped into VP (verb phrases) and PP (prepositional
phrases) using grammar like (S⟶NP│VP), (NP⟶Det-
Noun), (NP⟶ProperNoun), and (VP⟶Verb│NP). In
contrast, dependency parsing determines the dependencies
between the words and their type. For example, spa-
Cy+displaCy for parsing and rendering is used to produce a
more semantic result.

3.3.1. RNN/LSTM. Neural networks are represented by
RNN/LSTM cells [65]. Typically, in Birdseye, RNN/LSTM is a
chain of several copies of the same static network, as shown in
Figure 2. From input, the sequence of copies of networks is
working in a single timestep. In addition, networks are linked
with each other via their hidden states h. So we can say that
every copy network has its own inputs as the copy network is
unfolded or unrolled. Let the sequence be represented as x1,
x2, x3 . . . xn and each timestep be represented as xt∈ x1 . . . xn.
At timestep t, ht is a hidden layer and f is used to calculate the
hidden state: ht � f(ht−1, xt). A word is represented by a
timestep in the long sequence. For example, the given string is
represented as a sequence in the mathematical form: “it is a
good movie”⟶ [“it,” “is,” “a,” “good,” “movie”]. And the
timestep (t� 0, 1, 2, . . ..) for the string “it” is represented as x0,
“is” as x1, “a” as x2, “good” as x3, and “movie” as x4. If t� 1,
then xt � “is”⟶ “current timestep to event” and
xt−1� “it”⟶ “previous time stamp to event”:

X �
ht−1

xt

 ,

input gate at time t: it � σ Wi · X + bi( ,

forget gate at time t: ft � σ Wf · X + bf ,

candidate state at time t: Ct � tanh Wc · X + bc( ,

finalmemory cell: Ct � ft ∗ ct−1 + it ∗ Ct,

output gate: ot � σ Wo · X + bo( ,

ht � ot ∗ tanh Ct( .

(1)

At the its input gate, the decision on which information
should be remembered or rid of is made by the sigmoid
function σ. It produces a 0 or 1 value: 0 means forget, while 1
means remember in the cell state. Sigmoid function at the
input gate takes a decision on which value should be
updated, and the new candidate value information is

represented by tanh function Ct. Output gate sigmoid
function decides which part of information should be
produced, and then tanh function produces the value be-
tween 1 and −1.

-e sequential semantic information is preserved in the
recurrent neural network’s hidden states. In the hidden state
(ht), the semantic information of the input sequence is pre-
served. When a new input is experienced and again delivered
to be the subsequent input, then semantic information is
altered. Passing the information from one to another network
helping to find out the correlation among the words from the
sequence is represented as a long-term dependency.

3.3.2. LSTM-Based Sequence Labeling. Predicates from a
given input sequence are marked, and the label arguments
corresponding to every predicate are identified. For example,
in the given sentence “I watched the movie,” the predicate
(watched) is marked, and labels corresponding to the
predicate are “I,” “the,” and “movie” as an agent, null, and
theme, respectively. Multiple predicates may present in a
sentence, and different labels may be marked to the same
word for every predicate. Concatenating pretrained ones
(Word2vec) generates vectors of every word. -e 1-bit flag
represents the predicate in the specific training unit to
confirm that the network deals with every predicate sepa-
rately and serves it into the LSTM layer to the word context.
With the predicate, any one word is labeled to take the dot
product of its hidden state. A softmax function is applied
over it. -e probability of a sentence is calculated as follows:

P(X) � 
n

k�1
P xi ∣ x1, x2, x3 . . . xt−1( ,

Xl,r � ReLU xl · xr( .

(2)

Here, the role label r is calculated by the weight matrix
parameter using ReLU function and predicate lemma and
the role depicted by taking the dot product of vectors to
embedding.

3.3.3. Neural Sentiment Classification (NSC). Document-level
sentiment classification is measured by neural sentiment
classification (NSC) based on hierarchical LSTM attention
with user movie attention (UMA) (see Figure 3) that is
represented by the user’s global information and movie
features [28]. Let a review d ∈ D with sentences, each
sentence (s1, s2, . . . , sn) of a particular review si ∈ d, a user
u ∈ U, and a movie m ∈M review corpus (users and their
movie set). Moreover, li is the length of the i-th sentence,

Forget gate Self-
recurrent

connection

Output gate  Input gate 

Memory
cell

output

Memory
cell input

LSTM cell

Figure 2: LSTM cell architecture.
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while si consists of li words as xi
1, xi

2, . . . , xi
li
. Predicting the

semantic rating of documents is done according to their text
information. Firstly, in word-level low-dimensional se-
mantic space, each word xi

j is mapped to its embedding
xi

j ∈ R
d in a sentence. Every step has a given input word xi

j,
the current cell state ci

j, and the hidden state hi
j that may be

updated with the preceding cell state ci
j−1. -en, the hidden

state hi
j−1 is represented. -e document representation ar-

chitecture is presented as follows:
iij

fi
j

oi
j

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
�

σ

σ

σ

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ W · h
i
j−1, x

i
j  + b ,

c
i
j � tanh W · h

i
j−1, x

i
j  + b ,

c
i
j � f

i
j ⊙ c

i
j + i

i
j ⊙c

i
j,

h
i
j � o

i
j ⊙ tanh c

i
j .

(3)

Sigmoid activation function and gate activation func-
tions are represented as σ and i, f, and o, respectively, while
elementwise multiplication is represented as ⊙. Training
parameters needed for training are represented as x and b.
-e feed hidden states [hi

1, hi
2, . . . , hi

li
] are represented to a

mediocre pooling layer to acquire the representation of the si

sentence. Sentences are embedded at the sentence level
(s1, s2, . . . , sn) into the LSTM; after that, document repre-
sentation d is acquired via a mediocre pooling layer in a
similar way as follows:

ii

fi

oi

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ �

σ

σ

σ

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ W · hi−1, si  + b( ,

Ci � tanh W · hi−1, si  + b( ,

Ci � fi ⊙ ci−1 + ii ⊙ Ci,

hi � oi ⊙ tanh Ci( .

(4)

Here, training parameters needed for training are repre-
sented as s and b. -e feed hidden states [h1, h2, . . . , hn] are
represented to a mediocre pooling layer to acquire the di

document representation.

3.3.4. User Movie Attention (UMA). At various levels, a
necessary component is extracted by using user movie
attention (UMA) for sentiment classification. UMA is
applied at the word level to construct a sentence and
sentence level to generate a document. Obviously, sentence
meaning may not be represented by all words for several
users and movies. In spite of feeding hidden states at the
word level to an average pooling layer, user movie attention
(UMA) is used to extract user/movie relative words, which
are essential to sentence meaning. Informative words are
aggregated to produce the representation of the sentence.
Formally, weighted hidden states generate the enhanced
sentence as follows:

si � 

li

j�1
a

i
jh

i
j,

di � 
n

i�1
aihi.

(5)

Importance of the jth word is measured by ai
j for the

current user and movie. Each user u and movie m are
embedded continuous and real-valued vectors u εRdu and
m εRdm , while user and movie embedding is represented as
du and dm dimensions, respectively. Moreover, for every
hidden state, the attention weight ai

j is presented as
follows:

a
i
j �

exp e hi
j, u, m  


li
k�1exp e hi

k, u, m  
. (6)
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For the sentence level,

ai �
exp e hi, u, m( ( 


n
i�1exp e hi, u, m( ( 

. (7)

Importance of words for sentence representation as well
as document representation is presented by e score function
as follows:

e h
i
j, u, m  � v

T tanh Whhij + Wuu + Wmm + b . (8)

For the sentence level,

e hi, u, m(  � v
T tanh Whhi + Wuu + Wmm + b( , (9)

where v is a weight vector and vT represents its transpose,
while Wh, Wu, and Wm are weight matrices. Meaning of
every document varies for different users and movies by
the sentence, which provides the hints. So in the sentence
level, usage of attention a with the u user and m movie
vector at the word level to select informative sentences
to generate document representation d is presented as
follows:

d � 
n

i�1
βihi. (10)

In the sentence level, the βi weight of the hi hidden state
is measured similar to word attention. -e higher level
representation of document d is generated by hierarchical
extraction from words and sentences in the document. So,
for sentiment classification of the document, it is used as
features. tanh activation function is used at the nonlinear
layer for current document representation in the target space
of C classes:

d � tanh Wcd + bc( . (11)

tanh activation function is used at an absolute layer to get
sentiment distribution of the document:

dc �
exp dc 


C
k�1exp dk 

. (12)

Sentiment classes and prediction probability of senti-
ment class C are represented as C and pc, respectively.
During the training, loss function for optimization is
measured by error cross-entropy between the distribution of
Gold sentiment and distribution of our model sentiment as
follows:

L � 
dεD



C

c�1
p

g
c (d) · log pc(d)( . (13)

Here, Gold probability of sentiment class C and training
document are represented as p

g
c and d, respectively, while

reality-based truth is one and others are zero.
Some nomenclatures used in our mathematical model

are presented in Table 1.
Table 2 presents the emotion class.

3.4. Computation and Classification. Sentiment analysis
determines the emotions of reviews. Firstly, the

aggregated sentiment score of each document from each
site for the j-th movie is computed. -en, the qualitative
score and then aggregated quality scores for Twitter likes
are computed to get the final score for the recommen-
dation of movies and generate the popularity class relative
to the final score:
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(14)

where c � 0.5, and

j-thmovie popularity scoreP

�
fmj
−min fmj

 

max fmj
 − min fmj

 

∗ 10
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦.

(15)

-is mathematical formulation is used to determine the
final popularity score using the multivariate model. -e
emotional value is stretched to 10 scales, by which the
popularity status is determined. Every movie is labeled with
a medal according to the popularity score, and the algorithm
that identifies the medal by using fuzzy logic on behalf of the
popularity score to find the popularity of the movies is
depicted as follows:

(1) IF multivariate value ≥08, THEN: Platinum: “Highly
Popular”

(2) ELSE IF multivariate value ≥06, THEN: Gold:
“Popular”

(3) ELSE IF multivariate value ≥04, THEN: Silver:
“Average Popular”

(4) ELSE IF multivariate value ≥02, THEN: Bronze:
“Unpopular”

(5) ELSE Copper: “Highly Unpopular”
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-e ranges of the popularity scores and their respective
medals and degree of popularity are given in Table 3.

-e category represented by a movie genre to classify the
movie according to its features, movie recommendation
services suggests top 10 popular movies with their category
according to the user request and profile history.

4. Multivariate Movie Recommendation
System Implementation

4.1. System Component Interaction. User android applica-
tion is front end of the system (see Figure 4) by which users
can get the web services from the system, and back end is the
movie recommendation system in the NoSQL environment
with Apache Mahout and Hadoop, which provide the web
services to the users as well as a web scraper by which the
system fetched the data. Web scraper fetched the data from
the external data source on the bases of matching lexicons of
the query and movie content.

4.2. NoSQL Environment Implementation

4.2.1. Hadoop Architecture. It is a framework with four
fundamental components: (1) HDFS splits the file into many
small files and stores them on three servers for fault tolerance
constraints as replicas in a distributed file system manner.
(2) Map Reduce programming standard is for handling and
manipulating big data. (3) Common/Core holds the refer-
ence library and services to backing up Hadoop. (4) YARN
performs management, computation, and scheduling of
resources and tasks.

4.2.2. Apache Mahout. Implementation of collaborative
filtering, clustering, and classification is done by Apache
Mahout. In the NoSQL environment, Apache Mahout in-
terfaces implement the Hadoop framework and evaluate the
performance similarities and neighborhood measures. A
multivariate web scraper is implemented and big data are
generated.

4.3. Web Scraper. Our web scraper is a scripting program,
which surfs the W3, fetches data from different movie
websites to extracts the reviews, votes, ratings, and Twitter
likes, and stores them in the repository. In addition, it
manages and handles scrape data in a NoSQL environment
using Hadoop and Apache Mahout. -e web scraper (web
bot) receives the URLs and matches them with keywords
(Meta tags) of the web page. If the keywords are matched,
then the web pages are downloaded; otherwise, the irrelevant
pages are discarded.

4.4. NLP Tools. Stanford CoreNLP technology tools are
used to process the natural language like English. -ey give
the words, relative parts of speech, and identification of

Table 3: Popularity scores and their respective medals and pop-
ularity status.

Popularity score Medal rank Status
0.8–1.0 Platinum Highly Popular
0.6–0.79 Gold Popular
0.4–0.59 Silver Average Popular
0.2–0.39 Bronze Unpopular
0.0–0.19 Copper Highly Unpopular

Table 1: Nomenclatures and description.

Nomenclature Description
d Document/review
s Sentence
x Word
D Review corpus
m Movie
l Length of a sentence
h Hidden state
S Total movie sites
b Biases
TL Twitter likes
t Timestep
Cj,1 j-th movie sentiment at site S1
Cj,2 j-th movie sentiment at site S2
Cj,3 j-th movie sentiment at site S3
Rj,1 j-th movie rating at site S1
Rj,2 j-th movie rating at site S2
Rj,3 j-th movie rating at site S3
Qj j-th movie total quantitative score
RecS Final recommendation score
AWAS Aggregated weighted average sentiment
Multivariate Multivariate final score
i Input gate
o Output gate
f Forget gate
σ Activation function
b Biases
v Weight vector
vT Vector transpose
t Timestep
⊙ Multiplication
ht Hidden state at t timestep
ht−1 Hidden state at t−1 (previous) timestep

W Weight matrix for input to hidden layers at t
timestep

∅ tanh is an activation function
xi

j Input at timestep (t)
Vj,1 j-th movie votes at site S1
Vj,2 j-th movie votes at site S2
Vj,3 j-th movie votes at site S3
L Loss
AS Aggregated sentiment
WAS Weighted average sentiment

Table 2: Emotion status.

Semantic score Emotional class
0.5< and ≤1.00 Highly Favorable
0.00< and ≤0.5 Favorable
−0.5< and ≤0.00 Average Favorable
−1.00< and ≤−0.50 Unfavorable
≤−1.00 Highly Unfavourable
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sentiments. -e Stanford CoreNLP framework is the in-
tegration of many of Stanford’s NLP tools, like POStagger,
parser, sentiment analyzer, named “entity recognizer,” and
pattern learning and information extracting tools from
https://stanfordnlp.github.io/CoreNLP.

4.5. Mobile Application Usage

4.5.1. Unregistered Users. Unregistered users can request the
movie by the search query to our recommendation system,
and the system will respond to that query by content filtering
to extract the features or content of a movie from the query.
Collaboration is done between the user request and system-
generated movies. -e system provides the watched window
to unregistered users for watching the recommended
movies. Unregistered users give feedback by their likeness,
and the system uses the feedback for accurate measurement.

4.5.2. Registered Users. If unregistered users sign up, then
they can sign in and maintain their profile or history. For
registered users, collaborations may be done on the bases of
both the query and the history. Registered users may provide
feedback to the system by their likeness, and the system uses
this feedback for collaborative filtering between liked movies
or their movie history and system movies for recommen-
dations of the movie of their choices as well as accurate
measurement of the multivariate movie recommendation
system. -e application also provides a watch window for
registered users to watch the recommended movie.

4.6. Cold Start Problem Handling. Collaborative filtering
(CF) is done for movie recommendation for registered and
unregistered users; but in two cases, the problem may occur:

(i) Case 1: if the registered users request the movie, the
system collaborates the requested movie with the
systemmovie and recommends the movies on behalf
of user history. Here, one problem arises: if the newly
registered users request the movies, then the system
recommends the movies according to movies mostly

liked by others to solve the cold start problem of
newly registered users.

(ii) Case 2: if a new movie arrives for registered or
unregistered request, then the system recommends
the movies according to the collaboration of new
movie trailers, which were mostly liked to solve the
cold start problem of newly released movies.

4.7. Similarity Measurement. We use cosine similarity in
which there are two vectors for measuring the angle value for
similarity manipulation. A smaller angle degree is directly
proportional to larger similarity, and vice versa, as shown in
Figure 5. It is also known as vector-based similarity. Movie
document and search query document correlation is com-
puted where q is the search query document and d is the
movie document. -e similarity can be calculated by the
following equation:

q
→

· d
→

� ‖ q
→

‖ · ‖ d
→

‖ · cos θ,

sim(q · d) � cos θ �
q
→

· d
→

‖ q
→

‖ · ‖ d
→

‖
.

(16)

5. Experiments and Results

-e procedure followed by data preprocessing is NLP
procedures applied for sentiment analysis on fetched data,
and then the sentiment score is computed by using Sen-
ticNet and obtained results are presented as follows.

Table 4 presents the identification of movies and
categories.

Table 5 presents the identification of sites, movies, users,
and reviews.

Table 6 presents the movie review from the movie
website CinemaBlend.

Movie reviews from movie websites Moviefone and
Rotten Tomatoes were also fetched, and semantic scores and
emotions were computed.

Searching movies

User’s query

Movie category list

Recommended movie list

Ranked movie list

Feedback: app log record 
(watched time)

Feedback: app log record
(likeness)

NoSQL database server Android app

Figure 4: Interaction of components of multivariate movie recommendation.
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Table 7 presents the movie review tokenization and
tagging from movie websites CinemaBlend, Moviefone, and
Rotten Tomatoes.

-e parsing of movie reviews’ tokens taken from Cin-
emaBlend, Moviefone, and Rotten Tomatoes was performed
using the Stanford parser. Here, Table 8 presents the sen-
timent score of movie reviews from CinemaBlend, Movie-
fone, and Rotten Tomatoes.

Table 9 presents the normalized Twitter likes of movies
from Twitter.

Table 10 presents the normalized rating score of movies
from CinemaBlend, Moviefone, and Rotten Tomatoes.

Table 11 presents the normalized vote score of movies
from CinemaBlend, Moviefone, and Rotten Tomatoes.

Table 12 presents the final score, movie category, medal
rank, and genres of movies from CinemaBlend, Moviefone,
and Rotten Tomatoes.

Figure 6 presents the multivariate movie ranked rec-
ommendation of movies from CinemaBlend, Moviefone,
and Rotten Tomatoes.

Figure 7 presents differences in the rating of the movie
from CinemaBlend, Moviefone, and Rotten Tomatoes.

Figure 8 presents differences in the votes of the movie
from CinemaBlend, Moviefone, and Rotten Tomatoes.

Figure 9 presents differences in the sentiment of the
movie from CinemaBlend, Moviefone, and Rotten
Tomatoes.

6. Evaluation and Discussion

We evaluate the sentiment classification models as well as
recommendation models as follows.

6.1. Sentiment Classification Model Evaluation. For senti-
ment, classification models are evaluated by accuracy and
RMSE, which measure the overall performance of the
sentiment classification model and divergence between
predicted and truth ground sentiment classes, re-
spectively. We compare the several base sentiment clas-
sification methods using three datasets imdb, yulp13, and
yulp14, which contain reviews about movies using
Stanford CoreNLP. Majority of the baseline sentiment
classification models refer to categorization of document
sentiments in the training set by an SVM classifier with
unigram, bigram, and trigram. Text feature extraction
including character n-gram and -word is done by the SVM
classifier. Use of leniency feature is extracted by UPF [66].
Document representation is obtained by AvgWordvec,
which nourished into SVM. Feature generation is by
SSWE (sentiment-specific word embedding) [67]. Sen-
tence representation is by the RNTN (recursive neural
tensor network) [68]. Document classification is by

Similarity

d = movie document
q = search query document

d1

d2

q1

d3
θ

Figure 5: Cosine similarity angle.Note. If the angle between vectors is zero degrees, then the cosine similarity value is 1, whichmeansmovies
are similar or relevant, and if the angle is 90 degrees or above, then the similarity value is zero, which means the movie is irrelevant.

Table 4: Movie ID and movie category ID.

Movie and category IDs
Movie ID Movie title Movie category
m1 Robin Hood (2018) Action (c1)

m2
-e House with a Clock

in Its Walls (2018) Adventure (c2)

m3 -e Predator (2018) Fantasy (c3)
m4 Venom (2018) Horror (c4)
m5 -e Flash Science fiction (c5)

Table 5: IDs of sites, movies, user names, and reviews.

ID table

Site name Site
ID

Movie
ID User name User

ID
Review
ID

CinemaBlend s1

m1 Deplorable_me u1 d1
m2 Snow gator u2 d2
m3 David Curry u3 d3
m4 Smedley u4 d4
m5 DC villains u5 d5

Moviefone s2

m1
-e Guardian
Peter Bradshaw u6 d6

m2 Snow gator u7 d7
m3 Relax ad mike u8 d8
m4 Jza Smack u9 d9
m5 Clifford De Voe u10 d10

Rotten
Tomatoes s3

m1 Jennifer Heaton u11 d11
m2 Carlos Dı́az Reyes u12 d12
m3 Jeffrey Bloomer u13 d13
m4 ugene Bernabe u14 d14
m5 Dee R. u15 d15
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paragraph vector: distributed memory model (PVDM)
[69], topic modeling, and collaborative filtering JMARS
(https://jmars.asu.edu/). Sentiment classification is by
vector representation and text preference matrix for the
user product neural network (UPNN) [70].

Table 13 presents the comparison between different
sentiment classification models using and without using
users/product/movies information.

In our approach, the core implementation is neural
sentiment classification (NSC) using local user and movie
information [71], which provides the significant result, as

Table 6: Semantic emotion of movie reviews of users from CinemaBlend.

Reviews of users about movies
Movie ID User name Review ID Reviews Semantic emotion

m1 u1 d1 Unwatchable I made it through 20minutes I think. Average
Favorable

m2 u2 d2

I did not like it. -ought it was uneven and wasted some great talent. Not funny
enough, too much turd humor, and think it is a made for USA level of quality with
better effects. It is worth seeing for Blanchett. She does steal every scene, and when
the sequel happens—and it has made more than enough money for one—I hope

she is front and center as the main character. She and Black
do have fantastic chemistry.

Average
Favorable

m3 u3 d3
Predator 1 and 2 had comedy in it. Shane Black helped write the original (everyone
should know that by now). Predators are the most serious movie of the franchise.

Average
Favorable

m4 u4 d4
I went to see it today with open expectations (professional reviews bad, viewer
reviews good) and thought it was a fun movie. It cracked me up a couple of times. Highly Favorable

m5 u5 d5
-e Flash has done a fantastic job of incorporating classic from the

hero’s comic book history Highly Favorable

Table 7: Movie review tokenization and tagging.

Tags
User ID Tokens per document Tagging
u1 9 Unwatchable/VB I/PRP made/VBD it/PRP through/IN 20/CD minutes/NNS I/PRP think/VBP

u2 91

-ought/RB it/PRP was/VBD uneven/JJ and/CC wasted/VBD some/DT great/JJ talent/NN ./. Not/RB
funny/JJ enough/RB ,/, too/RBmuch/JJ turd/VBD humor/NN ,/, and/CC think/VBP it/PRP is/VBZ a/DT
made/VBN for/IN USA/NNP level/NN of/IN quality/NN with/IN better/JJR effects/NNS ./. It/PRP is/
VBZ worth/JJ seeing/VBG for/IN Blanchett/NNP ./.She/PRP does/VBZ steal/VB every/DT scene/NN ,/,
and/CCwhen/WRB the/DTsequel/NN happens/VBZ -/: and/CC it/PRP has/VBZmade/VBNmore/RBR
than/IN enough/JJ money/NN for/IN one/CD -/: I/PRP hope/VBP she/PRP is/VBZ front/NN and/CC
center/NN as/IN the/DTmain/JJ character/NN ./. She/PRP and/CC Black/NNP do/VBP have/VB a/DT

fantastic/JJ chemistry/NN ./.

u3 34

Predator/NNP 1/CD &/CC 2/CD had/VBD comedy/NN in/IN it/PRP ./. Shane/NNP Black/NNP
helped/VBD write/VB the/DT original/NN -LRB-/-LRB- everyone/NN should/MD know/VB that/DT
by/IN now/RB -RRB-/-RRB- ./. Predators/NNS is/VBZ the/DT most/RBS serious/JJ movie/NN of/IN

the/DT franchise/NN ./.

u4 34

I/PRP went/VBD to/TO see/VB it/PRP today/NN with/IN open/JJ expectations/NNS -LRB-/-LRB-
professional/JJ reviews/NNS bad/JJ ,/, viewer/CD reviews/NNS good/JJ -RRB-/-RRB- and/CC thought/
VBD it/PRP was/VBD a/DT fun/NN movie/NN ./. It/PRP cracked/VBD me/PRP up/IN a/DT couple/

NN times/NNS ./.

u5 17 -e/DT Flash/NNP has/VBZ done/VBN a/DTfantastic/JJ job/NN of/IN incorporating/VBG classic/NN
from/IN the/DT hero/NN’s/POS comic/JJ book/NN history/NN

— — —
un — —

Table 8: Movie reviews’ semantic score.

Aggregated semantic score
Movie
ID

Review
ID CinemaBlend Moviefone Rotten

Tomatoes
m1 d1 0.4 0.6 0.2
m2 d2 0.2 0.2 0.4
m3 d3 0.2 0.6 0.6
m4 d4 0.6 0.2 0.4
m5 d5 0.8 0.0 0.0

Table 9: Twitter likes.

Twitter likes
Movie name Unnormalized Normalized
m1 366 366
m2 154 154
m3 258 258
m4 3 3
m5 2196K 2169

Computational Intelligence and Neuroscience 11
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shown in Table 13, which represents the significant 4%
improvement/difference with all the baseline methods,
which use the local textual information about users and
movies. While using global information about users and
movies, the UPNN gains 3% improvement, and our ap-
proach NSC-UMA achieves 9% improvement. Our ap-
proach uses the vector for embedding the user and movie
information, which is suitable for larger datasets, while the
UPNN uses the matrix and vector simultaneously. NSC-
UMA is considerable for capturing the information from

each semantic layer. -erefore, our model incorporates
using user movie global information in an efficient and
effective way.

Word-level attention and sentence-level attention are
considerable to outperform to reflect the semantic in-
formation of user and movie characteristics at multiple
levels, which leads to introduction of the user movie at-
tention (UMA) in sentiment classification. Furthermore,
perceptions of user taste or preferences are more un-
derstandable than movie attributes, so both user and movie

Table 10: Movie rating.

Rating

Movie ID
Unnormalized Normalized

CinemaBlend (%) Moviefone (%) Rotten Tomatoes (%) CinemaBlend Moviefone Rotten Tomatoes
m1 70 16 39 7 1.60 3.90
m2 80 55 60 4.0 5.50 6.00
m3 70 25 49 3.5 2.50 4.90
m4 40 Nil 39 2.0 Nil 3.90
m5 73 69 93 7.3 6.90 9.30

Table 11: Normalized movie votes.

Votes

Movie ID
Unnormalized Normalized

CinemaBlend Moviefone Rotten Tomatoes CinemaBlend Moviefone Rotten Tomatoes
m1 1.5K 679 4.5K 1500 679 4500
m2 870 760 6.5K 870 760 6500
m3 797 890 94 797 890 94
m4 3.46K 6.9K 910 3460 6900 910
m5 67 76 8.3K 670 760 8300

Table 12: Final score, movie category, medal rank, and genres.

Movie ID Final score Genre category Medal rank Recommendation of movie
m1 1.30 Action Copper Highly Unpopular
m2 4.41 Adventure Silver Average Popular
m3 3.63 Fantasy Bronze Unpopular
m4 4.59 Horror Silver Average Popular
m5 4.47 Science fiction Silver Average Popular

10

8

6

4

2

0
Multivariates

m1
m2
m3

m4
m5

Figure 6: Multivariate movie ranked recommendation.
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Figure 8: Vote difference.
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Figure 9: Differences in sentiment scores.
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information is essential to pay attention in the document for
semantic information which impacts movie ranking for
recommendation.

6.2. Comparative Analysis of Recommendation Models.
Table 14 presents the comparison between different models.
Major differences which show our work as a novel approach
are that the first one is LSTM-UMA for sentiment classi-
fication, the second one is the NoSQL distributed envi-
ronment to deal with the big data issues, the third one is the
multivariate (qualitative and quantitative) score fetched by a
web bot from three different reliable external data sources,
and the fourth one is app features (movie category and
popularity).

In [15] which only uses the implicate and explicate
ratings, no user and production attention are used by LSTM,
adoptive deep learning is not used to determine the pref-
erence and taste of users about a movie from microblogs, so
we can say that the authors did not use the qualitative data. It
does not declare how data are fetched nor categorized with
their popularity. In [15, 72–74], multivariates are not used,
and the study [73] is just based on microblogs, while the
study [74] uses movie feature ratings.

6.3. Results of the Experiments. True positive (recommended
interesting movie) predicted by a search divided by actual
movies (total movies) is called precision:

precision �
TP

TP + FP
. (17)

True positive (recommended interesting movie to users)
predicted by a search divided by predicted movies (totally
recommended movies) is called recall:

recall �
TP

TP + FP
. (18)

Figure 10 presents different decisions made by the movie
recommender.

If the recommender grows in precision, then recall is
declined:

F score � 2 ·
precision · recall
precision + recall

. (19)

Table 15 presents the comparisons of the parameters of
the multivariate recommendation system and other models.

Table 16 presents the evaluation of the multivariate
recommender system with other parameters and other
works.

-e results of F score in our system are compared with
other predicting parameters as well as with other recom-
mendation frameworks. -e accuracy of the multivariate
system is nearly about 98.70%. -e true positive rate of the
multivariate system is 0.99106, which means the system
recommended movies truly interested for users, and the
false positive rate is 0.01814, which means the multivariate
system did not recommend movies truly not interested for
users.

Figure 11 presents differences in different decision pa-
rameters (precision, recall, and accuracy) for recommen-
dation of movies frommovie sites CinemaBlend, Moviefone,
and Rotten tomatoes and other recommendation models.

Figure 11 justifies the difference between our approach
and other works [21, 74]. In [21], just finding the polarity of
the term is not enough to evaluate the reviews for significant
recommendation, and in [74], LSTM is used to determine
the user and movie information, while we used NSC-UMA
to evaluate the sentiment score of reviews for significant
recommendation.

Table 13: Comparison between sentiment classification models.

Classification models
IMDB Yelp 2013 Yelp 2014

Accuracy RMSE Accuracy RMSE Accuracy RMSE
Without using user and product information
Majority 0.196 2.495 0.411 1.060 0.392 1.097
Trigram 0.399 1.783 0.569 0.814 0.577 0.804
Text feature 0.402 1.793 0.556 0.845 0.572 0.800
AvgWordvec + SVM 0.304 1.985 0.526 0.898 0.530 0.893
SSWE+ SVM 0.312 1.973 0.549 0.849 0.557 0.851
Paragraph vector 0.341 1.814 0.554 0.832 0.564 0.802
RNTN+ recurrent 0.400 1.764 0.574 0.804 0.582 0.821
CNN and without UP (UPNN) 0.405 1.629 0.577 0.812 0.585 0.808
NSC 0.443 1.465 0.627 0.701 0.637 0.686
NSC+LA 0.487 1.381 0.631 0.706 0.630 0.715
Using user and product information
Trigram+UPF 0.404 1.764 0.570 0.803 0.576 0.789
Text feature +UPF 0.402 1.774 0.561 1.822 0.579 0.791
JMARS N/A 1.773 N/A 0.985 N/A 0.999
UPNN (CNN) 0.435 1.602 0.596 0.784 0.608 0.764
UPNN (NSC) 0.471 1.443 0.631 0.702 N/A N/A
NSC+UMA 0.533 1.281 0.650 0.692 0.667 0.654
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7. Conclusion

In many movie recommendation systems, suggestion and
ranking are done on the bases of only likes or ratings.
Furthermore, most of the systems extract data from only one
or two sites. Semantics, ratings, or votes for the movie
ranking are not reliable and insigni�cant as they could not
provide better recommendation services and there is a huge
gap between statistical information (ratings, votes, and likes)
and reviews of movie websites; so they are not reliable using
from one site as a few of the websites are producing the
qualitative score showing high popularity of a movie and

other ones are showing low popularity of the same movie. In
study [21], deep learning is not used and only word fre-
quency is used. Word frequency is no better way to evaluate
the reviews semantically. It only produces the polarity of the
term.�erefore, signi�cant values and semantic information
are required in an e�cient way using the LSTM-attention
learning algorithm for better semantic analysis, so semantic
emotional value increases the signi�cance of the recom-
mendation system. Document semantic classi�cation is
improved by using the user movie attention at the word and
sentence levels by the average pooling of word and sentence
level to improve the semantic and emotion information

Pr
ed

ic
te

d

Actual

TP: correct decision by
movie recommender

FP: incorrect decision by
movie recommender

FN: incorrect decision by
movie recommender

TN: correct decision by
movie recommender

Figure 10: Di�erent decisions made by the movie recommender. TP: the recommended movie is interesting. TN: the recommended movie
is uninteresting. FP: the recommended movie is actually interesting. FN: the recommended movie is actually uninteresting.

Table 15: Comparisons between di�erent recommendation decision parameters.

Decision parameters TP TN FP FN
AS 341 237 207 215
WAS 375 355 95 175
AWAS 406 347 116 131
[74] 525 250 90 135
[21] 442 387 114 57
Multivariate system 554 433 8 5

Table 16: Results of the experiments.

AS WAS AWAS [74] [21] Multivariate system
Precision 0.6223 0.7979 0.7778 0.8537 0.7950 0.9858
Recall 0.6133 0.6818 0.7561 0.7955 0.8858 0.9911
F score 0.6178 0.7353 0.7668 0.8235 0.8379 0.9884
Accuracy 0.5780 0.7300 0.7530 0.7750 0.8290 0.9870

Accuracy
F score

Recall
Precision

AS WAS AWAS [71] [21] Multivariate system

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
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0

Figure 11: Di�erences in di�erent decision parameters precision, recall, F score, and accuracy and recommendation models.
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about reviews or document. -e reason for applying the
attention at the word level is to improve the semantic in-
formation of the document as compared to only applying it
at the sentence level. Big data issue is covered by adopting
the NoSQL environment.

8. Future Work

-is work may be enhanced by adding more parameters like
session, playlist, users group, session, smiley, tag, context,
the feature of movie and video content to improve the work.
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-e data used to support the findings of this study are
available from the corresponding author upon request.
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To maintain the serviceability of buildings, the owners need to be informed about the current condition of the water supply and
waste disposal systems. .erefore, timely and accurate detection of corrosion on pipe surface is a crucial task. .e conventional
manual surveying process performed by human inspectors is notoriously time consuming and labor intensive. Hence, this study
proposes an image processing-based method for automating the task of pipe corrosion detection. Image texture including
statistical measurement of image colors, gray-level co-occurrence matrix, and gray-level run length is employed to extract features
of pipe surface. Support vector machine optimized by differential flower pollination is then used to construct a decision boundary
that can recognize corroded and intact pipe surfaces. A dataset consisting of 2000 image samples has been collected and utilized to
train and test the proposed hybrid model. Experimental results supported by the Wilcoxon signed-rank test confirm that the
proposed method is highly suitable for the task of interest with an accuracy rate of 92.81%..us, the model proposed in this study
can be a promising tool to assist building maintenance agents during the phase of pipe system survey.

1. Introduction

In high-rise building maintenance, an important objective is
concerned with the integrity of the water supply system and
prevention of water contamination. Cast iron is widely used
in water supply and waste disposal systems due to the ad-
vantage of high strength. Since stainless steel pipes often fall
out of favor in domestic pipework because of their high
expenses [1], corrosion is a widely observed type of struc-
tural damage.

Corrosion (see Figure 1) can be defined as a chemical
process caused by chemical and electrochemical reactions.
.is phenomenon is typically observed in environmental
conditions featuring a high level of moisture. .ere are
different kinds of corrosion such as general corrosion which
occurs as uniformly distributed nonprotective flakes of rust
and pitting which is a localized point of corrosive attack [2].

Corrosion brings about the destruction of metal pipework
surface and consequently leads to reduction in pipe service
life and increase in building maintenance cost [3]. In certain
case, this defect may strongly affect the health of building
occupants due to deterioration of water quality. .us,
corrosion should be identified timely by means of periodic
surveys to ensure the integrity of pipe systems and establish
cost-effective maintenance strategies.

In Vietnam as well as in many other countries, manual
methods performed by human inspectors are commonly
employed for condition assessment of water supply/waste
disposal systems. As clearly pointed out by Liu et al. [4] and
Atha and Jahanshahi [5], these manual approaches are labor
intensive and time consuming. Corroded regions can be
neglected in positions of pipe system that are difficult to
reach and observe visually. Moreover, the processes of data
processing and reporting are also very tedious for human

Hindawi
Computational Intelligence and Neuroscience
Volume 2019, Article ID 8097213, 13 pages
https://doi.org/10.1155/2019/8097213

mailto:hoangnhatduc@dtu.edu.vn
https://orcid.org/0000-0001-9450-4637
https://orcid.org/0000-0001-7788-9627
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/8097213


technicians. .erefore, there is a practical need to come up
with a more productive and accurate method of pipe con-
dition survey.

Although there is a wide range of existing pipe in-
spection approaches (such as magnetic flux leakage, ul-
trasonic testing, and external corrosion direct assessment),
all of these methods have limitations including high
equipment cost, restricted range of inspection, and in-
capability of detecting small pitting regions [3]. Consid-
ering the large amount of pipe systems needed to be
surveyed and the limited access to sophisticated equipment
in developing countries, there is an urgent need for a
productive and low-cost solution for periodic surveys of
pipe system condition. Recently, digital image processing
has gained a great attention within the field of structural
heath monitoring [6, 7].

Particularly, image processing techniques can be effec-
tively employed to investigate the outer surface for detecting
defects on pipes or other metal structures including cor-
rosion and cracks [8]. Itzhak et al. [9] relied on statistic
measurement of image pixels to quantify pitting corrosion.
Choi and Kim [10] identified corrosion based on the
morphology of the corroded surface; features of image color,
texture, and shape are employed for corrosion recognition.
A model for classifying corroded and noncorroded surfaces
using texture descriptors obtained from gray level co-oc-
currence matrix and image color has been proposed in
Medeiros et al. [11].

A method based on watershed segmentation has been
employed in [12] for rating of corrosion defects; the per-
centage area of corroded region was used for determining
the grade of defects. Idris and Jafar [13] used image filter-
based image enhancement and neural network for corrosion
inspection. Son et al. [14] proposed a model based on de-
cision tree algorithm for identifying rusted surface area of

steel bridge. A model based on image color analysis and
K-means clustering for bridge rust identification has been
constructed and verified by Liao and Lee [15].

Petricca et al. [16] compared standard computer vision
techniques and deep neural network for rust and nonrust
detection. Deep neural networks have also been employed
for corrosion detection by Liu et al. [4] and Atha and
Jahanshahi [5]. Safari and Shoorehdeli [17] applied artificial
neural network, Gabor filter, and entropy filter for pipe
defect detection. Cheriet et al. [18] incorporated expert
knowledge and field data to construct a knowledge-based
system for assessing corrosive damage on metallic pipe
conduits. Gibbons et al. [19] relied on a Gaussian mixture
model for probabilistic classification of corroded and
noncorroded areas. Bondada et al. [3] detected and quan-
titatively assessed corrosion damages on pipelines by
computing the mean of saturation value of image pixels; by
image analysis, the corroded areas on pipelines can be
segmented.

From the above literature, it can be seen that image
processing and machine learning have been a feasible al-
ternative for replacing the tedious process of manual survey.
Based on a recent review work of Ahuja and Shukla [20],
there is an increasing trend of applying computer vision
techniques for corrosion detection. Moreover, due to the
importance of the research theme, exploring other image
processing and machine learning methods used for pipe
corrosion detection can be highly meaningful in both aca-
demic and practical aspects.

As reported in the literature, although image texture
analysis has been applied, few previous studies have
employed a combination of image texture descriptors for
pipe corrosion recognition. Hence, this study is an attempt
to fill this gap in the literature by proposing a method used
for analyzing texture of water pipe surface that integrates

(a) (b)

(c) (d)

Figure 1: Corroded areas on pipe surface.
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statistical measurement of color channels, gray-level co-
occurrence matrix, and gray-level run length matrix. Based
on the features extracted by the above texture descriptors,
the support vector machine (SVM) [21] is employed to
categorize image samples into two classes: noncorrosion
(negative) and corrosion (positive). SVM is utilized in this
study due to the fact that it has been confirmed to be a robust
tool for pattern classification in various studies [22–24]. In
addition, to optimize the training process of SVM-based
corrosion detection model, differential flower pollination
(DFP) metaheuristic is employed. A dataset consisting of
2000 image samples has been collected to train and verify the
proposed method.

.e rest of the study is organized as follows. Section 2
reviews the research material and methods used to con-
struct the water pipe corrosion detection approach. Sec-
tion 3 reports experimental results and discussions.
Section 4 provides several concluding remarks of this
study.

2. Material and Methods

2.1. Image Texture Analysis. Identifying corroded areas
based on two-dimensional image samples is a challenging
task due to the complex and deceptive features of pipe
surfaces containing various irregular objects such as dirt
and paints. .erefore, using information provided by one
pixel is definitely not sufficient for corrosion detection. It is
because a pixel having similar color values can belong to
both categories of noncorrosion and corrosion. Hence,
texture information extracted from a certain region of pipe
surface can be used for recognizing the defect of interest.
.is section of the study describes the employed texture
descriptors used for computing the features of water pipe
surface.

2.1.1. Statistical Properties of Color Channels. Herein, the
statistical properties of three color channels (red, green, and
blue) of an image sample can be employed to represent
image texture. .us, an image is described in a RGB color
space. It is noted that besides RGB, there are other color
spaces such as HSV which can also be useful in the task of
corrosion detection. However, in this study, we rely on the
original RGB color model obtained from the employed
digital camera. Let I be a variable representing the color
levels of an image sample. .e first-order histogram P(I) is
calculated as follows [25]:

Pc(I) �
NI,c

W × H
, (1)

where c denotes a color channel,NI,c is the number of pixels
with intensity value I of the channel c, and H and W
represent the height and width of an image sample,
respectively.

.us, the mean (μc), standard deviation (σc), skewness
(δc), kurtosis (ηc), entropy (ρc), and range (Δc) of color value
are calculated as follows:

μc � 
NL−1

i�0
Ii,c × Pc(I),

σc �

�������������������



NL−1

i�0
Ii,c − μc 

2
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,
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× Pc(I)

σ4c
,

ρc � −
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i�0
Pc(I) × log2 Pc(I)( ,

Δc � Max Ic( −Min Ic( ,

(2)

where NL� 256 denotes the number of discrete color values.

2.1.2. Gray-Level Co-Occurrence Matrix (GLCM). .e
GLCM [26] is also a commonly used texture descriptor. To
employ this technique, a color image must first be converted
to a gray scale one. .e GLCM discriminates different image
textures based on the repeated occurrence of some gray-level
patterns existing in the texture [27]. Let δ � (r, θ) be a vector
in the polar coordinates of an image sample. For each δ, the
joint probability of the pairs of gray levels that occur at the
two points separated by the relationship δ is computed [28].
.is joint probability is compactly displayed in a GLCM Pδ
within which Pδ(i, j) represents the probability of the two
gray levels of i and j occurring according to δ. .e original
Pδ(i, j) is often normalized via the following equation:

P
N
δ (i, j) �

Pδ(i, j)

SP
, (3)

where PN
δ (i, j) denotes the normalized GLCM and SP is the

number of pixels.
Based on the suggestion of Haralick et al. [29], four

GLCMs with r� 1 and θ� 0°, 45°, 90°, and 135° can be
established. Accordingly, angular second moment (AM),
contrast (CO), correlation (CR), and entropy (ET) for each
matrix can be computed to serve as texture descriptors as
follows [28, 29]:

AM � 
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i�1


Ng
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(4)
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where Ng is the number of gray-level values and μX, μY, σX,
and σY are the means and standard deviations of the marginal
distribution associated with a normalized GLCM [29].

2.1.3. Gray-Level Run Lengths (GLRL). GLRL is a texture
description method proposed by Galloway [30]. .is
method is highly effective in discriminating textures fea-
turing different fineness and has been successfully applied in
various fields of study [31, 32]. It is because GLRL is con-
structed based on the fact that relatively long gray-level runs
are observed more frequently in a coarse texture and a fine
texture typically has more short runs [33]. A run-length
matrix p( i · j ) in a certain direction is defined as the number
of times that a run length j of gray level i is observed [30].

Using this matrix, the short run emphasis (SRE), long
run emphasis (LRE), gray-level nonuniformity (GLN), run
length nonuniformity (RLN), and run percentage (RP)
[30, 33] can be computed. Additionally, Chu et al. [34] put
forward the indices of low gray-level run emphasis (LGRE)
and high gray-level run emphasis (HGRE). Dasarathy and
Holder [35] proposed to compute the short run low gray-
level emphasis (SRLGE), short run high gray-level em-
phasis (SRHGE), long run low gray-level emphasis
(LRLGE), and long run high gray-level emphasis (LRHGE).
.e above indices are summarized in Table 1. It is noted
that one run length matrix is computed for each of di-
rection in the set of 0°, 45°, 90°, 135°{ } and each matrix
results in 11 GLRL-based features. .erefore, the total
number of features obtained from GLRL matrices is
11× 4 � 44.

2.2. Computational Intelligence Methods

2.2.1. Support Vector Machine (SVM). SVM, described in
[21], is a robust pattern recognition method established on
the theory of statistical learning. Given the task at hand is to
classify a set of input feature xk into two categories of yk �−1
(noncorrosion) and yk �+1 (corrosion), a SVM model
constructs a decision surface that separates the input space
into two distinctive regions characterizing the two different
two categories. .e SVM algorithm aims at identifying a
decision boundary so that the gap between classes is as large
as possible [36]. In addition, SVM employs the kernel trick
to convert a nonlinear classification task into a linear one. A
SVMmodel first maps the input data from the original space
to a high-dimensional feature space within which the data
can be separated by a hyperplane (see Figure 2).

.e SVM training process can be formulated as the
following constrained optimization problem [36]:

minimize Jp(w, e) �
1
2
w

T
w + c

1
2



N

k�1
e
2
k

subjected to yk wTφ xk(  + b( ≥ 1− ek, k � 1, ..., N, ek ≥ 0,

(5)

where w ∈Rn is a normal vector to the classification hy-
perplane and b ∈R is the model bias; ek≥ 0 is called a slack

variable; c denotes a penalty constant; and φ(x) is a non-
linear mapping from the input space to the high-di-
mensional feature space.

During the construction of a SVM model, it is not re-
quired to obtain the explicit form of φ(x). Instead of that,
only the dot product of φ(x) in the input space is required
and expressed via a kernel function shown as follows:

K xk, xl(  � φ xk( 
Tφ xl( . (6)

.e radial basis function (RBF) kernel function [37] is
often employed for data classification; its functional form is
given below:

K xk, xl(  � exp −
xk −xl

����
����
2

2σ2
⎛⎝ ⎞⎠, (7)

where σ is a free parameter.
Accordingly, a SVMmodel used for data classification is

given compactly as follows:

y xl(  � sign 

SV

k�1
αkykK xk, xl(  + b⎛⎝ ⎞⎠, (8)

where αk denotes the solution of the dual form of the
aforementioned constrained optimization. SV is the number
of support vectors which is the number of αk > 0.

2.2.2. Differential Flower Pollination (DFP). As shown in the
previous section, the model training and prediction phases
of a SVM model depend on a proper selection of its
hyperparameters including the penalty coefficient (c) and
the kernel function parameter (σ). .e first hyperparameter
affects the penalty imposed on data samples deviating from
the established decision surface; the later hyperparameter
specifies the smoothness of the decision surface. Since this
problem of hyperparameter selection can be formulated as
an optimization problem [38–40], this study employs the
DFP metaheuristic to optimize the model training phase of
SVM.

DFP, proposed in [41], is a population-based meta-
heuristic that combines the advantages of the standard al-
gorithms of differential evolution (DE) [42] and flower
pollination algorithm (FPA) [43]. .e employed hybrid
metaheuristic consists of three main steps: initialization of
population members, alteration of member locations, and
cost function evaluation. Each member of the DFP meta-
heuristic is presented as a numerical vector consisting of the
two SVM hyperparameters. In the first step, all population
members are randomly generated within the feasible do-
main. In the second step, the location of population
members is altered by local and global search phases. In the
next step, the cost function of each member is computed and
a greedy selection operator is performed to update the lo-
cation of the DFP’s population.

.e second step of the DFP includes the FPA-based
global pollination operator and the DE-based local polli-
nation operator. A switching probability p � 0.8 is used to
govern the frequencies of these two operators [43]..e FPA-
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based global pollination and the DE-based local pollination
operators are presented as follows:

(i) .e FPA-based global pollination:

X
trial
i � X

gDFP
i + L · X

gDFP
i −Xbest( , (9)

where g is the index of the current generation, Xtrial
i

is a trial solution, X
gDFP
i denotes a solution of the

current population, Xbest represents the best solu-
tion, and L denotes a random number generated
from the Lévy distribution [43].

(ii) .e DE-based local pollination modifies the current
member by creating a mutated flower and a crossed
flower according to the following equations:

(a) Creating a mutated flower:

X
mutated
i,gDFP

� xr1,gDFP + F · xr2,gDFP −xr3,gDFP , (10)

where r1, r2, and r3 are three random integers and F
denotes a mutation scale factor which is drawn from
a Gaussian distribution with the mean� 0.5 and the
standard deviation� 0.15 [41].

(b) Creating a crossed flower:

X
crossed
j,i,gDFP+1 �

Xmutated
j,i , if r and j≤Cr or j � rnb(i),

Xj,i,gDFP, if r and j>Cr and j≠ rnb(i),

⎧⎨

⎩

(11)

where Cr� 0.8 is the crossover probability [44].

2.3. Collected Image Samples. Because SVM is a supervised
machine learning algorithm, a dataset consisting of 2000
image samples of pipe surface with the ground truth label
has been collected to construct the SVM-based corrosion
detection model. It is proper to note that the numbers of
image samples in the two labels of noncorrosion (negative
class) and corrosion (positive class) are both 1000. .e
digital image samples have been collected during surveys of
several high-rise buildings in Danang city (Vietnam). .e
used digital camera is the 18-megapixel resolution Canon
EOSM10, and the images were manually acquired by human
inspectors.

Accordingly, image samples of the two labels of non-
corrosion (label�−1) and corrosion (label�+1) have been

Texture descriptor xi

Kernel mapping
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Φ(xu)

Φ(xv)

Input space Feature space
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ur
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j

Φ(xl)
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Figure 2: .e data classification process of a SVM model.

Table 1: Texture descriptors using GLRL.

Descriptor Notation Equation
Short run emphasis SRE SRE � 1/Nr

M
i�1

N
j�1p(i, j)/j2

Long run emphasis LRE LRE � 1/Nr
M
i�1

N
j�1p(i, j) × j2

Gray-level nonuniformity GLN GLN � 1/Nr
M
i�1(

N
j�1p(i, j)2)

Run length nonuniformity RLN RLN � 1/Nr
N
j�1(

M
i�1p(i, j)2)

Run percentage RP RP � Nr/Np

Low gray-level run emphasis LGRE LGRE � 1/Nr
N
j�1

M
i�1p(i, j)/i2

High gray-level run emphasis HGRE HGRE � 1/Nr
N
j�1

M
i�1p(i, j) × i2

Short run low gray-level emphasis SRLGE SRLGE � 1/Nr
N
j�1

M
i�1p(i, j)/(i2 × j2)

Short run high gray-level emphasis SRHGE SRHGE � 1/Nr
N
j�1

M
i�1(p(i, j) × i2)/j2

Long run low gray-level emphasis LRLGE LRLGE � 1/Nr
N
j�1

M
i�1(p(i, j) × j2)/i2

Long run high gray-level emphasis LRHGE LRHGE � 1/Nr
N
j�1

M
i�1p(i, j) × i2 × j2

Note.M andN are the number of gray levels and the maximum run length, respectively. LetNr andNp be the total number of runs and the number of pixels in
the image, respectively.
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prepared for SVM-based classification process. In order to
accelerate the texture computation process, the size of image
samples has been set to be 50× 50 pixels. Hence, image
cropping operation is performed to generate the image
samples used to train the SVM model. .e collected image
set is illustrated in Figure 3.

2.4. Proposed Hybridization of Image Processing and Meta-
heuristic-Optimized SVM for Pipe Corrosion Detection.
.is section of the study describes the structure of the newly
developed hybrid model of image processing and meta-
heuristic-optimized SVM for pipe corrosion detection. .e
proposed model, named as MO-SVM-PCD, is a combination
of image texture analysis and a metaheuristic-optimized
machine learning approach. As mentioned earlier, the sta-
tistical measurements of color channels, GLCM, and GLRL
are used to extract texture-based features from image samples.
.e hybrid model relies on SVM to classify data samples into
the categories of noncorrosion and corrosion. In addition, the
DFP metaheuristic is employed to optimize the SVM-based
training and prediction phases. .e overall structure of the
MO-SVM-PCD model is shown in Figure 4. .e model
structure can be divided into two separated modules: com-
putation of image texture and data classification based on
SVM. .e first module is constructed in Visual C#.NET; the
second module is developed in MATLAB.

Within the first module, the image texture descriptors
based on statistical analysis of color channels, GLCM, and
GLRL compute numerical features from image samples. For
each of the three color channels (red, green, and blue), six
statistical measurements of mean, standard deviation,
skewness, kurtosis, entropy, and range are calculated. Hence,
the total number of numerical features extracted from the
aforementioned statistical indices of an image sample is
6× 3�18. Subsequently, the group of features extracted
from the four co-occurrence matrices corresponding to the
directions of 0°, 45°, 90°, and 135° is computed. Because four
indices of the angular second moment, contrast, correlation,
entropy are acquired from one co-occurrence matrix, the
total number of GLCM-based features is 4× 4�16.

In addition, each GLRL matrix yields 11 properties of
SRE, LRE, GLN, RLN, RP, LGRE, HGRE, SRLGE, SRHGE,
LRLGE, and LRHGE. .us, as stated earlier, the number of
GLRL-based features is 4×11� 44. Accordingly, each image
sample is characterized by a feature vector having
18 + 16 + 44� 78 elements..is module can compute texture
of one image for illustration purpose and can extract features
from a batch of image samples to construct the training and
testing numerical datasets.

When the module of feature computation is accom-
plished, a dataset consisting of 2000 data samples and 78
input features is ready for further analysis. .is dataset has
two class outputs: −1 meaning noncorrosion (negative class)
and +1 meaning corrosion (positive class). In addition, for
standardizing the data ranges and enhancing the data
modeling process, the numerical dataset is preprocessed by
the Z-score data normalization [45]. .e equation of the
Z-score data normalization is given as follows:

XZN �
Xo −mX

sX

, (12)

where Xo and XZN represent an original and a normalized
input variable, respectively, and mX and sX denote the mean
and the standard deviation of the original input variable,
respectively.

Subsequently, the normalized dataset is randomly di-
vided into two subsets: a training set (70%) and a testing set
(30%). .e first data subset is employed for model training;
the later data subset is reserved for model testing. .e
training dataset is employed by the SVM-based data clas-
sification module to generalize a corrosion recognition
model. In addition, DFP is utilized to finetune the SVM
model hyperparameters including the penalty coefficient
and the RBF kernel parameter. It is worth mentioning that
the SVM model operates via the help of the MATLAB’s
Statistics and Machine Learning Toolbox [46]; in addition,
the DFP and the hybridization of DFP and SVMmodel have
been constructed in MATLAB by the authors.

As shown in Figure 4, the two SVM hyperparameters are
randomly initialized at the first generation (g � 1). Using the
local and global pollination operators, the DFP algorithm
gradually guides the population of SVM hyperparameters to
explore the search space and identify better solutions. Based
on the guidance of parameter setting in previous studies
[44, 47], the population size and the number of DFP
searching generations are selected to be 12 and 100. .e
feasible domain of the SVM’s penalty coefficient and kernel
parameter is [1, 100] and [0.1, 100], respectively. In the phase
of solution evaluation, the quality of each member in the
population is appraised via the following cost function:

fCF �


K
k�12/ PPVk + NPVk( 

K
, (13)

where K� 5 denotes the number of data folds and PPV and
NPV are the positive predictive value and the negative
predictive value. PPV and NPV are employed to express the
model performance associated with a set of SVM
hyperparameters.

PPV and NPV are computed according to the following
equations [48]:

PPV �
TP

TP + FP
,

NPV �
TN

TN + FN
,

(14)

where TP, TN, FP, and FN are the true positive, true
negative, false positive, and false negative values,
respectively.

It is noted that to compute the model’s cost function, a
K-fold cross validation process with K � 5 is employed.
Using this cross fold validation, the original dataset is
separated into 5 mutually exclusive subsets. Accordingly,
the SVM model training and evaluation is repeated 5
times. In each time, 4 subsets are utilized for model
training and one subset is used for model validation. .e
overall model performance is obtained via averaging
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predictive outcomes of the 5 data folds. .is process has
been proved to be a robust method for model hyper-
parameter selection [49]. Notably, in each generation,
based on the computed cost function, the location of
population members is updated and the stopping criterion
is checked to verify whether the current generation
number exceeds the allowable value. If the stopping cri-
terion is met, the DFP-based optimization process ter-
minates and the optimized SVM model is ready to predict
corrosion status for novel image samples.

3. Experimental Results and Discussion

As stated earlier, the dataset featuring 2000 samples and 78
image texture variables has been separated into the training

and testing subset. .e training and testing subsets occupy
70% and 30% of the original dataset, respectively. .e first
subset is used for model training. .e second subset is
employed for testing the model predictive capability when it
predicts corrosion status of novel image samples which has
not been encountered in the training subset. Moreover, to
reliably assess the model performance and to diminish the
randomness caused by the data sampling process, this re-
search work has conducted a random subsampling of the
original dataset consisting of 20 runs. In each run, 30% of the
data is randomly extracted to constitute the testing subset;
the rest of the data is used for model training. Accordingly,
the overall model performance is reliably evaluated by av-
eraging prediction results obtained from the repeated data
sampling.

(a)

(b)

Figure 3: .e collected image samples: (a) noncorrosion class and (b) corrosion class.
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Figure 4: .e proposed MO-SVM-PCD model used for pipe corrosion detection.
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In addition to the aforementioned PPV and NPV, the
classification accuracy rate (CAR), recall, and F1 score are
also used for expressing the model’s predictive accuracy.
.ese indices are computed as follows [50]:

classification accuracy rate : CAR �
TP + TN

TP + TN + FP + FN

× 100%,

recall �
TP

TP + FN
,

F1 score �
2TP

2TP + FP + FN
,

(15)

where TP, TN, FP, and FN are the true positive, true
negative, false positive, and false negative values.

Demonstration of the feature extraction phase which
computes image sample texture is provided in Figure 5.
Herein, for each image sample, 78 features representing the
statistical measurements of image colors, GLCM, and GLRL
are attained and used for data classification purpose. In
addition, the evolutionary process of the DFPmetaheuristic-
based SVM model optimization is illustrated in Figure 6
which shows the best and the average cost function values in
each generation..e optimal values of the penalty coefficient
and the RBF kernel function parameter are found to be 4.30
and 8.86 with the best cost function� 1.08.

.e performance of the MO-SVM-PCD in the training
and testing phases is reported in Table 2. As shown in this
table, the proposed model has attained good predictive
accuracy in both phases with CAR >90%. In detail, the
MO-SVM-PCD has achieved CAR � 91.17%, PPV � 0.91,
recall � 0.92, NPV � 0.92, and F1 score � 0.91 in the testing
phase. .ere is a focus on the MO-SVM-PCD performance
in the testing phase because this reflects the generalization
capability of the model.

In addition, corrosion detection based on the MO-SVM-
PCD for a large-sized image samples can be achieved via a
blockwise image separation process. .is image separation
process is illustrated in Figure 7(a). In this figure, each block
corresponds to a sample having the size of 50× 50. .e
classification result for the entire image is carried out by
combining the MO-SVM-PCD-based corrosion detection
for each image block (see Figure 7(b)). .e computational
time required to classify one image block is about 4 seconds;
therefore, the corrosion detection of the whole large-sized
image (800× 600 pixels) requires about 768 seconds. It is
noted that the detected positive class (corrosion class)
samples are highlighted by red squares. As can be seen from
this figure, the proposed approach can achieved relatively
good classification result. Nevertheless, several positive
samples located in the boundary of the corroded area have
not been identified correctly.

Furthermore, to better demonstrate the prediction ca-
pability of the newly constructed MO-SVM-PCD employed
for detecting metal pipe corrosion, its performance has been
compared to that of the least squares support vector machine

(LSSVM) [51], classification tree (CTree) [52], back-
propagation artificial neural network (BPANN) [53], and
convolutional neural network (CNN) [54]. .e reason for

Image texture-based
features

GLCM-based
features

Statistical properties 
of color channels

GLRL-based
features

Texture descriptors

203.56 190.16 196.87 32707.71 34.30 9477.21...
...X1 X2 X3 X76 X77 X78

(a)

Image texture-based
features

GLCM-based
features

Statistical properties 
of color channels

GLRL-based
features

Texture descriptors

128.762 101.986 92.9316 11625.9 31.7479 594.22
...X1 X2 X3 X76 X77 X78

(b)

Figure 5: Illustration of the feature extraction process: (a) a
noncorrosion case and (b) a corrosion case.
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Figure 6: .e DFP optimization process.

Table 2: Average prediction performance of the MO-SVM-PCD.

Indices Training phase Testing phase
CAR (%) 98.382 92.808
PPV 0.982 0.922
Recall 0.986 0.936
NPV 0.986 0.935
F1 score 0.984 0.929
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the selection of these benchmark models is that they have
been confirmed to be capable methods for pattern classifi-
cation by previous studies [5, 40, 55–57].

.e LSSVM model is programmed in MATLAB by the
authors; its tuning parameters including the regularization
coefficient and kernel function parameter are also auto-
matically identified by the DFP metaheuristic. .e CTree is
developed by the built-in functions provided in the MAT-
LAB Statistics and Machine Learning Toolbox [46]. .e
BPANNmodel is programmed inMATLAB environment by
the authors. Via experiment, the suitable parameter of
minimum leaf size of the employed CTree model has been
found to be 2. Based on the suggestions of Heaton [58] and
several trial-and-error runs, the number of neuron in the
hidden layer of the BPANN model is selected to be 2×NI/
3 +NO � 54, where NI � 78 is the number of input features
and NO � 2 is the number of class labels. Moreover, the
learning rate and the number of training epochs of the
neural network are set to be 0.1 and 1000, respectively.

In addition, the CNN model employed for corrosion
detection is constructed by the MATLAB image processing
toolbox [59]; the stochastic gradient descent with mo-
mentum (SGDM) and mini-batch mode are used in the
model training phase. Via experimental runs, the appro-
priate configuration of the deep learning method is as fol-
lows: input image size is 50× 50 pixels. .e number of
convolution layers is 4. .e sizes of the filters are 20× 20,
16×16, 8× 8, and 4× 4 in the 1st, 2nd, 3rd, and 4th convo-
lution layer, respectively. .e number of filters in each layer

is 36. .e batch size is 20% of the training data. In addition,
the CNN model has been trained in 1000 epochs. In CNN,
the feature extraction phase is automatically performed by
convolution layers; therefore, the CNN model does not
requires the feature computation done by the three
employed image texture descriptors.

.e prediction results of all the models obtained from
the repeated data sampling with 20 runs are summarized in
Table 3 which reports the mean and the standard deviation
(Std) of the model performance. Observably, the MO-SVM-
PCD has attained the most desired predictive accuracy in
terms of CAR, followed by BPANN, LSSVM, CNN, and
CTree. .e proposed pipe corrosion approach also achieves
the highest values of PPV, recall, NPV, and F1 score. .e
comparison of model performance is graphically displayed
in Figure 8.

In addition, the Wilcoxon signed-rank test [60] is uti-
lized in this section to better confirm the statistical signif-
icance of the differences in the model performances..is is a
nonparametric statistical test commonly employed for
model comparison [61]. With the significance level of the
test� 0.05, if the p value computed from the Wilcoxon
signed-rank test is lower than this significance level, it is able
to reject the null hypothesis of insignificant difference in
prediction outcomes of the two predictors. Hence, it is
confident to conclude that the predictive results of the two
pipe corrosion detection models are statistically different.
Using the CAR values, the outcome of the Wilcoxon signed-
rank tests is reported in Table 4. .is test points out that the

Original image

Blockwise separation

�e MO-SVM-
PCD corrosion

detection

Corrosion detection result

(a)

Image with detected corrosion

(b)

Figure 7: .e MO-SVM-PCD-based corrosion detection result: (a) blockwise image separation process and (b) detection outcome with a
large-sized image sample.
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MO-SVM-PCD is statistically better than the LSSVM,
CTree, BPANN, and CNNwith p values< 0.05. Based on this
statistical test, it is able to state that the proposed method is
the most suited method for the task of interest.

4. Conclusion

Corrosion is a commonly observed type of pipe defects.
Timely detection of corrosion is very crucial to ensure the
integrity of the water supply system and avoid water

contamination. In addition, information regarding corroded
pipe sections obtained during periodic building surveys can
significantly help to establish cost-effective maintenance
strategies for building owners. .is study puts forward an
automatic method based on image processing and machine
learning for pipe corrosion recognition. Image processing
techniques have been employed to extract useful features
from images of pipe surface to characterize the corrosion
status. In total, 78 features are extracted using three texture
descriptors of the statistical properties of image color,
GLCM, and GLRL.

.e SVM machine learning method integrated with the
DFP metaheuristic is utilized to construct a decision
boundary used for classifying pipe surface images into two
categories of noncorrosion and corrosion. A dataset con-
sisting of 2000 image samples has been used to train and
validate the proposed hybrid model of the MO-SVM-PCD.
Experimental results supported by the Wilcoxon signed-
rank test point out that the newly developed method is
superior to other benchmark approaches with an average
CAR� 92.81%..erefore, the newly developed model can be

Table 3: Corrosion detection result of the machine learning models.

Phase Indices
MO-SVM-PCD LSSVM CTree BPANN CNN
Mean Std Mean Std Mean Std Mean Std Mean Std

Train

CAR (%) 98.382 0.236 96.432 0.435 97.018 0.532 94.593 1.674 90.890 1.649
PPV 0.982 0.004 0.937 0.008 0.970 0.006 0.937 0.020 0.891 0.024
Recall 0.986 0.004 0.996 0.002 0.971 0.008 0.956 0.016 0.933 0.020
NPV 0.986 0.004 0.995 0.002 0.971 0.007 0.956 0.016 0.930 0.019
F1 0.984 0.002 0.965 0.004 0.970 0.005 0.947 0.016 0.911 0.016

Test

CAR (%) 92.808 1.094 87.467 1.121 85.825 1.467 88.733 1.721 87.258 1.571
PPV 0.922 0.015 0.886 0.016 0.854 0.016 0.877 0.022 0.855 0.028
Recall 0.936 0.017 0.860 0.016 0.864 0.021 0.902 0.026 0.899 0.022
NPV 0.935 0.016 0.864 0.014 0.863 0.019 0.899 0.024 0.894 0.018
F1 0.929 0.011 0.873 0.011 0.859 0.015 0.889 0.017 0.876 0.014
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Figure 8: Result comparison.

Table 4: p values obtained from the Wilcoxon signed-rank test.

Models MO-SVM-
PCD LSSVM CTree BPANN CNN

MO-SVM-
PCD — 0.00009 0.00009 0.00009 0.00009

LSSVM 0.00009 — 0.00427 0.01407 0.48933
CTree 0.00009 0.00427 — 0.00022 0.01185
BPANN 0.00009 0.01407 0.00022 — 0.01954
CNN 0.00009 0.48933 0.01185 0.01954 —
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a useful tool for building maintenance agents to quickly
evaluate the status of pipe systems. Further extensions of the
current study may include the utilization of other advanced
machine learning for data classification, employment of
other metaheuristic for model optimization, employment of
higher-order statistical features as input to machine learning
based classifiers, enhancement of the detection accuracy for
image samples located in the boundary of the corroded area,
improvement of the computational efficiency of the current
method by employing advanced image segmentation tech-
niques, and collection of more image samples to enhance the
generalization of the current MO-SVM-PCD model.
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