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Tito Busani, USA
Pierfrancesco Cacciola, UK
Salvatore Caddemi, Italy
Jose E. Capilla, Spain
Ana Carpio, Spain
Miguel E. Cerrolaza, Spain
Mohammed Chadli, France
Gregory Chagnon, France
Ching-Ter Chang, Taiwan
Michael J. Chappell, UK
Kacem Chehdi, France
Chunlin Chen, China
Xinkai Chen, Japan
Francisco Chicano, Spain
Hung-Yuan Chung, Taiwan
Joaquim Ciurana, Spain
John D. Clayton, USA
Carlo Cosentino, Italy
Paolo Crippa, Italy
Erik Cuevas, Mexico
Peter Dabnichki, Australia
Luca D’Acierno, Italy
Weizhong Dai, USA
Purushothaman Damodaran, USA
Farhang Daneshmand, Canada
Fabio De Angelis, Italy
Stefano de Miranda, Italy
Filippo de Monte, Italy
Xavier Delorme, France
Luca Deseri, USA
Yannis Dimakopoulos, Greece
Zhengtao Ding, UK
Ralph B. Dinwiddie, USA
Mohamed Djemai, France
Alexandre B. Dolgui, France
George S. Dulikravich, USA
Bogdan Dumitrescu, Finland
Horst Ecker, Austria
Ahmed El Hajjaji, France
Fouad Erchiqui, Canada

Anders Eriksson, Sweden
Giovanni Falsone, Italy
Hua Fan, China
Yann Favennec, France
Giuseppe Fedele, Italy
Roberto Fedele, Italy
Jacques Ferland, Canada
Jose R. Fernandez, Spain
Simme D. Flapper, Netherlands
Thierry Floquet, France
Eric Florentin, France
Francesco Franco, Italy
Tomonari Furukawa, USA
Mohamed Gadala, Canada
Matteo Gaeta, Italy
Zoran Gajic, USA
Ciprian G. Gal, USA
Ugo Galvanetto, Italy
Akemi Gálvez, Spain
Rita Gamberini, Italy
Maria Gandarias, Spain
Arman Ganji, Canada
Xin-Lin Gao, USA
Zhong-Ke Gao, China
Giovanni Garcea, Italy
Fernando García, Spain
Laura Gardini, Italy
Alessandro Gasparetto, Italy
Vincenzo Gattulli, Italy
Oleg V. Gendelman, Israel
Mergen H. Ghayesh, Australia
Anna M. Gil-Lafuente, Spain
Hector Gómez, Spain
Rama S. R. Gorla, USA
Oded Gottlieb, Israel
Antoine Grall, France
Jason Gu, Canada
Quang Phuc Ha, Australia
Ofer Hadar, Israel
Masoud Hajarian, Iran
Frédéric Hamelin, France
Zhen-Lai Han, China
Thomas Hanne, Switzerland
Takashi Hasuike, Japan
Xiao-Qiao He, China



M.I. Herreros, Spain
Vincent Hilaire, France
Eckhard Hitzer, Japan
Jaromir Horacek, Czech Republic
Muneo Hori, Japan
András Horváth, Italy
Gordon Huang, Canada
Sajid Hussain, Canada
Asier Ibeas, Spain
Giacomo Innocenti, Italy
Emilio Insfran, Spain
Nazrul Islam, USA
Payman Jalali, Finland
Reza Jazar, Australia
Khalide Jbilou, France
Linni Jian, China
Bin Jiang, China
Zhongping Jiang, USA
Ningde Jin, China
Grand R. Joldes, Australia
Joaquim Joao Judice, Portugal
Tadeusz Kaczorek, Poland
Tamas Kalmar-Nagy, Hungary
Tomasz Kapitaniak, Poland
Haranath Kar, India
Konstantinos Karamanos, Belgium
Chaudry Khalique, South Africa
Do Wan Kim, Korea
Nam-Il Kim, Korea
Oleg Kirillov, Germany
Manfred Krafczyk, Germany
Frederic Kratz, France
Jurgen Kurths, Germany
Kyandoghere Kyamakya, Austria
Davide La Torre, Italy
Risto Lahdelma, Finland
Hak-Keung Lam, UK
Antonino Laudani, Italy
Aime’ Lay-Ekuakille, Italy
Marek Lefik, Poland
Yaguo Lei, China
Thibault Lemaire, France
Stefano Lenci, Italy
Roman Lewandowski, Poland
Qing Q. Liang, Australia
Panos Liatsis, UK
Peide Liu, China
Peter Liu, Taiwan

Wanquan Liu, Australia
Yan-Jun Liu, China
Jean J. Loiseau, France
Paolo Lonetti, Italy
Luis M. López-Ochoa, Spain
Vassilios C. Loukopoulos, Greece
Valentin Lychagin, Norway
Fazal M. Mahomed, South Africa
Yassir T. Makkawi, UK
Noureddine Manamanni, France
Didier Maquin, France
Paolo Maria Mariano, Italy
Benoit Marx, France
Geŕard A. Maugin, France
Driss Mehdi, France
Roderick Melnik, Canada
Pasquale Memmolo, Italy
Xiangyu Meng, Canada
Jose Merodio, Spain
Luciano Mescia, Italy
Laurent Mevel, France
Yuri V. Mikhlin, Ukraine
Aki Mikkola, Finland
Hiroyuki Mino, Japan
Pablo Mira, Spain
Vito Mocella, Italy
Roberto Montanini, Italy
Gisele Mophou, France
Rafael Morales, Spain
Aziz Moukrim, France
Emiliano Mucchi, Italy
Domenico Mundo, Italy
Jose J. Muñoz, Spain
Giuseppe Muscolino, Italy
Marco Mussetta, Italy
Hakim Naceur, France
Hassane Naji, France
Dong Ngoduy, UK
Tatsushi Nishi, Japan
Ben T. Nohara, Japan
Mohammed Nouari, France
Mustapha Nourelfath, Canada
Sotiris K. Ntouyas, Greece
Roger Ohayon, France
Mitsuhiro Okayasu, Japan
Eva Onaindia, Spain
Javier Ortega-Garcia, Spain
Alejandro Ortega-Moñux, Spain

Naohisa Otsuka, Japan
Erika Ottaviano, Italy
Alkiviadis Paipetis, Greece
Alessandro Palmeri, UK
Anna Pandolfi, Italy
Elena Panteley, France
Manuel Pastor, Spain
Pubudu N. Pathirana, Australia
Francesco Pellicano, Italy
Haipeng Peng, China
Mingshu Peng, China
Zhike Peng, China
Marzio Pennisi, Italy
Matjaz Perc, Slovenia
Francesco Pesavento, Italy
Maria do Rosário Pinho, Portugal
Antonina Pirrotta, Italy
Vicent Pla, Spain
Javier Plaza, Spain
Jean-Christophe Ponsart, France
Mauro Pontani, Italy
Stanislav Potapenko, Canada
Sergio Preidikman, USA
Christopher Pretty, New Zealand
Carsten Proppe, Germany
Luca Pugi, Italy
Yuming Qin, China
Dane Quinn, USA
Jose Ragot, France
Kumbakonam R. Rajagopal, USA
Gianluca Ranzi, Australia
Sivaguru Ravindran, USA
Alessandro Reali, Italy
Oscar Reinoso, Spain
Nidhal Rezg, France
Ricardo Riaza, Spain
Gerasimos Rigatos, Greece
José Rodellar, Spain
Rosana Rodriguez-Lopez, Spain
Ignacio Rojas, Spain
Carla Roque, Portugal
Aline Roumy, France
Debasish Roy, India
Rubén Ruiz García, Spain
Antonio Ruiz-Cortes, Spain
Ivan D. Rukhlenko, Australia
Mazen Saad, France
Kishin Sadarangani, Spain



Mehrdad Saif, Canada
Miguel A. Salido, Spain
Roque J. Saltarén, Spain
Francisco J. Salvador, Spain
Alessandro Salvini, Italy
Maura Sandri, Italy
Miguel A. F. Sanjuan, Spain
Juan F. San-Juan, Spain
Roberta Santoro, Italy
Ilmar Ferreira Santos, Denmark
José A. Sanz-Herrera, Spain
Nickolas S. Sapidis, Greece
Evangelos J. Sapountzakis, Greece
Andrey V. Savkin, Australia
Valery Sbitnev, Russia
Thomas Schuster, Germany
Mohammed Seaid, UK
Lotfi Senhadji, France
Joan Serra-Sagrista, Spain
Leonid Shaikhet, Ukraine
Hassan M. Shanechi, USA
Sanjay K. Sharma, India
Bo Shen, Germany
Babak Shotorban, USA
Zhan Shu, UK
Dan Simon, USA
Luciano Simoni, Italy
Christos H. Skiadas, Greece
Michael Small, Australia
Francesco Soldovieri, Italy
Raffaele Solimene, Italy

Ruben Specogna, Italy
Sri Sridharan, USA
Ivanka Stamova, USA
Yakov Strelniker, Israel
Sergey A. Suslov, Australia
Thomas Svensson, Sweden
Andrzej Swierniak, Poland
Yang Tang, Germany
Sergio Teggi, Italy
Alexander Timokha, Norway
Rafael Toledo, Spain
Gisella Tomasini, Italy
Francesco Tornabene, Italy
Antonio Tornambe, Italy
Fernando Torres, Spain
Fabio Tramontana, Italy
Sébastien Tremblay, Canada
Irina N. Trendafilova, UK
George Tsiatas, Greece
Antonios Tsourdos, UK
Vladimir Turetsky, Israel
Mustafa Tutar, Spain
Efstratios Tzirtzilakis, Greece
Filippo Ubertini, Italy
Francesco Ubertini, Italy
Hassan Ugail, UK
Giuseppe Vairo, Italy
Kuppalapalle Vajravelu, USA
Robertt A. Valente, Portugal
Pandian Vasant, Malaysia
Miguel E. Vázquez-Méndez, Spain

Josep Vehi, Spain
Kalyana C. Veluvolu, Korea
Fons J. Verbeek, Netherlands
Franck J. Vernerey, USA
Georgios Veronis, USA
Anna Vila, Spain
Rafael J. Villanueva, Spain
Uchechukwu E. Vincent, UK
Mirko Viroli, Italy
Michael Vynnycky, Sweden
Junwu Wang, China
Shuming Wang, Singapore
Yan-WuWang, China
Yongqi Wang, Germany
Desheng D. Wu, Canada
Yuqiang Wu, China
Guangming Xie, China
Xuejun Xie, China
Gen Qi Xu, China
Hang Xu, China
Xinggang Yan, UK
Luis J. Yebra, Spain
Peng-Yeng Yin, Taiwan
Ibrahim Zeid, USA
Huaguang Zhang, China
Qingling Zhang, China
Jian Guo Zhou, UK
Quanxin Zhu, China
Mustapha Zidi, France
Alessandro Zona, Italy



Contents

Information Analysis of High-Dimensional Data and Applications, Xin-She Yang, Sanghyuk Lee,
Sangmin Lee, and NiponTheera-Umpon
Volume 2015, Article ID 126740, 2 pages

On Feature Selection and Rule Extraction for High Dimensional Data: A Case of Diffuse Large B-Cell
Lymphomas Microarrays Classification, Narissara Eiamkanitchat, NiponTheera-Umpon,
and Sansanee Auephanwiriyakul
Volume 2015, Article ID 275831, 12 pages

Process Monitoring and Fault Diagnosis for Shell Rolling Production of Seamless Tube, Dong Xiao,
Xuyang Gao, Jichun Wang, and Yachun Mao
Volume 2015, Article ID 219710, 12 pages

An Effective Methodology with Automated Product Configuration for Software Product Line
Development, Scott Uk-Jin Lee
Volume 2015, Article ID 435316, 11 pages

A Novel Approach for Protein-Named Entity Recognition and Protein-Protein Interaction Extraction,
Meijing Li, Tsendsuren Munkhdalai, Xiuming Yu, and Keun Ho Ryu
Volume 2015, Article ID 942435, 10 pages

Energy Efficient MAC Scheme forWireless Sensor Networks with High-Dimensional Data Aggregate,
Seokhoon Kim, Hangki Joh, Seungjun Choi, and Intae Ryoo
Volume 2015, Article ID 803834, 13 pages

A New Ensemble Method with Feature Space Partitioning for High-Dimensional Data Classification,
Yongjun Piao, Minghao Piao, Cheng Hao Jin, Ho Sun Shon, Ji-Moon Chung, Buhyun Hwang,
and Keun Ho Ryu
Volume 2015, Article ID 590678, 12 pages

Applying Genetic Algorithm to Generation of High-Dimensional Item Response Data,
ByoungWook Kim, JaMee Kim, and WonGyu Lee
Volume 2015, Article ID 589317, 13 pages

Intrinsic Dimension Estimation: Relevant Techniques and a Benchmark Framework, P. Campadelli,
E. Casiraghi, C. Ceruti, and A. Rozza
Volume 2015, Article ID 759567, 21 pages

Development of a Learner Profiling System UsingMultidimensional Characteristics Analysis,
Kinam Park, Hyesung Ji, and Heuiseok Lim
Volume 2015, Article ID 652623, 9 pages

AMultidata Connection Scheme for Big Data High-Dimension Using the Data Connection Coefficient,
Yoon-su Jeong and Seung-soo Shin
Volume 2015, Article ID 931352, 6 pages

A Novel Short-Time Fourier Transform-Based Fall Detection AlgorithmUsing 3-Axis Accelerations,
Isu Shin, Jongsang Son, Soonjae Ahn, Jeseong Ryu, Sunwoo Park, Jongman Kim, Baekdong Cha,
Eunkyoung Choi, and Youngho Kim
Volume 2015, Article ID 394340, 7 pages



The Effects of Feature Optimization on High-Dimensional Essay Data, Bong-Jun Yi, Do-Gil Lee,
and Hae-Chang Rim
Volume 2015, Article ID 421642, 12 pages

Evolutionary Feature Selection for Big Data Classification: AMapReduce Approach, Daniel Peralta,
Sara del Río, Sergio Ramírez-Gallego, Isaac Triguero, Jose M. Benitez, and Francisco Herrera
Volume 2015, Article ID 246139, 11 pages

Three-Dimensional Path Planning Method for Autonomous Underwater Vehicle Based on Modified
Firefly Algorithm, Chang Liu, Yuxin Zhao, Feng Gao, and Liqiang Liu
Volume 2015, Article ID 561394, 10 pages

An IoT Knowledge Reengineering Framework for Semantic Knowledge Analytics for BI-Services,
Nilamadhab Mishra, Hsien-Tsung Chang, and Chung-Chih Lin
Volume 2015, Article ID 759428, 12 pages

Empirical Validation of Objective Functions in Feature Selection Based on Acceleration Motion
Segmentation Data, Jong Gwan Lim, Mi-hye Kim, and Sahngwoon Lee
Volume 2015, Article ID 280140, 12 pages



Editorial
Information Analysis of High-Dimensional
Data and Applications

Xin-She Yang,1 Sanghyuk Lee,2,3 Sangmin Lee,4,5 and Nipon Theera-Umpon6,7

1School of Science and Technology, Middlesex University London, London NW4 4BT, UK
2Department of Electrical and Electronic Engineering, Xi’an Jiaotong-Liverpool University, High Educational Town,
SIP, Suzhou 215123, China
3Centre for Smart Grid and Information Convergence, Xi’an Jiaotong-Liverpool University, High Educational Town,
SIP, Suzhou 215123, China
4Department of Electronic Engineering, Inha University, Inha-ro 100, Incheon, Republic of Korea
5Institute for Information and Electronics Research, Inha University, Inha-ro 100, Incheon, Republic of Korea
6Department of Electrical Engineering, Faculty of Engineering, Chiang Mai University, Chiang Mai 50200, Thailand
7Biomedical Engineering Center, Chiang Mai University, Chiang Mai 50200, Thailand

Correspondence should be addressed to Xin-She Yang; x.yang@mdx.ac.uk

Received 28 September 2015; Accepted 29 September 2015

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

1. Introduction

Big data is becoming one of the hottest topics in current
research in computer science, data mining, engineering,
and applicable mathematics. In fact, the diverse research
activities surrounding the big data are so vast that they form
a new discipline, namely, the data science. There are many
challenging issues associated with big data [1, 2], and one
very important issue is the high-dimensional data analysis.
Even with some moderate size data, high-dimensionality can
pose extra challenges. High-dimensionality in combination
with large datasets can be extremely challenging. High-
dimensional data are relevant to a wide range of fields such
as biometric, medicine, e-commerce, network security, and
industrial applications. In order to use data characteristics,
proper techniques and methods are needed to handle such
high-dimensional data [3]. Furthermore, data can have atyp-
ical characteristics and high-dimensional data structures,
which means that conventional analysis techniques do not
work well. To analyse extra useful information from high-
dimensional data, novel approaches are required.

2. Main Challenges

Among the many challenging issues concerning big data and
high-dimensional data, we highlight the following five major
challenges:

(i) For high-dimensional datasets, there is the so-called
curse of dimensionality: the searchable volume in the
hyperspace becomes small, compared with the vast
feasible search space. Thus, any solution procedure
can only sample a subset of sparse points with essen-
tially zero sampling volume in order to make sense
of the vast datasets. Thus, it is a huge challenge with
an almost impossible task for finding the global opti-
mality. In addition, the distance measures required
for problem formulations become less meaningful as
any finite distance will result in an almost zero ratio
between the distance measure and the vast distance
needed to cover in the high-dimensional search space.

(ii) As the number of dimensions increases, the number
of features also increases, often far more rapidly,
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which means that there is huge sparsity associated
with such high-dimensional features. In addition,
some correlation may exist between different dimen-
sions, and thus features can be difficult to define.

(iii) For high-dimensional data, datasets tend to be
unstructured, which may pose extra challenges to
use. In addition, noise and uncertainties often exist
in big datasets. Such noisy data can become more
challenging to process and to apply any proper data
mining techniques. For such problems, there is no
analytical approach to provide insight even for a small
subset of problems. Therefore, algorithms tend to be
problem specific and even data specific.Thus, there is
no generic approach in general.

(iv) As the number of dimensions increases, the possible
combinations of clusters grow exponentially, and
clustering becomes nondeterministic polynomial-
time hard (NP-hard), and thus there are no efficient
methods to deal with such challenging problems.

(v) Even with the steady increase in speed of modern
computers and the availability of cheaper parallel and
cloud computing facilities, this does not ease the
challenges of high-dimensional information analysis.
Efforts on developing new methods and tools are still
highly needed. It may need a paradigm shift and a
nonconventional way of thinking to problem-solving
concerning high-dimensional data.

These challenges mean that new methods and alternative
approaches are needed to solve such tough problems [4]. In
fact, heuristic andmetaheuristic algorithmshave been proven
to be a promising set of alternative methods, especially
those metaheuristic approaches based on nature-inspired
optimization algorithms [5].

3. Recent Developments

This special issue strives to provide a timely platform to
discuss and summarize the latest developments in this area.
The emphasis has been on the theoretical methodology and
mathematical analysis, though applications concerning high-
dimensional data are also the focus. The responses were well
received with a high number of high-quality submissions.
After the rigorous peer-review process, the accepted papers,
with an acceptance rate of about 23%, represent an extensive
snapshot of the recent developments.

From this special issue, we can see that topics include
from information analysis of high-dimensional data and
feature selection to biomedical applications and real-world
applications in engineering. First, N. Eiamkanitchat et al.
present a study on feature selection and rule extraction for
high-dimensional data in the context of microarray classifi-
cation and then J. G. Lim et al. study the feature selection
related to motion segmentation data, while D. Peralta et
al. present a MapReduce approach for feature selection and
big data classification. In addition, M. Li et al. investigate
the protein-named entity recognition and protein-protein
interaction extraction and B.-J. Yi et al. study the effects

of feature optimization concerning high-dimensional essay
data, whereas I. Shin et al. study fall detection using three-axis
acceleration data and K. Park et al. present a learner profiling
system using multidimensional characteristics analysis.

On the other hand, S. U.-J. Lee uses automated product
configuration for software product line development and
P. Campadelli et al. estimate intrinsic dimensions and also
propose a benchmark framework. Then, N. Mishra et al.
present a framework for semantic knowledge analytics and
B. Kim et al. apply genetic algorithms to generate high-
dimensional item response data. In addition, S. Kim et al.
study wireless sensor networks with high-dimensional data
aggregates and Y. Piao et al. propose an ensemble method for
feature space partitioning and high-dimensional data classifi-
cation. Furthermore, Y. Jeong and S. Shin use data connection
coefficients for presenting a multidata connection scheme
in the context of big data. In the real-world engineering
applications, C. Liu et al. use a modified firefly algorithm
to plan three-dimensional paths for autonomous underwater
vehicle navigation in the complex terrains and D. Xiao et
al. present a study of process monitoring for shell rolling
production and seamless tubes.

Obviously, there aremany other interesting developments
concerning the information analysis of high-dimensional
data. This special issue can only cover a small fraction of
the latest developments. It is hoped that this special issue
can inspire more research in this area in the near future,
especially about the five challenging issues outlined above.
Any progress in these areas will no doubt provide more
insight into the understanding of high-dimensional data and
the development of more effective tools.

Xin-She Yang
Sanghyuk Lee
Sangmin Lee

Nipon Theera-Umpon
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Neurofuzzy methods capable of selecting a handful of useful features are very useful in analysis of high dimensional datasets. A
neurofuzzy classification scheme that can create proper linguistic features and simultaneously select informative features for a high
dimensional dataset is presented and applied to the diffuse large B-cell lymphomas (DLBCL) microarray classification problem.
The classification scheme is the combination of embedded linguistic feature creation and tuning algorithm, feature selection, and
rule-based classification in one neural network framework.The adjustable linguistic features are embedded in the network structure
via fuzzy membership functions.The network performs the classification task on the high dimensional DLBCLmicroarray dataset
either by the direct calculation or by the rule-based approach. The 10-fold cross validation is applied to ensure the validity of the
results. Very good results from both direct calculation and logical rules are achieved. The results show that the network can select
a small set of informative features in this high dimensional dataset. By a comparison to other previously proposed methods, our
method yields better classification performance.

1. Introduction

An innovation in computational intelligence mechanism,
not only to develop the high accuracy mechanisms but
also to be interpreted easily by human, is an interesting
research topic. In order to achieve the interpretability pur-
pose, linguistic features are more desirable than other types
of features. An algorithm for finding appropriate symbolic
descriptors to represent ordinary continuous featuresmust be
developed for classification mechanism. Enormous research
works in neural networks are accomplished in classification
accuracy [1–4]. The better performance of rules generated
from neural network than that from the decision tree in
noisy conditions was demonstrated [1]. The subset method
which conducted a breadth first search for all the hidden
and output nodes over the input links was proposed [2].
Knowledge insertion was applied to reduce training times
and improve various features of the neural networks [3, 4].

However, these algorithms are difficult to comprehend due
to the large number of parameters and the complicated
structure inside the networks. The methods to extract rules
from neural network without the consideration of linguistic
feature have been proposed in some research works [5, 6].
Fuzzy sets are appropriate choice in preparing linguistic data
to more interpretable information for humans [7–11]. The
methods to transform numeric data into linguistic terms
before training and then extracting the rules were proposed
[12–18]. A supervised type of neural network with a structure
which supported the simplicity of the rule extraction was
proposed [12]. Rules were extracted from neural networks
using structural learning based on the matrix of importance
index [13]. Other rule extraction methods were proposed by
simply determining the typical fuzzy membership functions
using the expectation maximization (EM) algorithm [14] or
determining the context-dependent membership functions
for crisp and fuzzy linguistic variableswhich alloweddifferent
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linguistic variables in different rules [15]. The logical rule
extraction from data was proposed with an assumption that
a set of symbolic or continuous valued predicate functions
has been defined for some objects, thus providing values of
features for categorization of these objects [16]. Nice examples
of neurofuzzy methods for a medical prediction problem and
a biometric classification problem can be found in [17] and
[18], respectively. Nevertheless to discover proper linguistic
features for continuous data representation in these methods
is the tradeoff between simplicity and accuracy.

Due to linguistic feature requirement, in some situations
depending on classification models, input features are 𝑚
times increased corresponding to 𝑚 linguistic terms for
each original feature. This problem is more serious in high
dimensional datasets. The high dimensional feature vectors
may contain noninformative features and feature redundancy
that, in turn, can cause unnecessary computation cost and
difficulty in creating classification rules. Therefore, an algo-
rithm for informative feature selection must be developed.
Although some neurofuzzy methods were utilized for feature
selection in high dimensional datasets, they are not widely
used. On the other hand, there are several research works
on the use of neurofuzzy methods as a classifier [19, 20].
In [21], a neurofuzzy method was utilized to select good
features by utilizing a relationship between fuzzy criteria. In
[22], a neurofuzzy scheme which combines neural networks
and fuzzy rule base systems was proposed for simultaneous
feature selection and fuzzy rule-based classification. There
were three subprocesses in the learning phase. The network
structure was changed in phases 2 and 3, and the param-
eters of membership functions were fine-tuned in phase 3.
Although we have similar purpose with [22], the network
structures and learning methods are different. In addition,
our method can automatically create linguistic features and
all parameters are modified automatically in one learning
phase without changing the network structure or retraining
network, while in [22] there is more than one learning phase,
and that algorithm cannot fine-tune parameters without
retraining network with different structure.

We initially proposed a neurofuzzy method that could
select features and simultaneously create rules for low-
dimensional datasets [23, 24]. Although the method in this
paper is similar, the training process for a high dimensional
dataset in this paper is different. To emphasize its usefulness,
Chen and Lin have adopted our method into skin color
detection [25]. With the consideration of the uncomplicated
network structure, the main components including linguistic
feature creation and tuning algorithm, feature selection,
and rule-based classification were embedded in one neural
network mechanism. The problem of using linguistic feature
is to define a particular linguistic set for each feature in a
given dataset.The fuzzymembership functionwas embedded
in our network for linguistic feature creation rather than
using the ordinary feature. The reason of this combination
model is the applicability of the neural network’s learn-
ing algorithms developed for fuzzy membership function.
The original features were transformed to linguistic fea-
tures and then classified to informative and noninformative
classes, that is, either +1 or −1. Features with high weight

values referred to as the informative features were therefore
selected.

In this paper, we investigate the usefulness of our pro-
posed neurofuzzy method by applying it to the high dimen-
sional diffuse large B-cell lymphomas (DLBCL) microar-
ray classification problem. The number of features in this
microarray dataset (7,070 features) is much larger than what
we have tried previously. Moreover, the number of samples
is very small (77 samples). Therefore, this problem is very
challenging and it is interesting to see whether our method
would work in this dataset with huge number of features, but
very small number of samples. The findings of informative
features and rules will be useful in diagnosis of this kind of
cancer. The results will also indicate the generalization of our
method.

This paper is organized as follows. A neurofuzzy method
with feature selection and rule extraction and its training
scheme designed for a high dimensional dataset is described
in Section 2. The experimental setup, data description,
experimental results, and discussion are given in Section 3.
Section 4 concludes the paper.

2. Neurofuzzy Method with Feature
Selection and Rule Extraction

Three requirements are concerned in the design of a neural
network structure for rule extraction. Less complication of
network structure is the first requirement. Therefore, only
three layers (an input, a hidden, and an output layers)
in a neural network are constructed. Consistent with the
first requirement, the small number of linguistic variables
is the second requirement. The set of linguistic terms
{small,medium, large} is sufficiently understood. The final
requirement is that there is only one best combination rule
used for classification. The combination rule is created with
the consideration of the class order described in the next
section.

The neural network designed based on the aforemen-
tioned requirements is displayed in Figure 1. The original
features are fed forward to the input layer. Each original
feature is reproduced 𝑚 times corresponding to the number
of specified linguistic terms and used as the input to the
hidden layer. Instead of using the static linguistic feature
from preprocessing, we add the hidden layer with fuzzy logic
membership functions. A Gaussian membership function
is used to represent membership value of each group. In
addition to weight updating equations, the modifications of
the center 𝑐 and the spread 𝜎 are required during the training
process. The second layer is the combination of fuzzification
and informative linguistic feature classification. The class of
linguistic features is decided and fed as the input to the output
layer.

The number of nodes constructed in the input layer is the
same number of original input features. For the forward pass,
each node is reproduced𝑚 times. In our structure𝑚 is equal
to 3. The number of outputs from this layer is therefore triple
of that of the original input features and represented by

𝑦
in
𝑖𝑗
= 𝑥
𝑖
, (1)
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Figure 1: Our neurofuzzy classification model.

where 𝑖 = 1, 2, . . . , 𝑝 denotes the order number of the original
input and 𝑗 = 1, 2, 3 denotes the order number of the
linguistic feature created for each original input. Between the
input layer and hidden layer, all connection weights are set to
unity.

The next layer is the hidden layer. In addition to calcu-
lating fuzzy values corresponding to the specified linguistics
of the original input, the maximum membership value is
classified to the informative class. Since we use 3 linguistic
terms, that is, small (S), medium (M), and large (L), for
each original feature, the number of nodes constructed in
this hidden layer is 3 times of that of the input layer. Each
node uses Gaussian membership function to specify the
membership values of the original feature; that is,

𝜇
𝑖𝑗
= 𝑒
(−(1/2)(𝑦

in
𝑖𝑗
−𝑐𝑗)
2
/𝜎
2

𝑗
)
. (2)

𝜇
𝑖𝑗
is the membership value of 𝑦in

𝑖𝑗
which is the original input

𝑖 from the linguistic node 𝑗. Each node in this layer has two

parameters to consider. The first parameter is the spread 𝜎
𝑖𝑗

for each original feature 𝑖. The initial values of 𝜎
𝑖𝑗
for 𝑗 = S,

M, and L come from the spreads divided by 3 (𝜎
𝑖𝑗
/3) of all

data points in linguistic term 𝑗. The second parameter is the
center 𝑐

𝑖𝑗
. The initial values of 𝑐

𝑖𝑗
for 𝑗 = S, M, and L are set to

(𝑐
𝑖𝑗
−(𝜎
𝑖𝑗
/3)), 𝑐

𝑖𝑗
, and (𝑐

𝑖𝑗
+(𝜎
𝑖𝑗
/3)), respectively, where 𝑐

𝑖𝑗
is the

center of the membership set of linguistic term 𝑗 of original
feature 𝑖.

For each original input, the most informative linguistic
feature is defined as the feature with maximum membership
value corresponding to the input value 𝑦in

𝑖𝑗
. The parameters

𝑐
𝑗
and 𝜎

𝑗
which are mean and standard deviation of only the

most informative linguistic variable are modified. Consider
two linguistic terms (classes) of 𝑆 (the most informative
linguistic term) and 𝑇 (the noninformative linguistic term);
the output 𝑦ℎ

𝑖𝑗
of the hidden layer is equal to +1 if the input

𝑦
in
𝑖𝑗

belongs to class 𝑆. Alternatively, 𝑦ℎ
𝑖𝑗
is equal to −1 if

the input belongs to class 𝑇, for 𝑗 = 1, 2, 3. Therefore, the
output from the hidden layer is ±1. Each original feature
has one informative linguistic term represented by +1 and
two noninformative linguistic terms represented by −1. All
outputs with identified informative values are used as input
to the final layer.

In the output layer, the number of nodes is equal to the
number of the classes in the dataset. Weights are fully con-
nected between this layer and hidden layer. Hence, we utilize
this layer for feature selection purpose. The importance of
linguistic features is specified by the corresponding weight
values. Sigmoid function is used as the activation function in
this layer. Therefore the output is

𝑦
𝑜

𝑘
= 𝜑 (𝑧

𝑘
) =

1

(1 + 𝑒
−𝑧𝑘)

, (3)

where

𝑧
𝑘
= ∑

𝑗

𝑤
𝑗𝑘
𝑦
ℎ

𝑗
. (4)

The subscript 𝑘, ordering from 1 to 𝑞, represents the class
indices of the dataset. 𝑤

𝑗𝑘
represents the weight connected

between node 𝑗 in the hidden layer and node 𝑘 in the output
layer. The summation of the product between weights and
outputs from the hidden layer is represented by 𝑧

𝑘
.

2.1. Parameter Tuning. Thealgorithm for parameter tuning of
the proposedmodel is slightly different from the conventional
algorithm as Algorithm 1.

2.1.1. Weight Modification. The standard error backpropaga-
tion algorithm is used in the backward pass of the proposed
model. Consider the 𝑘th neuron of the output layer at
iteration 𝑛; the error signal is defined by

𝑒
𝑘 (
𝑛) = 𝑑𝑘 (

𝑛) − 𝑦
𝑜

𝑘
(𝑛) , (5)

where 𝑒
𝑘
(𝑛) and 𝑑

𝑘
(𝑛) represent the error signal and desired

output, respectively. The output signal of neural 𝑘 in the
output layer is represented by 𝑦𝑜

𝑘
(𝑛). The instantaneous error
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While (performance ≤ threshold)
Compute the delta values (local gradient values) at the output nodes using (7)
Update weights between hidden and output layers using (8)
For each input features

If (hidden node connecting to input feature belongs to informative class)
Compute the delta values (local gradient values) at the output nodes using (9)
Update mean and standard deviation using (10)

Else
Retain original values

End If
End For

End While

Algorithm 1

energy value of neuron 𝑘 is defined as (1/2)𝑒2
𝑘
(𝑛). The total

error energy of neuron 𝑘 can be calculated by

𝐸 (𝑛) =

1

2

∑

𝑘

𝑒
2

𝑘
(𝑛) . (6)

Backpropagating from the output layer, the delta value (local
gradient value) is defined as

𝛿
𝑜
(𝑛) = 𝑒𝑘

𝜑

(𝑧
𝑘 (
𝑛)) , (7)

where 𝜑(𝑧
𝑘
(𝑛)) = 𝜕𝑦

𝑘
(𝑛)/𝜕𝑧

𝑘
(𝑛). Given the learning rate

𝜂
𝑤
, the connected weights between the hidden layer and the

output layer are updated by

𝑤
𝑗𝑘 (
𝑛 + 1) = 𝑤𝑗𝑘 (

𝑛) − 𝜂𝑤
𝛿
𝑜
(𝑛) 𝑦
ℎ

𝑗
(𝑛) . (8)

2.1.2. Membership Function Parameter Modification. In the
hidden layer, the update process follows the parameter tuning
algorithm displayed at the beginning of this section. Only
membership functions of the informative class are updated.
SinceGaussianmembership functions are chosen for the clas-
sified informative linguistic feature, we update 2 parameters,
that is, 𝑐 and 𝜎. Similar to the output layer, we perform the
backpropagation algorithm in this hidden layer with the delta
value defined as

𝛿
ℎ
(𝑛) = 𝜑


(𝜇
𝑖𝑗 (
𝑛))∑

𝑘

𝛿
𝑜
(𝑛) 𝑤𝑗𝑘 (

𝑛) . (9)

The parameters 𝑐 and 𝜎 belonging to the informative linguis-
tic features at iteration (𝑛 + 1) are updated by

𝑐
𝑖𝑗 (
𝑛 + 1) = 𝑐𝑖𝑗 (

𝑛) + Δ𝑐𝑖𝑗 (
𝑛) ,

𝜎
𝑖𝑗 (
𝑛 + 1) = 𝜎𝑖𝑗 (

𝑛) + Δ𝜎𝑖𝑗 (
𝑛) ,

(10)

where Δ𝑐
𝑖𝑗
and Δ𝜎

𝑖𝑗
are defined by

Δ𝑐
𝑖𝑗 (
𝑛) = −𝜂𝑐

𝛿
ℎ
(𝑛) 𝑦

in
𝑖𝑗
,

Δ𝜎
𝑖𝑗 (
𝑛) = −𝜂𝜎

𝛿
ℎ
(𝑛) 𝑦

in
𝑖𝑗
.

(11)

Table 1: Genes corresponding to the selected features.

Feature index Gene
83 MDM4
87 STX16
207 NR1D2
355 DCLRE1A
450 PARK7
546 ATIC
931 HG4263-HT4533 at
2164 CSRP1
2360 NASP
2479 PGK1
6264 HLA-DPB1 2
7043 HLA-A 2
7052 ITK 2
7057 PLGLB2

𝜂
𝑐
and 𝜂

𝜎
are the learning rates for the parameters 𝑐 and 𝜎,

respectively.
In Figure 2(a), the Wisconsin breast cancer dataset with

9 original features and 683 data points is used to illustrate
the initial membership functions. Figure 2(b) shows the illus-
trators of all corresponding parameters tuned after training.
For the DLBCL dataset used in this research, the number of
original features is too large. Therefore, we cannot display
the initial membership functions of all features. However, the
means and standard deviations of a set of 14 selected features’
initial membership functions of are shown later in Table 1.

2.2. Rule Extraction Methods. For the typical direct calcula-
tion in a neural network, the output is 𝑦𝑜 as shown in (3).
The class decision is simply the class with the corresponding
maximum output. For the rule extraction purpose, however,
the weight values are used to verify the importance of the
features after the training process. In each fold of the 10-
fold cross validation, after the learning phase, the connection
weights between the hidden layer and the output layer are
sorted to prioritize the informative features to be described
in more detail below.
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Figure 2: (a) Initial membership functions of the Wisconsin breast cancer dataset. (b) Updated membership functions after training by the
neurofuzzy classification model.
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Table 2: Means (𝑐
𝑗
) and variances (𝜎

𝑗
) of membership functions {S, M, L} of 14 selected features before training for the DLBCL dataset.

Initial values
Feature 𝑐S 𝑐M 𝑐L 𝜎S 𝜎M 𝜎L

83 185.636 254.651 323.665 69.014 69.014 69.014
87 200.414 255.633 310.852 55.219 55.219 55.219
207 −164.730 −89.712 −14.693 75.018 75.018 75.018
355 −22.187 11.675 45.538 33.862 33.862 33.862
450 3384.316 4126.221 4868.126 741.905 741.905 741.905
546 1810.664 2396.104 2981.544 585.440 585.440 585.440
931 −148.675 −26.558 95.558 122.117 122.117 122.117
2164 865.360 1032.987 1200.614 167.627 167.627 167.627
2360 1107.608 1373.013 1638.418 265.405 265.405 265.405
2479 25.192 42.494 59.795 17.301 17.301 17.301
6264 5419.876 6722.623 8025.370 1302.747 1302.747 1302.747
7043 11535.574 12983.805 14432.037 1448.232 1448.232 1448.232
7052 259.998 393.052 526.106 133.054 133.054 133.054
7057 422.074 516.844 611.614 94.770 94.770 94.770

The algorithm selects the informative linguistic features
twice. The first selection is done by considering the bipolar
output from the hidden layer. The linguistic feature with
output of +1 is considered an informative feature.The second
selection is done by considering the weight values between
the hidden layer and the output layer. The larger weight
value indicates the more informative feature. Consider the
proposed network for logical rule extraction, the IF part is
extracted from the hidden layer. As mentioned previously,
we use 3 membership functions representing the linguistic
terms {S,M, L} for each original feature. The summation of
the product of weights and output from the hidden layer is
interpreted to the logical OR in the extracted rules. The final
classified class from the output layer is interpreted to THEN
in the classification rules. After finishing the training phase,
the weights are sorted. We use the final values of weights to
select the “Top𝑁” informative features.

From the structure described earlier, the rule extracted
from our network can be interpreted by 2 approaches. Both
approaches combine all conditions to only 1 rule. The first
approach is the “simple OR” rule. All 𝑁 features are used to
create a simple OR rule of each class, for example, when a 2-
class problem is assumed and𝑁 is set to 3. Considering class 1,
if the first informative order is “Feature 1 is Large,” the second
informative order is “Feature 5 is Medium,” and the third
informative order is “Feature 3 is Small.” Considering class
2, if the first informative order is “Feature 10 is Small,” the
second informative order is “Feature 5 is Small,” and the third
informative order is “Feature 6 is Large.” In case of the class
order “Class 1 then Class 2,” the rule automatically generated
from the simple OR approach of our proposed method is as
Rule 1.

In case of the class order “Class 2 then Class 1,” the rule
will be slightly modified to Rule 2.

The second approach creates a rule with the consideration
of the order of informative linguistic features and class order.
We call this approach the “layered” rule. All N linguistic
features are created with the consideration of the order of

informative features and class order. In case of the class order
“Class 1 then Class 2,” the rule automatically generated from
the layered approach for the same scenario as above is as
Rule 3.

In case of the class order “Class 2 then Class 1,” the
extracted rule will be Rule 4.

2.3. Neurofuzzy Method with Feature Selection and Rule
Extraction for High Dimensional Dataset via Iterative Par-
tition Method. An iterative partition method is designed
for the application on a dataset that has a large amount of
features. The idea is to partition the entire set of features
into subclusters. Each cluster is used in informative feature
selection. The structure of the algorithm is displayed in
Figure 3.The first step in the algorithm is to define the desired
number of features (𝐹) to be used in the final step.Theoriginal
dataset is partitioned into 𝑛 subset. Each subset is used as
an input to the neurofuzzy method. All selected features are
then combined to create the dataset with selected features.
The partitioning and feature selection is iteratively performed
until the desired number of informative features is achieved.

3. Experimental Results and Discussion

The diffuse large B-cell lymphomas (DLBCL) dataset con-
sisting of 77 microarray experiments with 7,070 gene expres-
sion levels [27] was utilized in this research. It was made
available to the public at http://www.broadinstitute.org/
cgi-bin/cancer/datasets.cgi. There are two classes in the
dataset, that is, diffuse large B-cell lymphoma (DLBCL) is
referred to as class 1 and follicular lymphoma (FL) is referred
to as class 2. These 2 types of B-cell lineage malignancies
have very different clinical presentations, natural histories,
and response to therapy [27]. Because DLBCLs are the most
common lymphoid malignancy in adults, a method that
can efficiently classify these 2 lymphomas is, therefore, very
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Table 3: Means (𝑐
𝑗
) and variances (𝜎

𝑗
) of membership functions {S, M, L} of 14 selected features after training for the DLBCL dataset.

Final values
Feature 𝑐S 𝑐M 𝑐L 𝜎S 𝜎M 𝜎L

83 42.217 244.422 448.788 70.018 68.702 68.640
87 89.961 244.306 401.299 55.559 53.710 53.294
207 −316.059 −88.806 138.408 73.797 75.289 75.806
355 −84.419 12.311 109.255 31.586 31.900 37.146
450 1811.843 4047.102 6272.187 746.321 748.685 750.148
546 594.454 2361.230 4125.430 590.479 591.615 595.343
931 −404.615 −26.100 348.347 124.371 124.241 125.706
2164 552.324 1048.629 1545.862 168.960 168.791 173.626
2360 566.830 1351.743 2133.887 262.543 263.800 265.277
2479 −10.591 41.380 95.801 17.087 18.011 23.355
6264 2972.543 6890.328 10810.781 1308.614 1309.833 1308.325
7043 8683.574 12940.488 17192.838 1424.231 1424.378 1422.902
7052 −21.680 387.083 797.666 137.781 137.389 139.518
7057 217.169 507.375 803.842 100.208 102.060 98.289

No

Original dataset

Sub. 1 Sub. 2 Sub. 3 Sub. 4 Sub. n

Dataset with 
selected features

Partition into n subsets

Final dataset with 
selected features

Yes

· · ·

#features ≤ F

Figure 3: Iterative partition method for neurofuzzy method with
feature selection and rule extraction for large dataset.

desirable. In the dataset, there are 58 samples of DLBCL class,
and 19 samples of FL class.

The selected informative features from the learning phase
are used for classification task in both direct calculation
and logical rule. The 10-fold cross validation is performed
in the experiments. The results displayed are the average
results on validation sets over 10 cross validations. During
the training step, because the number of features was too
large, the original features were divided into small subsets,

rather than using the entire 7,070 features at once. The 10-
fold cross validation was performed on each subset. The
informative features from each subset were selected and form
the final informative features by combining them together.
The learning rate for weight updating was set to 0.1, and the
learning rates used in updating 𝑐 and 𝜎 were set to 0.001.

3.1. Classification Results on DLBCL Microarrays by Direct
Calculation Using Selected Features. We tried several choices
of the number of selected features (𝑁) and found that
𝑁 = 14 was adequate for this problem. After training, 14
features were automatically selected by our method. The set
of features that yielded the best results on validation sets
among those in 10-fold cross validation consisted of features
83 (MDM4), 87 (STX16), 207 (NR1D2), 355 (DCLRE1A),
450 (PARK7), 546 (ATIC), 931 (HG4263-HT4533 at), 2164
(CSRP1), 2360 (NASP), 2479 (PGK1), 6264 (HLA-DPB1 2),
7043 (HLA-A 2), 7052 (ITK 2), and 7057 (PLGLB2). The
genes corresponding to the selected features are shown in
Table 1. The values of means and standard deviations of all
membership functions of the 14 selected features before and
after training are shown in Tables 2 and 3, respectively.

The classification rates on the validation sets of 10-fold
cross validation achieved by using the direct calculation were
92.21%, 89.61%, 84.42%, and 84.42%, when the numbers
of selected linguistic features were set to 14, 10, 5, and 3,
respectively. These results show that the proposed method
can select a set of informative features out of a huge pool of
features. As shown in Table 4, the classification performance
is comparable to those performed by previously proposed
methods [26, 27]. However, rather than using random initial
weights connecting between the hidden layer and the output
layer, we used the weights achieved in the current cross
validation to be the initial weights for the next cross valida-
tion. This constrained weight initialization yielded 100.00%,
97.40%, 90.91%, and 92.21%using the direct calculation, when
the numbers of selected linguistic features were set to 14, 10,
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IF “Feature 1 is Large” OR “Feature 5 is Medium” OR “Feature 3 is Small”
THEN “Class is 1”

ELSEIF “Feature 10 is Small” OR “Feature 5 is Small” OR “Feature 6 is Large”
THEN “Class is 2”

END

Rule 1

IF “Feature 10 is Small” OR “Feature 5 is Small” OR “Feature 6 is Large”
THEN “Class is 2”

ELSEIF “Feature 1 is Large” OR “Feature 5 is Medium” OR “Feature 3 is Small”
THEN “Class is 1”

END

Rule 2

IF “Feature 1 is Large” THEN “Class is 1”
ELSEIF “Feature 10 is Small” THEN “Class is 2”
ELSEIF “Feature 5 is Medium” THEN “Class is 1”
ELSEIF “Feature 5 is Small” THEN “Class is 2”
ELSEIF “Feature 3 is Small” THEN “Class is 1”
ELSEIF “Feature 6 is Large” THEN “Class is 2”
END

Rule 3

IF “Feature 10 is Small” THEN “Class is 2”
ELSEIF “Feature 1 is Large” THEN “Class is 1”
ELSEIF “Feature 5 is Small” THEN “Class is 2”
ELSEIF “Feature 5 is Medium” THEN “Class is 1”
ELSEIF “Feature 6 is Large” THEN “Class is 2”
ELSEIF “Feature 3 is Small” THEN “Class is 1”
END

Rule 4

5, and 3, respectively. To ensure that the set of all parameters
achieved here could get 100% correct classification on this
dataset, we tried to use the networks to classify all 77
microarrays (rather than considering the results from 10-fold
cross validation in which the outputs could be different when
the random groups are different.) We found that each of all
10 networks from 10-fold cross validation still yielded 100%
correct classification on the entire dataset.

3.2. Classification Results on DLBCL Microarrays by Logical
Rule Using Selected Features. One of the good features of
our method is the automatic rule extraction. Even though
this approach usually does not yield as good performance
as the direct calculation, it provides rules understandable for
human.This ismore desirable from the human interpretation
aspect than the black-box based direct calculation.

Table 4: Comparison between the proposed method and other
algorithms on the DLBCL dataset.

Method
Number of
features
selected

Classification
rate (%)

Näıve Bayes [26] 3–8 83.76
Our method without constrained
weight initialization 10 89.61

Decision trees [26] 3–8 85.46
Our method without constrained
weight initialization 14 92.21

𝑘-NN [26] 3–8 88.60
Weighted voting model [27] 30 92.20
VizRank [26] 3–8 93.03
Our method with constrained
weight initialization 10 97.40

SVM [26] 3–8 97.85
Our method with constrained
weight initialization 14 100.00

The𝑁 selected linguistic featureswere used to create rules
using both simple OR and layered approaches asmentioned in
Section 2.2.The classification rate of 90.91% on validation sets
using only 5 selected linguistic features was achieved using
the simple OR rule with the class order “Class 1 then Class
2,” where Class 1 and Class 2 denote the DLBCL class and
FL class, respectively. For more details of the results, Table 5
shows the top-10 linguistic features for the DLBCL dataset
selected by our method in each cross validation of the 10-
fold cross validation. The classification rates in all 10 cross
validations were 75.00%, 100.00%, 100.00%, 75.00%, 100.00%,
87.50%, 75.00%, 100.00%, 100.00%, and 100.00%, respectively.
The classification rate from the layered rule was 81.82% using
the same top 5 linguistic features.The details of classification
rates in all 10 cross validations were 75.00%, 87.50%, 100.00%,
87.50%, 62.50%, 75.00%, 75.00%, 85.71%, 85.71%, and 85.71%,
respectively. When using the aforementioned constrained
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IF “HLA-A 2 is Small” OR “NASP is Large” OR “MDM4 is Small” OR “ATIC is Medium” OR “STX16 is Small”
THEN “Class is DLBCL”

ELSEIF “HLA-A 2 is Large” OR “ATIC is Small” OR “STX16 is Large” OR “MDM4 is Medium” OR “NASP is Small”
THEN “Class is FL”

END

Rule 5

Table 5: Top-10 linguistic features for DLBCL dataset selected by our method in 10-fold cross validation (most informative: right, least
informative: left).

Cross validation Class Feature type Feature ranking

1
1 Linguistic S M M S L S M L S S

Original 7057 207 931 87 2479 7052 546 2360 83 7043

2 Linguistic S M L L M S L L L S
Original 450 7052 6264 207 83 2360 83 87 7043 546

2
1 Linguistic L L M M S S S M L S

Original 355 2479 207 931 87 7052 83 546 2360 7043

2 Linguistic S M L L L M S L L S
Original 355 7052 83 6264 207 83 2360 87 7043 546

3
1 Linguistic S M S M L S M L S S

Original 7052 931 7057 207 2479 87 546 2360 83 7043

2 Linguistic L S S L S L M S L L
Original 7057 2479 450 207 2360 83 83 546 87 7043

4
1 Linguistic M L M L M S S S L S

Original 931 2164 207 2479 546 7052 87 83 2360 7043

2 Linguistic S L S L L S M L S L
Original 2479 6264 450 207 83 2360 83 87 546 7043

5
1 Linguistic L M L M S S M L S S

Original 2164 931 2479 207 7052 87 546 2360 83 7043

2 Linguistic S S L S L L M L S L
Original 2479 450 6264 2360 83 207 83 87 546 7043

6
1 Linguistic L M S M L S S M L S

Original 355 207 7052 931 2479 87 83 546 2360 7043

2 Linguistic L L S L M L S L S L
Original 7057 6264 450 207 83 83 2360 87 546 7043

7
1 Linguistic S S M M L S M S L S

Original 7052 7057 931 207 2479 87 546 83 2360 7043

2 Linguistic L S S L L S M L S L
Original 6264 2479 450 207 83 2360 83 87 546 7043

8
1 Linguistic L M M S S S L S L S

Original 355 546 931 7052 87 7057 2479 83 2360 7043

2 Linguistic L L S M S L L L S L
Original 7057 207 2360 83 2479 6264 83 87 546 7043

9
1 Linguistic S S M L M S M S L S

Original 7057 7052 931 2479 207 87 546 83 2360 7043

2 Linguistic L S S L L S M L S L
Original 6264 450 2479 207 83 2360 83 87 546 7043

10
1 Linguistic M L M S S S M S L S

Original 207 2479 931 87 7052 7057 546 83 2360 7043

2 Linguistic L L S L S L M L S L
Original 6264 7057 450 207 2360 83 83 87 546 7043
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IF “HLA-A 2 is Small” THEN “Class is DLBCL”
ELSEIF “HLA-A 2 is Large” THEN “Class is FL”
ELSEIF “NASP is Large” THEN “Class is DLBCL”
ELSEIF “ATIC is Small” THEN “Class is FL”
ELSEIF “MDM4 is Small” THEN “Class is DLBCL”
ELSEIF “STX16 is Large” THEN “Class is FL”
ELSEIF “ATIC is Medium” THEN “Class is DLBCL”
ELSEIF “MDM4 is Medium” THEN “Class is FL”
ELSEIF “STX16 is Small” THEN “Class is DLBCL”
ELSEIF “NASP is Small” THEN “Class is FL”
END

Rule 6

weight initialization, the classification rates were the same.
We also tried to increase the number of selected features to
10 but it did not help. The results were the same as that using
5 features.

From Table 5, it can be seen that the sets of informative
features for class 1 and class 2 are different across the cross
validations. That will result in a number of different rules.
However, in the real application we will have to come up
with the best rules among them. We propose to use the
summation of the feature informative level in all 10 cross
validations. The feature informative level is simply defined
by the informative order. For example, if only 10 linguistic
features are considered, the most informative one will have
the feature informative level of 1.0, the second one will have
that of 0.9, and so on. Hence, the tenth most informative
feature will have the feature informative factor of 0.1, and the
remaining will get the feature informative level of 0.0. The
informative levels of each feature are then summed across all
cross validations to yield the overall informative level of that
feature.

We show the overall feature informative levels from the
10-fold cross validation using top-10 features in Table 6. In
this case, the highest possible informative level is 10.0. Out
of 42 linguistic features for each class, there were only 12 and
13 linguistic features with nonzero informative level for class
1 and class 2, respectively. That means the remaining features
did not appear at all in the top-10 list of any cross validation.
The results showed that, for class 1, the first 5most informative
linguistic features ranking from the most informative to the
less informative were “Feature 7043 (HLA-A 2) is Small,”
“Feature 2360 (NASP) is Large,” “Feature 83 (MDM4) is
Small,” “Feature 546 (ATIC) is Medium,” and “Feature 87
(STX16) is Small,” respectively. For class 2, the first 5 most
informative linguistic features were “Feature 7043 is Large,”
“Feature 546 is Small,” “Feature 87 is Large,” “Feature 83
is Medium,” and “Feature 2360 is Small,” respectively. It is
worthwhile noting that the last statement can also be “Feature
83 is Large” because it has the same feature informative level
of 5.5 as for “Feature 2360 is Small.” This information was
used to create rules as described in Section 2.2. Hence, the
rule extracted using the simple OR approach is as Rule 5.

Using the layered approach, the extracted rule is in Rule 6.

Table 6: Feature informative levels from the 10-fold cross validation
using top-10 features.

Original feature Linguistic term Informative level
Class 1

7043 S 10.0
2360 L 8.7
83 S 8.1
546 M 6.5
87 S 5.5
2479 L 4.2
7052 S 3.9
207 M 2.8
931 M 2.8
7057 S 1.9
355 L 0.3
2164 L 0.3

Class 2
7043 L 9.8
546 S 9.1
87 L 8.1
83 M 6.2
2360 S 5.5
83 L 5.5
207 L 4.1
6264 L 2.3
450 S 2.0
2479 S 1.4
7057 L 0.5
7052 M 0.4
355 S 0.1

4. Conclusion

The classification problem of diffuse large B-cell lymphoma
(DLBCL) versus follicular lymphoma (FL) based on high
dimensional microarray data was investigated by our neu-
rofuzzy classification scheme. Our direct calculation method
could achieve 100% classification rate on the validation sets
of 10-fold cross validation by using only 14 out of 7,070
features in the dataset. These 14 features including genes
MDM4, STX16, NR1D2, DCLRE1A, PARK7, ATIC, HG4263-
HT4533 at, CSRP1, NASP, PGK1, HLA-DPB1 2, HLA-A 2,
ITK 2, and PLGLB2 were automatically selected by our
method. The method could also identify the informative
linguistic features for each class. For the DLBCL class, the
first 5 most informative linguistic features were “HLA-A 2
is Small,” “NASP is Large,” “MDM4 is Small,” “ATIC is
Medium,” and “STX16 is Small,” respectively. For class 2,
the first 5 most informative linguistic features were “HLA-
A 2 is Large,” “ATIC is Small,” “STX16 is Large,” “MDM4
is Medium,” and “NASP is Small,” respectively. The terms
Small, Medium, and Large of each original feature were
automatically determined by our method. The informative
linguistic features were used to create rules that achieved
90.91% classification rate on the validation sets of 10-fold



Mathematical Problems in Engineering 11

cross validation. Even though this rule creation approach
yielded worse classification performance than the direct cal-
culation, it is more desirable from the human interpretation
aspect. It can be seen that very good results are achieved
in this standard high dimensional dataset. A set of selected
informative genes will be useful for further investigation in
the fields of bioinformatics or medicines. To ensure that this
set of selected features can be used in general, it should be
applied to more DLBCL versus FL cases.
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Continuous rolling production process of seamless tube has many characteristics, including multiperiod and strong nonlinearity,
and quickly changing dynamic characteristics. It is difficult to build its mechanism model. In this paper we divide production
data into several subperiods by 𝐾-means clustering algorithm combined with production process; then we establish a continuous
rolling production monitoring and fault diagnosis model based on multistage MPCA method. Simulation experiments show that
the rolling production process monitoring and fault diagnosis model based on multistage MPCA method is effective, and it has a
good real-time performance, high reliability, and precision.

1. Introduction

The deformation process of seamless tube production can
be summarized into three stages: perforation, extension, and
finish rolling. The main purpose of the perforation process
is to perforate a solid round billet into a hollow shell. The
main purpose of Elongator is to further reduce the cross
section and to make the shell improve on dimensional
accuracy, surface quality, and organizational performance.
After elongator rolling, steel tube is called shell, which
requires further molding in the finishing mill, in order to
achieve the requirements of he finished tube [1]. Continuous
rolling mill is an elongator which has the highest production
efficiency and superior product quality. So it has been widely
applied to the big steel mills. Online monitoring of oper-
ating parameters can effectively avoid accidents, eliminate
equipment damage, save a lot of maintenance costs, increase
running time, improve set utilization, and reduce spare parts
inventory and time. Process monitoring and fault diagnosis
has a very important practical significance for safe production
and scientific maintenance [2].

Reference [3] analyzed the causes of roll sticking steel and
gave several methods to avoid sticking steel but did not give a
sticking steel monitoring method. Reference [4] introduced
the rolling steel tube transverse wall and longitudinal wall
thickness error monitoring method, but it needs to introduce
expensive measuring instrument. Reference [5] introduced
the fault diagnosis methods for DC motor of rolling roll.
Reference [6] introduced a continuous rolling mill online
monitoring system based on virtual instrument technology,
but it monitored the variables separately and did not consider
correlation between the variables, which made some deep-
seated faults difficult to bemonitored. In the area of industrial
process, significant researches have been done for online
process monitoring and fault diagnosis [7–12]. Multivariate
statistical analysis techniques, such as principal component
analysis (PCA) [13–15] and partial least squares (PLS) [16–18],
have long been used for detection and diagnosis of abnormal
operating situations in many industrial processes.

Continuous rolling process is a batch process which has
typical multi-period and dynamic multivariate characteris-
tics. According to multi-period characteristics of continuous
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Figure 1: Time and displacement of rolling tube process.

rolling process, it can be divided into bite stage, stable rolling
stage and steel leaving stage. The production data has the
following characteristics:

(1) Large Amount of Data, High Dimension and Strong Cou-
pling. Seamless tube rolling process is a computer supervisory
and computer control industrial process. It need regularly
acquire system state variables and equipment status to be used
for display and control. Each cycle of seamless tube rolling
production process will produce tens of thousands of process
data. After accumulating, the amount of data is enormous.
At the same time the behavior of the rolling process is the
outcome of combining action of many variable factors which
have a strong coupling relationship.

(2) Industrial Noise andUncertainty. Because systemworks in
complex environments, the output signal of electronic sens-
ing devices is susceptible to noise. And it is also vulnerable to
the uncertainties.

(3) Multimode. Data is a reflection of the system state
changing. The data are not only in normal working state
but also in various kinds of abnormal state and fault state.
The former is the main part. The latter has a relatively small
amount of data, but it is indispensable in the knowledge
discovery and data mining.

(4) Staircase Distribution. In the biting stage the tube enters
rolls from the first to the eighth, and in the steel leaving stage
the situation is in turn. So the data is staircase distribution.

In this paper, by using 𝐾-means clustering algorithm
combinedwith production process, we establish a continuous
rolling production process monitoring and fault diagnosis
model based onmultistageMPCAmethod. Firstly, according
to the production process, we divide production data into
three subperiods including bite stage, stable rolling stage, and
steel leaving stage. Secondly, we use clustering algorithm to
further divide those larger changing stages. A satisfactory

effect is difficult to be obtained if using clustering algorithm
to classify the production data alone. We classify it combined
with production process. Finally we get a satisfactory moni-
toring result. Online monitoring and fault diagnosis system
not only can online monitor equipment but also can carry
out fault alarm and diagnosis timely. During the monitoring
process, it does not require the dedicated testers and does
not need professional and technical personnel to make an
analysis and judgment.

2. Analysis of Factors Affecting the Continuous
Rolling Production

In order to build the monitoring and fault diagnosis model,
we analyze the influencing factors for continuous rolling
production firstly.

As shown in Figure 1, the continuous rolling process can
be divided into three stages.

(1) Bite Stage.As shown in Figure 1, the head of steel tube
moves from point a to point b, and the tail moves
from point A to point B.

(2) Stable Rolling Stage. As shown in Figure 1, the head of
steel tube moves from point b to point c, and the tail
moves from point B to point C.

(3) Steel Leaving Stage. As shown in Figure 1, the head of
steel tube moves from point c to point d, and the tail
moves from point C to point D.

Factors affecting seamless steel rolling production process
are mainly the following: roller rotational speed, roller input
current, and roller torque.

(1) Roller Rotational Speed. In continuous rolling process, the
roller rotational speed is very important. If the speed is too
fast, the surface of shell cannot be completely eliminated.
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In addition, if the speed is too slow, the consumption of
electricity and other energy will increase.

(2) Roller Torque. The roller torque is one of the controlled
variables. It is controlled by the input current. The torque
directly affects the quality of steel tube. If torque is too small, it
cannot completely remove the blank of tube surface. If torque
is too large, shell will deform under the pressure. Reasonably
controlled torque of the rolling process is an important factor
which cannot be ignored. In order to save energy resources,
during the wait state, the torque will be reduced. When the
tube is rolled, the torque increases. When the tube leaves the
roll, the torque decreases.

(3) Roller Input Current. Roller current is one of the most
important control variables in the process of rolling. It is
an important factor to control torque and rotational speed.
Because the sensitivity of the current is higher, when the
pierced tube enters the stand mill, current increases quickly.
Then the roller rotational speed and roller torque increase in
order to roll smoothly. Current and torque are proportional
to the relationship. The current increases when the steel tube
gets into the roll.Then it tends to a stable state.When the tube
leaves the roll, current drops rapidly. So correctly controlling
the size and direction of current is an important part of the
process of rolling, and the current is themain control variable
in the rolling process.

3. Multiway Principal Component Analysis

Batch processes are repetitive production process. Their
data sets have one more dimension than the continuous
production process data set. We can use three-dimensional
data matrix 𝑋 = (𝐼 × 𝐽 × 𝐾), instead of the batch process
data collection, where the three dimensions 𝐼, 𝐽, and 𝐾,
respectively, represent the batch number of samples, number
of process variables, and the number of measuring points in
each operation [19, 20]. MPCA will unfold𝑋 = (𝐼 × 𝐽 ×𝐾) in

such a way as to put each of its vertical slices (𝐼 × 𝐽) side by
side to the right, which start with the one corresponding to
the first time interval. The resulting two-dimensional matrix
has dimensions𝑋(𝐼 × 𝐽𝐾) [21, 22] (Figure 2).

After three-dimensional data matrix 𝑋 is expanded into
two-dimensional data, it will be decomposed into a series
of principal components consisting of score vectors 𝑡

𝑗
and

loading matrices 𝑃
𝑗
, together with a residual matrix 𝐸 by the

principles of PCA. The MPCA model can be written as

𝑋 =

𝑘

∑

𝑗=1

𝑡
𝑗
⊗ 𝑝
𝑗
+ 𝐸, (1)

where the score vectors 𝑡
𝑗
is related only to batches and the

loading matrices 𝑃
𝑗
is related to variables and their time

variation. The noise or residual part 𝐸 is as small as possible
in a least squares sense.

4. Establish a Multiperiod Continuous
Rolling Production Process Monitoring
Model Based on 𝐾-Means and MPCA

4.1. Collecting the Production Data. Based on actual produc-
tion data characteristics of seamless steel rolling process, in
this paper we use ibaAnalyzer software to collect 20 data
under normal production condition. As shown in Table 1, we
select 24 production process indicator variables to establish a
monitoring model. In this paper, the three-dimensional data
matrix is 𝑋(𝐼 × 𝐽 × 𝐾). The three dimensions, respectively,
represent the batch number of samples, number of process
variables, and the number of measuring points in each
operation (𝐼 = 20, 𝐽 = 24, 𝐾 = 400). In order to obtain
vertical data slice 𝑋

𝑘
(𝐼 × 𝐽), we cut the three-dimensional

matrix along the direction of the third dimension. Thus
during a period we can get 400 time slice matrixes. By using
PCA for the 400 two-dimensional time slice matrix, we got
400 load matrixes and got the whole model load matrix by
taking an average.

4.2. Online Monitoring Based on PCA Method. The whole
PCA model can be defined as follows:

𝑃
∗
=
1

400

400

∑

𝑘=1

𝑃
𝑘
, (2)

where 𝑘 is the number of load matrix.
The number of principal components 𝐴∗ can be calcu-

lated by the cumulative contribution rate. In this paper, we
set 𝐴∗ = 6,

The cumulative contribution rate =
∑
𝐴
∗

𝑗=1
𝜆
∗

𝑗

trace (𝑆∗)
≥ 90%, (3)

where 𝑆∗ = diag(𝜆
1
, 𝜆
2
, . . . , 𝜆

𝐽
) is an eigenvalues diagonal

matrix of the matrix𝑋.
The whole PCA load matrix 𝑃∗ is divided into two parts:

the main component space 𝑃∗(24 × 6) and the residual
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Figure 3: Seamless tube rolling process 𝑇2 control limits and SPE control limits.

Table 1: Measured variables for seamless steel rolling production
process.

Symbol Variables Unit
1 1st roller speed r/s
2 1st roller current A
3 1st roller torque N∗m
4 2nd roller speed r/s
5 2nd roller current A
6 2nd roller torque N∗m
7 3rd roller speed r/s
8 3rd roller current A
9 3rd roller torque N∗m
10 4th roller speed r/s
11 4th roller current A
12 4th roller torque N∗m
13 5th roller speed r/s
14 5th roller current A
15 5th roller torque N∗m
16 6th roller speed r/s
17 6th roller current A
18 6th roller torque N∗m
19 7th roller speed r/s
20 7th roller current A
21 7th roller torque N∗m
22 8th roller speed r/s
23 8th roller current A
24 8th roller torque N∗m

space ̃𝑃
∗

(24 × 18). Similarly, eigenvalue diagonal matrix 𝑆∗

is correspondingly divided into two parts 𝑆∗ and ̃𝑆
∗

�̃� = 𝑋 (𝑃
∗

)
𝑇

,

̂̃
𝑋 = �̃� (𝑃

∗

)
𝑇

,

𝐸 = 𝑋 −
̂̃
𝑋.

(4)

In current online monitoring and fault diagnosis, judging
whether statistics𝑇2 and SPE are over the limit is usually used
to determine whether faults happen. The control limits of 𝑇2
approximately obey 𝐹 distribution:

𝐷 ∼

𝐴
∗
(𝑛
2
− 1)

𝑛 (𝑛 − 𝐴
∗
)
𝐹
𝐴
∗
,𝑛−𝐴
∗
,𝛼
, (5)

where 𝐾 = 400 and 𝑛 is the number of samples data for
modeling. The control limits of 𝑇2 is shown in Figure 3(a).
For residual subspace, SPE

𝑘
of the PCAmodel approximately

obey 𝜒2 distribution [23, 24] at time 𝑘:

SPE
𝑘,𝛼
= 𝑔
𝑘
𝜒
2

ℎ
𝑘,𝛼

,

𝑔
𝑘
=

V
𝑘

2𝑚
𝑘

,

ℎ
𝑘
=
2 (𝑚
𝑘
)
2

V
𝑘

,

(6)

where 𝑔 is a constant, ℎ is the freedom degree of the 𝜒2
distribution, and V

𝑘
and 𝑚

𝑘
are, respectively, the mean and

variance of the square prediction error at time 𝑘. SPE control
limits are shown in Figure 3(b).

In order to monitor the rolling process, first we need
to obtain the measured data of new production period,
standardize the new data, calculate the main component and
the prediction error of the data by formula (7) and check
whether the 𝑇2 and SPE are beyond their own control limit.
If the statistic exceeds the control limit, it indicates that a
fault may occur at the time. We now should analyze possible
causes of the failure by variable 𝑇2 and SPE time-varying
contribution plots and exclude or isolate the faults. Consider

𝑡 = 𝑥𝑃
∗

,

𝑒 = 𝑥 (𝐼 − 𝑃
∗

(𝑃
∗

)
𝑇

) ,

𝑇
2
= 𝑡
𝑇
(𝑆
∗

)
−1

𝑡,

SPE = 𝑒𝑒𝑇.

(7)
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Figure 4: 𝑇2 and SPE plot for MPCA monitoring results of the normal rolling process.

As shown in Figure 4, under normal conditions, moni-
toring plot of SPE has an obvious alarm phenomenon during
the first 50 sampling times and the last 50 sampling times.We
can explain the reason for alarm in the process of monitoring
combining with the rolling process. The first 50 samples are
in the bite stage, where current, speed, and torque suddenly
change due to steel tube enter. The last 50 samples are in
the steel leaving stage, where speed, current, and torque
decrease sharply because of tube leaving. Because of sudden
changes of variables, standardized data still remain large
deviations. Therefore, PCA monitoring model appears alarm
phenomenon. So it is necessary to establish a multistage
MPCA monitoring model.

4.3. Build a Multistage MPCA Monitoring Model according
to Production Process. According to the process, rolling
production process can be divided into three stages: bite
stage, stable rolling stage, and steel leaving stage. Then this
paper established a multistage MPCA monitoring model
according to the three stages.

As shown in Figure 5, the situation of the steel leaving
stage has improved. But alarm phenomenon still exists and
the monitoring effect still needs to be improved. So the
bite stage and steel leaving stage should be further divided.
𝐾-means and Fuzzy 𝐶-means (FCM) clustering algorithm
are commonly used. FCM algorithm does not consider any
information related to the image space continuity, so it is
highly sensitive to noise. However, 𝐾-means algorithm is
simple and fast. Particularly when dealing with the large data
sets, it has a very high efficiency. So this paper chooses 𝐾-
means clustering algorithm as a segmentation method.

4.4. 𝐾-Means and Multistage MPCA Combined to Build a
Monitoring Model. 𝐾-means algorithm is to cluster 𝑛 objects
based on attributes into 𝐾(𝐾 < 𝑛) partitions. It assigns each
object to the cluster which has the nearest center. The center
is defined as the average of all the objects in the cluster, which
starts from a set of random initial centers. The main steps of
𝐾-means clustering algorithm is as follows.

(1) Set up the cluster number 𝐾.
(2) Directly generate𝐾 random points as cluster centers.
(3) Assign each other points to the nearest cluster center.
(4) Recalculate the new cluster centers after new points

are clustered into the clusters.
(5) Repeat 3 and 4 until cluster centers do not change.

According to process and the 𝐾-means algorithm for
segmentation, number of principal components retained in
each substage PCA model is 𝐴∗

𝑐
, which can be obtained by

formula (3). The whole PCA load matrix 𝑃∗
𝑐
is divided into

two parts: the main component space 𝑃∗
𝑐
and the residual

space ̃𝑃
∗

𝑐
, which can be obtained by formula (4). Similarly,

eigenvalue diagonalmatrix 𝑆∗
𝑐
is correspondingly divided into

two parts 𝑆∗
𝑐
and ̃𝑆

∗

𝑐
. SPE control limits can be obtained by

formula (4), 𝑇2 control limits is defined as follows:

𝐷
𝑘
∼

𝐴
∗

𝑐
(𝑛
2

stage 𝑐 − 1)

𝑛stage 𝑐 (𝑛stage 𝑐 − 𝐴
∗

𝑐
)

𝐹
𝐴
∗

𝑐
,𝑛stage 𝑐−𝐴

∗

𝑐
,𝛼
. (8)

As shown in Figure 6, when the number of stages is 7
(bite stage is divided into three stages, no segmentation stable
rolling stage, and steel leaving stage is divided into three
stages.), 𝑇2 and SPE are beyond their own control limits. The
model has a good performance in monitoring.

According to the contrast of the foregoing analysis, we
can easily conclude that seamless tube continuous rolling
production process has too many characteristics, includ-
ing multiperiod, strong nonlinearity, and quickly changing
dynamic characteristics. It is hard tomonitor production pro-
cess by the traditional MPCA method. In this paper, we use
multistage MPCA method, according to production process
and clustering algorithm. This method can solve nonlinear
problem of seamless tube rolling production process and
improve the accuracy of online monitoring. At the same
time the method has a strong guiding significance for the
production.
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Figure 5: 𝑇2 and SPE plot for multistage MPCA monitoring results of the normal rolling process.
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Figure 6: 𝑇2 and SPE plot for 7 stages monitoring results of the normal rolling process.

Through the experiment, we find that the number of
segments is larger and the precision is higher. But at the
same time it easily causes misjudgment. In this paper, after
several experiments, we finally decided to select 𝐾 = 7,
which both can be very good for rolling production process
monitoring and avoid misjudgment. Compared with the
situation without segmentation, segmentation model can
more accurately judge running state of rolling process, which
has a positive meaning for actual production.

5. Fault Diagnosis

By monitoring, the test method based on statistic can only
monitorwhether faults occur and the approximate time of the
occurrence, but it could not determine the source of the fault.
The method of contribution plot provides possibilities of
determining the fault sources. It can reflect the contribution
to the statistics from variables at each moment.

For the main component and residual subspace, there are
two contribution plots that can be used for fault diagnosis—
𝑇
2 contribution plot and SPE contribution plot.

The contribution to the 𝑎th principal component 𝑡
𝑎
from

𝑗th process variable 𝑥
𝑗
can be defined as follows:

𝐶
𝑡
𝑎
,𝑥
𝑗

=

𝑥
𝑗
𝑝
𝑗,𝑎

𝑡
𝑎

(𝑎 = 1, . . . , 𝐴; 𝑗 = 1, . . . , 𝑚) . (9)

The contribution to the statistic SPE from the 𝑗th process
variables is

𝐶SPE
𝑥
𝑗

=

(𝑥
𝑗
− 𝑥
𝑗
)
2

SPE
.

(10)

In order to verify the performance of the multistage
monitoring model, this paper introduces two typical fault
data for monitoring and fault diagnosis.

Fault 1. 1st roller speed fault, from75th to 125th sampling time,
the roller speed is 0.

Fault 2. 1st roller current fault, from 70th to 130th sampling
time, the roller current is 0.
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Figure 7: 𝑇2 monitoring plots of fault 1.
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Figure 8: SPE monitoring plots of fault 1.

5.1. Fault Diagnosis for the 1st Roller Speed. As shown in
Figure 7, for fault 1, monitoring plots of SPE have an obvious
alarm phenomenon, which 𝑇2 monitoring plots do not
have. For comparison, 𝑇2 contribution plot are still drawn
together with the SPE contribution plot. In order to diagnose
the cause of the fault, this paper, respectively, drew main
component contribution plots, 𝑇2 contribution plots, and
SPE contribution plots of 60th, 120, and 240th sampling
time. As shown in Figure 8(a), MPCA model does not have
an obvious alarm phenomenon in the fault time. As shown
in Figure 8(b), multistage MPCA model can quickly and
accurately detect the fault.

As shown in Figure 9, the contribution rate of each
principal component is not the same at different time. Near
the fault time, the first principal component contribution
rate was larger. Away from the fault time, the first principal
component contribution rate is less than the second principal
component. This paper analyzes contribution rate to the first
principal component from process variables. According to
contribution rate from each variable to𝑇2 and SPE, this paper

studied and determined the fault sources. They are shown in
Figures 10 and 11.

Because 𝑇2 monitoring plots do not have an obvious
alarm phenomenon, 𝑇2 contribution plot shown in Figure 10
does not detect the fault variable. As shown in Figure 11, in
the fault time, the first variable (1st roller speed) has larger
contribution rate to the first principal component. From the
results we can see that SPE monitoring plots have an obvious
alarm phenomenon. According to the SPE contribution rate,
we can diagnose the fault. So the proposedmethod is correct.

5.2. Fault Diagnosis for the 1st Roller Current. As shown
in Figure 12, for fault 2, monitoring plots of SPE have an
obvious alarm phenomenon, which 𝑇2 monitoring plots do
not have. For comparison, 𝑇2 contribution plots are still
drawn together with the SPE contribution plot. In order to
diagnose the cause of the fault, this paper, respectively, draws
main component contribution plots, 𝑇2 contribution plots,
and SPE contribution plots of 50th, 125, and 250th sampling
time. As shown in Figure 13(a), MPCA model does not have
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Figure 9: Principal component contribution plots of fault 1.
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Figure 10: 𝑇2 contribution plots of fault 1.
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Figure 11: SPE contribution plots of fault 1.
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Figure 12: 𝑇2 monitoring plots of fault 2.

an obvious alarm phenomenon in the fault time. As shown
in Figure 13(b), multistage MPCA model can quickly and
accurately detect the fault.

As shown in Figure 14, the contribution rate of each
principal component is not the same at different time. Near
the fault time, the first principal component contribution
rate was larger. Away from the fault time, the first principal
component contribution rate is less than the second principal
component. This paper analyzes contribution rate to the first

principal component from process variables. According to
contribution rate of each variable, this paper studies and
determines the fault sources. They are shown in Figures 15
and 16.

Because 𝑇2 monitoring plots do not have an obvious
alarm phenomenon, 𝑇2 contribution plot shown in Figure 15
does not detect the fault variable. As shown in Figure 16, in the
fault time, the second variable (1st roller current) has larger
contribution rate to the first principal component. From
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Figure 13: SPE monitoring plots of fault 2.
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Figure 14: Principal component contribution plots of fault 2.

the results we can see that SPEmonitoring plots have an obvi-
ous alarm phenomenon. According to the SPE contribution
rate we can diagnose the fault. So the proposed method is
correct.

6. Conclusions

According to strong nonlinearity and dynamic property of
the seamless tube continuous rolling production process, this

paper divides production data into subperiods by 𝐾-means
clustering algorithm combined with production process.
Then we establish a continuous rolling production process
monitoring and fault diagnosis model based on multistage
MPCAmethod.The results have shown that themodel devel-
oped in this paper has better performances in monitoring
and fault diagnosis. Meanwhile the proposed method can be
extended to the other industry processes.
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Figure 15: 𝑇2 contribution plots of fault 2.
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Figure 16: SPE contribution plots of fault 2.
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Thewide adaptation of product line engineering in software industry has enabled cost effective development of high quality software
for diverse market segments. In software product line (SPL), a family of software is specified with a set of core assets representing
reusable features with their variability, dependencies, and constraints. From such core assets, valid software products are configured
after thoroughly analysing the represented features and their properties. However, current implementations of SPL lack effective
means to configure a valid product as core assets specified in SPL, being high-dimensional data, are often too complex to analyse.
This paper presents a time and cost effective methodology with associated tool supports to design a SPL model, analyse features,
and configure a valid product. The proposed approach uses eXtensible Markup Language (XML) to model SPL, where an adequate
schema is defined to precisely specify core assets. Furthermore, it enables automated product configuration by (i) extracting all the
properties of required features from a given SPL model and calculating them with Alloy Analyzer; (ii) generating a decision model
with appropriate eXtensible Stylesheet Language Transformation (XSLT) instructions embedded in each resolution effect; and (iii)
processing XSLT instructions of all the selected resolution effects.

1. Introduction

The need for an efficient way to build high quality software-
intensive systems, which can satisfy the diverse needs of
differentmarket segments, has led to the substantial adoption
of software product line (SPL) [1] in software industry. SPL is
a software development paradigm that produces a collection
of similar software-intensive systems by assembling products
in different configurations from a set of reusable software
artifacts. Through the reuse of quality assured software
artifacts, SPL enables the low cost production of high quality
software systems that are customizable for particular market
segments.

In SPL, a detailed product line design to correctly specify
the targeted set of software systems and an effective product
configuration that is valid against the specifications are
essential for providing successful product line development
and maintenance [2]. According to a thorough analysis
of the application domain, a SPL should be designed as
a structured collection of reusable software components

where variability and commonality are identified and dis-
tinguished for each component to accommodate all possible
product specifications of the considered market segments.
Additionally, dependencies between components, especially
the ones that are variable, and the constraints referring to
business rules on the targeted software systems should be
specified for SPL to represent the complete requirements of
the application domain. Once a SPL is correctly designed,
software systems can be configured by selecting appropriate
variable components according to the specifications of the
desired systems. During the configuration, the selection of
components should reflect the variability, dependencies, and
constraints specified in the design to meet the requirements
of a software system.

As described above, the lifecycle of a SPL can be compli-
cated by the factor of the number of variable components,
dependencies, and constraints. As a consequence of such
complication, the costs of SPL processes increase significantly
in terms of time and effort. This is largely because software
components with their associated properties and constraints
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are considered as high-dimensional data which is often too
complex to model, analyse, and calculate. The main difficul-
ties of implementing a SPL development are the following:

(i) Variability expression in SPL design: a detailed expres-
sion to specify variability must be provided to
describe every configurable product in the design.
In addition, constraints and dependencies associated
with variability must also be considered regardless
of whether they are specified as requirements or
propagated from the way components are structured
and designed.

(ii) Ensuring consistency of SPL design: the possible design
errors, such as conflicts between constraints and
dependencies associated with variability, must be
analysed, detected, and prevented.

(iii) Validation for full coverage of products: the design
of a SPL must ensure the full coverage of products
where all possible software systems defined for a given
product line must be configurable from the design.

(iv) Validation of products: the possibility of generating
invalid software systems with respect to the specified
requirements must be prevented through the valida-
tion of product configuration.

These challenges, if not dealt with properly, may jeopardize
the benefits of SPL development by producing a large over-
head in terms of time and effort. In order to address this issue,
various approaches have been proposed to better manage
the SPL development process. Initially, the Feature Oriented
Domain Analysis (FODA) method [3] has been developed
where the feature model [4] was first introduced to provide
a high level specification of product line requirements that is
easy to understand and simple to construct. After the intro-
duction of FODA method, there were different proposals for
SPL development methodologies [5–7] where feature models
are utilized and extended to better manage variability of SPL.
Besides the FODA-based approaches, Korba [8] and Pulse [9,
10] approaches proposed a decision model [11, 12] where the
variability of SPL is managed by specifying possible decisions
on variability and the associated dependencies between them.
These approaches have pioneered the field of software prod-
uct line and provided adequate ways to manage variability
and configure a product. However, in these approaches, the
large part of the product line development processes, from the
design of product line model to the product derivation, must
be conducted manually and still requires extensive amount
of time and effort. In addition, these approaches also lack
adequate means to ensure the correctness of designed SPL
models and the validity of configured products.

In order to address these points, various approaches [13–
16] have been proposed more recently to provide improved
SPL modeling with better variability management. However,
there is still a lack of methodology merged with techniques
and tool supports to establish a time and cost effective
product configuration process that is automated, scalable, and
proven to be valid.

In this paper, we present an effective approach with
automated product configuration to address the current

shortcomings of the SPL development process. In the pro-
posed methodology, eXtensible Markup Language (XML) is
adopted to specify SPL design where variability with associ-
ated constraints and dependencies are expressed according
to the developed schema. Additionally, with the formal
reasoning tool called Alloy Analyzer [17] and the developed
set of tool supports, an automated product configuration
is enabled in a time and cost effective manner. During the
product configuration process, a decision model is con-
structed with resolution effects for each decision specified
as eXtensible Stylesheet Language Transformations (XSLT)
[18] to automate the product derivation. Furthermore, the
automated product configuration ensures the full coverage
of all possible products and prevents the possibility of
configuring an invalid product.

The remainder of this paper is organized as fol-
lows. Section 2 summarizes and discusses related research.
Section 3 presents background information on Alloy Ana-
lyzer and decisionmodel. In Section 4, the proposedmethod-
ology and tool supports for constructing a SPL model and
configuring a product with Alloy Analyzer is explained in
detail. In addition, the case study of a SPL development for
a smart home system is used as an example throughout this
section to better illustrate the techniques and tool supports
established in the proposed approach. Finally, Section 5
concludes the paper and addresses the possible future
works.

2. Related Work

As already mentioned in the Introduction, there are a
number of related approaches that propose a better way to
manage variability and configure a valid product from SPL.
Despite considerable improvements on SPL processes, many
approaches still require a large amount of time and effort to
configure a valid product and are too domain specific to be
applied to the general SPL development.

Cirilo et al. [19] proposed a model-based product deriva-
tion tool, GenArch, that automatically derives a software
instantiation from a given SPL using tool generated feature,
architecture, and configuration models. However, it still
requires manual refinements of the tool generated models
which may take significant amount of time and effort for a
SPL with large amount of reusable components and complex
constraints.

Weiss et al. [20] proposed an approach where variabilities
are represented in multiple graphs and the graph walking
algorithms are developed to automatically derive products.
Similarly,White et al. [21] developed an approach to automat-
ically calculate variability configuration in product derivation
by defining a formal model of system family and using
Constrain Satisfaction Problems (CSPs) solver. Although,
these approaches provide automated product derivation, they
must represent variability constraints by constructing multi-
ple graphs of formal defined models which are complicated
tasks and may require extensive amount of time and effort.

More recently, Fuentes and Gámez [22] applied SPL
approach to automatically generate customized middle-
ware instantiation for ambient intelligence (AmI) systems.
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The approach consists of various tool supports to deal with
complex and heterogeneous nature of the AmI system and
enable automated generation of AmI middleware with min-
imal user inputs. However, this approach focuses specifically
on the SPL for AmI middleware and is difficult to apply on a
general SPL problems.

Most of the approaches and their associated tool supports
proposed in the related research either produce significant
overhead in configuring a product from a given SPL or focus
on solving problems of a specific domain. The approach
and the associated tool support proposed in this paper aim
to provide a time and cost effective product configuration
process that are automated, applicable to the general SPL
development, and with minimal overhead. Moreover, our
approach provides a means to ensure the validity of auto-
matically configured products by detecting possible conflicts
in variability constraints with the formal computation of
Alloy Analyzer and validating the design of SPL with the
comparison of decision model against the requirements
extracted from the business domain.

3. Background

This section presents a brief description of the decisionmodel
specific to SPL, explaining how it provides interactive guide-
line for product configuration and enables the automation
of product derivation. In addition, a short introduction to
Alloy formal language and the associated reasoning tool,
Alloy Analyzer, is presented in terms of its underlying logic,
language constructs, and formal computation.

3.1. Decision Model. The decision model [11] is a model
constructed to guide product configurations and to ensure
the full coverage of products. It consists of decisions, possible
resolutions for each decision, and set of effects related to
each resolution. Using these constructs, a decision model
represents all possible product configurations for a SPL and
aid product derivation.The construction of a decision model
involves the following steps:

(1) Define each variability constraint of a SPL model as a
decision.

(2) Compute all possible choices for each decision that
satisfy the corresponding variability constraints and
define them as resolutions related to the decision.

(3) Derive set of effects for each resolution that describes
how a variability specified in the SPL design can be
fixed to reflect the choice made on the decision.

The decisionmodel constructed as above takes various struc-
tural forms depending on the implementation choices. For
example, decisions are represented as table of check lists in
some approaches [8, 11] whereas they are represented as ele-
ments of an XML document in other approaches [12, 23]. In
the proposed approach, a decision model can be constructed
as a tree structure in an XML format where decisions, resolu-
tions, and effects are organized using the hierarchical parent-
child relationships.The constructed decisionmodel describes
all possible product configurations with each full path of

the tree representing a well-formed product configuration.
Note that the effects associated with each resolution in the
decision model are specified using the template elements of
the eXtensible Stylesheet Language Transformations (XSLT)
to enable automated derivation of product model. Addition-
ally, the proposed approach provides optional representation
for the created decision model in the customized Unified
Modeling Language (UML) activity diagram [24] where
decisions, resolutions, and effects are specified as nodes and
directed edges.This additional representation is incorporated
in the product configuration tool where user can interactively
traverse down the tree and select resolutions for each decision
nodes to construct a full product configuration path that lead
to a valid product. According to the user selected product
configuration, the derivation of a productmodel can easily be
automated with a simple script for collecting and processing
the XSLT template elements specified in the effects associated
with a given configuration path.

3.2. Alloy and Alloy Analyzer. Alloy [17] is a formal language
developed by Software Design Group at Massachusetts Insti-
tute of Technology to model complex structural relationships
and constraints. It is based on first order relational logic
and utilizes the standardmathematical syntax. Alloy provides
various constructs to increase its expressibility, but only the
signature and the fact constructs are utilized in the context
of product configuration. A signature denotes the set of
entity objects to specify basic type and to introduce relations
between entity objects. A fact denotes constraint on entity
objects and relations that must be satisfied all the time.
In addition, Alloy provides a set of predefined cardinality
specifications of “one,” “lone,” “some,” and “set.” They are
equivalent to the cardinality of one-to-one, zero-to-one, one-
to-many, and zero-to-many, respectively. These are used to
specify and calculate cardinality constraint between entity
objects in signature or in relations.

Alloy Analyzer [17] is an automated reasoning tool
coupled with Alloy language. A problem expressed in Alloy
language can be automatically solved using Alloy Analyzer
where instances of the specification, which satisfies the
associated constraints, are generated through a satisfiability
(SAT) solver [25]. The resulted instances can be viewed as
a snapshot of the specification. Hence, Alloy Analyzer can
effectively calculate the variability constraints of SPL and
generate the solution in desired formats. Moreover, it can
automatically detect conflicts between variability constraints
during the calculation.

4. SPL Development Methodology with
Automated Product Configuration

The proposed SPL development methodology with auto-
mated product configuration aims to design a SPLmodel and
configure a valid software-intensive system in a time and cost
effective manner. It is established by providing an adequate
methodology with associated tool supports where XML
related technologies and formal reasoning techniques are
applied in the context of SPL development. The main focus
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Figure 1: Overall software product line development process.

of the proposed approach is to provide (i) an appropriate
representation of variability with associated constraints and
dependencies that can be readily processed and (ii) tool sup-
ports that can automatically calculate variability constraints
and produce a valid product configuration according to the
user selection.

4.1. Overall Software Product Line Development Process. The
established SPL development process consists of four differ-
ent phases to (i) design SPL model; (ii) calculate variability
constraints; (iii) construct decision model; and (iv) derive
product model. In each phase, appropriate technologies
are adopted and associated support tools are developed to
automate the product configuration process. The overview
of the proposed approach, describing different phases of the
established SPL development process, is shown in Figure 1. It
illustrates the entire process for SPL development established
in the proposed approach where each phase will be described
in detail in the following subsections. In addition, a part of
the simplified SPL development case study for smart home
software system will be used as an example throughout this
section to better explain the proposed approach.

4.2. Software Product Line Design. The initial phase of the
proposed development process is to design a SPL where
a collection of similar software systems is specified in a
single model. In this phase, a SPL is modeled in terms of
reusable components according to the product requirements
extracted from the application domain analysis. During the
design, variability of the reusable components, its associated
constraints, and dependencies between components distin-
guished from the domain analysis must also be expressed in
the SPL model appropriately.

4.2.1. XML Schema for SPL Model Design. In order to design
a SPL model in a precise and clear manner, the proposed
approach adopts XML and its related technologies. An XML
schema for representing a collection of reusable components

in a tree structure and expressing variability with associated
constraints is defined to guide the design process.

Figure 2 shows an XML schema that defines the meta-
model to customize XML specifically for the design of SPL
models. According to the developed schema, a SPLmodel can
be designed with the following three main elements:

(i) The ProductLine element: it is the root element
representing a SPL model to be designed where the
name for the model must be specified using the name
attribute. It can have arbitrary number of compo-
nent and variability elements representing reusable
software components and variability, respectively, to
construct a SPL model.

(ii) The component element: it represents reusable soft-
ware components in a SPL. Similar to the ProductLine
element, the name of component element must be
specified with the name attribute to distinguish which
component the element refers to. Also, arbitrary
number of other component and variability elements
can be nested within this element to organize the
reusable components into the tree structure of a
SPL model. In addition, the component element can
have dependency elements that are used to specify
dependencies between components in the designed
model.

(iii) The variability element: it represents variability in a
SPL model. Among the entire reusable components
of a SPL, each set of variable components that shares
the same constraint is specified as children of a
variabilitywhere associated variability constraints can
be specified using the type attribute.

As Figure 2 illustrates, ProductLine element can be specified
with a nesting of component and variability elements to
construct a tree structured XML model of SPL. Besides the
structural design of the SPLmodel, variability with associated
constraints and dependencies between components can also
be specified effectively with the developed XML schema.
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Figure 2: XML schema for software product line design.

Table 1: Predefined variability constraints and dependencies.

alternative Only a single component from a set can exist
atLeastOne At least one component from a set must exist

allPossibilities Any combination of components from a set can
exist

implication Existence of the component implies that the
targeted component also exists

equivalence
Existence of the component and the targeted
component is dependent on each other where
either all or none exist

The variability constraint to be applied on a set of variable
components can be specified using the type attribute of a
variability element. Although it is not shown in Figure 2,
the value restriction on the type attribute is defined with the
enumeration of predefined variability constraints as listed in
Table 1.

According to the enumeration value selected for a type
attribute, the corresponding constraint applies to the set
of components that are children of the associated variabil-
ity element. With the predefined constraints, dependencies
between components can also be specified in the SPL model
through the target and the type attributes of a dependency
element. The value of the target attribute is specified with
the name of the component that exists in the SPL model
representing the targeted component for the dependency.The
possible value for the type attribute is also restricted with the
enumeration of predefined variability constraints. Note that
the variability constraints are predefined to ease the design of
SPL model without limiting its expressibility.

4.2.2. SPL Model for a Smart Home System in XML. In this
section, a simplified version of the SPL development case
study for a smart home software system is introduced to
illustrate how a SPL model can be designed according to
the developed schema. This case study is specific to a part
of the system that manages the illumination of a house. The
corresponding illuminationmanager software package can be
configured with one of three different illumination systems
described below:

(1) Automated system: the system automatically controls
the artificial and natural lightings of a smart home. It
consists of fully integrated lighting, occupancy sensor
lighting, and automated shade controlmodules where
at least one of the three modules have to be chosen to
implement the system.

(2) Assisted system: the system is fitted with configurable
lighting module. It still controls the artificial lightings
in a smart home automatically but only after the
lightings are configured by the user through the
touchscreen smart controller module.

(3) Manual system: the user manually controls the light-
ing in a smart home.

In addition, the illumination manager has a lighting control
system where either touchscreen smart controller module or
wall switch module must be chosen to control the lighting in
a smart home if needed. The results of requirement analysis
for the illumination manager system described above are as
follows:

(i) An illuminationmanager must have one illumination
system either automated, assisted, or manual.
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<ProductLine name=''Smart Home'' . . .>
. . .

<component name=''Illumination Manager''>
<variability type=''alternative''>
<component name=''Automated Illumination System''>
<variability type=''atLeastOne'' >
<component name=''Fully integrated lighting''/>
<component name=''Occupancy sensor lighting''/>
<component name=''Automated shades control''/>
</variability>
</component>
<component name=''Assisted Illumination System''>
<component name=''Configurable lighting''>
<dependency type=''implication''

target=''Touchscreen Smart Controller''/>
</component>
</component>
<component name=''Manual Illumination System''/>
</variability>
<component name=''Lighting Control System''>
<variability type=''alternative''>
<component name=''Touchscreen Smart Controller''/>
<component name=''Wall Switch''/>
</variability>
</component>
</component>
. . .

</ProductLine>

Algorithm 1: Software product line model designed in XML.

(ii) An automated illumination system must have at least
one of fully integrating lighting, occupancy censored
lighting, and automated shade control modules.

(iii) An assisted illumination system has a configurable
lighting module that requires smart controller mod-
ule.

(iv) An illumination manager can have only one lighting
control system among touchscreen smart controller
and wall switch modules.

In order to configure an illumination manager for a smart
home that satisfies all these extracted requirements, a SPL
model for the system is designed in XML format according
to the developed schema.

Algorithm 1 shows the SPL model constructed for the
illumination manager package of a smart home system
described above. It indicates that the illumination manager
component consists of an alternative type variability element
with three illumination systems and a light control system
component. It expresses that the automated, assisted, and
manual illumination systems are variable components as they
are direct children of a variability element. On the other hand,
the lighting control system without a variability element as
its parent is a common component. The alternative type
variability element with three illumination system compo-
nents indicates that the illumination manager can have only
one of automated, assisted, and manual systems. Similarly,

the alternative type variability element under the lighting
control system component expresses the same variability
constraint for two different light controller modules. In the
designed SPL model, the configurable lighting component is
specified as a direct child of the assisted illumination system
component indicating that configurable lighting module
must exist for an assisted illumination system. In addition,
the configurable lighting component has an implication type
dependency to the touchscreen smart controller component
expressing that the configurable lighting module must have
the touchscreen smart controller module.

As illustrated in Algorithm 1, the XML representation of
a SPLmodel is easy to read and understand.With the defined
XML schema, the design process of a SPLmodel also requires
less effort once the requirements of an application domain are
analysed and extracted. In addition, the designed SPL model
can be validated against the provided schema for ensuring the
structural correctness of the XML representation.

4.3. Variability Constraint Calculation. In this phase, the
entire variability constraints specified in a SPL model are
calculated with Alloy Analyzer and all possible product con-
figurations are computed accordingly. Prior to this process,
a SPL model is analysed initially to extract all the variability
constraints and the dependencies between components spec-
ified in the model. Additionally, during the analysis, the tran-
sitive variability that is propagated through the structure of
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// signature definition for variable elements
lone sig component1, component2, component3, component4, component5. . . {}

fact {one component1 + component2} // alternative constraints
fact {some component3 + component4} // atLeastOne constraints
fact {set component5 + component6} // allPossibilities constraints
fact {one component7 implies one component8} // implication constraints
fact {one component9 iff one component10} // equivalence constraints

// variability constraints nested within a variable component
fact {one component3 iff (some component11 + component12)}

Algorithm 2: Alloy specification of variability constraints.

themodel is detected and considered for calculation to ensure
the computed product configurations to be valid against the
product specification. The propagated variability constraints
are detected by finding all the component elements that are
not a direct child of a variability element but a descendent.
Although not specified explicitly, this kind of components is
considered variable as they can exist in the final product if
and only if its parent component exists. The equivalence con-
straint is assigned to the propagated variability to correctly
specify the constraints between the component involved
and its parent component. In order to automate the entire
product configuration process, an adequate tool is developed
to automatically extract all the variability constraints and
dependencies including the propagated ones.

In the SPL model constructed for a smart home, three
variability constraints, a dependency, and a propagated vari-
ability constraint are detected and extracted by the automatic
tool support. The extracted constraints and dependencies
are (i) an alternative variability constraint for automated,
assisted, and manual illumination system components; (ii)
an atLeastOne variability constraint for fully integrated
lighting, occupancy sensor lighting, and automated shades
control modules; (iii) an alternative variability constraint
for touchscreen smart controller and wall switch modules;
(iv) an implication dependency from configurable lighting
module to touchscreen smart controller module; and (v)
an equivalence variability constraint for assisted illumination
system and configurable lighting module. Note that the
equivalence constraint represents the propagated variability
as the configurable lightingmodule can exist in the product if
and only if its parent, the assisted illumination system, exists.

Once the entire variability constraints and dependencies
are extracted, they are specified in Alloy language and calcu-
lated with Alloy Analyzer. In order to provide an adequate
calculation, a tool that automatically creates an Alloy specifi-
cation from extracted variability constraints and calculates all
possible product configurations is developed. The developed
tool supports incorporate the Java implementation of Alloy
Analyzer as a solver to provide valid computation results.
Hence, the tool support also creates the Alloy specification
that is in the format required by the Java implementation of
Alloy Analyzer.

Algorithm 2 illustrates how the extracted variability con-
straints can be parsed into an Alloy specification. Initially,

all the variable components are declared as signatures
where the cardinality is specified as lone indicating that
the declared components are variable. Then the variability
constraint is represented as a fact of cardinality spec-
ification on the set of associated components since the
constraints represent which combination of elements can
appear in the final product. The alternative, atLeastOne, and
allPossibilities constraints can be specified with one, some,
and set cardinalities, respectively, whereas the Alloy already
has implies and iff operators to specify implication and
equivalence constraints, respectively. Note that the cardinality
one is specified for the components involved in implica-
tion and equivalence constraints to express the existence
of the components in the configured product. For exam-
ple, fact{one component7 implies one component8}
expresses that the existence of component7 in the con-
figured product implies the existence of component8. The
Alloy specification described so far applies to all the variabil-
ity constraints and the dependencies except for the variability
constraints nested within a variable component. When a
variability is nested within a variable component, the exis-
tence of the components associated with the variability solely
depends on the existence of the variable component. Hence,
the equivalence constraint between the variable components
and the nested variability constraint is specified to provide
a correct Alloy specification. The last line in Algorithm 2
indicates how the atLeastOne variability constraint nested
within a variable component is specified. Other kinds of
nested variability constraint can be specified similarly.

Algorithm 3 shows the Alloy specification of variability
constraints extracted from the smart home SPL model.
The fact definitions, from the top to bottom, indicates (i)
alternative for the three illumination system; (ii) atLeastOne
variability constraints for the three lighting modules of an
automated illumination system; (iii) propagated variability
constraints between assisted illumination system and con-
figurable lighting module; (iv) implication dependency from
configurable lightingmodule to touchscreen smart controller
module; and (v) alternative variability constraints for the two
light controller modules. Note that the above specification
in Alloy syntax is provided to better convey how the pro-
posed technique specifies extracted variability constraints.
The developed tool supports will automatically generate
equivalent Java representation of this Alloy specification as
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// IS: Illumination System CL: Configurable Lighting
// FIL: Fully Integrated Lighting TSC: Touchscreen Smart Controller
// OSL: Occupancy Sensor Lighting WS: Wall Switch
// ASC: Automated Shades Control
lone sig Automated IS, Assisted IS, Manual IS, FIL, OSL, ASC, CL, TSC, WS {}

fact {one Automated IS + Assisted IS +Manual IS}
fact {one Automated IS iff (some FIL +OSL + ASC)}
fact {one Assisted IS iff one CL}
fact {one CL implies one TSC}
fact {one TSC +WS}

Algorithm 3: Alloy specification of variability constraints from smart home SPL.

it utilizes the Java implementation of Alloy Analyzer for
variability computation.

Once the Alloy specification of the variability constraints
is generated, it is calculated using Alloy Analyzer to produce
all feasible combinations of the variable elements. The result
of the formal computation is produced in a textual two-
dimensional array and used to construct a decision model.
In the calculation result, the outer array describes different
product configurations possible for a given SPL whereas the
inner array represents the combination of variable compo-
nents chosen for a particular product configuration.

In the case study of the smart home SPL, the calculation
of variability constraints using Alloy Analyzer will produce
the following result:

[ [Automated IS, FIL, TSC],
[Automated IS, FIL, WS],
[Automated IS, OSL, TSC],
[Automated IS, OSL, WS],
[Automated IS, ASC, TSC],
[Automated IS, ASC, WS],
[Automated IS, FIL, OSL, TSC],
[Automated IS, FIL, OSL, WS],
[Automated IS, FIL, ASC, TSC],
[Automated IS, FIL, ASC, WS],
[Automated IS, OSL, ASC, TSC],
[Automated IS, OSL, ASC, WS],
[Automated IS, FIL, OSL, ASC, TSC],
[Automated IS, FIL, OSL, ASC, WS],
[Assisted IS, CL, TSC],
[Manual IS, TSC],
[Manual IS, WS] ].

The above calculation result consists of seventeen inner
arrays indicating that there are seventeen different product
configurations feasible for the smart home SPL. Among
these configurations, the first inner array represents the
configuration of an illumination manager system with auto-
matic illumination system, fully integrated lighting module,

and the touchscreen smart controller module whereas the
last inner array represents the configuration with manual
illumination system and wall switch module. The rest of the
inner array in the calculation result represents the possible
product configuration in similar way.

Note that the formal computation with Alloy Analyzer
can also detect possible conflicts between variability con-
straints and dependencies caused by human errors during
the SPL design phase by generating an empty array as a
calculation result. When the conflict is detected the designed
SPL model needs to be revised to prevent possible derivation
of an invalid product configuration.

4.4. Decision Model Construction. In this phase, a decision
model representing all possible product configurations is
constructed according to the results produced from the cal-
culation of variability constraints. In the constructed model,
each variability constraint is represented as a decision where
all decisions consist of a set of resolutions and associated
effects representing all possible variability fixes that satisfies
the corresponding variability constraints. In the proposed
approach, such a decision model is constructed with the
following steps:

(1) Create a decision for a variability constraint.
(2) Derive all feasible combinations of variable compo-

nents involved in the variability constraint by exam-
ining each product configuration that resulted from
Alloy calculation.

(3) Create a resolution with associated effects under the
decision for each combination of variable compo-
nents.

(4) Repeat steps (1)–(3) for each variability constraints
extracted from the designed SPLmodel and construct
decision tree incrementally.

(5) Remove decision with a single resolution but keep the
resolution and associated effects.

This process of constructing a decision model is fully
automated with the developed tool support. The constructed
decision model is in XML format representing all possi-
ble product configurations of the SPL. It also enables an
automated derivation of a particular product configuration
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Figure 3: Activity diagram representation of the generated decision model.

as the resolution effects for each decision provides corre-
sponding product configuration instructions using XSLT. In
addition, the constructed decision model can be used to
ensure the correctness of the designed SPL model through
the validation against the set of requirements extracted from
the business domain.

Figure 3 presents an automatically constructed decision
model for the case study of the smart home SPL. It is an
activity diagram representation of the XML formatted model
generated by the user interactive tool support developed for
the product derivation process. The decision model consists
of seventeen full paths indicating that there are seventeen
different possible product configurations for the system. The
Illumination Manager decision corresponds to the alterna-
tive variability constraints specified in the SPL model for
configuring the type of illumination system in the final
product. It consists of three different resolutions indicated
by edges directed towards the Automated IS, the Assisted IS,
and the Manual IS effects where each effect indicates the
possible combination of variable components to be selected
for the corresponding resolution. For example, theAssisted IS
effect indicates that the corresponding resolution will select
assisted illumination system for the illumination manager in
the final product. The effects also consist of automatically
generated XSLT templates for transforming the parts of SPL
model to select corresponding variable components during

the product derivation phase. As an example, the XSLT
template automatically generated for the Assisted IS effect is
shown in Algorithm 4.

This template, when applied, transforms the variability
element that has theAssisted Illumination System element as a
child. From all the children of the variability element, it keeps
the Assisted Illumination System element by copying the ele-
ment and all its decedents from the designed SPL model but
removes all the other children. Additionally, the variability
element itself is also removed. For such transformation, the
above template calls the copyComponents template that are
predefined for the product derivation tool to copy the current
elements and all its decedents recursively. With the XSLT
templates forAssisted IS effect, selection ofAssisted Illumina-
tion System for the Illumination Manager can automatically
be conducted during the product derivation phase. Note that
the XSLT templates are hidden in the decisionmodel diagram
to provide simpler and more understandable representation
of effects to users.

4.5. Product Model Derivation. The final phase of the auto-
mated product configuration is product derivation where a
particular product configuration is generated by fixing all
variability specified in the SPL model according to the user
selections. In this phase, an automated product derivation
tool support is developed with an interactive user interface
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<xsl:template match=''//variability[component[@name='Assisted Illumination System']]''>
<xsl:for-each select=''./component[@name='Assisted Illumination System']''>
<xsl:call-template name=''copyComponents''/>
</xsl:for-each>

</xsl:template>

Algorithm 4: Automatically generated XSLT template for the Assisted IS effect.

to select a desired resolution for each decision from the
decision model represented in activity diagram. In addition,
a simple script is developed to automatically collect XSLT
templates from each resolution effect that corresponds to
the user choices made in the decision model. The collected
templates are then processed into a single XSLT and executed
automatically to generate the corresponding product config-
uration from the designed SPL model. The derived product
configuration can then be passed on to the production to
build final products. In addition, the validity of a derived con-
figuration that represents a well-formed product is ensured
by validating the decision model against the product line
requirements prior to the derivation.

5. Conclusions

The adoption of product line engineering in software devel-
opment enabled cost effective software production for diverse
market segments. However, the current implementations of
SPL lack an effective way to design product line model and
an efficient approach to configure a valid product. This may
lead to the increase in the time and cost overhead of product
configuration and can even jeopardise the benefits of SPL. In
order to resolve this problem, an effective methodology with
tool supports is developed to automate product configuration
process and ensure product validity. The proposed approach
consists of the following:

(i) XML-based SPL model design method and the pre-
defined schema that enables precise and clear speci-
fication of variability with associated constraints and
dependencies.

(ii) Automated variability analysis technique to de-
tect variability propagation, extract associated con-
straints, and construct a set of variability constraints
from a SPL design model.

(iii) Tool support using Alloy Analyzer for automated
calculation of variability constraints where the con-
sistency of SPL design and full coverage of products
are ensured.

(iv) Automated tool support for constructing a decision
model and deriving produce configurations with
enabled validation of SPLmodel against requirements
extracted from the domain analysis.

These techniques and tool supports illustrated in the pro-
posed approach enable precise and clear design of SPLmodel
and provide a cost and time effective product configuration
with ensured validity.

A possible future work of this research is to incorporate
the nonfunctional properties into the proposed approach of
SPL development. Once the nonfunctional property is suc-
cessfully integrated into the design of SPL and the automated
product configuration, a decision model with priority or
ordering based on specified values of nonfunctional proper-
ties can also be implemented. For example, user can specify
the decision nodes that consist of resolution effects with the
highest implementation cost to be on the top of the decision
tree. This will surely increase the efficiency and effectiveness
of the automated product configuration established in the
proposed approach.
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Many researchers focus on developing protein-named entity recognition (Protein-NER) or PPI extraction systems. However, the
studies about these two topics cannot be merged well; then existing PPI extraction systems’ Protein-NER still needs to improve.
In this paper, we developed the protein-protein interaction extraction system named PPIMiner based on Support Vector Machine
(SVM) and parsing tree. PPIMiner consists of three main models: natural language processing (NLP) model, Protein-NER model,
and PPI discovery model. The Protein-NER model, which is named ProNER, identifies the protein names based on two methods:
dictionary-based method and machine learning-based method. ProNER is capable of identifying more proteins than dictionary-
based Protein-NER model in other existing systems. The final discovered PPIs extracted via PPI discovery model are represented
in detail because we showed the protein interaction types and the occurrence frequency through two different methods. In the
experiments, the result shows that the performances achieved by our ProNER and PPI discovery model are better than other
existing tools. PPIMiner applied this protein-named entity recognition approach and parsing tree based PPI extraction method to
improve the performance of PPI extraction. We also provide an easy-to-use interface to access PPIs database and an online system
for PPIs extraction and Protein-NER.

1. Introduction

Every year, a large number of biological experiments have
been conducted, and many papers about proteins or genes
have been published. With the amount and exponential
increase of biology literature, it is almost impossible for
biologists to keep up with the all the updated information
in their research. Text mining technology that automatically
extracts key information has been utilized in many biology
fields. Until now, many systems based on special functions
using text mining are published [1–3]. Text mining involves
analyzing a large collection of documents in a manner
that reveals specific information, such as the relationships
and patterns buried in the collection, which is normally
imperceptible to readers [4]. Two of the most important
applications of text mining are bionamed entity recognition
(Bio-NER) and mining correlations or associations such as
protein-protein interactions (PPIs) from the literature [5].

Bionamed entity recognition is a very important task
because it is directly related to extracting the PPIs. If we

cannot identify bionamed entities correctly, then we cannot
extract the correct PPIs. Our goals are the number of
recognized bionamed entities and accuracy of recognition.
Thus, the main issues in this topic are as follows: how to
increase the recognition accuracy and how to identify as
many proteins and genes as possible. However, until now, it is
difficult to satisfy the two questions together.

Three basic approaches are usually applied: the dic-
tionary-based approach, rule-based approach, and machine
learning-based approach. The dictionary-based approach
refers to the use of word lists or databases containing
protein or gene names, for comparison and identification.
The rule-based approach is used, for example, on extracting
events based on the cooccurrence of strings, prefixes, or
syntactic tags. Machine learning-based approach is a method
which applies machine learning algorithm to classify bion-
amed entities from sentences. Comparing with above two
approaches, machine learning-based approach is the most
popular topic because biology named entities are usually not
represented by recommended names in the raw text data.

Hindawi Publishing Corporation
Mathematical Problems in Engineering
Volume 2015, Article ID 942435, 10 pages
http://dx.doi.org/10.1155/2015/942435

http://dx.doi.org/10.1155/2015/942435


2 Mathematical Problems in Engineering

Many bionamed entity recognition systems and methods
have been proposed. The applied machine learning algo-
rithms are HMM [6, 7], SVM [8, 9], MEMM [10], CRFs [11–
13], and so forth. To increase the accuracy of recognition,
several researches applied two machine learning algorithms
together [9, 14].

The development of PPI extraction system is more popu-
lar than Protein-NER systems. Many PPI extraction systems
have been published too, which have specific advantages, for
example, PPI Finder [5], CBioC [25], and iHOP [26], among
others. PPI Finder focuses on extracting human PPIs and
gives an interface for searching the extracted PPIs. It also
constructs a database to store the PPIs and related informa-
tion. CBioC extracts binary relationships between biological
entities automatically from the biomedical literature and pro-
vides a platform that allows community collaboration in the
annotation of the extracted relationships. iHOP is an online
service that provides gene-guided network as a natural way
of accessing PubMed abstracts and brings all the advantages
of the internet to scientific literature research. However, these
systems haveminor consideration in improving Protein-NER
methodologies.

From 2004, the BioCreAtIvE challenge began which is
held by BioCreAtIvE (A critical assessment of text mining
methods in molecular biology).Three main tasks were posed
at the first BioCreAtIvE challenge: the entity extraction
task, the gene name normalization task, and the functional
annotation of gene products task. Until now, five BioCreative
Challenge Evaluations andWorkshops (BioCreative I, II, II.5,
III, and IV) were held [28, 29]. The last workshop contain
three tasks: (I-Triage) a collaborative biocuration-textmining
development task for document prioritization for curation;
(II-Workflow) a biocuration workflow survey and analysis
task; and (III-Interactive TM) an interactive text mining and
user evaluation task.

Manymachine learning-based Protein-NERmethods are
proposed. However, the most published tools for PPI extrac-
tion did not apply new machine learning-based Protein-
NER approach (e.g., iHOP [26], PPI Finder [5], and PPIn-
terFinder [24]). These studies still prefer to use dictionary-
based Protein-NERmethod because machine learning-based
Protein-NER is more time-consuming and the performance
is not enough high [5, 25]. But actually, if you only use
dictionary-based Protein-NER method to identify the pro-
teins in the text, we will miss so many protein names which
not are included in the “dictionary.” Furthermore, most
published studies on PPI extraction [18, 21, 23, 24] do not
consider the Protein-NER step and just developed methods
for PPIs extraction. In other words, these two related topics
are researched independently. So it is difficult to merge and
be applied by users.

In the study on the extraction of PPI patterns, the step
of Protein-NER is important [30]. If the most of protein-
named entities we found are not correct or many protein-
named entities are not identified by Protein NERmethod, the
PPI extraction task cannot be continued. It is the first step
of all biomedical information extraction tasks including PPI
extraction so that it directly affects the quality of results [30].
For example, if we just find out half of the protein-named

entities, then our result will just contain less than half of the
information of PPIs. So in our study, we constructed a high
quality Protein-NER model and merged into PPI process.
Furthermore, it used two differentmethods, so that it not only
can identify the protein names that are included in protein
dictionary, it can also identify the proteins which are not
included in protein dictionary. Combining this Protein-NER
method to our PPI extraction process based on passing tree
can efficiently improve the extraction of PPI patterns, because
this approachwill save time to find protein names again in the
step of PPI extraction.

Many statistic methods have been used to find PPIs
[31, 32]. They often find two proteins’ occurrence frequency
in a sentence or some mathematic formula to calculate the
correlations. For example, if two proteins appear together
in a sentence or in a paragraph frequently, the two proteins
interact with each other. However it cannot achieve the more
accurate interactions between proteins, because two proteins
can have many other relationships except interaction. Text
feature (interaction word) based PPI extraction methods
are frequently applied to discover the protein interaction
pattern because this method can discover clearer interactions
between the proteins. But if we need to check all the
sentences, it will be time-consuming. Therefore, we propose
our approach combining these two methods in discovering
weighted PPIs by occurrence frequency. Comparing with
text feature based PPI exaction methods, this approach can
improve the efficiency. Comparing with statistic methods,
it also improves the performance. Currently, most of these
researches seldom show the information of PPI types (e.g.,
bind, link, and inhibit); the type of PPI is very important
information for biology researchers. In our approach, we also
improve it by including information about protein interaction
type referred in the literature.

2. Methods

The proposed PPI extraction system is constructed via
three main models: the natural language processing (NLP)
model, protein-named entity recognition model, and protein
interaction discovery model. The workflow of PPIMiner is as
shown in Figure 1.

2.1. Data Preprocessing: Natural Language Processing. As
known, NLP is the first step of text mining. In this study, the
NLP model mainly contains two parts: sentence parsing and
part-of-speech (POS) tagging. Here, Penn Treebank English
POS tag set [33] is used for part-of-speech (POS) tag because
this POS tag set is a standard tag set. The PPIMiner contains
a Protein-NER model to identify the protein name, so we do
not need special biological POS tag set for biology text. We
applied open source of Stanford Log-Linear Part-Of-Speech
Tagger which is based on Penn Treebank English POS tag set
for our NLP model. The GENIA corpus 3.2 [34] is used as
training dataset of protein name recognition model, and the
format of dataset is an XML file. So, it is easy to classify the
protein names from the text.
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Figure 1: Workflow of PPIMiner. This work used two datasets, GENIA and PubMed. The extracted PPIs are stored into our PPI database.

2.2. ProNER: Protein-Named Entity Recognition. Studies on
PPI exaction systems mainly used the dictionary-based Pro-
tein-NERmethod to search the proteins. In order to increase
the number of proteins extracted, we used two methods,
dictionary-based Protein-NER method and machine learn-
ing-based Protein-NER method, to construct the protein-
named recognition model, which has different advantages,
respectively. User interface is as Figures 2(a) and 2(b).

2.2.1. Dictionary-Based Protein-NER. The result of dictiona-
ry-based Protein-NER method is the most believable result,
comparing with other methods’. And it is easier to imple-
ment than others. Almost published systems used this
method [5, 25]. In our study, we also used this method.
UniProtKB/Swiss-Prot Database [35] is used as PPIMiner’s
protein dictionary. There are 200,839 protein entries in
the database. We select the 19,304 human proteins to use.
HGNC (HUGO Gene Nomenclature Committee) [36] is
used as a gene dictionary to discover the PPI represented
by gene names. 5,038 extracted gene entities are restored
in our database. To search as many protein-named entities
as possible, we did not use only recommendation name of
protein or gene; we also used other names in protein or gene
entity database.

2.2.2. Machine Learning-Based Protein-NER. This Protein-
NER method contains three steps: candidate generation
(boundary detection), for feature extraction and classifica-
tion. The reason we use this method is that it can find

novel protein and gene names, which are not included in the
dictionaries or the proteins and genes that are not represented
by standard names. So, we used the machine learning-based
method to search the more bionamed entities.

Candidate Generation Using the BFSM Algorithm. Boundary
detection is a difficult task for machine learning-based meth-
ods. If we analyze more than 100,000 papers, the text dataset
is also too large to identify using data mining algorithms.
In this paper, to solve this problem, we used Bayesian
probability based Finite State Machine (BFSM) to detect the
boundary of bionamed entities and generate the candidates
for classification. BFSM algorithm is proposed by us in 2011
[27]. And it is proved that this algorithm is suitable to apply
for Protein-NER. Here, we use this algorithm to extract the
rules of POS set of protein names from text data. And the
corpora which satisfy the rules of POS set will be generated
as protein-named entity candidates.

The process is as follows.

(i) Mine the frequent POS patterns of bionamed entities
using Apriori algorithm.

(ii) Calculate the confidence and search the association
rules in the 𝑘-frequent itemsets (𝑘 ≥ 1) that satisfy
the minimum confidence.

(iii) Construct the BFSMmodel according to the frequent
patterns and confidence values between the items.

(iv) Using the BFSM model, generate the candidates of
protein-named entities.
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(a) (b)

(c) (d)

Figure 2: User interface of the proposed ProNER model and PPI extraction model. (a) Interface of ProNER for biomedical sentence input.
Here, users can select the Protein-NER methods, dictionary-based method, or data mining-based method. Users execute the PPIMiner by
using the button “Identify.” (b) Final result of Protein-NER. Here, the “named entity-mapping” represents the recommendation name of this
protein or gene name or other named entities that were extracted using data mining-based (machine learning-based) method. (c) Interface of
PPI extraction system for inputting biomedical sentence. User can also select the Protein-NER method. User can search the protein-protein
interactions from our PPI database. (d) PPI patterns searched by proposed model. From the result page, we can get the information of PPIs,
the type of PPIs, PubMed ID of resource documents, and the full abstract of the resource documents.

To understand BFSM easily, an example of finite state
network to generate POS rules and generated POS rules is
given as in Figure 3.

Feature Selection and Extraction. Until now, many features
for Protein-NER are generated [11]. However, the target
bionamed entities are different; the suitable features are
different too. So, according to the external rules of protein and
genemolecule name, we set up several distinguishing features
for protein and gene named entity recognition. We extract
these features from the candidates to converted candidates list
into a tabular dataset.

In this study, our extracted features as follows.

(1) Sent Uppercase: the first letter of a word is an upper-
case letter, which is not located in the middle of
sentence.

(2) Word Uppercase: uppercase letter is located in the
middle of a word.

(3) Word Symbol: a word contains comma (,), hyphen
(-), and slash (/).

(4) Word Num: numbers are located in the middle of a
word.

(5) Word Alphabet: special letters are located in the
middle of a word.

(6) Biology Word: the protein-named entity candidate
contains special words: protein, gene, receptor, and
factor.

(7) Length: the length of the words.
(8) Suffix Word: suffix word of protein-named entity

candidate.
(9) Prefix Word: prefix word of protein-named entity

candidate.
(10) Suffix Letter: suffix letter of protein-named entity

candidate.
(11) Prefix Letter: prefix letter of protein-named entity

candidate.
(12) POS: POS set of protein-named entity candidate.

Classification. We use the SVM algorithm [37] to classify
the protein name based on these features from the papers.
Compared with other machine learning methods, SVM
algorithm is suitable for our text dataset and the accuracy
is higher than others. When we begin to test, this kind of
method is more time-consuming than other classification
algorithms. But the accuracy is more important than running
time for us because our purpose is to find more correct
protein-named entities using this system. From the result of
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(7) CD = TRUE 4565⇢NN = TRUE 2891 conf: (0.63)

(8) NN = TRUE 30266⇢ JJ = TRUE 15723 conf: (0.52)

(9) NNP = TRUE 9342 ⇢ JJ = TRUE 3306 conf: (0.35)

(10) NNS = TRUE 1838⇢ JJ = TRUE 617 conf: (0.34)

(11) NNS = TRUE 1838⇢NN = TRUE 605 conf: (0.33)

(12) NN = TRUE 30266⇢NNP = TRUE 7021 conf: (0.23)

(13) CD = TRUE 4565⇢ JJ = TRUE 967 conf: (0.21)

(14) JJ = TRUE 17055⇢NNP = TRUE 3306 conf: (0.19)

(15) CD = TRUE 4565⇢NNP = TRUE 740 conf: (0.16)

Figure 3: An example of constructed finite state network and generated POS rules.These rules are extracted formGENIA data. It refers from
[27].

experiment, we know that the performance of classification
algorithm is better, when the training data is enough. The
SVM algorithm we used is libSVM in the experiments.

2.3. Protein-Protein Interaction Discovery. Based on these
identified protein/gene names, we used two kinds of meth-
ods, the interaction pattern-based method and frequent
pattern-based method, to discover the PPI patterns. The
interaction pattern-based method is that we discover the
interaction patterns (interaction words) between two pro-
teins such as “active” and “bind.” We used the parsing tree
based interaction pattern scanning approach to discover the
PPI patterns. To search the patterns easily, the parsing tree is
used to search the algorithm structure in this research, and
we then search the surround protein names to discover the
correct PPIs. The frequent pattern-based method searches
for the pattern that frequently occurs in the whole dataset.
The frequency is the weight of the PPI patterns exacted from
the interaction pattern-based method. The final discovered
PPI patterns include the interaction weight and represent
the interactions between proteins more accurately than the
result of just using one method, interaction patterns based or
frequent patterns based method (Figures 2(c) and 2(d)).

We use a parsing tree to search the interaction patterns,
and this method is much suitable for the PPIMiner that
includes Protein-NER model because when we search the
protein-named entity candidates, we change the POS set to
protein or gene mark “TAG PROT.” It can decrease the deep
of parsing tree and then decrease the complex.

In Figure 4, a simple example shows how to change the
POS set to protein or gene mark “TAG PROT.”

2.3.1. PPI Candidate Extraction. In the previous studies [23,
24, 38–40], they discussed how to describe relation of two

bionamed entities by expressed forms. Here we also used
these forms.

The process of PPI extraction is as follows.

(i) Search the interaction patterns in a sentence.
(ii) Discover the interaction patterns in the sentence that

includes the cooccurring genes or proteins.
Form 1: protein(s) + interaction word (verb/noun) +
protein(s).
Form 2: interaction word (noun) + protein + protein.
Form 3: protein(s) + (null, “/,” “:,” “and”) + protein(s)
+ interaction word.

(iii) Map the recognized protein-named entity name onto
gene and recommend gene name in dictionary.

(iv) Postpruning based on prepositions to filter out incor-
rect PPIs based.

Here, the 113 interaction patterns are getting from [41]
and 175 interaction words are getting from HPDR50 [42].
The total interaction words are 1,224 words that contained
derivatives of these words and deleted duplicated works. To
extract more patterns, we derived the interaction patterns to
other kinds of POS interaction patterns.

2.3.2. Semantic PPI Information Extraction. For discovery of
more semantic PPIs, substitutionwords are discovered to find
out more PPIs which are explained by two ormore sentences.
The substitution word list includes “this protein,” “that pro-
tein,” “the protein(s),” “these proteins,” and “those proteins.”
And we will check the subject in the previous sentence. If the
subject is not protein name, the PPI will be skipped.

Protein-named entities are found out to discover PPIs
firstly when researchers use statistical methods. And it is
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Figure 4: A simple example about the replacement POS set to protein or gene mark “TAG PROT.”

not important which one is extracted firstly between the
interaction word and protein-named entities when feature
basedmethods or pattern-basedmethods are used to discover
PPIs. In our research, we search PPI interaction words firstly
to increase search efficiency. If we search protein-named
entities firstly and decide to analyze the sentence deeply, it
is very time-consuming because too much substation words
exist in a paper.

2.3.3. Pruning of PPIs. To improve the accuracy of prediction,
a pruning method is proposed. Two kinds of conditions need
to be satisfied.

Pruning 1. If the words “by,” “in,” “of,” and “as” are in front of
the protein name, the extracted PPIs are pruned.

It can filter out incorrect PPIs which are only considered
the combinations of protein and interaction words.

Pruning 2. If a negative word exists in the sentence, the
extracted PPIs are pruned.

Form 1: “not” + interaction word.
Form 2: “no” + protein(s) + interaction words.
Form 3: “neither” protein “nor” protein + interaction
word.

In Form3, if other negativeword exists, the extracted PPIs
are not pruned (e.g., neither Protein 1 nor Protein 2 interacts
with Protein 3).

The purpose of pruning method is to solve the low value
of recall problem in many cases.

2.3.4. Feature Extraction and Classification. To extract more
correct PPIs, several features are generated which is suitable
to classify the PPI. Three classification methods (SVM, C4.5,
and neural network) are used to compare the result. The
classification algorithms are provided by the Weka.

3. Results and Discussion

3.1. Dataset

3.1.1. Dataset for Protein-NER Evaluation. In this research,
we used three datasets extracted from the GENIA. GENIA

corpus is the largest corpus of its type currently available,
comprising 2000 abstracts with 18,545 sentences containing
39,373 named entities, and it is usually used to train and
test the Protein-NER model. After sentence parsing and
POS tagging, we converted the GENIA dataset into table
dataset which includes 305,546 records, and 83,403 records
are protein-named entities out of the all dataset (shown in
Tables 1 and 2).

3.1.2. Dataset for PPI Extraction Evaluation. In this research,
we used five corpora as experiment dataset which are pro-
vided by [42]: AIMed, BioInfer, HpDR50, IEPA, and LLL
(http://mars.cs.utu.fi/PPICorpora/GraphKernel.html).These
corpora have unified format. The most of researches on PPI
extraction were used these dataset for evaluation (shown in
Table 3).

We collect 1,571,293 paper abstracts that are related
to gene and protein from PubMed database. We save the
paper abstracts to our database to extract PPIs. Finally, we
compare the PPI patterns with HPRD PPIs to analyze the
result. The HPRD contains 39,194 PPI extracted from 20,071
papers in PubMed. This file contains human protein-protein
interactions in a tab delimited format.

3.2. Evaluation Criterion. Precision determines the fraction
of records that actually turn out to be positive in the group
the classifier has declared as a positive class:

Precision = TP
TP + FP

. (1)

The recall measures the fraction of positive examples
correctly predicted by the classifier. It represents the ability
to find protein-named Entities (Protein-NEs) in the dataset:

Recall = TP
TP + FN

. (2)

The 𝐹-measure represents a harmonic-mean between
precision and recall and takes both measures into account.
A high value of 𝐹-measure ensures that both of precision and
recall are reasonably high:

𝐹-measure = 2 × Precision × Recall
Precision + Recall

. (3)
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Table 1: Statistic on GENIA corpus.

Corpus Number of
abstracts

Number of
sentences

Number of
named entities

GENIA corpus 2,000 18,545 39,373

Table 2: Statistic on converted GENIA corpus.

Corpus Number of
records

Number of
Bio-NEs

Number of
attributes

Converted GENIA
corpus 305,546 83,403 12

Table 3: Statistics on five corpora.

Corpus AIMed BioInfer HPRD50 IEPA LLL
Positive pairs 1000 2534 163 335 164
Negative pairs 4834 7132 270 482 166
All pairs 5834 9666 433 817 330
Sentences 1955 1100 145 486 77

3.3. Performance of Protein-NER. GENIA corpus data is
classified by 36 class labels. In this paper, we just select data
which is included in “protein-molecule” class label as protein-
named entities becauseGENIA corpus data is used as training
data for constructing the protein-named entity recognition
model. Although there are 7 class labels related to protein
and 5 class labels related to DNA, they did not include the
external features of protein or gene names. For example, the
data which are included in class “protein-family-or-group”
and “DNA-family-or-group” cannot describe the protein or
gene entity’s names; the data are just the protein or gene
categories such as “receptor” or “gene.”

All the experiments are carried out on a unified computer
platform with a 2.93GHz CPU and a 4GB RAM.

3.3.1. Effect of Prepruning by BFSM. In our Protein-NER
model, prepruning directly affects the accuracy of protein
identification. In order to know how to influence the identi-
fication of protein-named entities, we did two experiments.
In the first experiment, at first we converted GENIA text
dataset into table dataset which contain 12 features for
training the classifier.The two class labels of converted dataset
are “protein-named entity” and “Not Protein-Named Entity.”
The number of instance in dataset is 305,546. We use the
Support Vector Machine (SVM) algorithm in Weka 3.6 as
classifier. The performance evaluation result is very high,
although we just select 5% dataset. Table 4 shows a direct
proportion between sample size and 𝐹-measure. But when
we use the text dataset, the accuracy is difficult to be higher
than 95%because those boundary detectionmethods are very
difficult to find out the boundary of protein-named entity.
In previous research, they use sliding window technique
to generate the entity candidates [8]. 305,547 candidates
were generated using our method. The original text dataset
includes 402,745 words. So, comparing with the number
of candidates generated by sliding window, the number of
candidates generated by BFSM is much small.

Table 4: Performance evaluation using prepruned dataset by size of
sample dataset.

Sample size 5% 10% 20% 40% 60%
Precision 97.7 98.4 98.9 99.4 99.7
Recall 97.6 98.3 98.9 99.4 99.7
𝐹-measure 97.4 98.2 98.9 94.4 99.7
Accuracy 97.6 98.3 98.9 99.4 99.6

3.3.2. Effect of Features on Classification. We search and
detect features to classify the protein or gene named enti-
ties, and we analyze the features’ effect on classification.
Table 5 shows the distributions of 6 binary features in
two classes, respectively. From Table 5, we know that the
percentage of two kinds of values in two different class
labels is much different. The percentage of value “True”
of Features “Word Symbol” and “Word Alphabet” in class
“protein-named entity” is much higher than in “Not Protein-
named entity.” To get more clear values to evaluate the
features, we calculate the Gain Ratio of the features by Weka
3.6 as shown in Table 5. The Gain Ratio is just the ratio
between the information gain and the intrinsic value. Here,
the information gain is equal to the total entropy for an
attribute if a unique classification can be made for the result
attribute of each of the attribute values.The information gain
for an attribute 𝑎 ∈ Attr is defined as follows:

IG (𝐸𝑥, 𝑎) = 𝐻 (𝐸𝑥)

− ∑

V∈values(𝑎)

|{𝑥 ∈ 𝐸𝑥 | value (𝑥, 𝑎) = V}|
|𝐸𝑥|

⋅𝐻 ({𝑥 ∈𝐸𝑥 | value (𝑥, 𝑎) = V}) ,

(4)

where Attr is a set of all attributes and 𝐸𝑥 a set of all
training examples, value (𝑥, 𝑎) with 𝑥 ∈ 𝐸𝑥 fines the value
of a specific example 𝑥 for attribute 𝑎 ∈ Attr, 𝐻 specifies
the entropy. From this experiment, we found that the most
informative features are “Sent Uppercase,” “Word Num,” and
“Word Symbol.” Furthermore, the performance evaluation
values are close to 100%. It means that the features are very
suitable for protein-named entity recognition. We did other
feature analysis experiments about DNA or others. But the
feature ranking is different according to the class target.

3.3.3. Comparison among Submodels in PPIMiner. To know
the performance of submodels, we did the experiment to
recognize the protein-named entities using two submodels,
respectively, as in Table 6. From the result, we can get that
the precision of dictionary-based model is much higher than
others, but recall 𝐹-measure and accuracy is too lower than
others. And when we use the two submodels together, the 𝐹-
measure is the best. Although many machine learning-based
Protein-NER methods are proposed, the PPI extraction sys-
tems prefer to use dictionary-based approach than machine
learning-based Bio-NER approach to extract the correct
PPI patterns. However too many protein-named entities are
missed, if we just use dictionary-based approach, and too
many PPI patterns are missed.
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Table 5: Gain Ratio and ranking of the features and distribution of entities by features.

Feature Gain Ratio Ranking Pro NE (%) Not Pro NE (%) Pro NE/Not Pro NE
Sent Uppercase 0.08827 1 24.3 15.7 1.55
Word Num 0.0839 2 10.5 17.8 0.59
Word Symbol 0.05184 3 37.3 16.7 2.23
Suffix Letter 0.04518 4 — — —
Word Uppercase 0.04284 5 24.5 15.5 1.58
Suffix Word 0.0388 6 — — —
Prefix Word 0.03851 7 — — —
Prefix Letter 0.03254 8 — — —
Length 0.02472 9 — — —
POS 0.02108 10 — — —
Word Alphabet 0.01411 11 22.5 5.5 4.09
Biology Word 0.00833 12 21.8 7.9 2.76

Table 6: Performance comparison with Protein-NER model.

Method Precision (%) Recall (%) 𝐹-score (%)
Dictionary-based
Protein-NER 97.15 16.89 28.77

Machine learning-based
Protein-NER 92.47 87.13 89.72

Dictionary and machine
learning-based
Protein-NER

92.47 89.17 90.97

3.3.4. Comparison with Other Existing Methods. To test
the performance of our Protein-NER model, we did the
comparison experiment with three published systems and
two resent published researches. We used the 3-fold cross-
validationmethod to evaluate.We also used the same training
dataset to construct the identification models and used same
test dataset to evaluate. And the performance results of the
two resent published researches about Bio-NER referred to
published papers. From the result in Table 7, we can get that
our Protein-NER model has the highest 𝐹-measure. Here,
ABNER and Penn BioTagger are applied conditional random
fields to recognize the protein-named entities. And the result
is better than others. Conditional random fields algorithm is
based on conditional probability to calculate the possibility
of protein-named entities. In our approach, BFSM we used
is also based on conditional probability to generate the rules
of POS for protein-named entities. Finally, we applied vector
based methods to candidates so that more properties of
protein-named entities are discovered.

3.4. Performance of PPI Extraction

3.4.1. Result of PPI Extraction. We use this system to extract
40,466 PPIs from 477,008 abstracts in PubMed. We extract
6,072 patterns from 20,071 papers which are included in
HPRD. We did not extract the PPIs as many as manual
extraction in HPRD. But the number of PPI patterns will
continue to increase. And we extracted more than 7,919 rules

from other abstracts. For example, we extracted 47 PPI pat-
terns related to protein “IGF1.” In our PPIs database, several
extracted PPIs maybe have incorrect PPIs. But user can check
by himself from the original text provided by PPIMiner.
The system is freely accessible at http://210.115.182.155:8080/
PPIMiner/. We purpose extracting more possible PPIs. And
our system also shows the type of relation between interacting
proteins. Actually, it ismore informative for biologists that the
proteins are how to interact.

3.4.2. Compare with Other PPI Extraction Methods. To com-
pare with existing methods, the standard dataset, AIMed
corpus, was used. So we extract the result from the papers.
As in Table 8, our proposed method has higher performance.

From the result, we can get that feature or pattern-based
methods’ performance is better than subsequence kernels or
all-path graph kernel. However, it is important to find out
right patterns or features of PPI information. If merged all
the discovered patterns and features, the performance will be
improved.

4. Conclusion

Many human PPI databases (HPRD, BioGRID, and BIND)
published extract PPIs manually. But it is impossible to
extract all the PPIs manually from the articles because the
number of biomedical articles is growing at a very fast rate.
So we need to automatically extract PPIs and upgrade the PPI
database regularly.

In this paper, we developed an online system of the
protein-protein interaction extraction based on SVM
and parsing tree, PPIMiner. The PPI extraction system is
constructed via the natural language processing model,
protein-named entity recognition model, and protein-
protein interaction discovery model. We used the two
methods, dictionary-based method and machine learning-
based method, to construct the protein name recognition
models which have a different advantage, respectively. We
extract the PPI patterns based on these identified protein-
named entities using parsing tree. Until now, our database
stored 40,466 PPIs.
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Table 7: Performance comparison with other published Bio-NER systems.

System Precision (%) Recall (%) 𝐹-score (%)
ABNER [15] 88.1 84.8 86.41
Penn BioTagger [16] 87.3 85 86.13
Sun et al. (2007) [12] 69.03 78.05 73.27
Li et al. (2009) [14] 71.14 81.63 76.02
BANNER (2008) [17] 89.3 85.06 87.13
ProNER-machine learning based 92.47 87.13 89.72
ProNER 92.47 89.17 90.79

Table 8: Comparison with other methods.

System Description 𝐹-score (%)
Saetre et al. [18] Feature-based 64.2
Miwa et al. [19] Multiple kernels 60.8
Kim et al. [20] Walk-weighted subsequence kernels 56.6
Airola et al. [21] All-path graph kernel 56.4
Niu et al. [22] All-path graph kernel 53.5
Bui et al. [23] RBF kernel 61.2
PPInterFinder [24] Pattern matching 66.05
PPIMiner Pattern matching, feature-based 66.8

The advantages of our developed system are as follows.
First, in our PPI extraction system, we merged protein-
named entity recognition model we proposed to PPI extrac-
tion model. So, comparing with the systems which just
use the dictionary-based protein-named entity recognition
method, we can extract more PPIs. The accuracy of protein-
named entity recognition model is higher than other existing
models and published methods. Second, PPIMiner provides
three main functions: PPIs search in database, protein-
named entity recognition, and PPI extraction from text data.
We made an interface for protein-named entity recognition
model. From PPIMiner interface, users are easy to access our
protein-named entity recognition model and users can apply
this model for their research.

In addition, our method used 12 features for construction
of protein-named entity recognition model. And from the
accuracy of classification result, we can know that these fea-
tures aremuch suitable for protein-named entity recognition.

For feature work, we plan to supplement the protein and
gene dictionary to increase the accuracy of identification.We
also plan to develop the PPI extraction algorithm to extract
more PPIs. The extracted PPIs in our database will continue
to be updated.
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This paper presents a novel and sustainable medium access control (MAC) scheme for wireless sensor network (WSN) systems
that process high-dimensional aggregated data. Based on a preamble signal and buffer threshold analysis, it maximizes the energy
efficiency of the wireless sensor devices which have limited energy resources. The proposed group management MAC (GM-
MAC) approach not only sets the buffer threshold value of a sensor device to be reciprocal to the preamble signal but also sets
a transmittable group value to each sensor device by using the preamble signal of the sink node. The primary difference between
the previous and the proposed approach is that existing state-of-the-art schemes use duty cycle and sleep mode to save energy
consumption of individual sensor devices, whereas the proposed scheme employs the group management MAC scheme for sensor
devices to maximize the overall energy efficiency of the whole WSN systems by minimizing the energy consumption of sensor
devices located near the sink node. Performance evaluations show that the proposed scheme outperforms the previous schemes
in terms of active time of sensor devices, transmission delay, control overhead, and energy consumption. Therefore, the proposed
scheme is suitable for sensor devices in a variety of wireless sensor networking environments with high-dimensional data aggregate.

1. Introduction

The wireless sensor device is one of the core compo-
nents of ubiquitous sensor network (USN) systems. Sen-
sors connected by wireless communication technologies act
as intermediary between people and things in ubiquitous
computing environments. The ultimate goal of WSN is to
gather interesting information on environment factors or
object conditions on behalf of human being because sensor
devices may be deployed in inaccessible terrains and even in
hazardous places. To achieve this goal, wireless sensor devices
have been designed and characterized as follows. Firstly,
they should be realized at low cost. Secondly, they should
have self-organizational capability [1]. Thirdly, they should
be implemented as small as possible. Lastly, but most impor-
tantly, they should have long lifetime. This last feature of

sensor device is the key challenge for the successful deploy-
ment of WSN systems as the sensor devices are equipped
with limited energy resource and it is impractical to replace
or recharge their batteries. Therefore, unlike the existing
wireless communications devices that focus on transmission
efficiency, the energy efficiency of sensor devices should be
prioritized in WSNs. That is, energy efficient wireless sensor
devices play a very important role in realizing robust and
long-lasting WSNs. In addition, in order to ensure that the
WSN does its role successfully, it is critical to maintain the
distribution of active (or operating) sensor devices evenly in
the whole target field rather than just keeping the number of
active sensor devices as many as possible.

Wireless sensor devices consist of physical and logical
layers to communicate with other sensor devices or with
sink node in the corresponding WSN. Among these layers,
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medium access control (MAC) layer is closely related with
energy efficiency of the sensor devices.MAC layer guarantees
successful communications amongwireless sensor devices by
using MAC protocol for performing error and flow controls
as well as for managing communication resources, which
results in major energy consumption of sensor devices [2]. In
other words,MAC protocol determines the lifetime ofWSNs.
Existing legacy MAC protocols have been designed to guar-
antee some degree of quality of services (QoS) such as max-
imum data throughput, minimum transmission delays, and
fairness among the devices. In WSNs, however, MAC proto-
col should be designed in a different way due to the energy
resource limitations.

To date, researchers have proposed numerousMACs. For
example, MAC protocols that use multiple channels such
as those in [3, 4] show good performances when there are
few or no multichannel system collisions. But they suffer
from their intrinsic complex wireless communication mech-
anisms, which waste energy.Therefore, MAC protocol design
for WSNs is changed to use a single and robust channel [5].
Time divisionmultiple access (TDMA) basedMACprotocols
[6–8] perform slot reservation and scheduling and hence
no collisions, which naturally reduces energy expenditure.
TDMA based MAC protocols, however, have intrinsic lim-
itations which include the following: (i) the need for global
synchronization, (ii) the need for knowing the schedule of
neighboring devices, (iii) transmitting and receiving schedule
which is continuously changing depending on topological
database and traffic conditions, and (iv) changes in network
topology as well as in number of sensor devices which cause
very large control message overheads [9–11].

Contention-based MAC protocols have also been pro-
posed to support energy efficiency of sensor nodes. The
approach in [12] proposes a scheme to turn the wireless
communication module on and off periodically by using
preamble sensing of low level carrier to minimize energy
consumption of the device. Also, the approach in [13] reduces
energy expenditure by adaptively changing the preamble
length depending on network traffics. Unfortunately, they
have been designed for sporadic traffic condition and for
the case that sending device knows the sampling schedule
of receiving device, respectively. S-MAC [14] which has
been designed especially for WSN is one of the contention-
based MAC protocols and uses time slot concept to reduce
energy consumption. T-MAC [15] uses adaptable duty cycle
to improve energy efficiency, whereas S-MAC uses fixed duty
cycle. Furthermore, E2-MAC [16] improves the energy effi-
ciency of T-MAC by regulating the data transmission of sen-
sor nodes based on buffer threshold concept. Although these
MAC protocols have been well designed for sensor nodes,
they still do not guarantee the most important condition of
successful deployment of WSNs, the long lifetime. Existing
protocols focus onminimizing sensor node energy consump-
tion, not on maximizing the lifetime of the whole WSN.

To this end, we present group management MAC (GM-
MAC), a novel, energy efficient, and sustainable medium
access control technique for use in most WSNs. In GM-
MAC, sensor devices are divided into different groups
depending on the separation distance from the sink node of

the correspondingWSN. Sensor groups are assigned different
buffer thresholds and different preamble signals to send data
to devices in other groups and eventually to the sink node.
For urgent data delivery, buffer threshold rule is not applied
to data traffics with a high priority. In addition, GM-MAC
designs improved control signals and timers to overcome the
problemof both idle and unnecessary listening. By doing this,
GM-MAC minimizes the control message overheads, data
transmission delays, and the average energy consumption of
the entire sensor devices in the target field, which results
in the long lifetime of the corresponding WSN. The rest
of this paper is structured as follows. Section 2 discusses
related works. Section 3 describes our proposed scheme, and
Section 4 shows the performance evaluation of the proposed
GM-MAC scheme. Finally, we offer concluding remarks in
Section 5.

2. Related Works

Sensor-MAC (S-MAC) is a foundational and importantMAC
protocol which is explicitly designed for WSNs. Generally,
in WSNs, nodes are in idle state most of the time. And the
idle listening operation of sensor nodes results in the main
reason of a waste of node energy. To solve this problem, S-
MAC decreases idle listening time by making sensor node
enter into sleep mode periodically based on duty cycle. S-
MAC also tries to reduce the waste of energy caused by
collision, overhearing, and control packet overhead [17]. But
there exists a tradeoff between data throughput and delay
performance in S-MAC [18]. Timeout MAC (T-MAC) [15],
an enhanced version of S-MAC, introduces an adaptive duty
cycle by dynamically ending the active part of it in order to
handle load variations in time and location. In this way, T-
MAC reduces the amount of energy wasted on idle listening,
inwhich sensor nodeswait for potentially incomingmessages
while still maintaining a reasonable throughput. Compared
to S-MAC, T-MAC shows similar results under homoge-
neous traffic condition and outperforms S-MAC in a scenario
with variable traffic loads. T-MAC has an issue of early
sleeping problem, which may cause data transmission delay.
To solve this issue, T-MAC incorporates the schemes of future
request-to-send (FRTS) and full-buffer priority. Although the
early sleeping problem can be addressed with these solutions,
delay shortening is achieved within one hop coverage. Data
gatheringMAC (D-MAC) considers a duty cycle for multiple
hop chain environments to transmit the data continuously. In
D-MAC, there is no request-to-send (RTS) or clear-to-send
(CTS) procedures because the schedule is preconfigured. But
it uses acknowledgment (ACK) frame for reliable delivery of
data packets [19]. D-MAC, however, is applied to a special
networking environment in which data are collected to the
sink node.That is, it cannot supportWSNwithmobile sensor
nodes. To further reduce the energy consumption of sensor
node, energy efficiency-MAC (E2-MAC) specifies a threshold
value to buffers in sensor nodes [16]. In this scheme, data can
be transmitted to other nodes only if the buffer occupation
exceeds a predetermined threshold value. Otherwise, no-
activation-event timer for entering the sleep mode is set to a
smaller value than that used in T-MAC. As E2-MAC falls into
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the sleep mode when a sensor node does not transmit RTS
or data during the no-activation-event time, it can improve
the energy efficiency of existing protocols. All the above
MAC schemes, however, have focused only on minimizing
energy consumption of a sensor node itself. For the successful
deployment ofWSNs, we have tomaximize the lifetime of the
whole WSN. In Section 3, we present a novel and sustainable
GM-MAC scheme in detail.

3. GM-MAC

Wireless sensor nodes which have limited energy resources
should survive as long as possible under various sensor-
network traffic conditions and topologies. With existing
MAC schemes, the nearer sensor devices are located to the
sink node the more they consume energy compared to the
sensor devices that are further away from the sink node. In
order to maximize the lifetime of the wholeWSN, GM-MAC
is explicitly designed to employ variable length preambles and
buffer thresholds based onnode-groupmanagement concept.

3.1. Preamble, Node Group, and Buffer Threshold Setup. GM-
MAC sets up the preamble and buffer threshold values of
sensor devices just after they are randomly deployed inWSN.
Obviously, the nodes that are closely located to the sink node
receive the preamble first. These nodes are the sensor devices
that are 1 hop away from the sink node. In other words, if
a sensor device receives a preamble the size of which is the
same as that of the sink node, it is the neighboring node of
the sink node. These neighboring nodes are defined as node
group 1, 𝐺(1). Once a sensor device receives a preamble for
the first time, it configures its preamble by constructing a
new preamble and sends the new preamble to its neighboring
nodes. In GM-MAC, constructing a new preamble means
extending the synchronization part [20] of the currently
received preamble. More specifically, the synchronization
part of a newly created preamble is obtained by appending
predetermined code repetitions to the synchronization part
of the currently received preamble. This procedure continues
until all the sensor devices in the target field configure their
initial preambles as follows:

PS𝐺(𝑖) = {
PSsink node + 𝑘

1
, for 𝑖 = 1,

PS
𝐺(𝑖−1)

+ 𝑘
1
, otherwise,

(1)

where PS
𝐺(𝑖)

denotes the size of the preamble synchronization
part used by the nodes in group 𝐺(𝑖) (𝑖 = 1, 2, . . . , 𝑛),
PSsink node is the size of the preamble synchronization part
used by the sink node, and 𝑘1 is the size of the predetermined
code repetitions of the preamble synchronization part.

It might be possible to include hop count information
or node’s location information in data frame header rather
than using variable length preambles. The proposed GM-
MAC scheme is, however, for wireless sensor networks in
which sensor nodes are randomly moving, and locating all
the sensor nodes in the target filed adds more complexities to
the whole WSN design. Readers might be concerned about
the energy consumption issue by introducing additional 𝑘

1

code repetitions to the base preamble of the sink node. But the
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Figure 1: A sample WSN with 𝑛 node groups. Data transmission is
done in the direction of the sink node.

overhead of 𝑘
1
code repetitions is negligible and acceptable

if we consider the merits of using variable length preambles:
figuring out nodes’ location and maximizing the lifetime of
the whole WSN. Actually, 𝑘

1
code repetitions are only 2 or 4

repetitions after 32 repetitions when using medium preamble
type. More details about preamble design can be found in
[12, 13, 20], and the method for determining specific values
of PSsink node and 𝑘

1
is left to the application developer.

Based on this preamble setup procedure, sensor devices
in different node groups have different preamble sizes, which
makes it possible to discern the node group from which the
current data originates. Based on this preamble size setup
procedure, data transmission is realized only in the direction
of the sink node. If a sensor device verifies that the current
data come from the same node group or upstream node
group, it goes into sleep mode after short no-activation-
event time. This feature can considerably reduce the amount
of energy wasted on unnecessary listening as well as idle
listening. Figure 1 shows a sample WSN with 𝑛 node groups.
As illustrated in Figure 1, in GM-MAC, preamble setup and
CTS signals are delivered fromnode group𝐺(𝑖) to node group
𝐺(𝑖 + 1), and RTS signals and data are transmitted from node
group 𝐺(𝑖 + 1) to node group 𝐺(𝑖).

At the time of configuring initial preamble size, sensor
device also sets its buffer threshold values to be

𝐵𝐺(𝑖) = 𝑘2 × 𝐵𝑡 ×
(𝑛 + 1 − 𝑖)

𝑛
, (2)

where 𝐵
𝐺(𝑖)

denotes the buffer threshold of the nodes in
node group 𝐺(𝑖), 𝑘

2
is the threshold weighting factor (0 <

𝑘
2

≤ 1), 𝐵
𝑡
is the total buffer size of the sensor device,

and 𝑛 is the total number of node groups in the target field.
The threshold weighting factor 𝑘

2
has been introduced in
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Figure 2: Preamble size, node group, and buffer threshold value setup and recalculation procedure by a node in node group𝐺(𝑖). Initial setup
is done when a sensor device is placed in the target field at the first time. Recalculation is done when a sensor device moves from node group
𝐺(𝑖) to any other node group 𝐺(𝑗), where 𝑗 ̸= 𝑖.

this paper as an implementation guide to handle various
application scenarios under the condition that sensor devices
have a certain factory-default buffer size 𝐵𝑡. It has to be
specifically configured as a constant at the deployment stage
of WSN depending on network size of the corresponding
WSN and total buffer size of sensor nodes. Buffer threshold
values of a sensor node are automatically adjusted by figuring
out the node group 𝐺(𝑖) of that sensor node rather than by
changing 𝑘2. Themethod for determining optimum values of
𝑘
2
and 𝑛 is also left to the application developer.
As shown in (2), buffer threshold value of the nodes in

each node group is configured to be in inverse proportion
to the distance from the sink node. That is, sensor devices
that are further away from the sink node havemore chance to
send their data to neighboring nodes than the nodes that are
located nearer to the sink node. If the accumulated data that
are collected by a sensor device itself and received from other
nodes are equal to or exceed the buffer threshold, they are to
be transmitted to neighboring nodes. Otherwise, the sensor
device may receive data from the nodes in downstream node
group or switch to sleepmode after a short timer value. In this
way, GM-MACmaximizes the energy efficiency of the whole
WSN while reducing the energy consumption of the individ-
ual sensor devices.

Preamble and buffer threshold do not have to change after
the predescribed initial setup phase unless sensor devices
move in the target field. Depending on the type of WSN
applications, however, preamble size and buffer threshold val-
ues should be reconfigured. Furthermore, depending on the
WSN situation, it may be necessary to add new sensor devices
or substitute existing sensor devices in the target field. In
order to support the scalability and self-organizational capa-
bility, GM-MAC performs preamble, node group, and buffer
threshold recalculation procedure when necessary after the
initial setup phase, as illustrated in Figure 2.

3.2. ImprovedDataTransmissionMechanism. GM-MACuses
improved control signals for reducing transmission delays
and control overheads of the existing MAC schemes. The
improved control signals include reservation RTS (R RTS),
booking CTS (B CTS), and urgent data flag 𝐷𝑝.

R RTS packet is sent from a sensor node in 𝐺(𝑖 + 1)

to neighboring nodes in 𝐺(𝑖) when the node in 𝐺(𝑖 + 1)

has the accumulated data that are equal to or exceed its
buffer threshold 𝐵

𝐺(𝑖+1)
but fails to use themedium.With this

R RTS, the node in 𝐺(𝑖 + 1) has an opportunity to transmit
its data to neighboring nodes in 𝐺(𝑖) for the next contention
period. B CTS packet is sent from a sensor node in 𝐺(𝑖) to
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Figure 4: Normal and urgent data transmissions in GM-MAC. If a sensor device has urgent data with 𝐷
𝑝

= 1, it sends data in its buffer
regardless of the current buffer threshold value. 𝑇

𝐺
is no-activation-event time.

neighboring nodes in 𝐺(𝑖 + 1) when the node in 𝐺(𝑖) has the
accumulated data less than its buffer threshold 𝐵

𝐺(𝑖)
. With

his B CTS, the node in 𝐺(𝑖) notifies neighboring nodes in
𝐺(𝑖 + 1) that it is ready for receiving data from downstream
nodes rather than transmitting its data to upstream nodes.
To prevent any other node from taking the medium during
the next contention period, the node that sent the R RTS
or received the B CTS transmits a small data-send (DS)
packet just before the data transmission as in T-MAC.
Data transmission with these improved control signals is
illustrated in Figure 3.

The urgent data flag 𝐷𝑝 is used to indicate that a
sensor device collects or senses urgent data. When a sensor
device has urgent data, it should send its data immediately
regardless of its current buffer occupation ratio. Figure 4
shows examples of normal and urgent data transmissions in
case that the node has buffer threshold value of 7.

Figure 5 is the flow chart which shows the whole data
transmission procedure of the proposedGM-MACscheme in

active mode. As illustrated in Figure 5, only when the sensor
device has ever received R RTS, has data with 𝐷

𝑝
= 1, or has

accumulated data that exceed its 𝐵
𝐺(𝑖)

, it can send its data to
any upstream node. Otherwise, it goes into sleep mode after
no-activation-event (timeout) time 𝑇𝐺.

4. Performance Evaluation and Analysis

To examine the performance of the proposed GM-MAC,
energy efficiency comparisonswith S-MAC, T-MAC, and E2-
MAC are carried out as for the indices such as active time of
sensor devices, data transmission delays during active mode,
control signal overheads, and energy consumption of sensor
devices in each node group. In our performance evaluation
model, we randomly distribute 1800 sensor nodes in a 1000 ×

1000m2 field.
Table 1 shows reference parameters and variables used

by the MAC schemes discussed in this paper. Table 2 shows
power consumption values of radio chipset in a sensor node.
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Table 1: Reference parameters and variables.

Parameter and variable Value
Contention slots 256
Duty cycle 20%
Frame length 1ms
Probability variable 0 ≤ 𝑃(𝜌) ≤ 1, 0 ≤ 𝑃(𝜏) ≤ 1

Data distribution Poisson, constant bit rate (CBR)
Threshold variable 0 < 𝑘

2
≤ 1

Table 2: Power consumption of radio chipset (tiny OS).

Parameter Meaning Value
𝐸
𝑠

Power consumption for data transmission 52.2mW
𝐸
𝑟

Power consumption for data reception 56.4mW
𝐸id Power consumption for idle listening 56.4mW
𝐸sleep Power consumption for sleep mode 0

As with anyWSNMAC scheme, we assume that sensor node
uses a CC2420 radio transceiver (operating in the 2.4GHz
band), from Texas Instruments. According to its data sheet
[21], the radio transceiver consumes 18.8mA (56.4mW at
3V) in the reception mode (including idle listening mode)
and 17.4mA (52.2mW at 3V) in the transmission mode
(ITX). Note that energy consumption of a sensor node in
sleep mode is not zero but less than several tens of 𝜇W
in real-world WSNs. However, it is negligible and can be
set to zero because this research focuses not on calculation
of real-world energy consumption of sensor devices but on
energy performance comparison of WSN MAC schemes.

Symbols and Variables section shows symbols and variables
used in our performance evaluation. Constant time values are
derived for the CC2420 radio chip by assuming a total packet
length of 10 bytes and 30∼300 bytes for a control message and
a data packet, respectively, and data rate of 250 kbps. The
transmission range with these parameter values is about 56
meters. And, considering the size of the target field as well
as the transmission rage of a sensor node, we set the number
of node groups in the target field to be 10, default buffer size
of all the sensor nodes to be 2048KB, and 𝑘2 to be 1 for the
performance evaluation and analysis of the MAC schemes.

Differently from the existing MACs, GM-MAC sends
data only to upstream nodes, which leads 𝑃(𝜌) = 1 and
𝑃(𝜏) = 0 in Symbols and Variables section. Also, depending
on the amount of data in the buffer as well as control signals,
GM-MAC takes different actions as follows.

Case 1. This is the case that the node has accumulated data
the size of which is less than buffer threshold and does not
receive RTS or R RTS from any downstream node.

Case 2. This is the case that the node has accumulated data
the size ofwhich is less than buffer threshold and receives RTS
or R RTS from any downstream node.

Case 3. This is the case that the node has accumulated data
the size of which is equal to or greater than buffer threshold
and does not receive RTS or R RTS from any downstream
node.

Case 4. This is the case that the node has accumulated data
the size of which is equal to or greater than buffer threshold
and receives RTS or R RTS after data transmission.

4.1. Numerical Analysis and Experiments for Active Time of
Wireless Sensor Devices. Active time of a sensor device in
GM-MAC is categorized into four cases as follows.

(1) Active time 𝑇𝐴
𝛼

for Case 1. Consider

𝑇
𝐴
𝛼

= 𝑃 (𝛼) × 𝑇
𝐺
. (3)

(2) Active time 𝑇
𝐴
𝛽

for Case 2. Consider

𝑇
𝐴
𝛽

= 𝑃 (𝛽) × (𝑡
𝑝
+ 𝑡
𝑅
+ 𝑡
𝐶

+ 𝑡
𝑙
+ 𝑇
𝐺
) . (4)

(3) Active time 𝑇
𝐴
𝛾

for Case 3. Consider

𝑇
𝐴
𝛾

= 𝑃 (𝛾) × (𝑡
𝑝
+ 𝑡
𝑅
+ 𝑡
𝐶

+ 𝑡
𝑙
+ 𝑇
𝐺
) . (5)

(4) Active time 𝑇
𝐴
𝛿

for Case 4. Consider

𝑇
𝐴
𝛿

= 𝑃 (𝛿) × [2 (𝑡𝑝 + 𝑡𝑅 + 𝑡𝐶 + 𝑡𝑙) + 𝑇𝐺] . (6)



Mathematical Problems in Engineering 7

1

2

3

4

5

6

7

8

9

10

100 1000 10000 100000
Time (ms)

GM-MAC
T-MAC(0.3)

-MAC(0.3)
S-MAC(0.3)
T-MAC(0.5)

S-MAC(0.5)

S-MAC(0.7)

T-MAC(0.7)

N
od

e g
ro

up
G
(i
)

E2
-MAC(0.7)E2

-MAC(0.5)E2

Figure 6: Average active time of nodes in node group𝐺(𝑖). Numbers
in parentheses denote the data transmission probability 𝑃(𝜌) from
node group 𝐺(𝑖 + 1) to node group 𝐺(𝑖).

Therefore, total average active time of the entire sensor
devices 𝑇GMtot

in the target field is

𝑇GMtot

= 𝑃 (𝛼)

𝑛

∑

𝑖=1

𝑖𝑇𝐺
𝑖

+ [𝑃 (𝛽) + 𝑃 (𝛾)]

×

𝑛

∑

𝑖=1

𝑖 (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑇
𝐺
𝑖

)

+ 𝑃 (𝛿)

𝑛

∑

𝑖=1

𝑖 [2 (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

) + 𝑇
𝐺
𝑖

]

=
𝑛 (𝑛 + 1)

2
{[𝑃 (𝛼) 𝑇𝐺] + [𝑃 (𝛽) + 𝑃 (𝛾)]

× (𝑡
𝑝
+ 𝑡
𝑅
+ 𝑡
𝐶

+ 𝑡
𝑙
+ 𝑇
𝐺
)

+ 𝑃 (𝛿) [2 (𝑡
𝑝
+ 𝑡
𝑅
+ 𝑡
𝐶

+ 𝑡
𝑙
) + 𝑇
𝐺
]} ,

(7)

where 𝑖 denotes the node group and 𝑛 is the total number
of node groups. In (7), we assume that all the time variables
of sensor devices have the same value, which leads the
individual time variables 𝑡𝑝

𝑖

, 𝑡𝑅
𝑖

, 𝑡𝐶
𝑖

, 𝑡𝑙
𝑖

, and 𝑇𝐺
𝑖

to be
simplified to 𝑡𝑝, 𝑡𝑅, 𝑡𝐶, 𝑡𝑙, and 𝑇𝐺, respectively. Based on (7),
we can easily derive average active time of each node group.
Figure 6 shows average active time of nodes in node group
𝐺(𝑖). In addition, in order to evaluate performance features
under the situation of randomly distributed sensor nodes and
varying traffic conditions, we have applied several data trans-
mission probabilities 𝑃(𝜌) of 0.3, 0.5, and 0.7.

For the existing MAC schemes, we can similarly derive
total average active time of the entire sensor devices as
follows.

Total average active time 𝑇
𝑆tot

of the entire sensor nodes
for S-MAC is

𝑇
𝑠tot

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

𝑖𝑇
𝑑
𝑖

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

𝑖𝑇
𝑑
𝑖

+ 𝑃 (1 − 𝜌 − 𝜏)

𝑛

∑

𝑖=1

𝑖𝑇
𝑑
𝑖

=
𝑛 (𝑛 + 1)

2
[𝑃 (𝜌) + 𝑃 (𝜏) + 𝑃 (1 − 𝜌 − 𝜏)] 𝑇𝑑.

(8)

Total average active time 𝑇
𝑇tot

of the entire sensor nodes for
T-MAC is

𝑇
𝑇tot

= 𝑃 (𝜌)

⋅ [𝑃 (𝑝)

𝑛

∑

𝑖=1

𝑖𝑇
0
𝑖

+ 𝑃 (𝑞)

𝑛

∑

𝑖=1

𝑖 (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝑐
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑇
0
𝑖

)]

+ 𝑃 (𝜏) [𝑃 (𝑝)

𝑛

∑

𝑖=1

𝑖𝑇
0
𝑖

+ 𝑃 (𝑞)

𝑛

∑

𝑖=1

𝑖 (𝑡𝑝
𝑖

+ 𝑡𝑅
𝑖

+ 𝑡𝐶
𝑖

+ 𝑡𝑙
𝑖

+𝑇0
𝑖

)]

+ 𝑃 (1 − 𝜌 − 𝜏)

⋅ [𝑃 (𝑝)

𝑛

∑

𝑖=1

𝑖𝑇
0
𝑖

+ 𝑃 (𝑞)

𝑛

∑

𝑖=1

𝑖 (𝑡
𝑝
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑇
0
𝑖

)]

=
𝑛 (𝑛 + 1)

2
[𝑃 (𝜌) + 𝑃 (𝜏) + 𝑃 (1 − 𝜌 − 𝜏)]

× [𝑃 (𝑝) 𝑇
0
+ 𝑃 (𝑞) (𝑡

𝑝
+ 𝑡
𝑅
+ 𝑡
𝑐
+ 𝑡
𝑙
+ 𝑇
0
)] .

(9)

Total average active time 𝑇
𝐸
2

tot
of the entire sensor nodes for

E2-MAC is

𝑇
𝐸
2

tot

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

𝑖 {𝑃 (𝜖) 𝑇𝐸
𝑖

+ [𝑃 (𝜎) + 𝑃 (𝜔)]

× (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑇
𝐸
𝑖

)

+ 𝑃 (𝜑) [2 (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

) + 𝑇
𝐸
𝑖

]}

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

𝑖 {𝑃 (𝜖) 𝑇𝐸
𝑖

+ [𝑃 (𝜎) + 𝑃 (𝜔)]

× (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑇
𝐸
𝑖

)

+ 𝑃 (𝜑) [2 (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

) + 𝑇
𝐸
𝑖

]}
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+ 𝑃 (1 − 𝜌 − 𝜏)

⋅

𝑛

∑

𝑖=1

𝑖 {𝑃 (𝜖) 𝑇𝐸
𝑖

+ [𝑃 (𝜎) + 𝑃 (𝜔)]

× (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑇
𝐸
𝑖

)

+ 𝑃 (𝜑) [2 (𝑡𝑝
𝑖

+ 𝑡𝑅
𝑖

+ 𝑡𝐶
𝑖

+ 𝑡𝑙
𝑖

) + 𝑇𝐸
𝑖

]}

=
𝑛 (𝑛 + 1)

2
[𝑃 (1 − 𝜌 − 𝜏)]

× {𝑃 (𝜖) 𝑇𝐸 + [𝑃 (𝜎) + 𝑃 (𝜔)] (𝑡𝑝 + 𝑡
𝑅
+ 𝑡
𝐶

+ 𝑡
𝑙
+ 𝑇
𝐸
)

+ 𝑃 (𝜑) [2 (𝑡𝑝 + 𝑡𝑅 + 𝑡𝐶 + 𝑡𝑙) + 𝑇𝐸
𝑖

]} .

(10)

Figure 6 shows the average active time of nodes in node
group 𝐺(𝑖). In S-MAC, T-MAC, and E2-MAC, the higher
the data transmission probability of 𝑃(𝜌) increases, the lower
the active time of the sensor devices becomes. GM-MAC,
however, shows constant active time regardless of 𝑃(𝜌). This
is because GM-MAC always sends the data in the direction
of the sink node. From the results, GM-MAC outperforms S-
MAC, T-MAC, and E2-MAC by about 350%, 70–300%, and
40–4700%, respectively.

4.2. Numerical Analysis and Experiments for Transmission
Delays of Wireless Sensor Devices. For the transmission delay
evaluation, data are generatedwith the size ranging from30 to
300 bytes. Also, we assume that the control signals are 10 bytes
in length, and data traffic has the Poisson distribution. Again,
data transmission delays of a sensor device are divided into
four cases.

(1) Data transmission delay 𝑇𝐷GM
𝑃(𝛼)

for Case 1. Consider

𝑇
𝐷GM
𝑃(𝛼)

= 𝑃 (𝛼) × 𝑇𝐺. (11)

(2) Data transmission delay 𝑇
𝐷GM
𝑃(𝛽)

for Case 2. Consider

𝑇
𝐷GM
𝑃(𝛽)

= 𝑃 (𝛽) × (𝑡𝑝 + 𝑡
𝑅
+ 𝑡
𝐶

+ 𝑡
𝑙
+ 𝑡ack + 𝑇

𝐺) . (12)

(3) Data transmission delay 𝑇
𝐷GM
𝑃(𝛾)

for Case 3. Consider

𝑇
𝐷GM
𝑃(𝛾)

= 𝑃 (𝛾) × (𝑡
𝑝
+ 𝑡
𝑅
+ 𝑡
𝐶

+ 𝑡
𝑙
+ 𝑡ack + 𝑇

𝐺
) . (13)

(4) Data transmission delay 𝑇
𝐷GM
𝑃(𝛿)

for Case 4. Consider

𝑇
𝐷GM
𝑃(𝛿)

= 𝑃 (𝛿) × (𝑡
𝑝
+ 2𝑡
𝑅
+ 2𝑡
𝐶

+ 2𝑡
𝑙
+ 2𝑡ack + 𝑇

𝐺
) . (14)

Therefore, total average hop-by-hop data transmission delay
of the entire sensor devices in the target field 𝑇

𝐷GM
is

𝑇
𝐷GM

=

𝑛

∑

𝑖=1

𝑖 {[𝑃 (𝛼) × 𝑇
𝐺
𝑖

] + [𝑃 (𝛽) + 𝑃 (𝛾)]

× (𝑡
𝑝
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑡ack
𝑖

+ 𝑇
𝐺
𝑖

)

+ 𝑃 (𝛿) × (𝑡
𝑝
𝑖

+ 2𝑡
𝐶
𝑖

+ 2𝑡
𝑅
𝑖

+ 2𝑡
𝑙
𝑖

+ 2𝑡ack
𝑖

+ 𝑇
𝐺
𝑖

)} .

(15)

Again, based on (12), we can easily derive average hop-by-hop
data transmission delay of each node group. For the existing
MAC schemes, we can similarly derive total average hop-by-
hop data transmission delay of the entire sensor devices as
follows.

Total average data transmission delay 𝑇
𝐷
𝑆

of the entire
sensor devices for S-MAC is

𝑇
𝐷
𝑆

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

(𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝑐
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑡ack
𝑖

)

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

(𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝑐
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑡ack
𝑖

)

+ 𝑃 (1 − 𝜌 − 𝜏)

𝑛

∑

𝑖=1

(𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝑐
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑡ack
𝑖

)

=
𝑛 (𝑛 + 1)

2
[𝑃 (𝜌) + 𝑃 (𝜏) + 𝑃 (1 − 𝜌 − 𝜏)]

× (𝑡
𝑝
+ 𝑡
𝑅
+ 𝑡
𝑐
+ 𝑡
𝑙
+ 𝑡ack) .

(16)

Total average data transmission delay𝑇
𝐷
𝑇

of the entire sensor
devices for T-MAC is
𝑇𝐷
𝑇

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

[𝑃 (𝑝) 𝑇
0
𝑖

+ 𝑃 (𝑞) (𝑡𝑝
𝑖

+ 𝑡𝑅
𝑖

+ 𝑡𝐶
𝑖

+ 𝑡𝑙
𝑖

+ 𝑡ack
𝑖

+ 𝑇0
𝑖

)]

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

[𝑃 (𝑝) 𝑇
0
𝑖

+ 𝑃 (𝑞) (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑡ack
𝑖

+ 𝑇
0
𝑖

)]

+ 𝑃 (1 − 𝜌 − 𝜏)

⋅

𝑛

∑

𝑖=1

[𝑃 (𝑝) 𝑇
0
𝑖

+ 𝑃 (𝑞) (𝑡
𝑝
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑡ack
𝑖

+ 𝑇
0
𝑖

)]

=
𝑛 (𝑛 + 1)

2
[𝑃 (𝜌) + 𝑃 (𝜏) + 𝑃 (1 − 𝜌 − 𝜏)]

× [𝑃 (𝑝) 𝑇
0
+ 𝑃 (𝑞) (𝑡

𝑝
+ 𝑡
𝑅
+ 𝑡
𝐶

+ 𝑡
𝑙
+ 𝑡ack + 𝑇

0
)] .

(17)
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Total average data transmission delay 𝑇
𝐷
𝐸
2

of the entire
sensor devices for E2-MAC is

𝑇𝐷
𝐸
2

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

{[𝑃 (𝜖) × 𝑇
𝐸
𝑖

] + [𝑃 (𝜔) + 𝑃 (𝜎)]

× (𝑡
𝑝
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑡ack
𝑖

+ 𝑇
𝐸
𝑖

) + 𝑃 (𝜑)

× (𝑡𝑝
𝑖

+ 2𝑡𝐶
𝑖

+ 2𝑡𝑅
𝑖

+ 2𝑡𝑙
𝑖

+ 2𝑡ack
𝑖

+ 𝑇𝐸
𝑖

)}

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

{[𝑃 (𝜖) × 𝑇
𝐸
𝑖

] + [𝑃 (𝜔) + 𝑃 (𝜎)]

× (𝑡
𝑝
𝑖

+ 𝑡
𝐶
𝑖

+ 𝑡
𝑅
𝑖

+ 𝑡
𝑙
𝑖

+ 𝑡ack
𝑖

+ 𝑇
𝐸
𝑖

) + 𝑃 (𝜑)

× (𝑡𝑝
𝑖

+ 2𝑡
𝐶
𝑖

+ 2𝑡
𝑅
𝑖

+ 2𝑡
𝑙
𝑖

+ 2𝑡ack
𝑖

+ 𝑇
𝐸
𝑖

)}

+ 𝑃 (1 − 𝜌 − 𝜏)

⋅

𝑛

∑

𝑖=1

{[𝑃 (𝜖) × 𝑇
𝐸
𝑖

] + [𝑃 (𝜔) + 𝑃 (𝜎)]

× (𝑡
𝑝
𝑖

+ 𝑡𝐶
𝑖

+ 𝑡𝑅
𝑖

+ 𝑡𝑙
𝑖

+ 𝑡ack
𝑖

+ 𝑇𝐸
𝑖

) + 𝑃 (𝜑)

× (𝑡
𝑝
𝑖

+ 2𝑡
𝐶
𝑖

+ 2𝑡
𝑅
𝑖

+ 2𝑡
𝑙
𝑖

+ 2𝑡ack
𝑖

+ 𝑇
𝐸
𝑖

)}

=
𝑛 (𝑛 + 1)

2
[𝑃 (𝜌) + 𝑃 (𝜏) + 𝑃 (1 − 𝜌 − 𝜏)]

× {[𝑃 (𝜖) × 𝑇𝐸
𝑖

] + [𝑃 (𝜔) + 𝑃 (𝜎)]

× (𝑡
𝑝
+ 𝑡
𝐶

+ 𝑡
𝑅
+ 𝑡
𝑙
+ 𝑡ack + 𝑇

𝐸
)

+ 𝑃 (𝜑) × (𝑡𝑝 + 2𝑡𝐶 + 2𝑡𝑅 + 2𝑡𝑙 + 2𝑡ack + 𝑇𝐸)} .

(18)

Figure 7 shows average data transmission delays of nodes
in node group 𝐺(𝑖). GM-MAC has very low transmission
delays compared to other schemes. Particularly, GM-MAC
shows quite narrow variations in data transmission delays.
This is because GM-MAC does not depend on the data
transmission probability 𝑃(𝜌), sets buffer threshold value of a
sensor device to be reciprocal to the distance from the sink
node, and sends the data only in the direction of the sink
node. Other schemes show wide variations in delay times
depending on the separation distance from the sink node as
well as the data transmission probability 𝑃(𝜌).

4.3. Numerical Analysis and Experiments for Control Signal
Overheads of Wireless Sensor Devices. Unnecessary control
overhead should be avoided as it is one of the main fac-
tors that consume device’s energy. All the contention-based
approaches need at least 2 control signals to transmit or
receive data, RTS and CTS. In addition to these control
signals, GM-MAC needs 2 more control signals for both
R RTS and C CTS. It, however, uses less control signals
than the other schemes, because it does not send data to
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Figure 7: Average data transmission delays of nodes in node group
𝐺(𝑖).

the neighboring nodes in the same group and downstream
node groups. Total average control signal overhead of the
entire sensor devices 𝑂CPGM in the target field is

𝑂CP
𝐺𝑀

=

𝑛

∑

𝑖=1

𝑖 {[𝑃 (𝛽) + 𝑃 (𝛾)] 𝐶
𝑃
𝑖

+ 𝑃 (𝛿) 2𝐶𝑃
𝑖

}

=

𝑛

∑

𝑖=1

𝑖 {[𝑃 (𝛽) + 𝑃 (𝛾)] 2𝑖 + 𝑃 (𝛿) 4𝑖}

= (𝑛
2
+ 𝑛) {[𝑃 (𝛽) + 𝑃 (𝛾)] + 2𝑃 (𝛿)} ,

(19)

where 𝐶𝑃
𝑖

is the number of control packets issued by a
node in node group 𝐺(𝑖) to send the data to the other
node. Differently from the existing schemes, GM-MAC sends
and receives control packets only when it actually sends or
receives data with neighboring nodes. Furthermore, as buffer
thresholds are differentially applied to node groups, the total
number of control packets decreases in thewholeWSN. From
(13), we can easily derive average number of control packets
of each node group. For the existing MAC schemes, we can
similarly derive average control signal overhead of the entire
sensor devices as follows.

Total average control signal overhead 𝑂CP
𝑆

of the entire
sensor nodes for S-MAC is

𝑂CP
𝑆

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

𝐶
𝑃
𝑖

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

𝐶
𝑃
𝑖

+ 𝑃 (1 − 𝜌 − 𝜏)

𝑛

∑

𝑖=1

𝐶
𝑃
𝑖

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

2𝑖 + 𝑃 (𝜏)

𝑛

∑

𝑖=1

2𝑖 + 𝑃 (1 − 𝜌 − 𝜏)

𝑛

∑

𝑖=1

2𝑖

= (𝑛
2
+ 𝑛) [𝑃 (𝜌) + 𝑃 (𝜏) + 𝑃 (1 − 𝜌 − 𝜏)] .

(20)
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Total average control signal overhead 𝑂CP
𝑇

of the entire
sensor nodes for T-MAC is

𝑂CP
𝑇

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

𝑃 (𝑞) 𝐶
𝑃
𝑖

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

𝑃 (𝑞)𝐶
𝑃
𝑖

+ 𝑃 (1 − 𝜌 − 𝜏)

⋅

𝑛

∑

𝑖=1

𝑃 (𝑞)𝐶
𝑃
𝑖

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

𝑃 (𝑞) 2𝑖 + 𝑃 (𝜏)

𝑛

∑

𝑖=1

𝑃 (𝑞) 2𝑖 + 𝑃 (1 − 𝜌 − 𝜏)

⋅

𝑛

∑

𝑖=1

𝑃 (𝑞) 2𝑖

= 𝑃 (𝑞) (𝑛
2
+ 𝑛) [𝑃 (𝜌) + 𝑃 (𝜏) + 𝑃 (1 − 𝜌 − 𝜏)] .

(21)

Total average control signal overhead 𝑂CP
𝐸
2

of the entire
sensor nodes for E2-MAC is

𝑂CP
𝐸
2

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

{[𝑃 (𝜔) + 𝑃 (𝜎)] 𝐶𝑃
𝑖

+ [𝑃 (𝜑) 2𝐶
𝑃
𝑖

]}

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

{[𝑃 (𝜔) + 𝑃 (𝜎)] 𝐶𝑃
𝑖

+ [𝑃 (𝜑) 2𝐶
𝑃
𝑖

]}

+ [1 − 𝑃 (𝜌) − 𝑃 (𝜏)]

⋅

𝑛

∑

𝑖=1

{[𝑃 (𝜔) + 𝑃 (𝜎)] 𝐶𝑃
𝑖

+ [𝑃 (𝜑) 2𝐶𝑃
𝑖

]}

= 𝑃 (𝜌)

𝑛

∑

𝑖=1

{[𝑃 (𝜔) + 𝑃 (𝜎)] 2𝑖 + [𝑃 (𝜑) 4𝑖]}

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

{[𝑃 (𝜔) + 𝑃 (𝜎)] 2𝑖 + [𝑃 (𝜑) 4𝑖]}

+ [1 − 𝑃 (𝜌) − 𝑃 (𝜏)]

⋅

𝑛

∑

𝑖=1

{[𝑃 (𝜔) + 𝑃 (𝜎)] 2𝑖 + [𝑃 (𝜑) 4𝑖]}

= 𝑛 (𝑛 + 1) × {𝑃 (𝜌) + 𝑃 (𝜏) + [1 − 𝑃 (𝜌) − 𝑃 (𝜏)]}

× {[𝑃 (𝜔) + 𝑃 (𝜎)] + 2𝑃 (𝜑)} .

(22)

Figure 8 shows average number of control packets of
nodes in node group 𝐺(𝑖). From the results, GM-MAC
outperforms the existing schemes by about 20–1000%. Note
that T-MAC needs the heaviest overheads depending on the
probability of sending data in the direction of the sink node
as well as the data transmission probability 𝑃(𝜌).

4.4. Numerical Analysis and Experiments for Energy Con-
sumption of Wireless Sensor Devices. Considering the energy
consumption of the entire sensor devices in the target
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Figure 8:Average number of control packets of nodes in node group
𝐺(𝑖).

field is most important as it determines the lifetime of the
corresponding WSN. Again, the energy consumption of a
sensor device inGM-MAC is categorized into four categories.

(1) Energy consumption 𝐸GM
𝑃(𝛼)

for Case 1. Consider

𝐸GM
𝑃(𝛼)

= 𝑃 (𝛼) [(𝑡𝑝 + 𝑇𝐺) 𝐸id] . (23)

(2) Energy consumption 𝐸GM
𝑃(𝛽)

for Case 2. Consider

𝐸GM
𝑃(𝛽)

= 𝑃 (𝛽) [𝑡𝑝𝐸id + 𝑡
𝑐 (𝐸𝑟 + 𝐸

𝑠) + 𝑡
𝑟
𝐸
𝑟
+ 𝑇
𝐺
𝐸id] . (24)

(3) Energy consumption 𝐸GM
𝑃(𝛾)

for Case 3. Consider

𝐸GM
𝑃(𝛾)

= 𝑃 (𝛾) [𝑡
𝑝
𝐸id + 𝑡

𝑐
(𝐸
𝑟
+ 𝐸
𝑠
) + 𝑡
𝑠
𝐸
𝑠
+ 𝑇
𝐺
𝐸id] . (25)

(4) Energy consumption 𝐸𝐺𝑀
𝑃(𝛿)

for Case 4. Consider

𝐸
𝐺𝑀
𝑃(𝛿)

= 𝑃 (𝛿) [𝑡𝑝𝐸id + 2𝑡
𝑐
(𝐸
𝑟
+ 𝐸
𝑠
) + 𝑡
𝑡
𝐸
𝑠
+ 𝑡
𝑟
𝐸
𝑟
+ 𝑇
𝐺
𝐸id] .

(26)
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Therefore, total average energy consumption 𝐸GM of the
entire sensor devices in the target field is

𝐸GM

=

𝑛

∑

𝑖=1

𝑖 {𝑃 (𝛼) [(𝑡𝑝
𝑖

+ 𝑇
𝐺
𝑖

) 𝐸id]

+ 𝑃 (𝛽) [𝑡
𝑝
𝑖

𝐸id + 𝑡
𝑐
𝑖

(𝐸
𝑟
+ 𝐸
𝑠
) + 𝑡
𝑟
𝑖

𝐸
𝑟
+ 𝑇
𝐺
𝑖

𝐸id]

+ 𝑃 (𝛾) [𝑡𝑝
𝑖

𝐸id + 𝑡𝑐
𝑖

(𝐸𝑟 + 𝐸𝑠) + 𝑡𝑡
𝑖

𝐸𝑠 + 𝑇𝐺
𝑖

𝐸id]

+ 𝑃 (𝛿) [𝑡𝑝
𝑖

𝐸id + 2𝑡
𝑐
𝑖

(𝐸
𝑟
+ 𝐸
𝑠
) + 𝑡
𝑡
𝑖

𝐸
𝑠

+ 𝑡
𝑟
𝑖

𝐸
𝑟
+ 𝑇
𝐺
𝑖

𝐸id]} .

(27)

Note that the energy consumption evaluations have been
done by considering only the power consumption of radio
chipset.That is, the results are not for the whole sensor device
itself. Considering most energy of a sensor node (more than
93% of its battery power) is consumed when it operates its
radio module, it does not lack legitimacy.

From (18), we can easily derive average energy consump-
tion of each node group. For the existing MAC schemes, we
can similarly derive total average energy consumption of the
entire sensor nodes as follows.

Total average energy consumption 𝐸
𝑆
of the entire sensor

nodes for S-MAC is

𝐸𝑠 = 𝑃 (𝜌)

𝑛

∑

𝑖=1

𝑖 {𝑡𝑝
𝑖

𝐸id + 𝑡𝑐
𝑖

(𝐸𝑠 + 𝐸𝑟) + 𝑡𝑡
𝑖

𝐸𝑠 + 𝑡𝑟
𝑖

𝐸𝑟

+ 𝑡ack
𝑖

𝐸
𝑠
+ 𝐸id [𝑇

𝐴
− (2𝑡
𝑐
𝑖

+ 𝑡
𝑡
𝑖

+ 𝑡
𝑟
𝑖

)]}

+ 𝑃 (𝜏)

𝑛

∑

𝑖=1

𝑖 {𝑡
𝑝
𝑖

𝐸id + 𝑡
𝑐
𝑖

(𝐸
𝑠
+ 𝐸
𝑟
) + 𝑡
𝑡
𝑖

𝐸
𝑠
+ 𝑡
𝑟
𝑖

𝐸
𝑟

+ 𝑡ack
𝑖

𝐸
𝑠
+ 𝐸id [𝑇

𝐴
− (2𝑡
𝑐
𝑖

+ 𝑡
𝑡
𝑖

+ 𝑡
𝑟
𝑖

)]}

+ 𝑃 (1 − 𝜌 − 𝜏)

⋅

𝑛

∑

𝑖=1

𝑖 {𝑡
𝑝
𝑖

𝐸id + 𝑡
𝑐
𝑖

(𝐸
𝑠
+ 𝐸
𝑟
) + 𝑡
𝑡
𝑖

𝐸
𝑠
+ 𝑡
𝑟
𝑖

𝐸
𝑟

+ 𝑡ack
𝑖

𝐸
𝑠
+ 𝐸id [𝑇

𝐴
− (2𝑡
𝑐
𝑖

+ 𝑡
𝑡
𝑖

+ 𝑡
𝑟
𝑖

)]} .

(28)

Total average energy consumption 𝐸
𝑇
of the entire sensor

nodes for T-MAC is

𝐸
𝑇

= 𝑃 (𝜌)

⋅

𝑛

∑

𝑖=1

𝑖 {𝑃 (𝑝) [(𝑡
𝑝
𝑖

+ 𝑇
𝑂
𝑖

) 𝐸id] + 𝑃 (𝑞)

⋅ [𝑡
𝑝
𝑖

𝐸id + 𝑡
𝑐
𝑖

(𝐸
𝑟
+ 𝐸
𝑠
) + 𝑡
𝑡
𝑖

𝐸
𝑠
+ 𝑡ack

𝑖

𝐸
𝑟
+ 𝑇
𝑂
𝑖

𝐸id]}

+ 𝑃 (𝜏)

⋅

𝑛

∑

𝑖=1

𝑖 {𝑃 (𝑝) [(𝑡
𝑝
𝑖

+ 𝑇
𝑂
𝑖

) 𝐸id] + 𝑃 (𝑞)

⋅ [𝑡
𝑝
𝑖

𝐸id + 𝑡
𝑐
𝑖

(𝐸
𝑟
+ 𝐸
𝑠
) + 𝑡
𝑡
𝑖

𝐸
𝑠
+ 𝑡ack

𝑖

𝐸
𝑟
+ 𝑇
𝑂
𝑖

𝐸id]}

+ 𝑃 (1 − 𝜌 − 𝜏)

⋅

𝑛

∑

𝑖=1

𝑖 {𝑃 (𝑝) [(𝑡
𝑝
𝑖

+ 𝑇
𝑂
𝑖

) 𝐸id] + 𝑃 (𝑞)

⋅ [𝑡
𝑝
𝑖

𝐸id + 𝑡
𝑐
𝑖

(𝐸
𝑟
+ 𝐸
𝑠
) + 𝑡
𝑡
𝑖

𝐸
𝑠
+ 𝑡ack

𝑖

𝐸
𝑟
+ 𝑇
𝑂
𝑖

𝐸id]} .

(29)

Total average energy consumption 𝐸
𝐸
2 of the entire sensor

nodes for E2-MAC is

𝐸
𝐸
2 = 𝑃 (𝜌)

𝑛

∑

𝑖=1

𝑖�̃� + 𝑃 (𝜏)

𝑛

∑

𝑖=1

𝑖�̃� + 𝑃 (1 − 𝜌 − 𝜏)

𝑛

∑

𝑖=1

𝑖�̃�, (30)

where

�̃� = {𝑃 (𝜖) [𝑇𝐸𝐸id] + 𝑃 (𝜎)

⋅ [𝑡
𝑝𝐸id + 𝑡𝑐 (𝐸𝑠 + 𝐸𝑟) + 𝑡𝑟𝐸𝑟 + 𝑡ack𝐸𝑠 + 𝑇𝐸𝐸id]

+ 𝑃 (𝜑) [𝑡
𝑝
𝐸id + 𝑡

𝑐
(𝐸
𝑠
+ 𝐸
𝑟
) + 𝑡
𝑡
𝐸
𝑠
+ 𝑡ack𝐸𝑟 + 𝑇

𝐸
𝐸id]

+ 𝑃 (𝜔) [𝑡𝑝𝐸id + 2𝑡𝑐 (𝐸𝑠 + 𝐸𝑟) + 𝑡𝑡𝐸𝑠 + 𝑡𝑟𝐸𝑟

+ 𝑡ack (𝐸
𝑟
+ 𝐸
𝑠
) + 𝑇
𝐸
𝐸id]} .

(31)

At this point, we have to notewhich sensor nodes are themost
critical devices for the lifetime of the whole WSN. Obviously,
sensor nodes located nearer to the sink node consume much
more energy than those located farther from the sink node
in S-MAC, T-MAC, and E2-MAC schemes. This is because
sensor nodes located nearer to the sink node collect and
receive more data from the downstream nodes and then
deliver them to their upstream nodes compared to those
located farther from the sink node, which is the intrinsic
feature of wireless sensor networks. As a result, sensor nodes
in node group𝐺(1) are the first to run short of their energy in
the target field. On the other hand, in the proposedGM-MAC
scheme, sensor nodes located farthest from the sink node
are the first to run short of their energy, because they have
the smallest buffer threshold values in the target field. That
is, sensor nodes far from the sink node have more chances
to send their data to the upstream nodes as GM-MAC sets
buffer threshold value of a sensor device to be reciprocal to
the distance from the sink node as previously mentioned.

Figure 9 shows average energy consumption of nodes in
node group𝐺(1) for S-MAC,T-MAC, andE2-MACandnode
group𝐺(10) for GM-MACwhen CBR or Poisson data traffics
are generated by sensor devices. More concretely, we have
compared average energy consumption of the most critical
nodes in node group 𝐺(1) for the existing MAC schemes
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Figure 9: Average energy consumption of S-MAC, T-MAC, and
E2-MAC for sensor nodes in node group 𝐺(1) and average energy
consumption of GM-MAC for sensor nodes in node group 𝐺(10).

with average energy consumption of the least critical nodes
in node group 𝐺(10) for the proposed GM-MAC scheme. If
there is no intermediary node to the sink node inWSN, there
is no way to collect and receive any interesting data in the
target field. From these results, it has been verified that GM-
MAC outperforms S-MAC, T-MAC, and E2-MAC in energy
efficiency by about 10–50%, 10%, and 5–10%, on average,
respectively. S-MAC survives until about 270 rounding times
with CBR traffics and about 540 rounding times with Poisson
traffics. The term “rounding time” is defined to be the
minimum number of participation of any sensor device to
send or receive data. T-MAC survives until about 280 and 780
rounding times with CBR and Poisson traffics, respectively.
T-MAC outperforms S-MAC as it modifies the duty cycle to
decrease unnecessary idle listening. E2-MAC shows similar
performance compared to T-MAC with CBR traffics, but
it is preferable to T-MAC for data traffics with random
distribution like Poisson. Finally, GM-MAC outlasts both T-
MAC and E2-MAC by more than 20 rounding times.

Note that GM-MAC is specifically designed not only to
save the energy of individual nodes but also to maintain the
distribution of node energy as evenly as possible in the whole
WSN. Obviously, the rounding time of S-MAC, T-MAC, and
E2-MAC in Figure 9 means the lifetime of the corresponding
WSN. Even if many other sensor devices have enough energy
to send and receive data, they have no way to communicate
with the sink node. In GM-MAC, however, sensor nodes
farthest away from the sink node (nodes in node group𝐺(10)

in this case) exhaust their energy first. This means that all the
other sensor nodes in node groups𝐺(1) through𝐺(9) can still
do their role in the target field. We have proven that nodes in
node group 𝐺(9) exhaust their energy in the next time, then
nodes in node group 𝐺(8), 𝐺(7), and so on. These results are
omitted for the page limitation. As a result, we can conclude

that GM-MAC is considerably robust and can maximize the
lifetime of the whole WSN.

5. Conclusion

This paper presents GM-MAC, a novel, sustainable, and self-
configurable contention-based MAC that establishes node
groups by using preamble signal to effectively manage data
transmission, hence the limited energy resources of wireless
sensor devices. Sensor devices using GM-MAC experience
minimal node activations, transmission delays, and control
overheads as data traffic is optimally delivered in the direction
of the sink node. Moreover, by employing variable length
buffer threshold values, sensor devices nearer to the sink
node preserve their energy in such a way to maximize the
lifetime of thewholeWSN systems. In addition, by employing
improved control signals, sensor nodes could efficiently com-
municate with their neighboring nodes. Lastly, GM-MAC
copes with topology changes by using preamble, node group,
and buffer threshold recalculation procedure. This feature
is especially important for the WSN systems which have
mobile sensor devices. Experimental results on four main
indices have verified that the proposedGM-MAC is definitely
superior to the existing contention-based MACs. Therefore,
GM-MAC is expected to be widely used for various types
of wireless sensor communication devices. Advanced MAC
protocol design issues like routing and databasemanagement
policy in WSN are to be addressed in a further study.

Symbols and Variables

𝑡𝑝: Contention time (0.384ms)
𝑡
𝑅
: RTS Tx/Rx time (0.128ms)

𝑡
𝐶
: CTS Tx/Rx time (0.128ms)

𝑡
𝑙
: Data Tx/Rx time (0.512ms)

𝑇
𝐺
: Timeout time for GM-MAC (243.75ms)

𝑡
𝑐
: Control signal Tx/Rx time (0.128ms)

𝑡
𝑟
: Data Rx time (0.512ms)

𝑡
𝑡
: Data Tx time (0.512ms)

𝑡ack: Acknowledgment Tx/Rx time (0.128ms)
𝑇
𝐴
: Active time of duty cycle

𝑇
𝑑
: 𝑇radio off − 𝑇radio on during the duty cycle

𝑇
𝑂
: Timeout time for T-MAC (243.75ms)

𝑇
𝐸
: Timeout time for E2-MAC (243.75ms)

𝑇id: Idle listening time in active mode of duty
cycle

𝐸
𝑟
: Power consumption during data reception

𝐸
𝑠
: Power consumption during data

transmission
𝐸id Power consumption during idle listening
𝑃(𝜌): Data transmission probability from

𝐺(𝑖 + 1) to 𝐺(𝑖)

𝑃(𝜏): Data transmission probability in the same
node group

𝑃(1 − 𝜌 − 𝜏): Data transmission probability from 𝐺(𝑖) to
𝐺(𝑖 + 1)

𝑃(𝛼): Probability of (𝐵data < 𝐵
𝐺(𝑖)

) and (receiving
no RTS or R RTS) for GM-MAC
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𝑃(𝛽): Probability of (𝐵data < 𝐵𝐺(𝑖)) and
(receiving RTS or R RTS) for GM-MAC

𝑃(𝛾): Probability of (𝐵data ≥ 𝐵𝐺(𝑖)) and (receiving
no RTS or R RTS) for GM-MAC

𝑃(𝛿): Probability of (𝐵data ≥ 𝐵𝐺(𝑖)) and
(receiving RTS or R RTS) for GM-MAC

𝑃(𝑝): Probability of no data ready for
transmission for T-MAC

𝑃(𝑞): Probability of any data ready for
transmission for T-MAC

𝑃(𝜖): Probability of (𝐵data < 𝐵threshold) and
(receiving no RTS) for E2-MAC

𝑃(𝜔): Probability of (𝐵data < 𝐵threshold) and
(receiving RTS) for E2-MAC

𝑃(𝜎): Probability of (𝐵data ≥ 𝐵threshold) and
(receiving no RTS) for E2-MAC

𝑃(𝜑): of (𝐵data ≥ 𝐵threshold) and (receiving RTS)
for E2-MAC.
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Ensemble data mining methods, also known as classifier combination, are often used to improve the performance of classification.
Various classifier combination methods such as bagging, boosting, and random forest have been devised and have received
considerable attention in the past. However, data dimensionality increases rapidly day by day. Such a trend poses various challenges
as these methods are not suitable to directly apply to high-dimensional datasets. In this paper, we propose an ensemble method for
classification of high-dimensional data, with each classifier constructed from a different set of features determined by partitioning
of redundant features. In our method, the redundancy of features is considered to divide the original feature space. Then, each
generated feature subset is trained by a support vector machine, and the results of each classifier are combined by majority voting.
The efficiency and effectiveness of our method are demonstrated through comparisons with other ensemble techniques, and the
results show that our method outperforms other methods.

1. Introduction

The ultimate goal of supervised learning for classification is
to mine previously unknown knowledge from existing data
to predict a future event with best possible classification
performance [1]. Classification algorithms typically deal with
a set of records, each of which consists of a fixed number of
features along with a class label that denotes its target. The
algorithm then outputs a decision boundary that represents
underlying patterns in the data. Many useful classification
algorithms such as decision tree [2], neural network [3, 4],
and support vector machine (SVM) [5] have been presented
in the past. However, the increase in the data dimensionality
may cause several issues with respect to scalability and learn-
ing performance in these classification algorithms.Moreover,
the classification ability of a single classifier is limited.

In general, ensembles of classifiers provide better classi-
fication accuracy than a single predictor can do. To improve
the classification accuracy, ensemble methods, also known as
classifier combination, first generate a set of base classifiers
from training data and then perform actual classification by
combining the results of base classifiers. For achieving better
accuracy of the combined set of multiple classifiers, each base
classifier should be diverse and independent. When it comes
to building each base classifier, ensemble classifier generation
methods can be broadly categorized into four groups [6]: (i)
by selecting different subsets of instances of training set to
build each base classifier, (ii) by choosing different subsets of
features of the input features to construct each base classifier,
(iii) by being based on different categories of the class labels
to build each base classifier, and (iv) by manipulating the
learning algorithm. Among many methods, bagging [7] and
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Input: training data𝐷, Inducer 𝐼, number of bootstrap samples𝑁
Output: Aggregated classifier 𝐶∗
Begin:
(1) for 𝑖 = 1 to𝑁{

(2) 𝐷
 = bootstrap sample from𝐷 (sample with replacement)

(3) 𝐶
𝑖
= 𝐼(𝐷



)

(4) }

(5) 𝐶
∗

(𝑥) = argmax
𝑦∈𝑌

∑

𝑖:𝐶𝑖(𝑥)=𝑦

1

End

Algorithm 1: Bagging.

boosting [8] are two widely used ensemble methods. They
resample the original data to create multiple training sets
based on some sampling distribution and build the base clas-
sifier from each bootstrap sample. However, these methods
are not guaranteed to generate fully independent individual
base classifiers [9]. According to [10, 11], their theoretical
and empirical results indicate that the most effective method
of achieving independence is by training base classifiers
on different feature subsets [12]. The basic idea of feature
subset-based ensemble is simply to give each classifier a
different projection of the training set [13]. In particular for
high-dimensional data, adopting independent feature subsets
for ensemble generation has shown to be more efficient
[14] compared with manipulating the training samples. This
may be due to the following: (i) a feature subset-based
ensemble can perform faster due to the reduced size of input
space; (ii) it can reduce the correlation among the classifiers.
Among the feature subset-based ensemble methods, random
forest [15] is a widely used approach that employs decision
tree as a base classifier. It achieves diversity by randomly
partitioning the original feature space instead of using whole
features. However, random partition of the input space may
increase the risk that irrelevant and redundant features can
be included in the selected subset. Furthermore, decision tree
methods have the so-called fragmentation problem as less
and less training data are used to search for the root nodes
of subtrees. If the training data do not have enough instances
compared with dimensions, the performance of decision tree
becomes typically very poor.

In this paper, we propose an ensemble framework for
classifying high-dimensional data with each classifier con-
structed from a different set of features determined by
redundant features partitioning. First, we suggest a multiple
subset generation method based on feature relevance and
redundancy to construct each classifier. Then, a number
of classifiers are built from the generated subsets. Finally,
the classification results of the classifiers are combined by
majority voting. It is observed that the proposed ensemble
method outperforms other ensemble methods by up to 6%
in terms of classification accuracy.

2. Previous Work

2.1. Bagging. Bagging [7] is a method for generating multiple
versions of classifiers and using these to get an aggregated

classifier. Each base classifier is generated by different boot-
strap samples. Algorithm 1 shows the bagging algorithm [14].
The algorithm takes training data𝐷, inducer 𝐼, and the num-
ber of bootstrap samples 𝑁 as input and then produces an
ensemble classifier which is the combination of the classifiers
trained from the multiple bootstrap samples. 𝐷 is obtained
by repeatedly sampling instances from a dataset according to
probability distribution (line 2). Since the sampling is done
with replacement, some instances may appear several times
in the same training set, while others may not. Consequently,
𝑁 bootstrap samples, 𝐷

1
, 𝐷
2
, . . . , 𝐷

𝑁
, are generated, from

which a classifier𝐶
𝑖
is trained by using each bootstrap sample

𝐷
𝑖
(line 3). Finally, a combined classifier 𝐶∗ is built from

𝐶
1
, 𝐶
2
, . . . , 𝐶

𝑖
, and 𝐶

∗ predicts the class label of a given
instance 𝑥 by counting votes (line 5).

2.2. Boosting. Boosting [6] is also a widely used ensemble
method developed to improve the performance of learning
algorithms that generate multiple classifiers and vote on
them. Unlike bagging, boosting assigns a weight to each
training instance andmay adaptively change the weight at the
end of each boosting round. AdaBoost is an improved boost-
ing algorithm whose pseudo code is shown in Algorithm 2
[14]. The algorithm takes as input training data𝐷 containing
𝑚 instances, inducer 𝐼, and iteration parameter 𝑁 and then
outputs a combined classifier. Initially, all of the instances
are equally assigned the same weight (line 1). Then, the
algorithm gradually constructs classifiers by modifying the
weights of training instances based on the previous classifier’s
performance (lines 2–9). This is accomplished by computing
the new classifier while putting more emphasis on those
objects previously found to be difficult to accurately classify.
After generating each classifier, the proportion of incorrect
classification rate is calculated (line 4). If the weighted error
is larger than 0.5, the current 𝐷 will be set to a bootstrap
sample with weight 1 for every instance. Otherwise, the
weight of correctly classified instances will be updated by a
factor inversely proportional to the error (lines 6–8). In other
words, if the current classifier finds a certain object difficult
to classify, then that object will be assigned a greater weight
for the next iteration. Conversely, if an object is found to
be easy to classify, then it will have smaller weight in the
next iteration. Finally, the classifiers are combined using a
weighted voting scheme (line 10).
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Input: training data𝐷 size of𝑚, Inducer 𝐼, number of iterations𝑁
Output: Aggregated classifier 𝐶∗

Begin:
(1) 𝐷



= 𝐷 with instance weights assigned to be 1
(2) for 𝑖 = 1 to𝑁{

(3) 𝐶
𝑖
= 𝐼(𝐷



)

(4) 𝜀
𝑖
=
1

𝑚
∑

𝑥𝑗∈𝐷

:𝐶𝑖(𝑥𝑗) ̸=𝑦𝑗

weight(𝑥)

(5) If 𝜀
𝑖
> 1/2, set𝐷 to a bootstrap sample from𝐷 with weight 1 for every instance and go to Step 3

(6) 𝛽
𝑖
= 𝜀
𝑖
/(1 − 𝜀

𝑖
)

(7) For each 𝑥
𝑗
∈ 𝐷
, if 𝐶

𝑖
(𝑥
𝑗
) = 𝑦
𝑗
then weigh(𝑥

𝑗
) = weight(𝑥

𝑗
) ⋅ 𝛽
𝑖

(8) Normalize the weights of instances so the total weight of𝐷 is𝑚
(9) }

(10) 𝐶
∗

(𝑥) = argmax
𝑦∈𝑌

∑

𝑖:𝐶𝑖(𝑥)=𝑦

log 1
𝛽

End

Algorithm 2: AdaBoost.

Input: training data𝐷, number of selected variables𝑚, number of trees𝑁
Output: Aggregated classifier 𝐶∗

Begin:
(1) for 𝑖 = 1 to𝑁{

(2) 𝐷
 = bootstrap sample from𝐷 (sample with replacement)

(3) 𝑆
 size of𝑚 = 𝑆 (𝑆 will be randomly selected from original input space)

(4) 𝐶
𝑖
= 𝐼(𝐷



, 𝑆


) (𝐼: Classification and regression tree)
(5) }

(6) 𝐶
∗

(𝑥) = argmax
𝑦∈𝑌

∑

𝑖:𝐶𝑖(𝑥)=𝑦

1

End

Algorithm 3: Random forest.

2.3. Random Forest. Random forest is an ensemble classifica-
tion method consisting of multiple unpruned decision trees.
Unlike bagging, random forest forms bootstrap samples by
randomly partitioning the original feature space instead of
using the whole input features. As shown in Algorithm 3,
to construct individual decision trees, bootstrap samples are
selected from the training instanceswith replacement (line 2).
Then, classification and regression tree (CART) algorithm is
applied to grow the decision tree. At the node selection stage,
it decides the best splitting node from a randomly selected
subspace of𝑚 features (lines 3-4).

2.4. Feature Subset-Based Ensembles. Bagging and boosting
are the ensemble methods that manipulate the original
instances. However, this kind of ensemblemethods is difficult
to accurately classify high-dimensional data like image or
gene expression data. The reason is that image or gene
expression data generally has very small number of samples
compared with dimensions. Therefore, sampling the training
instances will lead to lack of representative instances so that
bagging and boosting will be susceptible to overfitting. In this

case, feature subset-based ensemble method is more efficient
[14] compared with manipulating the training samples. This
may be due to the following: (i) a feature subset-based
ensemble can perform faster due to the reduced size of input
space; (ii) it can reduce the correlation among the classifiers.
Besides random forest, various feature partitioning-based
ensemble methods have been proposed. Ahn et al. [16]
proposed an ensemble method that uses mutually exclusive
subspaces to achieve diversity. The authors applied their
method to bioinformatics and chemical domains and showed
that their method can achieve better performance than that
of random forest. Ming Ting et al. [17] also introduced a
feature subset-based ensemble method that employs support
vector machine as a base classifier. The feature space was
divided into nonoverlapping local regions according to user-
defined number of features. de Bock and Poel [18] proposed
a rotation-based ensemble classifier that applied feature
extraction methods such as principle component analysis
and independent component analysis to generate subspace
of features. However, these methods did not consider the
correlation among features [19].
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Figure 1: Framework of proposed method.

3. Proposed Ensemble Method

We propose an ensemble method with multiple independent
feature subsets to better classify high-dimensional data. The
framework of the proposed ensemble is shown in Figure 1.
The proposed method mainly consists of two phases: (i)
generating multiple feature subsets based on the correlation
among features and (ii) constructing the model from each
feature subset using a machine learning algorithm as the
base classifier and combining the results of all classifiers by
majority voting. Next, we will illustrate each step in detail.

3.1. Feature Subset Generation. Generating feature subsets
for ensemble can be viewed as multiple iterations of feature
selection procedures. In the past, various feature selection
techniques have been proposed such as chi-square test,
mutual information, Pearson correlation coefficients, and
Relief [20]. Although these methods are fast, they lack
robustness when interactions among features exist. To select a
relevant and nonredundant feature subset, a Fast Correlation-
Based Filter (FCBF) [21] approach was proposed to remove
the redundant as well as irrelevant features, and the Symmet-
rical Uncertainty (SU) was used to measure the correlation
where

SU (𝑋, 𝑌) = 2 [ IG (𝑋 | 𝑌)

𝐻 (𝑋) + 𝐻 (𝑌)
] ,

IG (𝑋 | 𝑌) = 𝐻 (𝑋) − 𝐻 (𝑋 | 𝑌) .

(1)

Here IG(𝑋 | 𝑌) is the information gain of 𝑋 after observing
variable 𝑌. 𝐻(𝑋) and 𝐻(𝑌) are the entropies of variables
𝑋 and 𝑌, respectively. FCBF removes irrelevant features
by ranking correlation between features and classification
classes. To remove redundant features, the authors intro-
duced a concept of predominant feature. A feature is said to
be predominant if it does not have any approximate Markov

Blanket in the current set. For two relevant features 𝐹
𝑖
and 𝐹
𝑗
,

𝐹
𝑗
forms an approximate Markov Blanket for 𝐹

𝑖
if

SU
𝑗,𝑐
≥ SU
𝑖,𝑐
, SU

𝑖,𝑗
≥ SU
𝑗,𝑐
, (2)

where SU
𝑖,𝑐

is the correlation between feature 𝑖 and class;
SU
𝑗,𝑐

is the correlation between feature 𝑗 and class; SU
𝑖,𝑗

is
the correlation between feature and feature. Thus, FCBF is
a process in which all predominant features are identified.
They are searched as follows. First, the feature with the largest
SU
𝑖,𝑐
value is selected as a starting point. Next, all redundant

features regarding this feature are removed. Then redundant
features regarding the next feature with the largest SU in
the remaining set are removed. The algorithm repeats this
procedure until there are no redundant features existing.

Although FCBF has good performance on high-
dimensional data, it is not suitable for ensemble learning
because it was originally designed to select a single feature
subset. Thus, we extend FCBF to generate multiple feature
subsets. First, based on the correlation between features and
classes (i.e., SU), all the features are sorted in a descending
order. Then a relevant subset of features can be derived by a
predefined threshold 𝜎. If the SU value of a feature is larger
than the threshold, the feature is considered to be relevant.
Generally, we recommend setting the threshold to be 0
in order to consider all of the features in the redundancy
analysis step except “waste-features” which have a 0 SU value
with respect to the class. After that, redundancy analysis
is conducted on the relevant subset. The main difference
between our method and FCBF is that our method considers
the removed features in FCBF. It is because we hypothesize
that it may be interesting to pay attention to the removed
features as FCBF removes less relevant ones between two
redundant features, and in some cases, low ranked features
can also play an important role when considering the
combination of features. Thus, the features not selected in
the previous iteration will be the input in the next iteration.
For example, in the first iteration, the redundant features
are removed from original space as is done in FCBF. In the
second iteration, the same analysis is done as iteration 1 but
for the removed subset in the first iteration not for the whole
feature space. Then, the third subset is selected from the
removed space in the second iteration. It is repeated until a
user-defined number of subsets are selected.

3.2. Model Learning. Over the past few years, SVM has been
widely used for classification because of its good performance
on high-dimensional data [22]. SVM was developed by
Vapnik to solve the problems occurring in applications such
as handwritten digit recognition [23], object recognition [24],
text classification [25], cancer diagnosis [23], and bioinfor-
matics [26]. Hence, we use SVM as the base classifier in our
ensemble method. The goal of SVM is to find a hyperplane
with a maximal margin (distance between two groups of data
points) as defined and illustrated in Figure 2.Given somedata
points that are assumed to be divided into two groups, circles
and squares, the hyperplane can be written as

𝑤 ⋅ 𝑥 + 𝑏 = 0, (3)
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‖w‖

w · x + b = −1

w · x + b = 1

w · x + b = 0

Figure 2: Example of support vector machine.

where 𝑤 and 𝑏 are parameters of the model: 𝑤 denotes an
orthogonal vector and 𝑏 refers to a bias. SVM separates data
points into two groups in such a way that they divide the data
and there exist no data points in between them, and their
distance, defined as margin, is maximized. Figure 2 shows
two more hyperplanes placed at the boundary of two groups.
These hyperplanes and the margin can be written as follows:

𝑤 ⋅ 𝑥 + 𝑏 = 1, 𝑤 ⋅ 𝑥 + 𝑏 = −1,

margin = 2

‖𝑤‖
.

(4)

Hence, the learning task in SVM can be formalized as the
following constrained optimization problem:

min
𝑤

‖𝑤‖
2

2
,

subject to 𝑦
𝑖
(𝑤 ⋅ 𝑥

𝑖
+ 𝑏) ≥ 1, 𝑖 = 1, 2, . . . , 𝑛.

(5)

This is also known as a convex optimization problem, which
can be solved by using the standard Lagrange multiplier
method:

𝐿
𝑝
=
1

2
‖𝑤‖
2

−

𝑁

∑

𝑖=1

𝜎
𝑖
(𝑦
𝑖
(𝑤 ⋅ 𝑥

𝑖
+ 𝑏) − 1) , (6)

where parameters𝜎
𝑖
are called the Lagrangemultipliers.With

the Lagrangemultipliers, the decision function can bewritten
as follows:

𝑓 (𝑥) = sgn(
𝑛

∑

𝑖=1

𝜎
𝑖
𝑦
𝑖
𝐾(𝑥
𝑖
, 𝑥) + 𝑏) . (7)

Additionally, the results of each classifier are combined by
majority voting, and classification of unknown data is per-
formed based on the class label to obtain the most frequent
votes. The mathematical function of our ensemble method
with 𝑘 classifiers can be written as

class (𝑥) = arg max(∑
𝑘

(𝑓
𝑘
(𝑥) , 𝑐
𝑖
)) . (8)

Table 1: Datasets used in our experiments.

Dataset Instances Features Classes
AR10P 130 2,400 10
ORL10P 100 10,304 10
PIE10P 210 2,420 10
PIX10P 100 10,000 10
Leukemia 72 12,582 3
Prostate 102 12,600 2

4. Experimental Results

4.1. Dataset. To evaluate the effectiveness of our method,
we used six publicly available datasets from two different
domains, four from face recognition and two from DNA
microarray data classification.The purpose of using first four
datasets, namely, AR10P [27], ORL10P [28], PIE10P [29], and
PIX10P [30], is to show how well our method can classify
the image data. Each dataset has a large number of features
compared with the number of instances.The last two datasets
are Leukemia and Prostate datasets from DNA microarray
experiments and are used to show how well our method
can distinguish different types of cancers. The Leukemia
dataset [31] contains a total of 72 samples in three classes,
acute lymphoblastic leukemia (ALL), acutemyeloid leukemia
(AML), andmixed-lineage leukemia gene (MLL), which have
24, 28, and 20 samples, respectively. The number of features
is 12,582.The Prostate dataset, first published in [32], embeds
a two-class classification problem and contains 102 samples
and 12,600 genes. One of the tasks addressed by the authors
was to build a model that can distinguish between normal
and tumorous prostate tissues. The summary of the datasets
is shown in Table 1.

4.2. Performance Evaluation. We compared our methods
with widely used ensemblemethods: bagging, AdaBoost, and
random forest. For bagging, AdaBoost, and our method,
SVM was used as the base classifier for fair comparison. The
number of classifiers for each ensemble method was set to
20. To obtain a statistically reliable predictive measurement,
we performed 10 runs of 10-fold cross validation on all
the datasets. In 10-fold cross validation, each dataset was
randomly partitioned into ten parts. Nine parts were used as
the training set, and the remaining onewas used as the testing
dataset. Selecting the kernel and appropriate parameters plays
an important role in SVM classification performance. The
RBF kernel is a commonly used kernel for three reasons
[33]. First, the RBF kernel can handle nonlinear relationship
between class labels and attributes. Second, it has fewer
hyperparameters that influence the complexity of the model
selection than that of the polynomial kernel. Third, the RBF
kernel has fewer numerical difficulties. In our experiments,
we chose the RBF kernel function, and the parameters 𝑐
and 𝑟 of RBF kernel must be optimized for each dataset. To
determine the best values of 𝑐 and 𝑟, we conducted a grid-
search approach using 10-fold cross validation. A number of
pairs of (𝑐, 𝑟) values were attempted, and the pair with the best
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Table 2: Performance of proposed method on AR10P dataset. Each row indicates the performance on each class and the last row shows the
weighted average.

Class Instances TP rate FP rate Precision Recall 𝐹-measure Roc area
1 13 1 0.017 0.867 1 0.929 1
2 13 0.923 0 1 0.923 0.96 0.995
3 13 0.923 0 1 0.923 0.96 0.998
4 13 1 0.009 0.929 1 0.963 1
5 13 0.923 0.009 0.923 0.923 0.923 0.983
6 13 1 0 1 1 1 1
7 13 0.923 0 1 0.923 0.96 0.992
8 13 1 0 1 1 1 1
9 13 1 0 1 1 1 1
10 13 1 0 1 1 1 1

Average 0.969 0.003 0.972 0.969 0.969 0.977

Table 3: Performance of proposed method on ORL10P dataset. Each row indicates the performance of each run and the last row shows the
weighted average of 10 runs.

Class Instances TP rate FP rate Precision Recall 𝐹-measure Roc area
1 10 1 0 1 1 1 1
2 10 1 0 1 1 1 1
3 10 1 0 1 1 1 1
4 10 1 0 1 1 1 1
5 10 1 0 1 1 1 1
6 10 1 0 1 1 1 1
7 10 1 0 1 1 1 1
8 10 1 0 1 1 1 1
9 10 1 0 1 1 1 1
10 10 1 0 1 1 1 1

Average 1 0 1 1 1 1

Table 4: Performance of proposed method on PIE10P dataset. Each row indicates the performance of each run and the last row shows the
weighted average of 10 runs.

Class Instances TP rate FP rate Precision Recall 𝐹-measure Roc area
1 21 1 0 1 1 1 1
2 21 1 0 1 1 1 1
3 21 1 0.005 0.955 1 0.977 1
4 21 1 0.005 0.955 1 0.977 0.998
5 21 1 0 1 1 1 1
6 21 0.952 0 1 0.952 0.976 0.996
7 21 1 0 1 1 1 1
8 21 0.952 0 1 0.952 0.976 0.979
9 21 1 0 1 1 1 1
10 21 1 0 1 1 1 1

Average 0.99 0.001 0.991 0.99 0.99 0.997

accuracy was picked in the range of 𝑐 ∈ {2−5, 2−3, . . . , 215} and
𝑟 ∈ {2

−15

, 2
−13

, . . . , 2
3

}.
Tables 2 through 7 show the performance of our proposed

method in terms of TP rate, FP rate, precision, recall, 𝐹-
measure, and ROC area, respectively. TP rate and FP rate
refer to the proportion of actual positive instances correctly
predicted as positive and the proportion of actual negative

instances wrongly predicted as positive [34–36], respec-
tively. Precision is computed as the number of true positive
instances divided by the total number of instances labelled as
belonging to the positive class. Recall is defined as the number
of true positive instances divided by the total number of
instances actually belonging to the positive class. 𝐹-measure
is an evaluation metric that combines precision and recall
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Table 5: Performance of proposed method on PIX10P dataset. Each row indicates the performance of each run and the last row shows the
weighted average of 10 runs.

Class Instances TP rate FP rate Precision Recall 𝐹-measure Roc area
1 10 1 0 1 1 1 1
2 10 1 0 1 1 1 1
3 10 1 0 1 1 1 1
4 10 1 0 1 1 1 1
5 10 1 0 1 1 1 1
6 10 1 0 1 1 1 1
7 10 0.9 0 1 0.9 0.947 0.947
8 10 1 0.011 0.909 1 0.952 0.996
9 10 1 0 1 1 1 1
10 10 1 0 1 1 1 1

Average 0.99 0.001 0.991 0.99 0.99 0.994

Table 6: Performance of proposed method on Leukemia dataset. Each row indicates the performance of each run and the last row shows the
weighted average of 10 runs.

Class Instances TP rate FP rate Precision Recall 𝐹-measure Roc area
ALL 24 1 0 1 1 1 1
AML 20 0.95 0 1 0.95 0.974 0.975
MLL 28 1 0.023 0.966 1 0.982 0.989

Average 0.986 0.009 0.987 0.986 0.986 0.989

Table 7: Performance of proposed method on Prostate dataset. Each row indicates the performance of each run and the last row shows the
weighted average of 10 runs.

Class Instances TP rate FP rate Precision Recall 𝐹-measure Roc area
N 50 0.98 0.058 0.942 0.98 0.961 0.96
T 52 0.942 0.02 0.98 0.942 0.961 0.96

Average 0.961 0.038 0.962 0.961 0.961 0.96

as follows: 𝐹-measure = 2 ∗ (precision ∗ recall)/(precision +
recall). ROC area is defined as the area under the Receiver
Operating Characteristic (ROC) curve. Each row of the tables
indicates the performance on each class and the last row
shows the averaged performance. From the tables, the average
TP rate is found to be 0.969, 1, 0.99, 0.99, 0.986, and 0.961,
and the average FP rate is found to be 0.003, 0, 0.001, 0.001,
0.009, and 0.038 on six datasets. Hence, we can easily observe
that our method makes good prediction. Moreover, the ROC
area on ORL10, PIE10P, and PIX10P is almost 100%. From the
tables, it is clear that ourmethod shows good performance on
many different evaluation measures.

Figures 3 and 4 exhibit the box plot of classification
accuracies of our method, bagging, AdaBoost, and random
forest. On AR10P dataset, the proposed method shows best
average prediction accuracy which is 96.152%. On Leukemia
dataset, it is clear that the proposed method is found to
result in best average prediction accuracy, which is 98.75%
(standard deviation = 0.44), while the other methods are
found to be 94.30% (standard deviation = 1.38), 96.80%
(standard deviation = 0.67), and 82.08% (standard deviation
= 2.81) for bagging, AdaBoost, and random forest, respec-
tively. Similar results can also be found in other figures. One

interesting observation is that random forest has relatively
poor performance. It may be because random forest uses
decision tree as base classifier, while other methods use
SVM. It is well known that SVM has better performance on
high-dimensional data than decision trees. The classification
accuracies of each run can be seen in Appendix if the reader
is interested.

To test the statistical significance of differences among
classifiers, a paired-samples 𝑡-test is performed regarding
bagging and the proposed method. We selected bagging
because it showed the best average classification accuracy
among the existing methods in most cases. On ORL10P
dataset, we selected random forest instead of bagging,
because the performance of our method and bagging is
exactly the same. From Table 8, the hypothesis that the mean
accuracy of proposed method is equal to the mean accuracy
of bagging has been significantly rejected (𝑡 = 3.407, 𝑃 value
= 0.007 on AR10P, 𝑡 = 9.391, 𝑃 value = 0.000 on ORL10P,
𝑡 = 4.303, 𝑃 value = 0.002 on PIE10P, 𝑡 = 11.599, 𝑃 value =
0.000 on PIX10P, 𝑡 = 9.816, 𝑃 value = 0.000 on Leukemia,
and 𝑡 = 9.000, 𝑃 value = 0.000 on Prostate dataset) with
5% significance level. It means that the differences among
classifiers are statistically significant.
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Figure 3: Box plot of classification accuracy on AR10P, ORL10P, and PIE10P datasets.
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Figure 4: Box plot of classification accuracy on PIX, Leukemia, and Prostate datasets.
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Table 8: Paired 𝑡-test between proposed method and bagging.

Mean Standard
deviation

Standard
error mean

95% confidence interval of the difference
𝑡 df Sig.

Lower Upper
Proposed method –
bagging on AR10P dataset 1.536 1.495 0.451 0.531 2.541 3.407 10 0.007

Proposed method – forest
on ORL10P dataset 3.500 1.179 0.373 2.657 4.343 9.391 9 0.000

Proposed method –
bagging on PIE10P dataset 1.048 0.770 0.244 0.497 1.599 4.303 9 0.002

Proposed method –
bagging on PIX10P dataset 2.100 0.568 0.180 1.694 2.506 11.699 9 0.000

Proposed method –
bagging on Leukemia
dataset

4.445 1.432 0.453 3.421 5.469 9.816 9 0.000

Proposed method –
bagging on Prostate dataset 2.940 1.033 0.327 2.201 3.679 9.000 9 0.000

Table 9: Classification accuracy of 10 runs of 10-fold cross validation
for proposed method, bagging, AdaBoost, and random forest on
AR10P.

Proposed Bagging AdaBoost Random forest
1 96.92 93.85 93.08 92.69
2 96.92 96.92 93.08 91.15
3 94.62 92.31 91.54 90.62
4 94.62 95.38 94.62 92.69
5 96.15 93.85 93.08 94.23
6 96.15 92.31 93.85 92.69
7 96.15 93.85 93.85 92.62
8 96.92 96.92 92.31 90.62
9 96.15 93.85 93.85 92.69
10 96.92 96.92 93.08 90.62

Table 10: Classification accuracy of 10 runs of 10-fold cross valida-
tion for proposed method, bagging, AdaBoost, and random forest
on ORL10P.

Proposed Bagging AdaBoost Random forest
1 100 100 100 95
2 100 100 100 98
3 100 100 100 97
4 100 100 100 95
5 100 100 100 97
6 100 100 100 95
7 100 100 100 97
8 100 100 100 97
9 100 100 100 96
10 100 100 100 98

5. Conclusion

In this paper, we presented a feature partitioning-based
ensemblemethod to better classify high-dimensional data. In
our method, each base classifier was trained from different
feature space by dividing redundant features into different

Table 11: Classification accuracy of 10 runs of 10-fold cross valida-
tion for proposed method, bagging, AdaBoost, and random forest
on PIE10P.

Proposed Bagging AdaBoost Random forest
1 99.05 98.57 98.09 97.62
2 98.57 97.62 98.09 95.24
3 98.57 98.09 98.09 96.67
4 98.57 98.09 97.62 96.67
5 99.52 97.62 97.62 96.19
6 99.05 97.14 97.62 96.19
7 99.52 98.57 97.62 98.10
8 99.52 97.14 97.62 96.67
9 99.52 98.57 98.09 96.19
10 98.57 98.57 98.09 96.67

Table 12: Classification accuracy of 10 runs of 10-fold cross valida-
tion for proposed method, bagging, AdaBoost, and random forest
on PIX10P.

Proposed Bagging AdaBoost Random forest
1 99 97 97 96
2 99 96 96 96
3 99 96 98 95
4 99 97 96 96
5 99 97 98 97
6 99 97 97 95
7 99 98 97 96
8 99 97 98 95
9 99 97 97 95
10 99 97 96 96

subsets. SVM was used as the base classifier and the results
of each SVM were merged by a majority voting method. For
the experiments, we used six publicly available datasets in
two different domains.Through the experiments, we demon-
strated that dividing the redundant features into several parts
for ensemble construction can achieve better performance
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Table 13: Classification accuracy of 10 runs of 10-fold cross valida-
tion for proposed method, bagging, AdaBoost, and random forest
on Leukemia.

Proposed Bagging AdaBoost Random forest
1 98.61 95.83 97.22 91.67
2 100 94.44 97.22 93.06
3 98.61 95.83 97.22 91.67
4 98.61 95.83 97.22 90.28
5 98.61 91.67 95.83 93.06
6 98.61 94.44 97.22 94.44
7 98.61 94.44 97.22 93.06
8 98.61 93.06 95.83 91.67
9 98.61 93.06 97.22 93.06
10 98.61 94.44 95.83 97.22

Table 14: Classification accuracy of 10 runs of 10-fold cross valida-
tion for proposed method, bagging, AdaBoost, and random forest
on Prostate.

Proposed Bagging AdaBoost Random Forest
1 95.1 91.18 91.18 89.22
2 95.1 92.16 92.16 90.20
3 95.1 93.14 92.16 90.20
4 94.12 91.18 89.22 87.25
5 94.12 91.18 91.18 85.29
6 93.14 92.16 92.16 90.20
7 95.1 91.18 91.18 89.22
8 96.08 92.16 91.18 90.20
9 95.1 93.14 92.16 90.20
10 95.1 91.18 91.18 91.18

for classification on high-dimensional data and that our
proposed algorithm has higher prediction accuracies than
other ensemble classification algorithms.

Appendix

See Tables 9, 10, 11, 12, 13, and 14.
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The item response data is the 𝑛𝑚-dimensional data based on the responses made by𝑚 examinees to the questionnaire consisting of
𝑛 items. It is used to estimate the ability of examinees and item parameters in educational evaluation. For estimates to be valid, the
simulation input data must reflect reality. This paper presents the effective combination of the genetic algorithm (GA) and Monte
Carlo methods for the generation of item response data as simulation input data similar to real data. To this end, we generated four
types of item response data usingMonte Carlo and the GA and evaluated how similarly the generated item response data represents
the real item response data with the item parameters (item difficulty and discrimination). We adopt two types of measurement,
which are root mean square error and Kullback-Leibler divergence, for comparison of item parameters between real data and four
types of generated data. The results show that applying the GA to initial population generated by Monte Carlo is the most effective
in generating item response data that is most similar to real item response data. This study is meaningful in that we found that the
GA contributes to the generation of more realistic simulation input data.

1. Introduction

The purpose of computer simulation is to model a certain
phenomenon or incident virtually in an attempt to predict
the results of a real-life situation. It is both a cost effective
and time savingmethod for testing “what-if ” scenarios? [1, 2].
A simulation can be run to conduct a virtual study in order
to predict results of a real-life situation and establish various
mathematical models (probability distribution) specifically
for certain problems. Therefore, it is possible to select the
most effective method from among various situations [3].
Simulation is used in cases where mathematical analysis is
difficult due to the complexity of the real-world situation or
experimentation is simply impossible or too costly due to the
restrictions of the real world. That is, simulation is applied
to various engineering areas, such as queuing problems
[4], inventory management problems [5], network problems
such as PERT/CPM [6], problems related to production
(production allocation, production integration, production
system balance, factory location analysis, etc.) [7–9], repair

of machinery and equipment [10], replacement problem [11],
treasury loans, and investment planning [12].

In educational evaluation, simulation is used to estimate
item parameters and the abilities of examinees [13] because it
is difficult to obtain the real item response data for estimating
the parameters of items and abilities. Therefore, when a
controlled experiment needs to be conducted to obtain
statistical results regarding item parameters in educational
evaluation, studies are conducted based on item response
data generated through simulation [14, 15]. The main advan-
tage of simulation studies is that researchers can define the
ability of examinees and characteristics of items according
to the research purposes. If they know the characteristics
of examinees and items, researchers can control data and
manipulate certain factors to evaluate the effects [13]. Until
now, when item response data is generated, based on item
response theory (hereinafter IRT), Monte Carlo, which uses
the probability distribution of examinees correctly answering
items depending on their ability, has been used [16].
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The key to simulation studies is to model problems in
real life as realistically as possible. Also, to guarantee the
validity and reliability of simulation results, simulation data
is more important than anything else [17, 18]. To evaluate the
validity of simulation results, it is necessary to use statistical
techniques to compare the results of actual systems and
simulation results. However, not enough research has been
conducted with regard to evaluating the fitness of the item
response data generated through Monte Carlo.

As computation performance improves, computer sci-
ence technology has been introduced into areas where sim-
ulation data is generated. To guarantee high quality in the
software industry, testing software is required. To achieve this
objective, we need to test software thoroughly with adequate
test data. The automatic generation of a test suite and its
adequacy are the key issues when testing a software product.
Some studies have been conducted to show that the field of
software testing used a genetic algorithm (hereinafter GA)
to generate automated software test data and improve the
performance of tests [19–22].

The GA is a computational model based on the evo-
lutionary process seen in the natural world. It is a global
optimization technique developed by John Holland in 1975
and one of the techniques for solving optimization problems.
The GA models the evolution of life and the evolutionary
mechanism using engineering methods and uses them for
solving problems and learning systems.

In the field of educational evaluation, the GA is used for
test-sheet composition [23–28]. The test construction prob-
lem (test construction problem or item selection problem)
can be formulated as a zero-one combinatorial optimization
[29]. The running time will increase exponentially with the
number of items in the item bank. This problem has been
proven to be an NP-hard problem; that is, the solution time
is not bound by a polynomial of the size of the problem [30].

The GA is known to be effective in finding the optimal
solution for NP-hard problems, and it has been utilized in
areas dealing with item data, but not for generating item
response data. In other words, studies have not validated item
response data so far, or the GA has not been utilized in the
field of educational evaluation in some cases. Accordingly,
this paper is trying to verify whether the item response
data generated for simulation studies are similar to real
item response data. Also, the GA is used for proposing
a method of generating item response data. To this end,
item response data, generated using Monte Carlo and the
GA, was compared. Item difficulty and item discrimination,
representing the characteristics of the item response data
of real examinees, were used to generate item response
data. To evaluate how similarly the generated item response
data represents the real item response data model, the item
difficulty and discrimination of the generated item response
data were compared with those of the real item response data.

2. Background

2.1. Test Theory. Item response data is that which shows
whether the examinees responded correctly or incorrectly

to the items making up a test sheet. Based on test theory,
item response data is used to estimate item characteristics
and the ability of examinees. According to test theory, tests
are analyzed indirectly by measuring the latent trait of people
(specifically the test takers) and the items making up the test
[31]. As item analysis must precede test analysis, test theory
generically refers to not only items, but also the tests and all
related theories. Test theory is divided into the classical test
theory and item response theory. This paper deals with item
response data, with item characteristics used to evaluate the
fitness of the GA. Accordingly, themethods of obtaining item
difficulty and item discrimination in the classical test theory
and item response theory are examined.

2.1.1. Classical Test Theory. According to classical test theory,
analysis is conducted based on the total score of the test tools,
with the assumption that the observed score of the test is
composed of the true score and error score. Also, as the true
score of examinees cannot be known, the mean of the scores,
obtained by infinitely repeating theoretically identical tests
for the same examinees, is used to presume the true score.
Item difficulty and item difficulty according to classical test
theory are as follows.

(1) Item Difficulty. Item difficulty is an index indicating the
degree to which an item is deemed easy or difficult. It is the
ratio, that is, probability, of examinees who answer correctly
to total examinees.The item difficulty for item 𝑖, 𝑃

𝑖
, is defined

as the proportion of examinees who get that item correct.The
formula for calculating item difficulty is shown below:

𝑃 =

𝑅

𝑁

, (1)

where 𝑃 is the difficulty of a certain item, 𝑅 is the number
of examinees who get that item correct, and 𝑁 is the total
number of examinees.

(2) Item Discrimination. Item discrimination is the index
indicating the degree to which an item discriminates exam-
inees depending on abilities. If high-ability examinees cor-
rectly answered an item and low-ability examinees failed to
answer an item correctly, this item is regarded as an item
that functions properly. In other words, if the score of those
examinees who correctly answered an item is high and the
score of those examinees who got the wrong answer for the
same item is low, this item can be said to be an item able
to discriminate examinees. In contrast, if the score of those
examinees who correctly answered the item is low and the
score of those examinees who got the wrong answer for the
item is high, this item can be said to be an item with negative
discrimination. Also, if those who correctly answered an item
get the same score as those examinees who got the wrong
answer for the item, this item will be an item that has no
discrimination, that is, an itemwhose discrimination index is
0.Therefore, the discrimination index of an item is estimated
by the correlation coefficient between the item score and
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Figure 1: Item characteristic curve.

the total score of examinees. The formula for the correlation
coefficient that estimates itemdiscrimination is shown below:

𝑟 =

𝑁∑𝑋𝑌 − ∑𝑋∑𝑌

√𝑁∑𝑋
2
− (∑𝑋)

2
√𝑁∑𝑌

2
− (∑𝑌)

2

, (2)

where𝑁 is the total number of examinees,𝑋 is the item score
of each examinee, and 𝑌 is the total score of each examinee.

2.1.2. Item Response Theory. Item response theory does not
analyze an item based on the total test score, but, as each has
an invariable unique trait, it is a test theory that analyzes the
item based on the item characteristic curve (hereinafter ICC)
indicating this attribute. Therefore, in item response theory,
one of the most important concepts is the item characteristic
curve. The ICC is a curve indicating the probability of
correctly answering an item as shown in Figure 1.

In Figure 1 the horizontal axis is the ability, a potential
characteristic of a person, designated as 𝜃.The person’s ability
ranges between almost none and infinitely high, but it was
standardized and converted into a score with the mean being
zero (0) and the standard deviation being one (1). Therefore,
95% of all examinees are between −1.96𝜃 and +1.96𝜃 for
the ability range. In general, when the item characteristic
curve is drawn, the horizontal axis, which indicates ability,
ranges between −3 and +3 because the ability of almost all
the examinees is in this range. The vertical axis indicates
the probability of correctly answering an item depending on
ability and ranges between 0.0 and 1.0.

Item response data is used for simulation studies based
on IRT. IRT is a test theory for measuring the characteristics
(𝜃) of examinees, which consists of the difficulty and dis-
crimination of evaluation items based on the responses to
the evaluation items. The key characteristic of IRT is that,
when parameters, such as personal ability and item difficulty,
are calculated, it approaches individual evaluation items
probabilistically with discrete results like correct answers.
That is, mathematical models are applied to test data [31].

In the IRT model 𝜃 is used to indicate the estimated
latent trait capability of examinees as measured by test items.

A variety of IRT models have been developed. This paper is
based on two parameters. According to IRT, the higher the
ability (𝜃) of examinees, the higher the probability of correctly
answering an item. In the two-parameter logistic IRT model,
the probability of examinees correctly answering an item is
defined as follows:

𝑃
𝑖
(𝜃
𝑗
) =

1

1 + 𝑒
−𝐷𝑎𝑖(𝜃𝑗−𝑏𝑖)

, (3)

where 𝑒 is mathematical constant, 𝑖 is the number of items
(𝑖 = 1, 2, 3, . . . , 𝑛), 𝑗 is examinees (𝑗 = 1, 2, 3, . . . , 𝑛), and 𝑎

𝑖

is discrimination of item 𝑖. At 𝜃
𝑗
= 𝑏
𝑖
, it is proportionate to

the slope of the item response function. 𝑏
𝑖
is the difficulty of

item 𝑖. 𝜃
𝑗
is ability of examinee 𝑗, 𝑃

𝑖
(𝜃
𝑗
) is the probability that

examinee 𝑗, who has 𝜃
𝑗
ability, will respond correctly to item

𝑖, and𝐷 is a scaling factor of 1.702.

2.2. Monte Carlo Method. The Monte Carlo method is a
concept contrary to deterministic algorithms. It is a sort of
randomized algorithm that uses random numbers to calcu-
late the value of a function [32]. As the algorithm includes
many iterative operations and calculations, Monte Carlo is
suitable for computer calculations. Monte Carlo method is
one of the techniques for randomly selecting (sampling) the
values for simulation from a probability distribution. It is also
known as a simulated sampling technique. The advantage of
Monte Carlo method is that it generates a random number
for a condition corresponding to the input, examines all
possible cases, and supports decision-making by providing
the distribution and statistics resulting from the output.

Accordingly, Monte Carlomethod is amethod of approx-
imating the desired solution or law by using randomnumbers
to create data and synthesizing the manipulated results of
sufficient numbers or random experiments when a certain
problem is given. In the field of educational evaluation,Monte
Carlo method is also used to generate item response data of
examinees [33].

2.3. Genetic Algorithm

2.3.1. The Genetic Algorithm Process. The GA is one of the
techniques used for probabilistic investigation, learning, and
optimization. It is based on two salient theories of genetics.
One is Charles Darwin’s theory of survival of the fittest; that
is, those individuals who adapt well to nature will survive,
and those who do not will die out, and the other is Mendel’s
law; that is, the traits of descendants are inherited from
the genes received from both parents [34]. The genes in
the chromosomes of higher forms of life use crossover and
mutation to evolve to an optimal state with each passing
generation.This GAwas created as part of an effort to use this
law to search for optimal solutions. The GA uses the solution
set, not single solutions, in the solution space. Accordingly,
the GA has the following advantages: the ability to increase
the possibility of global optimization and the ability to define
the performance index or evaluation function as intended by
the designer.

To search for the optimal solution, multiple individuals
will be generated; that is, solutions will be randomly selected
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from the solution set.This is called the initial population that
is searched in order to find a solution through iterative selec-
tion, crossover, and mutation. To select excellent individuals,
the evaluation function is used to evaluate how identical
each individual is to the desired solution. Selection methods
include the roulette wheel selection method, the expected-
value selection method, the ranking selection method, and
the tournament selection method.

In a study looking for an optimal solution through a GA,
how to represent the optimal solution to a problem as a single
individual and determining the standard for measuring how
suitable each individual is to the desired optimal solution
(i.e., the definition for the evaluation function) are the most
important problems. And as the parametric values may affect
the results, values will be predetermined for the GA. The
procedure for the GA, which has been explained so far, is
shown below [35].

Step 1 (generating the initial population). One of the poten-
tial solutions to a problem is randomly selected and becomes
an individual, and several individuals combine to become the
population.

Step 2 (evaluating and ending the test). Use the evaluation
function to calculate the fitness value of one individual. If the
number of iterations (𝑛) reaches the maximum, end the test.

Step 3 (selection). Increase the probability of selecting indi-
viduals with a high fitness value and sample with replacement
to reproduce the population.

Step 4 (genetic operators). Turn the selected individuals into
a population with new information through crossover and
mutation.

Step 5 (iteration). Replace the population having the new
information with the initial population; then go back to
Step 2.

2.3.2. The Genetic Algorithm Process. The GA has been
frequently used to search for optimal paths, integrate data
mining techniques, and determine optimal input variables.
Among them, the studies on test data generation for software
testing generate simulation data. In order to reduce the cost
of manual software testing and concurrently increase the
reliability of the testing processes researchers have tried to
automate it [36].

The GA is more efficient than random testing in generat-
ing test data.Their efficiency will be measured as the number
of tests required to obtain full branch coverage [19]. Srivastava
and Kim [20] presented a method for optimizing software
testing efficiency by identifying themost critical path clusters
in a program using the GA to optimize the software path
clusters. By identifying the most critical paths, testing effi-
ciency can be increased. Singh [21] presented an algorithm for
automatic generation of test data to satisfy path coverage and
a basic process flow for generating test cases for path testing
using the GA. His results show the efficiency of test data in
terms of execution time and how it generates more effective

test cases. Sharma et al. [22] presented a survey using a GA
approach to address the various issues encountered during
software testing and reported the results which showed that
the performance of testing can be improved.

In the field of educational evaluation, some studies use
the GA for test sheet composition. First, Hwang et al. [23]
proposed two GAs to cope with the test sheet-generating
problems. Experimental results show that test sheets with
near-optimal discrimination degrees can be obtained in a
much shorter time by employing GAs to the test sheet-
generating problems. Lee et al. [37] applied the immune
algorithm to test sheet problems in an attempt to improve the
efficiency of composing near-optimal test sheets from item
banks to meet multiple assessment criteria.The experimental
results indicated that the immune algorithm is quite suitable
for composing near-optimal test-sheets from large item
banks. Li et al. [38] proposed a GA with an effective floating-
point number coding strategy to generate a high quality
test-sheet. In the experiment, the execution time, success
ratio, and solution quality were compared to evaluate the
performance of the proposed algorithm. Experimental results
show that high quality test-sheets can be obtained in a much
shorter time by employing a GA to test-sheet problems than
other approaches. Xiong and Shi [25] presented the issue of
test sheet generation andproposed amathematicalmodel and
object function applying a GA to the issue of generating a test
sheet for improving the quality of test sheets.

Second, Ou-Yang and Luo [26] improved traditional
GAs and proposed a method of dynamically generating test
sheets based on learners’ learning situations.The experiments
showed that speed and efficiency of composing test sheets that
are more suitable for testing students’ knowledge level were
improved. Duan et al. [39] proposed an adaptive test sheet
generation mechanism for determining candidate test items
and conceptual granularities according to desired conceptual
scopes, and an aggregate objective function applies the GA to
find an approximate solution of mixed integer programming
problem for test-sheet composition. Experimental results
show that the adaptive test sheet generation mechanism
can efficiently and precisely generate the various test sheets
than the existing approaches in terms of various conceptual
scopes, computation time, and item exposure rates. Previous
studies found that theGA is effective in generating simulation
data for software testing and composing test sheets.

3. Research Method

3.1. Dataset. This study evaluated the validity of the algo-
rithms for generating item response data by comparing the
item response data generated for simulation studies with
real item response data. To this end, first, the difficulty and
discrimination of each item based on the real item response
data of students were calculated and sorted into criteria
for comparison. The real data used for this study is the
item response data consisting of 36 items. A total of 7,624
people participated in the study. We used four approaches to
generating item response data to verify the effectiveness of the
GA:
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Figure 2: The four approaches to generating item response data.

(1) using only random method (hereinafter RA) to gen-
erate item response data;

(2) randomly generating initial population while using
the GA (hereinafter GARA):

randomly generating the initial population and
using the GA based on real item parameters to
generate item response data;

(3) using only Monte Carlo (hereinafter MC) to generate
item response data:

using MC based on actual item parameters to
generate item response data;

(4) using the GA to generate the initial population with
Monte Carlo (hereinafter GAMC):

using Monte Carlo based on real item param-
eters to generate item response data and then
using the GA to generate item response data.

The four approaches to generating item response data are
shown in Figure 2.

To check if the generated item response data is similar to
real item response data, root mean square error (hereinafter
RMSE) was used as the measure for difficulty and discrim-
ination based on classical test theory, and Kullback-Leibler
divergence (hereinafter KLD) was used as the measure for
difficulty and discrimination based on item response theory.
The evaluation method is described in detail in Section 4.
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Figure 3: Item response data and chromosome structure design.

3.2. Chromosome Structure. The purpose of this paper is to
generate item response data most similar to actual data. The
first step of using the GA to find the optimal solution is to
define the chromosome structure. As the optimal solution
found by the GA is the item response data, it must be possible
to express the item response data as a chromosome structure
[35]. Item response data is generally configured as a two-
dimensional array. As show in Figure 3, an item response
data is defined as 𝑛 × 𝑚 matrix. A two-dimensional array as
𝑛 × 𝑚 matrix can be presented as 𝑛𝑚-tuple for constructing
a chromosome structure. It will be possible not only to use
the item response data to obtain the final score of examinees,
but also to get the parameters of each item (item difficulty,
discrimination, and guessing). The array’s columns represent
the items of a test and the array’s rows represent individual
examinees. 𝑐

𝑖𝑗
indicates the response of examinees 𝑖 (1, . . . , 𝑛)

on item 𝑗 (1, . . . , 𝑚) as

𝑐
𝑖𝑗
=

{

{

{

1: Examinee 𝑖 answers item 𝑗 correctly,

0: Other cases.
(4)
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The item response data is based on the responses made
by 𝑛 examinees to the questionnaire consisting of 𝑚 items.
In this paper, the item response data was converted into
bit-strings and the chromosome structure was defined as
shown in Figure 3.The item response data with 𝑛×𝑚matrix,
consisting of 𝑛 examinees and 𝑚 items, was converted into a
chromosome made up of 𝑛𝑚 bits, and the 𝑛𝑚-dimensional
item response data was generated as a chromosome.

3.3. Fitness FunctionDesign. Thefitness function is ameasure
index applied to judge the quality of the generated item
response data for the GA. Most studies, which apply GAs
to an item response data, used item difficulty and item
discrimination, that is, information on item characteristics, in
applying the fitness function [11]. In order to compare an item
response data based on the pretest results, the item difficulty
and item discrimination of the real item parameters must be
considered simultaneously to determine the fitness function.
In this paper, the fitness function design is based on item
difficulty and item discrimination:

DiscErr =
𝑛

∑

𝑖

√(𝑎
𝑖
− 𝑎
𝑖
)
2
,

DiffErr =
𝑛

∑

𝑖

√(
̂
𝑏
𝑖
− 𝑏
𝑖
)

2

,

(5)

where 𝑎, ̂𝑏 are the real discrimination and difficulty of
the item, 𝑎 and 𝑏 are the discrimination and difficulty,
respectively, derived from the generated item response data,
𝑖 is the item number, and 𝑛 is the total number of items.

This study defined the fitness function as the sum of the
discrimination error and difficulty error as follows:

Fitness = DiffErr + DiscErr. (6)

3.4. Initial Population. In general, the size of the initial pop-
ulation varies depending on the complexity of the problem to
solve. The initial population size in this study is set as 20 for
the generation of a set of items response data. This study set
the size of the initial population as 20. The two methods of
setting initial chromosomes for experiments are (1) random
and (2)Monte Carlo.

3.4.1. Randomly Generating the Initial Population. The algo-
rithm for randomly generating the initial population accepts
the number of items, the number of examinees, and the
probability of answering an item correctly as input values.
Random values are generated in a 𝑈(0, 1) distribution. The
number randomly generated in the uniform distribution is
compared with the probability value entered as the probabil-
ity of correctly answering the item. If the value of the number
randomly generated in the uniform distribution is smaller
than the resulting value of (2), it means that examinees
correctly answered the item, and 1 is entered in 𝑢

𝑖𝑗
. If the

above number is greater than the resulting value, examinees
do not know the correct answer of the item, so 0 is entered in
𝑢
𝑖𝑗
. Randomly generating the initial population is shown in

Algorithm 1.

Start

Generate initial population
with 30 chromosomes

t = 1

Yes
No

End

Return optimal chromosome

t ≤ tmax

t = t + 1

Evaluate chromosomes Generate new population
with 30 chromosomes

Crossover Mutation

Select top 10 chromosomes
according to ranking selection

Figure 4: Flowchart of a GA.

3.4.2. Using Monte Carlo to Generate the Initial Popula-
tion Data. The Monte Carlo method accepts the ability of
examinees (𝜃), item difficulty, and discrimination as input
values. If item parameters and examinees’ ability are set,
the probability of the examinees’ correctly answering each
item will be determined. To specify whether examinees will
answer each item correctly or incorrectly, generate a random
number from the 𝑈(0, 1) distribution. Compare the number
randomly generated from the uniform distribution with the
result of (2). If the value of the value randomly generated
from the uniformdistribution is smaller than the result of (2),
it means that examinees answered the item correctly, so 1 is
entered in 𝑢

𝑖𝑗
. Otherwise, enter 0 in 𝑢

𝑖𝑗
. In this way calculate

the item response data for each examinee. See Algorithm 2.

3.5. Genetic Operation. The process of the GA is shown in
Figure 4.

3.5.1. Selection. Selection operators model the phenomenon
of natural selection; that is, well-adapted individuals survive
and generate the next generation while ill-adapted indi-
viduals die out. Selections are made based on the fitness
function, and though there are several selection methods,
the basic principle is that individuals with a higher level of
fitness will have more opportunities to be generated in the
next generation. There are various selection methods that
are widely used, such as the fitness proportionate selection
method, the roulette wheel selection method, the expected-
value selection method, the tournament selection method,
and the elitist preservation selection [35].This paper adopted
the ranking selection method. The fitness of 30 individual
chromosomes was calculated, with the top 10 chromosomes
in terms of fitness left and carried over to the next generation.

3.5.2. Crossover. Crossover is used to generate new indi-
viduals by partially exchanging chromosomes between two
individuals. Therefore, generation of individuals with better
solutions through crossover is expected. In general, crossover
is done when individuals exchange some genes. Depending
on the types of coded genes, crossover can be defined differ-
ently. This study adopted the multipoint crossover method.
Multipoint crossover involves two or more intersections.
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Input: number of items (𝑛), number of examinees (𝑚), probability of being correct (𝑝)
Output: item response data (𝑢)
(1) for all 𝑖

𝑚
∈ 𝐼 do

(2) for all 𝑠
𝑛
∈ 𝑆 do

(3) 𝑔 = Rand(0∼1) /∗Generate a random real number between 0 and 1 ∗/
(4) if 𝑔 < 𝑝 then
(5) 𝑢

𝑛𝑚
← 1

(6) else
(7) 𝑢

𝑛𝑚
← 0

(8) return 𝑢

Algorithm 1: Random generation (RG).

Input: number of items (𝑛), number of examinees (𝑚), item parameter vector (a: discrimination, b: difficulty), ability of
examinees (𝜃)
Output: item response data (u)
(1) for all 𝑖

𝑚
∈ 𝐼 do

(2) for all 𝑠
𝑛
∈ 𝑆 do

(3) 𝑔 = Rand(0∼1) /∗Generate a random real number between 0 and 1 ∗/
(4) 𝑝 ← 1/(1 + 𝑒

−1.7∗𝑎∗(𝜃−𝑏)
)

(5) if 𝑔 < 𝑝 then
(6) 𝑢

𝑛𝑚
← 1

(7) else
(8) 𝑢

𝑛𝑚
← 0

(9) return 𝑢

Algorithm 2: Monte Carlo generation (MG).
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Parent 2

0 1 0 1

0 0 1 1

0 0 1 1

0 1 0 1
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2

· · ·

· · ·· · ·
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Figure 5: Crossover operation between two chromosomes.

Two columns are randomly set up as intersections. Figure 5
illustrates a crossover where there are two intersections. In
this study, 10 chromosomes, selected in the selection stage,
were paired, crossover was done, and 10 new chromosomes
were generated.

3.5.3. Mutation. As the population is generated repeatedly,
the childrenwill become similar to the population.As a result,
even if crossover is conducted, new individuals may not be
generated at times. Mutation makes up for the limitations
of crossover. Mutation is used to apply a certain mutation
probability to the genes of individuals and change the value
of the alleles. It is a kind of local random search that
generates new individuals. Specifically, mutation randomly
picks a certain point in the chromosomes and changes its
property. For example, if the selected value is 0, it will be
changed to 1, and if it is 1, it will be changed to 0. This is
illustrated in Figure 6; if two bits are chosen as mutation bit,
the component values of each bit will be changed according

0 1 1

0 1 0

0 0 1

1 0 1

Parent 1

Child 1

· · ·

· · ·

Figure 6: Mutation operation.

to the probability of the mutation rate. For the purposes of
this study, the mutation rate was set as 0.05.

4. Results and Discussion

The classical test theory is a method of using examinees’
total scores to analyze items. The procedure is fairly straight-
forward and estimation can be calculated easily, but it
has a weakness: depending on the characteristics of the
group of examinees, the parameters of items (difficulty and
discrimination) vary. According to item response theory, as
the unique characteristics of an item are revealed because
the estimated item parameters are unchanged due to the
characteristics of the group of examinees, the precision of
item analysis and estimation of examinees’ ability will be
enhanced. Accordingly, this study used not only the item
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parameters based on classical test theory, but also item
parameters based on the item response theory tomeasure the
accuracy of the algorithm.

According to classical test theory and item response
theory, item analysis was conducted with regard to the item
response data derived by the four methods (RA, GARA, MC,
and GAMC), and the difficulty and discrimination of each
item were obtained. We compared the real item parameters
and the generated item parameters and carried out two
experiments to evaluate the results of generated item response
data by four approaches.

As a method of comparing item parameters, (1) RMSE
was used for item parameters based on classical test theory,
and (2) KLD was used for item parameters based on item
response theory.

4.1. Measure Method

4.1.1. RootMean Square Error. WeadoptedRMSE to compare
item parameters based on classical test theory. RMSE is used
when handling the difference between the estimated value
(i.e., value predicted by a model) and the value observed
in real-life situations. In RMSE, each difference is called a
residual, and RMSE is used when residuals are synthesized
with a single measure [40]. The RMSE of a prediction model
with respect to the estimated variable 𝑋 model is defined as
the square root of the mean squared error:

RMSE =
√
∑
𝑛

𝑖=1
(𝑋obs,𝑖 − 𝑋model,𝑖)

2

𝑛

,
(7)

where 𝑋obs is the observed values and the 𝑋model is the
modeled values for item 𝑖.

4.1.2. Kullback-Leibler Divergence. We adopted the KLD as
a measure for comparing item parameters based on item
response theory. As with the method based on classical
test theory, RMSE may also be used for comparing the
difference between the real value and the estimated value
of item parameters based on item response theory. How-
ever, unlike item parameters based on classical test theory,
item parameters based on item response theory include the
ability of the examinees. Accordingly, rather than simply
comparing real values and observed values, as it is possible
to consider the ability of examinees when the probability
distribution obtained by parameters is compared, a more
accurate comparisonwill be possible. KLD is used to calculate
the difference between the two probability distributions [41].
Given the probability distributions 𝑃 and 𝑄 for two random
variables, the KLD of the two distributions is defined as
follows:

𝐷KL (𝑃 ‖ 𝑄) = ∑

𝑖

𝑃 (𝑖) log 𝑃 (𝑖)

𝑄 (𝑖)

, (8)

where 𝑃(𝑖) is the random variable of the real item and 𝑄(𝑖) is
the random variable of the generated item.

RMSE compares the value difference between two finite
groups composed of discrete components. In other words,

the size of the value of RMSE is proportionate to not only the
difference of each element, but also the number of elements.
As the ICC based on the item response is a continuous
probability variable, however, it has infinite elements, so
we need to convert it into a discrete random variable for
computer calculations. For a discrete random variable to be
similar to a continuous random variable, we may increase
the sampling size, but the computation cost will increase
proportionately. For this study we calculated KLD for 400
sample points at an interval of 0.02 between −4 and 4 to
handle the ICC as a discrete random variable. As RMSE and
KLD are different from each other in terms of sample size, the
values obtained using respective measurement methods are
used to compare relative differences from the standard value
within respective measurement methods.

4.2. Comparison of Item Parameters Based on Classical Test
Theory. Table 1 illustrates the real item parameters of 36
items and the item parameter values obtained using the four
methods (RA, GARA,MC, andGAMC). As shown in Table 1,
the RMSE value of GAMC is 1.25, that of MC is 5.32, that
of GARA is 14.56, and that of RA is 14.64. In the item
response data, generated by Monte Carlo, difficulty was 1.07
and discrimination 4.25.The difference of discriminationwas
greater than that of difficulty. This seems to be because only
the probability of examinees with a certain level of ability
correctly answering the itemwas considered and also because
the total scores of the examinees and the total score of other
examinees were not considered when item response data
was generated according to the Monte Carlo method. If the
total score of examinees who correctly answered a certain
item is high and that of examinees who incorrectly answered
the item is low, the item has a high level of discrimination.
Accordingly, if the total score of examinees is low, we should
increase the probability of being correct for items with a
low level of discrimination, and if discrimination is high,
we should lower the probability of being correct so that it
will be similar to real discrimination. As total scores are not
considered in approaches using only Monte Carlo, however,
there seems to be a large difference in discrimination.

When we used Monte Carlo to set the initial population
and applied GAs, difficulty was lowered from 1.07 to 0.41,
and discrimination was reduced from 4.25 to 0.84. It turned
out that GAs made these values converge on the real item
parameters. In other words, given an arbitrary item response
data, it can be confirmed that real item response data will be
found through crossover and mutation.

4.3. Comparison of Item Parameters Based on Item Response
Theory. In item response theory, we can derive the item
characteristic curve (ICC) by using the difficulty and discrim-
ination values. The item characteristics curve is a probability
distribution that indicates the probability of examinees’
correctly answering items according to their abilities. The
curve is determined by difficulty and discrimination. Figure 7
shows four ICCs. The horizontal axis is scaled in units
of ability (𝜃) while the vertical axis is the probability of
answering the item correctly. As show in Figure 7, GAMC is
most similar to the item characteristic curve based on real
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Table 1: Real classical test theory parameters and parameters obtained by RA, GARA, MC, and GAMC.

Item
number

Real parameters RA GARA MC GAMC
𝛽 𝛼 𝛽 𝛼 𝛽 𝛼 𝛽 𝛼 𝛽 𝛼

1 0.50 0.37 0.49 0.21 0.49 0.21 0.51 0.49 0.50 0.39
2 0.38 0.37 0.50 0.22 0.50 0.21 0.32 0.46 0.36 0.39
3 0.57 0.46 0.50 0.22 0.50 0.22 0.59 0.61 0.56 0.45
4 0.51 0.36 0.49 0.18 0.49 0.21 0.52 0.48 0.51 0.29
5 0.45 0.33 0.50 0.23 0.50 0.22 0.43 0.44 0.45 0.34
6 0.74 0.46 0.50 0.19 0.50 0.20 0.80 0.56 0.77 0.48
7 0.72 0.38 0.49 0.20 0.49 0.21 0.80 0.48 0.75 0.39
8 0.62 0.57 0.51 0.19 0.51 0.19 0.64 0.69 0.61 0.58
9 0.42 0.35 0.50 0.23 0.50 0.23 0.39 0.48 0.42 0.37
10 0.75 0.43 0.50 0.21 0.50 0.23 0.81 0.51 0.75 0.40
11 0.67 0.53 0.49 0.26 0.49 0.26 0.70 0.65 0.66 0.53
12 0.66 0.49 0.50 0.19 0.50 0.18 0.70 0.61 0.67 0.50
13 0.66 0.49 0.49 0.21 0.49 0.21 0.70 0.62 0.65 0.49
14 0.59 0.51 0.49 0.22 0.49 0.22 0.61 0.65 0.59 0.53
15 0.62 0.44 0.50 0.23 0.50 0.22 0.66 0.58 0.62 0.44
16 0.68 0.52 0.49 0.23 0.49 0.24 0.73 0.65 0.69 0.52
17 0.75 0.59 0.50 0.19 0.50 0.18 0.78 0.69 0.73 0.59
18 0.63 0.51 0.50 0.21 0.50 0.21 0.66 0.64 0.63 0.52
19 0.43 0.42 0.50 0.23 0.50 0.23 0.41 0.53 0.43 0.44
20 0.79 0.50 0.49 0.23 0.49 0.23 0.83 0.58 0.81 0.51
21 0.46 0.47 0.49 0.23 0.49 0.23 0.44 0.58 0.44 0.47
22 0.41 0.34 0.49 0.20 0.49 0.20 0.38 0.45 0.41 0.35
23 0.58 0.52 0.50 0.22 0.50 0.21 0.60 0.66 0.58 0.53
24 0.73 0.56 0.50 0.21 0.50 0.20 0.77 0.67 0.72 0.52
25 0.76 0.59 0.49 0.21 0.49 0.22 0.79 0.67 0.61 0.30
26 0.52 0.41 0.50 0.18 0.50 0.18 0.52 0.55 0.52 0.37
27 0.76 0.61 0.50 0.23 0.50 0.27 0.78 0.71 0.74 0.55
28 0.48 0.32 0.49 0.21 0.49 0.21 0.47 0.44 0.47 0.34
29 0.57 0.56 0.49 0.21 0.49 0.23 0.59 0.70 0.57 0.57
30 0.73 0.59 0.49 0.21 0.49 0.20 0.76 0.70 0.72 0.59
31 0.67 0.60 0.50 0.24 0.50 0.24 0.69 0.73 0.67 0.61
32 0.77 0.56 0.49 0.19 0.49 0.20 0.81 0.66 0.77 0.55
33 0.58 0.57 0.49 0.23 0.49 0.23 0.60 0.70 0.58 0.58
34 0.66 0.50 0.50 0.21 0.50 0.21 0.69 0.64 0.66 0.51
35 0.58 0.54 0.50 0.20 0.50 0.20 0.60 0.68 0.58 0.56
36 0.52 0.56 0.50 0.23 0.50 0.23 0.53 0.69 0.53 0.57

RMSE 4.95 9.69 4.95 9.61 1.07 4.25 0.41 0.84
14.64 14.56 5.32 1.25

data. It is clear that the initial item response data, generated
by MC, approaches the real item response data through
GAs. The GARA shows the greatest difference, and the item
response data approaches the real item response data in the
initial population, but the speed of convergence is noticeably
slow. The real item parameters based on the item response
theory and item parameters based on the three methods are
shown in Table 2.

Even if the GA is applied, themethod of randomly setting
the initial population was least accurate in both the classical
test theory and item response theory. If the initial population
is good inGAs, the probability of finding the optimal solution
will increase [42, 43]. As shown in the table, if the initial
population was generated randomly, difficulty was the value
set as the probability for correctly answering all items. In this
study, we randomly set it as 1/2, and, as a result, difficulty
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converges to 0.5 with regard to all items. If the GA is applied
to the initial population, fitness is reduced gradually, but the
speed of convergence is slow.

4.4. Comparing the Speed of Convergence of the Fitness Func-
tions inGAs. Table 3 presents the variation of fitness function
values in accordance with generations increase in GARA and
GAMC. Figure 8 illustrates the graph comparing the degree
of fitness change by generation in GAs. GAMC converges
to a certain value when the generation value reaches 50 if
the fitness value rapidly decreases initially as generations
increase. In contrast, in the GARA, fitness converges, but
convergence speed is noticeably slow.The twomethods apply
the same algorithms, but the only difference lies in the
method of setting the initial population.That is, the difference

in the initial population affects the speed of finding optimal
solutions in GAs.

As a matter of fact, the score distribution of examinees is
a normal distribution, so there are many examinees around
the mean, and the number of examinees diminishes as the
total score increases or decreases. In the real item response
data, there are examinees with diverse scores. However, if
the population is randomly initialized, data will be uniformly
distributed, and the uniform distribution will increase uncer-
tainty. Saroj et al. [44] also mentioned that the poor initial
population increases the running time for seeking optimal
solutions. In other words, in this study, the initial population
must be set up with various data so that the speed of finding
optimal solutions can be improved. Accordingly, if item
response data is generated using the GA, setting up the initial
value according to the distribution of known item response
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Table 2: Real item response theory parameters and parameters obtained by RA, GARA, MC, and GAMC.

Item number Real parameters RA GARA MC GAMC
𝛽 𝛼 𝛽 𝛼 𝛽 𝛼 𝛽 𝛼 𝛽 𝛼

1 0.060 0.713 0.200 0.148 0.198 0.149 1.114 0.210 0.050 0.790
2 0.826 0.762 0.075 0.191 0.077 0.185 1.234 0.173 0.774 0.891
3 −0.247 1.022 0.097 0.186 0.097 0.196 1.635 0.183 −0.260 0.988
4 −0.011 0.675 0.232 0.130 0.120 0.172 1.057 0.241 −0.013 0.523
5 0.399 0.633 0.046 0.210 0.050 0.192 0.968 0.147 0.374 0.668
6 −1.110 1.143 0.047 0.145 0.048 0.142 1.733 0.181 −1.221 1.229
7 −1.251 0.842 0.228 0.160 0.165 0.179 1.310 0.174 −1.439 0.880
8 −0.392 1.507 −0.228 0.127 −0.211 0.137 2.209 0.161 −0.378 1.567
9 0.583 0.678 0.023 0.186 0.020 0.214 1.160 0.192 0.513 0.767
10 −1.204 1.046 0.019 0.165 −0.017 0.185 1.492 0.223 −1.363 0.935
11 −0.644 1.321 0.151 0.246 0.145 0.257 2.001 0.179 −0.650 1.314
12 −0.674 1.132 0.150 0.130 0.153 0.127 1.731 0.215 −0.721 1.192
13 −0.673 1.138 0.153 0.165 0.153 0.165 1.761 0.219 −0.662 1.151
14 −0.345 1.183 0.314 0.189 0.309 0.192 1.865 0.164 −0.348 1.282
15 −0.530 0.971 0.097 0.186 0.101 0.177 1.503 0.202 −0.564 0.950
16 −0.705 1.339 0.246 0.161 0.244 0.163 2.004 0.206 −0.764 1.281
17 −0.878 1.888 0.044 0.145 0.048 0.131 2.696 0.193 −0.861 1.717
18 −0.489 1.214 0.055 0.174 0.054 0.176 1.859 0.202 −0.497 1.277
19 0.471 0.851 0.102 0.192 0.101 0.194 1.371 0.203 0.390 1.015
20 −1.170 1.521 0.116 0.196 0.115 0.199 2.114 0.196 −1.315 1.495
21 0.287 1.037 0.185 0.192 0.176 0.195 1.646 0.212 0.304 1.126
22 0.661 0.668 0.185 0.139 0.183 0.141 1.067 0.138 0.607 0.708
23 −0.277 1.245 −0.071 0.209 −0.071 0.208 1.928 0.166 −0.284 1.284
24 −0.870 1.629 0.128 0.152 0.131 0.149 2.367 0.132 −0.914 1.336
25 −0.900 1.989 0.119 0.187 0.113 0.197 2.705 0.189 −0.836 0.528
26 −0.029 0.841 0.159 0.126 0.146 0.137 1.360 0.215 −0.068 0.738
27 −0.875 2.170 0.088 0.187 0.061 0.300 3.053 0.701 −0.930 1.505
28 0.237 0.585 0.257 0.158 0.260 0.156 0.940 0.191 0.259 0.659
29 −0.229 1.436 0.221 0.182 0.153 0.211 2.278 0.223 −0.223 1.469
30 −0.804 1.897 0.347 0.171 0.350 0.169 2.733 0.241 −0.785 1.679
31 −0.570 1.813 0.028 0.225 0.029 0.222 2.723 0.189 −0.574 1.707
32 −0.984 1.872 0.166 0.130 0.163 0.132 2.687 0.189 −1.076 1.567
33 −0.242 1.476 0.160 0.208 0.164 0.204 2.326 0.254 −0.240 1.541
34 −0.629 1.198 0.092 0.178 0.093 0.176 1.864 0.191 −0.662 1.210
35 −0.259 1.355 −0.030 0.160 −0.030 0.158 2.104 0.205 −0.251 1.407
36 −0.024 1.446 0.012 0.172 0.012 0.180 2.292 0.213 −0.045 1.520

KLD 810.08 779.37 88.29 55.97

data seems to be more effective than randomly determining
the initial population.

5. Conclusion

The purpose of this study is to prove the effectiveness of
the GA in generating item response data. To this end,
we compared the item response data we generated using
conventional Monte Carlo method with the item response
data we generated using the GA. As comparison methods,
we used RMSE for item parameters based on classical test
theory and applied KLD to item parameters based on item

response theory to compare the differences in the probability
distribution.

The experiment results showed that theGA can be used to
effectively create item parameters of generated item response
data similar to real item parameters. Even though GAs are
used, if the initial population is randomly set up, however,
it was confirmed that the convergence speed is slow. As the
random method does not guarantee the diversity of genes
in two-dimensional item response data, the running cost for
finding optimal solutions will increase. If the GA is applied
for generating an item response data, it turned out to be most
effective to set up the initial population with Monte Carlo
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Table 3: Variation of fitness function value.

Generation GARA GAMC
1 16.2200 5.2779
10 16.2180 2.9801
20 16.2157 2.0759
30 16.2124 1.9571
40 16.2108 1.8969
50 16.2072 1.8909
60 16.2051 1.8890
70 16.2024 1.8890
80 16.2011 1.8890
90 16.2008 1.8890
100 16.1974 1.8890

and then apply the GA. In other words, the item response
data, generated by the Monte Carlo, can be thought of as
having gone through a process of seeking optimal solutions
through the GA. This study found that we must use the GA
to generate data similar to real item response data, but we
must use Monte Carlo to generate the initial population.This
study is meaningful in that we found that the GA contributes
to generating more realistic data for simulation.
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When dealing with datasets comprising high-dimensional points, it is usually advantageous to discover some data structure.
A fundamental information needed to this aim is the minimum number of parameters required to describe the data while
minimizing the information loss. This number, usually called intrinsic dimension, can be interpreted as the dimension of the
manifold from which the input data are supposed to be drawn. Due to its usefulness in many theoretical and practical problems,
in the last decades the concept of intrinsic dimension has gained considerable attention in the scientific community, motivating
the large number of intrinsic dimensionality estimators proposed in the literature. However, the problem is still open since most
techniques cannot efficiently deal with datasets drawn from manifolds of high intrinsic dimension and nonlinearly embedded
in higher dimensional spaces. This paper surveys some of the most interesting, widespread used, and advanced state-of-the-art
methodologies. Unfortunately, since no benchmark database exists in this research field, an objective comparison among different
techniques is not possible. Consequently, we suggest a benchmark framework and apply it to comparatively evaluate relevant state-
of-the-art estimators.

1. Introduction

Since the 1950s, the rapid pace of technological advances
allows us to measure and record increasing amounts of
data, motivating the urgent need to develop dimensionality
reduction systems to be applied on real datasets comprising
high-dimensional points.

To this aim, a fundamental information is provided by
the intrinsic dimension (id) defined by Bennett [1] as the
minimum number of parameters needed to generate a data
description by maintaining the “intrinsic” structure charac-
terizing the dataset, so that the information loss isminimized.

More recently, a quite intuitive definition employed by
several authors in the past has been reported by Bishop in [2],
p. 314, where the author writes that “a set in 𝐷 dimensions is
said to have an id equal to 𝑑 if the data lies entirely within a
𝑑-dimensional subspace ofR𝐷.”

Though more specific and different id definitions have
been proposed in different research fields [3–5], throughout
the pattern recognition literature the presently prevailing id
definition views a point set as a sample set uniformly drawn

from an unknown smooth (or locally smooth) manifold
structure, eventually embedded in a higher dimensional
space through a nonlinear smooth mapping; in this case, the
id to be estimated is the manifold’s topological dimension.

Due to the importance of id in several theoretical and
practical application fields, in the last two decades a great
deal of research effort has been devoted to the development of
effective id estimators. Though several techniques have been
proposed in the literature, the problem is still open for the
following main reasons.

At first, it must be highlighted that though Lebesgue’s
definition of topological dimension [6] (see Section 3.2) is
quite clear, in practice its estimation is difficult if only a finite
set of points is available. Therefore, id estimation techniques
proposed in the literature are either founded on different
notions of dimension (e.g., fractal dimensions, Section 3.2.1)
approximating the topological one or on various techniques
aimed at preserving the characteristics of data-neighborhood
distributions, which reflect the topology of the underlying
manifold. Besides, the estimated id value markedly changes
as the scale used to analyze the input dataset changes [7] (see
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(d) d ∼ 2

(c) d ∼ 1

(b) d ∼ 2

(a) d ∼ 0

Figure 1: At very small scales (a) the dataset seems zero-dimensional; in this example, when the resolution is increased until including all
the dataset (b) the id looks larger and seems to equal the embedding space dimension; the same effect happens when it is estimated at noise
level (d); the correct id estimate is obtained at an intermediate resolution.

an example in Figure 1), and with the number of available
points being practically limited, several methods underesti-
mate id when its value is sufficiently high (namely, id ⩾ 10).
Other serious problems arisewhen the dataset is embedded in
higher dimensional spaces through a nonlinear map. Finally,
the too high computational complexity of most estimators
makes them unpractical when the need is to process datasets
comprising huge amounts of high-dimensional data.

In this work, after recalling the application domains of
interest, we survey some of the most interesting, widespread
used, and advanced id estimators. Unfortunately, since each
method has been evaluated on different datasets, it is difficult
to compare them by solely analyzing the results reported
by the authors. This highlights the need of a benchmark
framework, such as the one proposed in this work, to
objectively assess and compare different techniques in terms
of robustness with respect to parameter settings, high-
dimensional datasets, datasets characterized by a highid, and
noisy datasets.

The paper is organized as follows: in Section 2 the
usefulness of the id knowledge is motivated and interesting
id application domains profitably exploiting it are recalled;
in Section 3 we survey notable state-of-the-art id estimators,
grouping them according to the employed methods; in
Section 4 we summarize mostly used experimental settings,
we propose a benchmark framework, and we employ it
to objectively assess and compare relevant id estimators;
in Section 5 conclusions and open research problems are
reported.

2. Application Domains

In this section we motivate the increasing research interest
aimed at the development of automatic id estimators, and
we recall different application contexts where the knowledge
of the id of the available input datasets is a profitable
information.

In the field of pattern recognition, the id is one of the first
and fundamental pieces of information required by several
dimensionality reduction techniques [8–12], which try to
represent the data in a more compact, but still informative,
way to reduce the “curse of dimensionality” effects [13].

Furthermore, when using an autoassociative neural network
to perform a nonlinear feature extraction, the id value 𝑑

can suggest a reasonable value for the number of hidden
neurons [14]. Indeed, a network with a single hidden layer of
neuronswith linear activation functions has an error function
with a unique global minimum and, at this minimum, the
network performs a projection on the subspace spanned
by the first 𝑑 principal components [15] estimated on the
dataset (see 8.6.2 of [2]), with 𝑑 being the number of hidden
neurons. Besides, according to statistical learning theory [16],
the capacity and generalization capability of a given classifier
may depend on the id. More specifically, in the particular
case of linear classifiers where the data are drawn from a
manifold embedded through an identical map, the Vapnik-
Chervonenkis (VC) dimension of the separation hyperplane
is 𝑑 + 1 (see [16], pp. 156–158). Since the generalization
error depends on the VC dimension, it follows that the
generalization capability may depend on the id value 𝑑.
Moreover, in [17] the authors mark that, in order to balance
a classifier generalization ability and its empirical error, the
complexity of the classification model should also be related
to the id of the available dataset. Furthermore, since complex
objects can be considered as structures composed bymultiple
manifolds that must be clustered to be processed separately,
the knowledge of the local ids characterizing the considered
object is fundamental to obtain a proper clustering [18].

These observations motivate applications employing
global or local id estimates to discover some structure within
the data. In the followingwe summarize or simply recall some
interesting examples [19–25].

In [19] the authors introduce a fractal dimension esti-
mator, called correlation dimension (CD) estimator (see
Section 3.2.1), and show that the id estimate it computes is
a reliable approximation of the strange attractor dimension
in chaotic dynamical systems.

In the field of gene expression analysis, thework proposed
in [20] shows that the id estimate computed by the nearest
neighbor estimator (described in [26] and Section 3.2.2) is a
lower bound for the number of genes to be used in super-
vised and unsupervised class separation of cancer and other
diseases. This information is important since generally used
datasets contain large number of genes and the classification
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results strongly depend on the number of genes employed to
learn the separation criteria.

In [21], the authors show that id estimation methods
being derived from the basis theory of fractal dimensions
([7, 19, 27], see Section 3.2.1) can be successfully used to
evaluate the model order in signals and time series, which
is the number of past samples required to model the time
series adequately and is crucial to make reliable predictions.
This comparativework employs fractal dimension estimators,
since the domain of attraction of nonlinear dynamic systems
has a very complex geometric structure, which could be
captured by closely related studies on fractal geometry and
fractal dimensions.

A noteworthy research work in the field of crystallog-
raphy [22] employs the fractal CD estimator [19] followed
by a correction method [28] that, according to the authors,
“is needed because the CD estimator, to give correct esti-
mations of the id, requires an unrealistically large number
of points.” Anyway, the experimental results show that
id is a useful information to be exploited when analyz-
ing crystal structures. This study not only proves that id
estimates are especially useful when dealing with practical
tasks concerning real data, but also underlines the need to
compute reliable estimates on datasets drawn frommanifolds
characterized by high id and embedded in spaces of much
greater dimensionality.

The work of Carter et al. [23] is very interesting and
notable because it is one of the first considering that the input
data might be drawn from a multimanifold structure, where
each submanifold has a (possibly) different id. To separate
the manifolds, the authors compute local id estimates, by
applying both a fractal dimension estimator (namely, MLE
[27]; see Section 3.2.1) and a nearest neighbor-based esti-
mator (described in [29, 30]; see Section 3.2.2) on properly
defined data neighborhoods. The authors then show that
the computed local ids might be helpful for the following
interesting applications: (1) “Debiasing global id estimates”:
the negative bias caused both by the limited number of
available sample points and by the curse of dimensionality
is reduced by computing global id estimates through a
weighted average of the local ones, which assign greater
importance to the points away from the boundaries. However
the authors themselves note that this method is only applica-
ble for data with a relatively low id, since in high dimensions
the points lie nearby the boundaries [31]. (2) “Statistical
manifold learning”: the local id estimates are used to reduce
the dimension of statistical manifolds [32], that is, manifolds
whose points represent a pdf.When this step is applied as the
first step of document classification applications, and analysis
of patients’ samples acquired in the field of flow cytometry,
it allows us to obtain lower dimensional points showing
a good class separation. (3) “Network anomaly detection”:
considering that the overall complexity of a router network is
decreased when few sources account for a disproportionate
amount of traffic, a decrease in the id of the entire network is
searched for. (4) “Clustering”: problems of data clustering and
image segmentation are dealt with by assuming that different
clusters and image patches belong to manifold structures
characterized by different complexity (and ids).

In [24], to the aim of analyzing gene expression time
series, the authors compute id estimates by comparing the
fractal CD estimator and the nearest neighbor (NN) estimator
[26]. The results on both simulated and real data show that
NN seems to bemore robust than CDwith respect to nonlinear
embedding and the underlying time-series model.

In the field of geophysical signal processing, hyperspec-
tral images, whose pixels represent spectra generated by
the combination of an unknown set of independent con-
tributions, called endmembers, often require estimating the
number of endmembers. To this aim, the proposal in [25] is
to substitute state-of-the-art algorithms specifically designed
to solve this taskwith id estimators. Aftermotivating the idea
by describing the relation between the id of a dataset and the
number of endmembers, the authors choose to experiment
two fractal id estimators [7, 19] and a nearest neighbor-
based one [33]. They obtain the most reliable results with
the latest one after opportunely tuning the number of nearest
neighbors to be considered.

Finally, other noteworthy examples of research works
that profitably exploit id and estimate it by usually applying
fractal dimension estimators concern financial time series
prediction [34], biomedical signal analysis [35–37], analysis
of ecological time series [38], radar clutter identification
[39], speech analysis [40], data mining and low dimensional
representation of (biomedical) time series [41], and plant
traits representation [42].

3. Intrinsic Dimension Estimators

In this section we survey some of the most notable, recent,
and effective state-of-the-art id estimators, grouping them
according to the main ideas they are based on.

Specifically, in Section 3.1 we describe projective id esti-
mators, which basically process a dataset P

𝑁
≡ {p

𝑖
}
𝑁

𝑖=1 ⊆

R𝐷 to identify a somehow appealing lower dimensional
subspace where to project the data; the space dimension of
the identified subspace is viewed as the id estimate.

More recent projective id estimators exploit the assump-
tion of datasets P

𝑁
≡ {p

𝑖
}
𝑁

𝑖=1 ⊆ R𝐷 being uniformly
drawn from a smooth (or locally smooth) manifold M ⊆

R𝑑, embedded into a higher 𝐷-dimensional space through
a nonlinear map; this is also the basic assumption of all the
other groups of methods that will be referred to as topological
id estimators (see Section 3.2) and graph-based id estimators
(see Section 3.3).

We note that the taxonomy we are using to group the
reviewed methods is different from the one, commonly used
by several authors in the past (as an example, see [43]), that
viewed methods as global, when id estimation is performed
by considering a dataset as a whole, or local, when all the
data neighborhoods are analyzed separately and an estimate
is computed by combining all the local results. All the recent
methods have abandoned the global approach since it is
now clear that analyzing a dataset at its biggest scale cannot
produce reliable results. They thus estimate the global id by
somehow combining local ids.This way of proceeding comes
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from the assumption that the underlying manifold is locally
smooth.

3.1. Projective id Estimators. The first projective id esti-
mators introduced in the literature explicitly compute the
mapping that projects input points P

𝑁
∈ R𝐷 to the subspace

M ⊆ R𝑑 minimizing the information loss [27, 43] and
therefore view the id as the minimal number of vectors lin-
early spanning the subspaceM. It must be noted that, since
these methods were originally designed for exploratory data
analysis and dimensionality reduction, they often require the
dimensionality ofM (the id to be estimated) to be provided
as input parameter. However, their extensions and variants
include methodologies to automatically estimate id.

Most of the projective id estimators can be grouped into
twomain categories: projection techniques based onMultidi-
mensional Scaling (MDS) [44, 45] or its variants, which tend
to preserve as much as possible pairwise distances among the
data, and projection techniques based on Principal Compo-
nent Analysis (PCA) [15, 46] and its variants that search for the
best projection subspaceMminimizing the projection error.

Some of the best known examples of MDS algorithms
are MDSCAL [47–52], Bennett’s algorithm [1, 53], Sammon’s
mapping [54], Curvilinear Component Analysis (CCA) [55],
ISOMAP [56], and Local Linear Embedding (LLE) [57]. As
shown by experiments reported in [56, 57] ISOMAP and
variants of LLE compute the most reliable id estimates. We
believe that their better performance is due to the fact that
both ISOMAP and LLE have been the first projective methods
based on the assumption that the input points are drawn from
an underlying manifold, whose curvature might affect the
precision of data neighborhoods computed by employing the
Euclidean distance. However, as noted in [58, 59], these algo-
rithms have shown that they suffer of all themajor drawbacks
affecting MDS-based algorithms, which are too much tied by
the preservation of the pairwise distance values. Besides, as
highlighted in [30], ISOMAP as an id estimator, as well as
other spectral based methods like PCA, relies on a specific
estimated eigenstructure that may not exist in real data.
Regarding LLE, it either requires the id value to be known
in advance or may automatically estimate it by analyzing
the eigenvalues of the data neighborhoods [60]; however,
as outlined in [7, 27], id estimates computed by means of
eigenvalue analysis are as unreliable as those computed by
most PCA-based approaches.Moreover, in [46] it is noted that
methods such as LLE are based on the solution of a sparse
eigenvalue problem under the unit covariance constraint;
however, due to this imposed constraint, the global shape of
the embedded data cannot reflect the underlying manifold.

PCA [15, 46] is one of the most cited and well-known
projective id estimators, often used as the first step of several
pattern recognition problems, to compute low dimensional
representations of the available datasets.WhenPCA is used for
id estimation, the estimate is the number of “most relevant”
eigenvectors of the sample covariance matrix, also called
principal components (PCs). Due to the promising dimen-
sionality reduction results, several PCA-based approaches,
both deterministic and probabilistic, have been published.

Among deterministic approaches, we recall the Kernel PCA
(KPCA) [61] and the local PCA (LPCA) [62] and its extensions
to automatically select the number ofPCs [63, 64].Weobserve
that the work presented in [64] is one of the first works
that estimates id by considering an underlying topological
structure and therefore applies LPCA on data neighborhoods
represented by an Optimally Topology Preserving Map
(OTPM) built on clustered data (given an input dataset P

𝑁
,

its OTPM is usually computed through Topology Representing
Networks (TRNs); these are unsupervised neural networks
[65] developed to map P

𝑁
to a set of neurons whose learnt

connections define proximities in P
𝑁
. These proximities

correspond to the optimal topology preserving Voronoi
tessellation and the corresponding Delaunay triangulation.
In other words, TRNs compute connectivity structures that
define and perfectly preserve the topology originally present
in the data, forming a discrete path-preserving representa-
tion of the inner (topological) structure of the topological
manifold underlying the dataset P

𝑁
). The authors of this

method state that their approach is more efficient and less
sensitive to noise with respect to the PCA-based approaches.
However, they do not show any experimental comparison
and, besides, their algorithmemploys critical thresholds and a
data clustering technique whose result heavily influences the
precision of the computed estimate [27].

The usage of a probabilistic approach has been firstly
introduced by Tipping and Bishop in [66]. Considering that
deterministic methodologies lack an associated probabilistic
model for the observed data, their Probabilistic PCA (PPCA)
reformulates PCA as the maximum likelihood solution of a
specific latent variable model. PPCA and its extensions to
both mixture and hierarchical mixture models have been
successfully applied to several real problems, but they still
provide an id-estimation mechanism depending on critical
thresholds. This motivates its subsequent variants [67] and
developments, whose examples are Bayesian PCA (BPCA) [68]
and two Bayesian model order selection methods introduced
in [69, 70]. In [71] the asymptotic consistency of id estima-
tion by (constrained) isotropic version of PPCA is shown with
numerical experiments on simulated and real datasets.

While the aforementioned methods have been simply
recalled since their id estimation results have shown to be
unreliable [7, 27], in the following recent and promising
proposals are described with more details.

The Simple Exponential Family PCA (SePCA) [72] has
been developed to overcome the assumption of Gaussian-
distributed data that makes it difficult to handle all types
of practical observations, for example, integers and binary
values. SePCA achieves promising results by using exponen-
tial family distributions; however, it is highly influenced by
critical parameter settings and it is successful only if the data
distribution is known, which is often not the case, specially
when highly nonlinear manifold structures must be treated.

In [73] the authors propose the Sparse Probability PCA
(SPPCA) as a probabilistic version of the Sparse PCA (SPCA)
[74]. Precisely, SPCA selects id by forcing the sparsity of
the projection matrix that is the matrix containing the
PCs. However, based on the consideration that the level of
sparsity is not automatically determined by SPCA, SPPCA
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employs a Bayesian formulation of SPCA, achieving sparsity
by employing a different prior and automatically learning the
hyperparameter related to the constraint weight through Evi-
dence Approximation ([75] Section 3.5). The authors’ results
and also the results of the comparative evaluation proposed
in [76] show that this method seems to be less affected by the
problems of the aforementioned projective schemes.

An alternative method (MLSVD) [77] applies Singular
ValueDecomposition (SVD), basically a variant of PCA, locally
and in a multiscale fashion to estimate the id characterizing
𝐷-dimensional datasets drawn from nonlinearly embedded
𝑑-dimensional manifolds M corrupted by Gaussian noise.
Precisely, exploiting the same ideas of the theoretical PCA-
based id estimator presented in [78], the authors note that the
best way to avoid the effects of the curvature (induced by the
nonlinearity of the embedding) is to apply SVD locally, that
is, in hyperspheresB(p, 𝑟) centered on the data points p and
having radius 𝑟. However, the choice of 𝑟 is constrained by the
following considerations: (1) 𝑟 must be big enough to have at
least 𝑘 ≥ 𝑑 neighbors, (2) 𝑟 must be small enough to ensure
thatM∩B is linear (or at least smooth), and (3) 𝑟must be big
enough to ensure that the effects of noise are negligible.When
these three constraints are met, the tangent space 𝑇

𝑑

M(p, 𝑟),
computed by applying SVD on the 𝑘 neighbors, is a good
approximation of the tangent space of M ∩ B and the
number of its relevant eigenvalues corresponds to the (local)
id of M. To find a proper value for 𝑟, the authors propose
a multiscale approach that applies SVD on neighborhoods
B(p, 𝑟

𝑠
) whose radius varies in a range 𝑟

𝑠
∈ {𝑟

𝐿
, . . . , 𝑟

𝐻
}. This

allows us to compute𝐷 scale-dependent, local singular values
𝜆1(p, 𝑟𝑠) ≥ ⋅ ⋅ ⋅ ≥ 𝜆

𝐷
(p, 𝑟

𝑠
); using a least squares fitting proce-

dure the SVs can be expressed as functions of 𝑟whose analysis
allows us to identify the range of scales [𝑟min, . . . , 𝑟max] not
influenced by either noise or curvature. Finally, in the range
𝑟
𝑠
= [𝑟min, . . . , 𝑟max] the squared SVs are analyzed to get the

id estimate 𝑑 that maximizes the gap Δ(𝑗) = 𝜆
𝑗
(p, 𝑟

𝑠
) −

𝜆
𝑗+1(p, 𝑟𝑠) for the largest range of 𝑟𝑠. The proposed algorithm

has been evaluated on unit 𝑑-dimensional hyperspheres and
cubes embedded inR100 and affected by Gaussian noise.The
reported results are very good, while other ten well-known
methods [19, 23, 27, 30, 79–81] show that the ids estimated on
the same datasets are unreliable also in the absence of noise.

3.2. Topological Approaches. Topological approaches for id
estimation consider a manifold M ⊆ R𝑑 embedded in
a higher dimensional space R𝐷 through a proper (locally)
smooth map 𝜙 : M → R𝐷 and assume that the given
dataset is P

𝑁
= {p

𝑖
}
𝑁

𝑖=1 = {𝜙(x
𝑖
)}

𝑁

𝑖=1 ⊂ R𝐷, where x
𝑖
are

independent identically distributed (i.i.d.) points drawn from
M through a smooth probability density function (pdf) 𝑓 :

M → R+.
Under this assumption the id to be estimated is the

manifold’s topological dimension, defined either through the
firstly proposed Brouwer Large Inductive Dimension [82]
or the equivalent Lebesgue Covering Dimension [83]. Since
Brouwer’s definition has been soon neglected by mathe-
maticians for its difficult proof [83], the commonly adopted

topological dimension definition is Lebesgue’s Covering
Dimension, reported in the following.

Definition 1 (cover). Given a topological spaceX, a cover of
a setY ⊆ X is a countable collectionC = {C

𝑖
} of open sets

such that eachC
𝑖
⊂ X and ⋃

𝑖
C

𝑖
⊇ Y.

Definition 2 (refinement of a cover). A refinement of a cover
C of a set Y is another coverC such that each set inC is
contained in some sets ofC.

Definition 3 (topological dimension (Lebesgue Covering
Dimension)). Given the aforementioned definitions, the
topological dimension of the topological spaceX, also called
Lebesgue Covering Dimension, is 𝑑 if every finite cover ofX
admits a refinement C such that no subset of X has more
than 𝑑 + 1 intersecting open sets in C. If no such minimal
integer value exists, X is said to be of infinite topological
dimension.

To our knowledge, at the state of the art only two
estimators have been explicitly designed to estimate the
topological dimension.

One of them, the Tensor Voting Framework (TVF) [84]
and its variants [85], relies on the usage of an iterative
information diffusion process based on Gestalt principles of
perceptual organization [86]. TVF iteratively diffuses local
information describing, for each p

𝑖
∈ P

𝑁
, the tangent space

approximating the underlying neighborhood of M. To this
aim, the information diffused at each iteration is second-
order symmetric positive definite tensors whose eigenvectors
span the local tangent space. Practically, during the initial-
ization step a ball tensor T0

𝑖
, which is an identity matrix

representing the absence of orientation, is used to initialize
a token 𝑝

𝑖
for each point p

𝑖
as {𝑝

𝑖
= (p

𝑖
,T0

𝑖
)}

𝑁

𝑖=1. During
iteration 𝑡 each token 𝑝

𝑖
“generates” the set of tensors {T𝑡

𝑖,𝑗
}
𝑗 ̸=𝑖

that enact as votes cast to neighboring tokens; precisely,
T𝑡

𝑖,𝑗
is sent to the 𝑗th neighbor, and it encodes information

related to the local tangent space estimate in p
𝑖
at time 𝑡

and decays as the curvature and the distance from the 𝑗th
neighbor increase. On the other side, at iteration 𝑡 each token
𝑝
𝑗
receives votes that are summed to update the 𝑝

𝑗
’s tensor

as T𝑡+1
𝑗

= ∑
𝑖 ̸=𝑗

T𝑡

𝑖,𝑗
; this essentially refines the estimate of

the local tangent space in p
𝑗
. Based on the definition of

topological dimension provided by Brouwer [82], in [87] it
is noted that TVF can be employed to estimate the local ids
by identifying the number of most relevant eigenvalues of the
computed second-order tensors. Although interesting, this
method has a too high computational cost, which makes it
unfeasible for spaces of dimension 𝐷 ≥ 4.

From the definition of Lebesgue Covering Dimension
it can be derived [88] that the topological dimension of
any M ⊆ R𝑑 coincides with the affine dimension 𝑑 of a
finite simplicial complex (a simplicial complex in R𝑑 has
affine dimension 𝑑 if it is a collection of affine simplexes
in R𝑑, having at most dimension 𝑑 or having at most 𝑑 +

1 vertices) covering M. This essentially means that a 𝑑-
dimensional manifold could be approximated by a collection



6 Mathematical Problems in Engineering

of 𝑑-dimensional simplexes (each having at most 𝑑 + 1
vertices); therefore, the topological dimension of M could
be practically estimated by analyzing the number of vertices
of the collection of simplexes estimated on P

𝑁
. To this aim,

in [89] a method is proposed to find the number of relevant
positive coefficients that are needed to reconstruct each p

𝑖
∈

P
𝑁

from a linear combination of its 𝑘 neighbors, where 𝑘

is a parameter to be manually set in the range 𝑑 < 𝑘 ≤

𝐷 + 1. This algorithm is based on the fact that neighbors
with positive reconstruction coefficients are the vertices of a
simplex with dimension equal to the topological dimension
of M. Practically, to ensure that 𝑘 > 𝑑, its value is set to
𝐷, the reconstruction coefficients are calculated by means
of an optimization problem constrained to be nonnegative,
and the coefficients bigger than a user-defined threshold are
considered as the relevant ones. The id estimate is then
computed by employing two alternative approaches: the first
one simply computes the mode of the number of relevant
coefficients for each neighborhood and the second one sorts
in descending order the coefficients computed for each neigh-
borhood, computes the mean c of the sorted coefficients, and
estimates id as the number of relevant values in c. Note that,
since 𝑘 > 𝑑, this method is strongly affected by the curvature
of themanifold when the id is big enough. Indeed, the results
of the reported experimental evaluation make the authors
assert that the method works well only on noisy-free data of
low id (id ≤ 6), under the assumption that the sampling
process is uniform and the data points are sufficient.

Though interesting, both approaches have shown to be
effective only for manifolds of low curvature as well as low
id values.

In the following we survey other id estimators employing
two different estimation approaches, which allow us to cate-
gorize them. More precisely, in Section 3.2.1 fractal id esti-
mators are described, which estimate different fractal dimen-
sions since they are good approximations of the topological
one; in Section 3.2.2 nearest neighbors-based (𝑁𝑁) id estima-
tors are recalled, which are often based on the statistical anal-
ysis of the distribution of points within small neighborhoods.

3.2.1. Fractal id Estimators. Since topological dimension
cannot be practically estimated, several authors implicitly
assume thatM has a somehow fractal structure (see [90] for
an exhaustive description of fractal sets) and estimate id by
employing fractal dimension estimators, the most relevant of
which are surveyed in this section.

Very roughly, since the basis concept of all fractal dimen-
sions is that the volume of a 𝑑-dimensional ball of radius
𝑟 scales with its size 𝑠 as 𝑟

𝑑 [90, 91], all fractal dimension
estimators are based on the idea of counting the number of
observations in a neighborhood of radius 𝑟 to (somehow)
estimate the rate of growth of this number. If the estimated
growth is 𝑟𝑑, then the estimated fractal dimension of the data
is considered to be equal to 𝑑.

Note that all the derived estimators have the fundamental
limitation that, in order to get an accurate estimation, the size
𝑁 of the dataset with id 𝑑 has to satisfy the inequality proved

by Eckmann and Ruelle in [92] for the correlation dimension
estimator (CD [19], see below):

𝑑 <
2

log (1/𝜌)
∗ log𝑁,

being 𝜌 =
𝑟

𝐷
≪ 1, 1

2
𝑁

2
(

𝑟

𝐷
)

𝑑

≫ 1.

(1)

This will lead to a large value of 𝑁, even for a dataset with
lower id.

Among fractal dimension estimators, one of the most
cited algorithms is presented in [19] and will be referred to
as CD in the following. It is an estimator of the correlation
dimension (dimCorr), whose formal definition is as follows.

Definition 4 (correlation dimension). Given a finite sample
set P

𝑁
, let

𝐶
𝑁 (𝑟) =

2
𝑁(𝑁 − 1)

𝑁

∑

𝑖=1,𝑖<𝑗
𝐼 (𝑟 −


p
𝑖
− p

𝑗


) , (2)

where ‖ ⋅ ‖ is the Euclidean norm and 𝐼(⋅) is the step function
used to simulate a closed ball of radius 𝑟 centered on each
p
𝑖
(𝐼(𝑦) = 0 if 𝑦 < 0, and 𝐼(𝑦) = 1 otherwise). Then, for a

countable set, the correlation dimension dimCorr is defined as

dimCorr = lim
𝑟→ 0

lim
𝑁→∞

log𝐶
𝑁 (𝑟)

log 𝑟
. (3)

In practice CD computes an estimate, 𝑑, of dimCorr by
computing 𝐶

𝑁
(𝑟) for different 𝑟

𝑖
and applying least squares

to fit a line through the points (log 𝑟
𝑖
; log𝐶

𝑁
(𝑟

𝑖
)). It has to

be noted that, to produce correct id estimates, this estimator
needs a very large number of data points [22], which is never
available for practical applications; however, the computed
unreliable estimations can be corrected by the correction
method proposed in [28].

The relevance of the CD estimator is shown by its several
variants and extensions. An example is the work proposed in
[91], where the authors propose a normalized CD estimator
for binary data and achieve estimates approximating those
computed by CD.

Since CD is heavily influenced by the setting of the scale
parameters, in [93] the authors estimate the id by computing
the expectation value of dimCorr through maximum likeli-
hood estimate of the distribution of distances among points.
The estimated 𝑑 is computed as

𝑑 = −(
1
|𝑄|

|𝑄|

∑

𝑘=1
𝑟
𝑘
)

−1

, (4)

where 𝑄 is the set 𝑄 = {𝑟
𝑘

| 𝑟
𝑘

< 𝑟} and 𝑟
𝑘
is the Euclidean

distance between two generic data points and 𝑟 is a real value,
called cut-off radius.

To develop an estimator more efficient than CD, in [94]
the authors choose a different notion of Fd, namely, the
Information Dimension dim

𝐼
:

dim
𝐼
= − lim

𝛿→ 0

∑
N(𝛿)

𝑖=1 𝑝𝑟
𝑖
(log𝑝𝑟

𝑖
)

log 𝛿
, (5)
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whereN(𝛿) is the minimum number of 𝛿-sized hypercubes
covering a topological space and 𝑝𝑟

𝑖
is the probability of find-

ing a point in the 𝑖th hypercube. Noting that when the scale
𝛿 in (5) is big enough the different coverings used to estimate
dim

𝐼
could produce different values for N(𝛿), the authors

look for the covering composed by the minimum number
Nmin(𝛿) of nonempty sets. Similar to the CD algorithm, the
id is the average slope of the curve obtained by fitting the
points with coordinates (log 𝛿;∑

Nmin(𝛿)
𝑖=1 𝑝𝑟

𝑖
log𝑝𝑟

𝑖
).

This algorithm is comparedwith the CD estimator, and the
experimental tests show that bothmethods compute the same
estimates. However, the achieved computation time is much
lower than that of CD.

Considering that CD can severely underestimate the
topological dimension if the data distribution on the man-
ifold is nearly nonuniform, in [7] the author proposes the
Packing Number (PN), a fractal dimension estimator that
approximates the Capacity Dimension (dimCap). This choice
is motivated by the fact that dimCap does not depend on the
data distribution on the manifold and, if both dimCap and
the topological dimension exist (which is certainly the case
in machine learning applications), the two dimensions agree.
To formally define dimCap, the 𝜖-covering numberN(𝜖) of a
setS ⊂ Xmust be defined;N(𝜖) is theminimumnumber of
open ballsB(x0, 𝜖) = {x ∈ X : ‖x0−x‖ < 𝜖}whose union is a
covering ofS, where ‖ ⋅ ‖ is a distance metric. The definition
of dimCap of S ⊂ X is based on the observation that the
covering numberN(𝜖) of a𝑑-dimensional set is proportional
to 𝜖

−𝑑:

dimCap = − lim
𝜖→ 0

logN (𝜖)

log 𝜖
. (6)

Since the estimation of N(𝜖) is computationally expen-
sive, based on the relation N(𝜖) ≤ NPack(𝜖) ≤ N(𝜖/2),
the authors employ the 𝜖-Packing NumberNPack(𝜖), defined
in [95] as the maximum cardinality of an 𝜖-separated set.
Employing a greedy algorithm to compute NPack(𝜖), the
estimate, 𝑑, of dimCap is computed as

𝑑 (𝜖1, 𝜖2) = −
logNPack (𝜖1) − logNPack (𝜖2)

log 𝜖1 − log 𝜖2
. (7)

To estimate 𝑑 a greedy algorithm is used; however, as noted
by the author, the dependency of 𝑑 with respect to the order
in which the points are visited by the greedy algorithm intro-
duces a high variance. To avoid this problem, the algorithm
iterates the procedure 𝑀 times on random permutations of
the data and considers the average as the final id estimate.
The comparative evaluation with the CD estimator makes the
authors assert that PN “seems more reliable if data contains
noise or the distribution on the manifold is not uniform.”
Unfortunately, also this method is scale-dependent.

To avoid any scale-dependency in [79] the authors
propose an estimator (Hein) based on the asymptotes of
a smoothed version of (2), obtained by replacing the step

function 𝐼(⋅) with a suitable kernel function. Precisely, they
define

𝑈 (𝑁, ℎ, 𝑑) =
2

𝑁(𝑁 − 1)

𝑁

∑

1≤𝑖<𝑗≤𝑁

1
ℎ𝑑

𝐾
ℎ
(


p
𝑖
− p

𝑗



ℎ2
) , (8)

where 𝐾
ℎ

is a kernel function with bandwidth ℎ and
𝑑 is the assumed dimensionality of the manifold from
which the points are sampled. Note that, to guarantee the
converge of (8), the bandwidth ℎ has to fulfill the constraint
lim

𝑁→∞
(𝑁ℎ

𝑑
) = ∞. For this reason the authors formalize

ℎ as a function of 𝑁 and, to achieve scale-independency,
propose a method that estimates the id by analyzing the con-
vergence of𝑈(𝑁, ℎ, 𝑑)when varying the parameters𝑁 and 𝑑.
Precisely, the dataset is subsampled to create sets of different
cardinalities 𝑛sub ∈ Nsub = {𝑁,𝑁/2, 𝑁/3, 𝑁/4, 𝑁/5} and the
𝐷 curves whose points have coordinates (𝑈(𝑛sub, ℎ(𝑛sub), 𝑑),
𝑛sub) are considered. Employing this information the
following id estimator is proposed:

Slope (𝑑) = max
𝑛sub∈Nsub



𝜕𝑈 (𝑛sub, ℎ (𝑛sub) , 𝑑)

𝜕𝑛



,

𝑑 = arg min
𝑑∈{1,...,𝐷}

Slope (𝑑) .
(9)

This work is notable since the empirical tests are performed
on synthetic datasets specifically designed to study the
influence of high curvature as well as noise on the proposed
estimator. The usefulness of these datasets is confirmed by
the fact that they have been also employed to assess several
subsequent methods [76, 96].

In [97] the authors present a fractal dimension estimator
derived by the analysis of a vector quantizer applied to
datasets P

𝑁
⊆ R𝐷. Considering the codebook Y = {y1, . . . ,

y
𝑘
} ⊂ R𝐷 containing 𝑘 code-vectors y

𝑖
, a k-point quantizer

is defined by a measurable function 𝑄
𝑘

: R𝐷
→ Y, which

brings each data point to one of the code-vectors in Y. This
partitions the dataset into 𝑘 so-called quantizer cells S

𝑖
=

{p
𝑖
∈ P

𝑁
: 𝑄

𝑘
(p

𝑖
) = y

𝑖
}, where log2(𝑘) is called the rate of the

quantizer. Being X a random vector distributed according to
a probability distribution ], the quantization error is 𝑒

𝑟
(𝑄

𝑘
|

]) = (𝐸][‖X − 𝑄
𝑘
(X)‖

𝑟
])
1/𝑟, where 𝑟 ∈ [1,∞) and ‖ ⋅ ‖ is the

Euclidean norm inR𝐷. Given the setQ
𝑘
of all𝐷-dimensional

𝑘-point quantizers, the performance achieved by an optimal
𝑘-point quantizer on X is 𝑒

∗

𝑟
(𝑄

𝑘
| ]) = inf

𝑄𝑘∈Q𝑘
(𝑒

𝑟
(𝑄

𝑘
| ])).

When the quantizer rate is high, the quantizer cells can bewell
approximated by 𝐷-dimensional hyperspheres with radius
equal to 𝜖 and centered on each code-vector y

𝑖
∈ Y. In

this case, the regularity of ] ensures that the probability of
such balls is proportional to 𝜖

1/𝑑, and it can be shown [98]
that 𝑒

∗

𝑟
(𝑄

𝑘
| ]) ≈ 𝑘

−1/𝑑. This is referred to as the high-rate
approximation and motivates the definition of quantization
dimension of order 𝑟:

𝑑
𝑟 (]) = − lim

𝑘→∞

log 𝑘

log 𝑒∗
𝑟
(𝑘 | ])

. (10)
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The theory of high-rate quantization [98] confirms that, for
a regular ] supported on the manifold M, 𝑑

𝑟
(]) exists for

each 1 ≤ 𝑟 ≤ ∞ and equals the intrinsic dimension of M.
Furthermore, the limit 𝑘 → ∞ allows us to motivate the
relation between the quantization dimension and the Capac-
ity Dimension. Indeed, according to the theory of high-rate
quantization [98, 99], there exists a decreasing sequence {𝜖

𝑘
},

such that for sufficiently large values of 𝑘 (i.e., in the high-rate
regime that is when 𝑘 → ∞) the ratio −(log 𝑘)/(log 𝑒

∗

𝑟
(𝑘 |

])) can be approximated increasingly finely, both from below
and from above, by quantities converging to the common
value dimCap. To practically compute an estimate of the quan-
tization dimension, having fixed the value of 𝑟, the authors
select a range 𝑘1 ≤ 𝑘 ≤ 𝑘2 of codebook sizes and design
a set of quantizers {𝑄

𝑘
}
𝑘2
𝑘=𝑘1

giving good approximations
𝑒
𝑟
(𝑘 | ]) of 𝑒

∗

𝑟
(𝑘 | 𝑝) over the chosen range of 𝑘. An id

estimate is obtained by fitting the points with coordinates
(log(𝑘); − log 𝑒

𝑟
(𝑘 | ])) and measuring the average slope

over the chosen range 𝑘. Though the authors mention that
their algorithm is less affected by underestimation biases than
neighborhood-basedmethods (see Section 3.2.2), in [23] this
statement is confuted with theoretical arguments.

3.2.2. Nearest Neighbors-Based id Estimators. In this section
we consider estimators, referred to as 𝑁𝑁 estimators in the
following, that describe data-neighborhoods’ distributions as
functions of 𝑑. They usually assume that close points are uni-
formly drawn from small 𝑑-dimensional balls (hyperspheres)
B

𝑑
(x, 𝑟) having radius (a small radius 𝑟 → 0 ∈ R+ guar-

antees that samples included into B
𝑑
(x, 𝑟), being less influ-

enced by the curvature induced by the map 𝜙, are approxi-
mating well enough the intrinsic structure of the underlying
portion ofM) 𝑟 → 0 ∈ R+ and being centered on x ∈ M.

Practically, given an input dataset P
𝑁
, the value of

functions 𝑓(𝑑) is computed by approximating the sampling
process related to B

𝑑
through the 𝑘-nearest neighbor algo-

rithm (kNN).
Among𝑁𝑁 id estimators, Trunk’s method [100] is often

cited as one of the firstmethods. It formulates the distribution
function, 𝑓(𝑑), with an ad hoc statistic based on geometric
considerations concerning angles; in practice, having fixed a
threshold 𝛾 and a starting value for the parameter 𝑘, it applies
kNN to find the neighbors of each p

𝑖
∈ P

𝑁
and calculates

the angle ]
𝑖
between the (𝑘 + 1)th-nearest neighbor and the

subspace spanned by the 𝑘-nearest neighbors. Considering
a threshold parameter 𝛾, if (1/𝑁)∑

𝑁

𝑖=1 ]𝑖 ≤ 𝛾, then 𝑘 is
considered as the id estimate; otherwise, 𝑘 is incremented
by 1 and the process is repeated. The main limitation of this
method is the difficult choice of a proper value for 𝛾.

The work presented by Pettis et al. [26] is notable since it
is one of the first works providing a mathematical motivation
for the use of nearest-neighbor distances.

Indeed, for an i.i.d. sample P
𝑁

⊆ R𝐷 drawn from a
density distribution 𝑝(x) inR𝑑, the following approximation
holds:

𝑘

𝑁
≃ 𝑝 (x) 𝑉 (𝑑) 𝑟

𝑑
, (11)

where 𝑘 is the number of nearest neighbors to x within the
hypersphereB

𝑑
(x, 𝑟) of radius 𝑟 and centered on x and𝑉(𝑑)

is the volume of the (unit 𝑑-dimensional) ball inR𝑑.
Thismeans that the proportion of sample points falling in

B
𝑑
(x, 𝑟) is roughly approximated by𝑝(x) times the volumeof

B
𝑑
(x, 𝑟). Since this volume grows as 𝑟𝑑, assuming the density

𝑝(𝑥) to be a constant, it follows that the number of samples
in B

𝑑
(x, 𝑟) is proportional to 𝑟

𝑑. From the relationship in
(11), and assuming that the samples are locally uniformly
distributed, the authors derive an id estimator for 𝑑:

𝑑 =
𝑟
𝑘

𝑘 (𝑟
𝑘+1 − 𝑟

𝑘
)
, (12)

where 𝑟
𝑘
is the average of the distances from each sample

point to its 𝑘th nearest neighbors; defining 𝑟
(𝑘)

𝑖
as the distance

between x
𝑖
and its 𝑘th-nearest neighbor, 𝑟

𝑘
is expressed as

𝑟
𝑘
= (1/𝑁)∑

𝑁

𝑖=1 𝑟
(𝑘)

𝑖
.

Since this algorithm is limited by the choice of a suitable
value for parameter 𝑘, in [63] the authors propose a variant
which considers a range of neighborhood sizes [𝑘min, 𝑘max].
However, in the same work the authors themselves show that
this technique generally yields an underestimate of the id
when its value is high.

Taking into account relation (11), in [101] the number𝑁B𝑑
of data points inB

𝑑
(x, 𝑟) is described by a polynomial𝑓(𝑟) =

∑
𝑑

𝑠=0 𝛽𝑠
𝑟
𝑠 of degree 𝑑. In practice, considering p

𝑖
, p

𝑘
∈ P

𝑁
,

calling 𝑟
𝑖𝑘

= ‖p
𝑖
− p

𝑘
‖ the interpoint distances, and being 𝑟 =

min𝑁

𝑖,𝑘=1𝑟𝑖𝑘, 𝑅 a parameter adaptively estimated (to estimate
𝑅 by means of P

𝑁
, the radius value corresponding to the first

significant peak of the histogramof the 𝑟
𝑖𝑗
s is found), a set of 𝑛

radius values r = {𝑟
𝑗
= 𝑟+𝑗(𝑅−𝑟)/𝑛}

𝑛

𝑗=1 is selected and used to
calculate 𝑛 pairs {(𝑟

𝑗
, 𝑓(𝑟

𝑗
))}

𝑛

𝑗=1, where 𝑓(𝑟
𝑗
) = #[𝑟

𝑖𝑘
< 𝑟

𝑗
]
𝑁

𝑖,𝑘=1
is the number of interpoint distances strictly lower than 𝑟

𝑗
. To

estimate the coefficients {𝛽
𝑗
}
𝐷

𝑗=1, the computed pairs are fit by
a least squares fitting procedure that estimates exactly 𝐷 + 1
coefficients. Since by hypothesis the degree of 𝑓 is 𝑑, the sig-
nificance test described in [17] is used to estimate the degree 𝑑
of𝑓, which is considered as the id estimate.The comparative
evaluation of this algorithm with the well-known Maximum
Likelihood Estimator (MLE) [27] and its improved version
[102], both described below, has shown that it is more robust
than them when dealing with high-dimensional datasets.

MLE [27], one of the most cited estimators, treats the
neighbors of each pointp

𝑖
∈ P

𝑁
as events in a Poisson process

and the distance 𝑟
(𝑗)

(p
𝑖
) between the query point p

𝑖
and its

𝑗th nearest neighbor as the event’s arrival time. Since this
process depends on 𝑑, MLE estimates id by maximizing the
log-likelihood of the observed process. In practice a local id
estimate is computed as

𝑑 (p
𝑖
, 𝑘) = (

1
𝑘

𝑘

∑

𝑗=1
log

𝑟
(𝑘+1)

(p
𝑖
)

𝑟(𝑗) (p
𝑖
)

)

−1

. (13)

Averaging the 𝑑(p
𝑖
, 𝑘)s, the global id estimate is 𝑑(𝑘) =

(1/𝑁)∑
𝑁

𝑖=1 𝑑(p𝑖
, 𝑘).
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The theoretical stability of the proposed id estimator for
data living in 𝐶

1 submanifold of R𝐷, 𝑑 ≤ 𝐷, and for data
in an affine subspace of R𝐷 has been proved, respectively,
in [103, 104]. Though the authors’ comparative evaluation
shows the superior performance of the proposed estimator
with respect to the CD estimator [19] (see Section 3.2.1) and
the NN estimator [26], they further improve it by removing its
dependency from the parameter 𝑘; to this end, different val-
ues for 𝑘 are adopted and the computed results are averaged
to obtain the final id estimate: 𝑑 = (1/𝑡) ∑

𝑘∈{𝑘1 ,...,𝑘𝑡}
𝑑(𝑘).

Considering that, in practice, MLE is highly biased for
both large and small values of 𝑘, a variant of MLE is proposed
in [102], where the arithmetic mean is substituted with the
harmonic average, leading to the following estimator: 𝑑(𝑘) =

((1/𝑁)∑
𝑁

𝑖=1(1/𝑑(p𝑖
, 𝑘)))

−1.
Though the proposal in [102] seems to achievemore accu-

rate results, it is based on the assumption that neighbors sur-
rounding each p

𝑖
are independent, which is clearly incorrect.

To cope with this problem, in [105] an interesting regularized
version of MLE applies a regularized maximum likelihood
technique to distances between neighbors. The comparative
evaluation with the aforementioned MLE methods [27, 102]
makes the authors state that, though the method might be
the first to converge to the actual estimate given enough data
points, its estimation accuracy is comparable to that achieved
by the competing schemes.

In [59, 106] a further improvement of MLE is presented;
it achieves a better performance by substituting euclidean
distances with geodesic ones.

Despite the good results achieved by MLE-based
approaches, these techniques have shown to be affected by
the curvature induced by 𝜙 on the manifold neighborhoods
approximated by kNN. To reduce this effect, various id
estimators have been proposed in [76, 107]; here, we review
those achieving the most promising experimental results.

In [107] the authors firstly propose a family of id esti-
mators (MiNDML∗), which exploit the pdf 𝑔(𝑟; 𝑘, 𝑑) describing
the distance 𝑟

(1)
(x) between the center x of B

𝑑
(x, 𝑟), x ∈

M, 𝑟 → 0+ and its nearest neighbor. Briefly, formulating
𝑔(𝑟; 𝑘, 𝑑) as a function of the id value 𝑑 (𝑔(𝑟; 𝑘, 𝑑) =

𝑘𝑑𝑟
𝑑−1

(1 − 𝑟
𝑑
)
𝑘−1), the id estimator is computed by a

maximum likelihood approach.
After noting that this algorithm is still affected by a bias

causing underestimations when the dataset dimensionality
becomes sufficiently high (i.e., 𝑖𝑑 ≥ 10), the authors present
theoretical considerationswhich relate the bias to the fact that
id estimators based on nearest-neighbor distances are often
founded on statistics derived under the assumption that the
amount of available data is unlimited, which is never the case
in practical applications. Based on these considerations, two
different estimators, named MiNDKL and IDEA, are presented.

MiNDKL compares the empirical pdf of the neighborhood
distances computed on the dataset (𝑔Data) with the distribu-
tion of the neighborhood distances computed from points
uniformly drawn from hyperspheres of known increasing
dimensionality (𝑔𝑑

Sphere). The id estimate is the dimen-
sionality that minimizes their Kullback-Leibler divergence

KL(𝑔Data, 𝑔
𝑑

Sphere), which is evaluated by means of the data-
driven technique proposed in [108].

IDEA relies on the authors’ observation that the quantities
1 − 𝑟

(𝑗)
(p

𝑖
)/𝑟

(𝑘+1)
(p

𝑖
) are distributed according to the beta

distribution 𝛽1,𝑑 with parameters 1 and 𝑑, respectively.
Therefore, since E[𝛽1,𝑑] = 𝑚 = 1/(1 + 𝑑), a consistent id
estimator 𝑑 ≃ 𝑑 equals

𝑑 =
�̂�

1 − �̂�
≃ 𝑑 =

𝑚

1 − 𝑚
,

where �̂� =
1

𝑁𝑘

𝑁

∑

𝑖=1

𝑘

∑

𝑗=1

𝑟
(𝑗)

(p
𝑖
)

𝑟(𝑘+1) (p
𝑖
)

≃ 𝑚.

(14)

To reduce the effect of the aforementioned bias, IDEA finally
applies an asymptotic correction step that, inspired by the
correction method presented in [28], models the underesti-
mation error by considering both the base algorithm and the
given dataset.

Motivated by the promising results achieved by MiNDKL,
in [76] the authors propose its extension, namely, DANCo; it
further reduces the underestimation effect by combining an
estimator employing normalized nearest-neighbor distances
with one employing mutual angles. More precisely, DANCo
compares the statistics estimated on P

𝑁
with those estimated

on (uniformly drawn) synthetic datasets of known id. The
comparisons are performed by two Kullback-Leibler diver-
gences applied to the distribution of normalized nearest-
neighbor distances 𝑔(𝑟; 𝑘, 𝑑), having 𝑔(𝑟; 𝑘, 𝑑) = 𝑘𝑑𝑟

𝑑−1
(1 −

𝑟
𝑑
)
𝑘−1, and the distribution of pairwise angles 𝑞(x; ^, 𝜏),

𝑞(x; ^, 𝜏) being the von Mises-Fisher distribution (VMF) [109]
with parameters ^ and 𝜏.

The id estimate 𝑑 is the one minimizing the sum of the
two divergences:

𝑑 = arg min
𝑑∈{1,...,𝐷}

KL (𝑔Data, 𝑔
𝑑

Sphere)

+KL (𝑞Data, 𝑞
𝑑

Sphere) .

(15)

A fast implementation of DANCo (Fast-DANCo) is also devel-
oped. Comparative evaluations show that this algorithm
achieves promising results (as shown in [76] and Section 4).

Another work, which is notable because the authors not
only prove the consistency in probability of the presented
estimators but also derive upper bounds (see (19) below) on
the probability of the estimation-error for finite, and large
enough, values of 𝑁, is proposed in [33]. More precisely,
the authors introduce two estimators by firstly defining a
function 𝜂 : R𝐷

× R → R+ slowly varying near the
origin (see [33] for a detailed description and motivation
of this assumption). The function 𝜂 is then used to express
the logarithm of the probability of a point p of being
in the hypersphere B

𝐷
(p

𝑖
, 𝑟): log(P(p ∈ B

𝐷
(p

𝑖
, 𝑟))) =

log(𝜂(p, 𝑟)) + 𝑑log(𝑟), having P(p ∈ B
𝐷
(p

𝑖
, 𝑟)) = 𝜂(p, 𝑟)𝑟𝑑.



10 Mathematical Problems in Engineering

Considering that P(p ∈ B(p
𝑖
, 𝑟

(𝑘)
(p

𝑖
))) ≈ 𝑘/𝑛 for 𝑁 big

enough, the authors derive the following system of equations:

log(
𝑘

𝑛
) ≈ log (𝜂 (p

𝑖
, 𝑟)) + 𝑑 (p

𝑖
) log (𝑟

(𝑘)
(p

𝑖
)) ,

log(
𝑘

(2𝑛)
) ≈ log (𝜂 (p

𝑖
, 𝑟))

+ 𝑑 (p
𝑖
) log (𝑟

(⌈𝑘/2⌉)
(p

𝑖
)) ,

(16)

and solve it for 𝑑(p
𝑖
) to obtain a local id estimate:

𝑑 (p
𝑖
) =

log (2)
log (𝑟(𝑘) (p

𝑖
) /𝑟(⌈𝑘/2⌉) (p

𝑖
))

. (17)

The two proposed estimators are then computed either by
averaging (𝑑avg) or by voting (𝑑vote):

𝑑avg =
1
𝑁

𝑁

∑

𝑖=1
𝑑 (p

𝑖
) ,

𝑑vote = arg max
𝑑

∈N+

# [𝑑 (p
𝑖
) = 𝑑


]
𝑁

𝑖=1
,

(18)

where #[cond]𝑁
𝑖=1 denotes the number of points p

𝑖
for which

cond is verified.
Under differentiability assumptions on the function 𝜂

and regularity assumptions on M the authors prove the
consistency in probability of their estimators and provide
upper bounds (see (19)) on the probability of the estimation-
error for finite, and large enough, values of 𝑁. However,
the derived bounds depend on unknown universal constants
𝑐, 𝑐


, 𝑐


> 0:

P (𝑑avg ̸= 𝑑) ≤ exp(−
𝑐

𝑁

(𝐷𝑐𝑑𝑘)
2) ,

P (𝑑vote ̸= 𝑑) ≤ exp(−
𝑐

𝑁

(𝑐𝑑𝑘)
2) .

(19)

3.3. Graph-Based id Estimators. As noted in [96], the work
of [110] has cleared up the fact that theories underlying
graphs can be applied to solve a variety of statistical problems;
indeed, also in the field of id estimation various types
of graph structures have been proposed [29, 96, 111, 112]
and used for id estimation. Examples are the kNN graph
(kNNG) [30], the Minimum Spanning Tree (MST) [113] and
its variation, the geodesic MST (GMST) [29]; and the sphere
of influence graph (SIG) [114] and its generalization, the
𝑘−sphere of influence graph (kSIG) [96].

Given a sample set P
𝑁

= {p
𝑖
}
𝑁

𝑖=1 a graph built on P
𝑁
,

usually denoted by 𝐺(P
𝑁
) = ({p

𝑖
}
𝑁

𝑖=1, {𝑒𝑖,𝑗}𝑖,𝑗∈{1,...,𝑁}
), employs

the sample points p
𝑖
as nodes (vertices) of the graph and

connects them with weighted arcs (edges) {𝑒
𝑖,𝑗
}
𝑖,𝑗∈{1,...,𝑁}

.
A kNNG

𝑁
(P

𝑁
) is built by employing a distance function,

which commonly is the Euclidean one, to weight the arcs
connecting each p

𝑖
to its kNNs.

A MST(P
𝑁
) is the spanning tree minimizing the sum of

the edge weights. When the weights approximate Geodesic
distances [56], a GMST

𝑁
(P

𝑁
) is obtained.

A SIG
𝑁
(P

𝑁
) is defined by connecting nodes p

𝑖
and p

𝑗
iff

‖p
𝑖
− p

𝑗
‖ ≤ 𝜌(𝑖) + 𝜌(𝑗), where 𝜌(𝑖) is the distance between

p
𝑖
and its nearest neighbor in P

𝑁
. Essentially, two vertices p

𝑖

and p
𝑗
are connected if the corresponding NN hyperspheres

intersect. A generalization of SIG
𝑁
(P

𝑁
) is kSIG(P

𝑁
), where

nodes p
𝑖
and p

𝑗
are connected iff ‖p

𝑖
−p

𝑗
‖ ≤ 𝜌

𝑘
(𝑖)+𝜌

𝑘
(𝑗), 𝜌

𝑘
(𝑖)

being the distance between p
𝑖
and its kNN in P

𝑁
. This means

that the kNN hyperspheres centered on p
𝑖
and p

𝑗
intersect.

In the following we recall interesting id estimators based
on GMST(P

𝑁
), kNNG(P

𝑁
), and kSIG(P

𝑁
).

In [29, 30], after defining the length functional
L(𝐺

𝑁
(P

𝑁
)) = ∑ |𝑒

𝑖,𝑗
|
𝛾, 𝛾 ∈ (0, 𝑑), to build either the

GMST(P
𝑁
) or the MST(P

𝑁
) of kNNG(P

𝑁
), graph theories are

exploited to estimate both the id of the underlying manifold
structureM and its intrinsic Rènyi 𝛼-entropyHM. To this
aim, the authors derive the linear model: logL(MST(P

𝑁
)) =

𝑎 log 𝑑+𝑏, 𝑎 = (𝑑−𝛾)/𝑑, 𝑏 = log𝑐+HM, 𝑐 being an unknown
constant, and exploit it to define an estimator of both 𝑑 and
HM. Briefly, a set of cardinalities {𝑛

𝑘
}
𝐾

𝑘=1 is chosen and, for
each 𝑛

𝑘
, the MST(P

𝑛𝑘
) is constructed on the set P

𝑛𝑘
, which

contains 𝑛
𝑘
points randomly sampled from P

𝑁
, to obtain

a set of 𝐾 pairs (logL(MST(P
𝑛𝑘
)), 𝑛

𝑘
). Fitting them with a

least squares procedure the estimates 𝑎 ≃ 𝑎 and �̂� ≃ 𝑏 are
computed. Recalling that 𝑎 = (𝑑−𝛾)/𝑑, the id is calculated as
𝑑 = round{𝛾/(1 − 𝑎)} ≃ 𝑑. This process is iterated to produce
the final estimate as the average of the obtained results.

The aforementioned kNNG based algorithm [29, 30]
is exploited in [112], where the authors consider datasets
sampled from a union of disjoint manifolds with possibly
different ids. To estimate the local ids, the authors propose
a heuristic, which is not described here, to automatically
determine the local neighborhoods with similar geometric
structures without any prior knowledge on the number of
manifolds, their ids, and their sampling distributions.

In [96] the authors present three id estimation
approaches, defined as “graph theoretic methods” since
the statistics they compute are functions only of graph prop-
erties (such as vertex degrees and vertex eccentricities) and
do not directly depend on the interpoint distances.

The first statistic, denoted by 𝑆
1
𝑁
(P

𝑁
) = 𝑟

𝑗
(kNNG(P

𝑁
))

in the following, is based on the reach (the reach 𝑟
𝑗,𝑖
(p

𝑖
, 𝐺),

in 𝑗 steps of a node p
𝑖
∈ 𝐺, is the total number of vertices

which are connected to p
𝑖
by a path composed of 𝑗 arcs

or less in 𝐺) of vertices in the kNNG(P
𝑁
). Considering that

the reach of each vertex p
𝑖

∈ kNNG(P
𝑁
) grows as the id

increases, in [115] the average reach 𝑟
𝑗
(kNNG) in 𝑗 steps of

vertices in kNNG(P
𝑁
) is employed: 𝑆1

𝑁
(P

𝑁
) = 𝑟

𝑗
(kNNG(P

𝑁
)) =

(1/𝑁)∑
𝑁

𝑖=1 𝑟𝑗,𝑖(p𝑖
, kNNG(P

𝑁
)).

The second statistic, denoted by 𝑆
2
𝑁
(P

𝑁
) =

𝑀
𝑁
(MST(P

𝑁
)), is computed by considering the degree

of vertices in the MST(P
𝑁
). Recalling that, for datasets P

𝑁

obtained from a continuous distribution on R𝑑, the ratio
of nodes with a given degree 𝑗 in MST

𝑁
(P

𝑁
) converges a.s.
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to a limit depending only on 𝑗 and 𝑑 [116] and that the
average degree in a tree is a constant depending only on
the number of vertices, the authors empirically observe a
dependency between the average degree and the id. This
leads to the definition of an id estimator employing the
statistic 𝑆

2
𝑁

= 𝑀
𝑁
(MST(P

𝑁
)) = (1/𝑁)∑

𝑁

𝑖=1(degMST(P𝑁)(p𝑖
))
2.

The third statistic, denoted by 𝑆
3
𝑁
(P

𝑁
) = 𝑈

𝑘

𝑁
(kSIG(P

𝑁
)),

is motivated by studies in the literature [117] showing that the
expectednumber of neighbors shared by a given pair of points
depends on the id of the underlying manifold. Accordingly,
calling 𝑁

𝑖,𝑗
the number of samples in the intersection of

the two kNN hyperspheres centered on p
𝑖
and p

𝑗
, intuitions

similar to those considered for 𝑟
𝑗
(kNNG) lead to defining of

𝑆
3
𝑁
(P

𝑁
) = 𝑈

𝑘

𝑁
(kSIG(P

𝑁
)) = (1/𝑛)∑

𝑖≤𝑗
𝑁

𝑖,𝑗
.

Based on their theoretical results and empirical tests on
synthetically generated datasets characterized by id values 𝑑

𝑗

in a finite range F ⊆ 𝑁
+ (where F = {𝑑

𝑗
}
12
𝑑𝑗=2 in the reported

experiments), the authors propose an approximate Bayesian
estimator that could indistinctly employ each of the three
statistics 𝑆

1
𝑁
, 𝑆2

𝑁
, and 𝑆

3
𝑁
, denoted by 𝑆

∗

𝑁
in the following. To

this aim, they assume that each statistic can be approximated
by a Gaussian density 𝑓

𝑑𝑗
(⋅) = N(𝜇(𝑑

𝑗
), 𝜎

2
(𝑑

𝑗
)); to estimate

𝜇(𝑑
𝑗
) and 𝜎

2
(𝑑

𝑗
), for each 𝑑

𝑗
∈ F, 𝐿 datasets of large size

are synthetically generated by random sampling from the
uniform distribution on the unit 𝑑

𝑗
-cube. These datasets

are then used to estimate the parameters 𝜇(𝑑
𝑗
) ≃ 𝜇(𝑑

𝑗
)

and �̃�
2
(𝑑

𝑗
) ≃ 𝜎

2
(𝑑

𝑗
) that define the approximation 𝑓

𝑑𝑗
(⋅),

computed on a generic sample set with size 𝑁 and id = 𝑑
𝑗
,

of the Gaussian density 𝑓
𝑑𝑗
(⋅) of 𝑆∗

𝑁
.

At this stage, given a new input dataset P
𝑁

having
unknown id, the statistic 𝑆

∗

𝑁
(P

𝑁
) = 𝑠P is computed and

used to calculate the approximated value𝑓
𝑑𝑗
(𝑠P) = N(𝜇

2
(𝑑

𝑗
),

�̃�
2
(𝑑

𝑗
)/𝑁) ≃ 𝑓

𝑑𝑗
(𝑠P). Assuming equal a priori probability for

all the 𝑑
𝑗
∈ F, the posterior probability 𝑃[𝑑

𝑗
| 𝑆

∗

𝑁
] is given by

𝑃 [𝑑
𝑗
𝑆
∗

𝑁
] =

𝑓
𝑑𝑗

(𝑠P)

∑
𝑑𝑗∈F 𝑓

𝑑𝑗
(𝑠P)

, 𝑑
𝑗
∈ F, (20)

and employed to compute an “a posteriori expected value” of
the id:

𝑑 = round
{

{

{

∑

𝑑𝑗∈F
𝑑
𝑗
𝑃 [𝑑

𝑗
𝑆
∗

𝑁
]

}

}

}

. (21)

The authors evaluate the performance of their methods on
synthetic datasets, some of which have been used by similar
studies in the literature [79], while the others (challenging
ones) are proposed by the authors to have manifolds with
nonconstant curvature. The comparison of the achieved
results with those obtained by the estimators proposed in [27,
33, 112, 118] has led to the conclusion that none of themethods
has a good performance on all the tested datasets. However,
graph theoretic approaches would appear to behave better
when manifolds of nonconstant curvature are processed.

This interesting comparison strengthens the need of
defining a benchmark framework to allow an objective and
reproducible comparative evaluation of id estimators. For
this reason, in Section 4 we describe our proposal in this
direction.

4. A Benchmark Proposal

At the present, an objective comparison of different id
estimators is not possible due to the lack of a standard-
ized benchmark framework; therefore, in this section, after
recalling experimental datasets and evaluation procedures
introduced in the literature (see Sections 4.1 and 4.2), we
choose some of them to propose a benchmark framework
(see Section 4.3) that allows for reproducible and comparable
experimental setups. The usefulness of the proposed bench-
mark is then shownby employing it to compare relevant state-
of-the-art id estimators whose code is publicly available (see
Section 4.4).

4.1. Datasets. The datasets employed in the literature are
both synthetically generated datasets and real ones. In the
following sections we describe those we choose to use in our
benchmark study.

4.1.1. Synthetic Datasets. Synthetic datasets are generated by
drawing samples frommanifolds (M) linearly or nonlinearly
embedded in higher dimensional spaces.

The publicly available tool (http://www.mL.uni-saarland
.de/code/IntDim/IntDim.htm) proposed byHein andAudib-
ert in [79] allows us to generate 13 kinds of synthetic datasets
by uniformly drawing samples from 13 manifolds of known
id; they are schematically described in Table 1, where they
are referred to as M𝐻

∗
. These manifolds are embedded in

higher dimensional spaces through both linear and nonlinear
maps and are characterized by different curvatures. We note
that manifold M𝐻

8 is particularly challenging for its high
curvature; indeed, when it is used for testing, most relevant
id estimators compute pronounced id overestimates (see
also the results reported in [107]).

Another interesting dataset [96] is generated by sampling
a 𝑑-dimensional paraboloid, M

𝑃𝑑
, nonlinearly embedded

in a higher (3(𝑑 + 1)) dimensional space, according to a
multivariate Burr distribution with parameter 𝛼 = 1. Tests on
this dataset are particularly challenging since the underlying
manifold is characterized by a nonconstant curvature.

To perform tests on datasets generated by employing
a smooth nonuniform pdf, we propose the dataset Mbeta,
obtained as follows: we sample𝑁 points in [0, 1)10, according
to a beta distribution 𝛽0.5,10 with parameters 0.5 and 10,
respectively (high skewness), and store them in a matrix
X

𝑁
∈ R𝑁×10; multiply each point of X

𝑁
(X

𝑁
(𝑖, 𝑗)) by

sin(cos(2𝜋X
𝑁
(𝑖, 𝑗))), thus obtaining a matrix D1 ∈ R𝑁×10;

multiply each point of X
𝑁

by cos(sin(2𝜋X
𝑁
(𝑖, 𝑗))), thus

obtaining another matrixD2 ∈ R𝑁×10; appendD1 andD2 to
generate a matrix D3 ∈ R2500×20; append D3 to its duplicate
to finally generate a test dataset containing 𝑁 points inR40.
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(a)

(b)

Figure 2: (a) Samples from ISOMAP face database. (b) Samples from digit “0” to digit “9” in MNIST database.

Table 1: The 13 types of synthetic datasets generated with the tool
proposed in [79].

Dataset
Underlying
manifold
name

Description d D

Synthetic

M𝐻

1

𝑑-dimensional
sphere linearly
embedded

D − 1 User-defined

M𝐻

2 Affine space 3 5

M𝐻

3

Concentrated
figure, mistakable
with a
3-dimensional one

4 6

M𝐻

4
Nonlinear
manifold 4 8

M𝐻

5
2-dimensional
helix 2 3

M𝐻

6
Nonlinear
manifold 6 36

M𝐻

7 Swiss-Roll 2 3

M𝐻

8
Nonlinear (highly
curved) manifold 12 72

M𝐻

9 Affine space D User-defined

M𝐻

10
𝑑-dimensional
hypercube D − 1 User-defined

M𝐻

11
Möebius band
10-times twisted 2 3

M𝐻

12

Isotropic
multivariate
Gaussian

D User-defined

M𝐻

13
1-dimensional helix
curve 1 User-defined

To further test estimators’ performance on nonlinearly
embedded manifolds of high id, we propose to generate two
datasets, referred to as M

𝑁1 and M
𝑁2 in the following (a

tool to generate the datasets sampled from 𝑑-dimensional
paraboloids, theMbeta dataset, theM𝑁1 dataset, and theM𝑁2
dataset, is available at http://security.di.unimi.it/∼fox721/
dataset generator.m). Precisely, to generate M

𝑁1 we uni-
formly draw 𝑁 points in [0, 1]18, we transform each point
by means of tan(x𝑖cos(x18−𝑖+1)) where 𝑖 = 1, . . . , 18, we
obtain points in R36 by appending each transformed x to
arctan(x18−𝑖+1sin(x𝑖)), and we duplicate the coordinates of
each point to finally generate points in R72. The id of M

𝑁1

is 18, and its points are drawn from a manifold nonlinearly
embedded in R72. To generate M

𝑁2 containing 𝑁 points in
R96, we applied the same procedure on vectors sampled in
[0, 1]24.

4.1.2. Real Datasets. Real datasets employed in the literature
generally concern problems in the fields of image analysis,
signal processing, time series prediction, and biochemistry.
Among them, the most known and used datasets are ISOMAP
face database [56], MNIST database [119], Isolet dataset
[120],𝐷2 Santa Fe [121] dataset, and DSVC1 time series [21].
Recently, the Crystal Fingerprint space for the chemical com-
pound silicon dioxide dataset has also been proposed [22].

ISOMAP face database consists in 698 gray-level images of
size 64 × 64 depicting the face of a sculpture. This dataset has
three degrees of freedom: two for the pose and one for the
lighting direction (see Figure 2(a)).

MNISTdatabase consists in 70000 gray-level images of size
28 × 28 of hand-written digits (see Figure 2(b)). The real id
of this database is not actually known, but some works [79,
122] propose similar estimates for the different digits; as an
example, the proposed id values for the digit “1” are in the
range {8, . . . , 11}.

Isolet dataset has been generated as follows: 150 sub-
jects spoke the name of each letter of the alphabet twice, thus
producing about 52 training examples from each speaker, for
a total of 7797 samples. The speakers are grouped into 5 sets
of 30 speakers each and are referred to as 𝑖𝑠o𝑙𝑒𝑡1, 𝑖𝑠𝑜𝑙𝑒𝑡2,
𝑖𝑠𝑜𝑙𝑒𝑡3, 𝑖𝑠𝑜𝑙𝑒𝑡4, and 𝑖𝑠𝑜𝑙𝑒𝑡5. The real id value characterizing
this dataset is not actually known, but a study reported in
[123] shows that the correct estimate could be in the range
{16, . . . , 22}.

The version 𝐷2 of Santa Fe dataset is a time series of
50000 one-dimensional points having nine degrees of free-
dom (id = 9) and being generated by a simulation of particle
motion. In order to estimate the attractor dimension of this
time series, it is possible to employ the method of delays
described in [124], which generates 𝐷-dimensional vectors
by partitioning the original dataset in blocks containing 𝐷

consecutive values; as an example, by choosing 𝐷 = 50 a
dataset containing 1000 points inR50 is obtained.

DSVC1 is a time series composed by 5000 samples
measured from a hardware realization of Chua’s circuit
[125]. Employing the method of delays with 𝐷 = 20, a
dataset containing 250 points in R20 is obtained. The id
characterizing this dataset is ∼2.26 [21].



Mathematical Problems in Engineering 13

Table 2: Synthetic datasets and real datasets suggested by the benchmark; N is the dataset cardinality, d is the id, and D is the embedding
space dimension.

Dataset Dataset name N d D

Synthetic

M1 2500 10 11
M2 2500 3 5
M3 2500 4 6
M4 2500 4 8
M5 2500 2 3
M6 2500 6 36
M7 2500 2 3
M9 2500 20 20
M10𝑎 2500 10 11
M10𝑏 2500 17 18
M10𝑐 2500 24 25
M10𝑑 2500 70 71
M11 2500 2 3
M12 2500 20 20
M13 2500 1 13
M

𝑁1 2500 18 72
M

𝑁2 2500 24 96
Mbeta 2500 10 40
M

𝑃3 2500 3 12
M

𝑃6 2500 6 21
M

𝑃9 2500 9 30

Real

MDSCV1 250 2.26 20
MISOMAP 698 3.00 4096
MSanta Fe 1000 9.00 50
MMNIST1 70000 8.00–11.00 784
MSiO2 4738 12.00 1800
MIsolet 7797 16.00–22.00 617

Crystal Fingerprint spaces, or Crystal Finger spaces, have
been recently proposed in crystallography [22] with the aim
of representing crystalline structures; these spaces are built
starting from the measured distances between atoms in the
crystalline structure.The theoretical id of one Crystal Finger
space consists in 3𝑁

𝑎
+ 3 crystal degrees of freedom, where

𝑁
𝑎
is the number of atoms in the crystalline unitary cell.

4.2. Experimental Procedures and Evaluation Measures. At
the state of the art, two approaches have been mainly used
to assess id estimators on datasets of known id.

The first one subsamples the test dataset to obtain 𝑇

subsets of fixed cardinality and computes the percentage
of correct estimations. To analyze estimators’ behavior with
respect to the cardinality of input datasets, this procedure
may be repeated by using different cardinality values [29, 30,
79, 122], thus obtaining a distinct performance evaluation
measure for each cardinality.

The second approach estimates the id on 𝑇 permutations
of the same dataset and averages the 𝑇 id estimates to obtain
the final one [27, 76, 107, 126]. This value is then compared
with the real one to assess the id estimator.

To also test the estimator’s robustness with respect to
its parameter settings, in [27, 107, 126] the authors apply

a further test, originally proposed by Levina and Bickel in
[27]. Precisely, sample sets with different cardinalities are
drawn from the standard Gaussian pdf in R5 and, for
each set, the estimator is applied varying the values of its
parameters in fixed ranges; this allows us to analyze the
behavior of the id estimate as a function of both the dataset’s
cardinality and the parameter settings.

Note that, since id estimators are usually tested on
different datasets to evaluate their reliability when confronted
by different dataset structures and configurations, in [126]
an overall evaluation measure is proposed. This indicator,
called Mean Percentage Error (MPE), summarizes all the
obtained results in a unique value computed as MPE =

(100/#M) ∑M(|𝑑M − 𝑑M|/𝑑M), where #M is the number of
tested datasets, 𝑑M is the id estimated on the dataset M,
and 𝑑M is the real id of M. To apply this technique to real
datasets whose id belongs to the range {𝑑min, . . . , 𝑑max}, the
same authors propose to calculate the associated MPE’s term
asmin

𝑑∈{𝑑min,...,𝑑max}
(|𝑑M−𝑑|/𝑑M), where 𝑑M is themean of the

range.

4.3. Benchmark. In this section we propose an evaluation
approach which can be used as a standard framework to
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assess estimators performance, comparing it to relevant id
estimatorswhose code is publicly available. In this benchmark,
we suggest to use the following estimators (see Section 3):
Hein, MLE, kNNG, MLSVD, BPCA, CD, MiNDKL, and DANCo (the
source code of the mentioned methods is available at Hein:
http://www.mL.uni-saarland.de/code.shtml, MLE: http://dept
.stat.lsa.umich.edu/∼elevina/mledim.m, kNNG: http://web
.eecs.umich.edu/∼hero/IntrinsicDim/, MLSVD: http://www
.math.duke.edu/∼mauro/code.html#MSVD, BPCA: http://
research.microsoft.com/en-us/um/cambridge/projects/infer-
net/blogs/bayesianpca.aspx, CD: http://cseweb.ucsd.edu/
lvdmaaten/dr/download.php, MiNDKL, and DANCo: http://www
.mathworks.it/matlabcentral/fileexchange/40112-intrinsic-
dimensionality-estimation-techniques). Note that these esti-
mators cover all the groups described in Section 3, that is,
Projective, Fractal, Nearest-Neighbors-based, and Graph-
based estimators.

The benchmark is composed by following steps:

(1) Test all the considered estimators on both the syn-
thetic and real datasets described below.We highlight
that the synthetic datasets whose id is a user-defined
parameter should be created with sufficiently high id
values (id ≥ 10).

(2) Comparative evaluation steps are as follows:

(a) compute the MPE indicator both for synthetic
and real datasets,

(b) compute a ranking test with control methods;
to this aim, we suggest the Friedman test with
Bonferroni-Dunn post hoc analyses [127],

(c) perform the tests proposed in [27] to evaluate
the robustness, with respect to different cardi-
nalities and parameter settings.

The 21 synthetic datasets used in the benchmark, referred
to as M

∗
in the following, are listed in Table 2 with their

relevant characteristics (𝑁, 𝑑, and 𝐷). The first 15 datasets
are generated with the tool proposed in [79]; they include 4
instances,M10∗, of dataset M10, which are drawn fromM𝐻

10
after its embedding in R𝐷 by setting 𝐷 = {11, 18, 25, 71}.
Note that we did not include the dataset sampled from M𝐻

8
(see Table 1) since relevant and recent id estimators have
similarly produced highly overestimated results when tested
on it [107]. Indeed, dealing with highly curved manifolds is
still a quite challenging problem in the field.

The last six synthetic datasets are M
𝑁1, M𝑁2, Mbeta,

and 3 instances of dataset M
𝑃∗
, which are sampled from

paraboloidsM
𝑃𝑑

whose id is, respectively, 𝑑 = {3, 6, 9}.
To perform multiple tests, 20 instances of each dataset

have been generated, and the achieved results have been
averaged.

Regarding the real datasets we used the DSVC1 time series
[21] (MDSVC1, id ∼ 2.26), the ISOMAP face database [56]
(MISOMAP, id = 3), the Santa Fe dataset [121] (MSanta Fe,
id = 9), the MNIST database [119] (MMNIST1, id ∈ {8, . . . , 13}),
the Isoletdataset [120] (MIsolet, id ∈ {16, . . . , 22}), and the
Crystal Fingerprint space for the chemical compound silicon

Table 3: Parameter settings for the different estimators: 𝑘 represents
the number of neighbors, 𝛾 represents the edge weighting factor
for kNN, 𝑀 represents the number of Least Square (LS) runs,
𝑁 represents the number of resampling trials per LS iteration, 𝛼
and 𝜋 represent the parameters (shape and rate) of the Gamma
prior distributions, which describe the hyperparameters and the
observation noise model of BPCA, and 𝜇 contains the mean and
the precision of the Gaussian prior distribution describing the bias
inserted in the inference of BPCA.

Dataset Method Parameters

Synthetic

MLE 𝑘1 = 6, 𝑘2 = 20
DANCo 𝑘 = 10
kNNG

1 𝑘1 = 6, 𝑘2 = 20, 𝛾 = 1,𝑀 = 1, 𝑁 = 10
kNNG

2 𝑘1 = 6, 𝑘2 = 20, 𝛾 = 1,𝑀 = 10, 𝑁 = 1

BPCA
iters = 2000, 𝛼 = (2.0, 2.0),
𝜋 = (2.0, 2.0), 𝜇 = (0.0, 0.01)

Hein 𝑁𝑜𝑛𝑒

CD 𝑁𝑜𝑛𝑒

MLSVD 𝑁𝑜𝑛𝑒

MiNDKL 𝑘 = 10

Real

MLE 𝑘1 = 3, 𝑘2 = 8

DANCo 𝑘 = 5
kNNG

1 𝑘1 = 3, 𝑘2 = 8, 𝛾 = 1,𝑀 = 1, 𝑁 = 10
kNNG

2 𝑘1 = 3, 𝑘2 = 8, 𝛾 = 1,𝑀 = 10, 𝑁 = 1

BPCA
iters = 2000, 𝛼 = (2.0, 2.0),
𝜋 = (2.0, 2.0), 𝜇 = (0.0, 0.01)

Hein 𝑁𝑜𝑛𝑒

CD 𝑁𝑜𝑛𝑒

MLSVD 𝑁𝑜𝑛𝑒

MiNDKL 𝑘 = 5

dioxide SiO2 structure with 3 atoms (this allows us to obtain
theMSiO2 dataset containing 4738 points embedded inR1800

and being characterized by an id equal to 12).
To runmultiple tests also onMMNIST1,MSiO2, andMIsolet,

for each of them we generated 5 instances by extracting
random subsets containing 2500 points each andwe averaged
the achieved results.

Table 3 summarizes the parameter values we employed
for different estimators. Note that, to relax the dependency
of the kNNG algorithm from the setting of its parameter 𝑘, we
performed multiple runs with 𝑘1 ≤ 𝑘 ≤ 𝑘2 and we averaged
the achieved results. Furthermore, we tested two versions of
the algorithm (referred to as kNNG

1
and kNNG

2
) obtained by

varying the parameters 𝑀 and 𝑁.

4.4. Experimental Results. Table 4 summarizes the results
obtained by the compared estimators on the synthetic
datasets, while in Table 5 the results obtained on the real
datasets are reported.

Looking at the number of correct estimations computed
by each algorithm (highlighted in boldface), we have the
following ranking: MLSVD is correct on 13 out of 21 synthetic
datasets, DANCo (correct on 10 out of 21 datasets), Hein
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Table 4: Results achieved on the synthetic datasets.The bottom row reports the MPE achieved by each algorithm; anyhow, for each test dataset
the best approximation results are highlighted in boldface.

Dataset 𝑑 MLE kNNG
1

kNNG
2

BPCA Hein CD MiNDKL DANCo MLSVD

M1 10.00 9.10 9.16 9.89 5.45 9.45 9.12 10.30 10.09 10.00
M2 3.00 2.88 2.95 3.03 3.00 3.00 2.88 3.00 3.00 3.00
M3 4.00 3.83 3.75 3.82 4.00 4.00 3.23 4.00 4.00 2.08
M4 4.00 3.95 4.05 4.76 4.25 4.00 3.88 4.15 4.00 8.00
M5 2.00 1.97 1.96 2.06 2.00 2.00 1.98 2.00 2.00 2.00
M6 6.00 6.39 6.46 11.24 12.00 5.95 5.91 6.50 7.00 12.00
M7 2.00 1.96 1.97 2.09 2.00 2.00 1.93 2.07 2.00 2.35
M9 20.00 14.64 15.25 10.59 13.55 15.50 13.75 19.15 19.71 20.00
M10𝑎 10.00 8.26 8.62 10.21 5.20 8.90 8.09 9.85 9.86 10.00
M10𝑏 17.00 12.87 13.69 15.38 9.46 13.85 12.30 16.25 16.62 17.00
M10𝑐 24.00 16.96 17.67 21.42 13.3 17.95 15.58 22.55 24.28 24.00
M10𝑑 70.00 36.49 39.67 40.31 71.00 38.69 31.4 64.38 70.52 70.00
M11 2.00 2.21 1.95 2.03 1.55 2.00 2.19 2.00 2.00 1.00
M12 20.00 15.82 16.40 24.89 13.7 15.00 11.26 19.35 19.90 20.00
M13 1.00 1.00 0.97 1.07 5.70 1.00 1.14 1.00 1.00 1.00
M

𝑁1 18.00 12.25 14.26 19.8 36.00 14.10 10.40 17.76 18.76 18.00
M

𝑁2 24.00 14.72 17.62 26.87 48.00 17.76 12.43 23.76 25.76 24.00
Mbeta 10.00 6.36 6.45 14.77 19.7 4.00 3.05 7.00 7.00 10.00
M

𝑃3 3.00 2.89 2.93 3.12 7.00 2.00 2.43 3.00 3.00 1.00
M

𝑃6 6.00 4.96 4.98 5.82 7.00 2.66 3.58 5.04 6.00 1.00
M

𝑃9 9.00 6.35 6.89 8.04 10.95 2.85 4.55 7.00 8.00 1.00
MPE 17.29 14.50 16.79 62.62 19.92 25.96 5.55 3.70 26.34

Table 5: Results achieved on the real datasets by the compared approaches. The bottom row reports the MPE achieved by each algorithm;
anyhow, for each test dataset the best approximation results are highlighted in boldface (when the realid takes values in a range,we highlighted
the results that best approximate the mean value of the range).

Dataset id MLE kNNG
1

kNNG
2

BPCA Hein CD MiNDKL DANCo MLSVD

MDSCV1 2.26 2.03 1.77 1.86 6.00 3.00 1.92 2.50 2.26 1.75
MISOMAP 3.00 4.05 3.60 4.32 4.00 3.00 3.37 3.9 4.00 1.00
MSanta Fe 9.00 7.16 7.28 7.43 18.00 6.00 4.39 7.60 8.19 1.00
MMNIST1 8.00–11.00 10.29 10.37 9.58 11.00 8.00 6.96 11.00 9.98 1.00
MSiO2 12.00 39.28 10.24 10.36 3.00 4.80 1.05 17.20 12.60 1.00
MIsolet 16.00–22.00 15.78 6.50 8.32 19.00 3.00 3.65 20.00 19.00 1.00

MPE 53.83 27.41 26.76 71.68 34.50 43.34 27.00 15.14 75.17

Table 6: Friedman ranking results achieved on all the datasets. The
null hypothesis that the algorithms perform comparably is rejected
with 𝑝 value < 0.00001.

Method Ranking
DANCo 2.40
MiNDKL 3.46
Hein 4.67
kNNG

2
5.11

MLSVD 5.17
kNNG

1
5.17

MLE 5.70
CD 6.63
BPCA 6.68

(correct on 6 out of 21), MiNDKL (6 out of 21), BPCA (4 out of
21), and MLE (1 out of 21). It can be further noted that kNNG

∗
,

CD, MLE, and Hein obtain good estimates only for low id

manifolds, while they produce underestimated values when
processing datasets of high id.

By observing the MPE indicator, which accounts for the
precision of the achieved estimates, we obtain a different
ranking: DANCo, MiNDKL, and kNNG

1
and kNNG

2
, MLE, Hein,

CD, and MLSVD. This difference is due to the fact that
algorithms, such as kNNG

1
and kNNG

2
, MLE, and Hein, most

of the times produce results close to the correct value.
Regarding the real datasets, all the algorithms achieve

a much worse MPE indicator, and again DANCo is best
performing method.

Furthermore, we compute the Friedman ranking test
with the Bonferroni-Dunn post hoc analysis as proposed in
Section 4.3 to state the quality of the achieved results on both
the synthetic and real datasets. Tables 6 and 7 summarize the
ranking results.



16 Mathematical Problems in Engineering

0 10

i
d

20 30 40 50 60 70 80 90 100
3.6
3.8

4
4.2
4.4
4.6
4.8

5
5.2

N = 200
N = 500

N = 1000
N = 2000

k

(a)

0 10 20 30 40 50 60 70 80 90 100
4

4.2
4.4
4.6
4.8

5
5.2
5.4

N = 200
N = 500

N = 1000
N = 2000

i
d

k

(b)

0 10 20 30 40 50 60 70 80 90 100
3.5

4
4.5

5
5.5

6
6.5

7
7.5

8

N = 200
N = 500

N = 1000
N = 2000

i
d

k

(c)

0 10 20 30 40 50 60 70 80 90 100
3

3.5

4

4.5

5

5.5

6

6.5

7

N = 200
N = 500

N = 1000
N = 2000

i
d

k

(d)

0 10 20 30 40 50 60 70 80 90 100
4.7

4.75

4.8

4.85

4.9

4.95

5

N = 200
N = 500

N = 1000
N = 2000

k

i
d

(e)

Figure 3: Behavior of (a) MLE, (b) DANCo, (c) kNNG
1
, (d) kNNG

2
, and (e) MiNDKL applied to points drawn from a 5-dimensional standard

normal distribution; in this test 𝑁 ∈ {200, 500, 1000, 2000} and 𝑘 ∈ {5, . . . , 100}.

Finally, we performed the tests proposed in [27] to eval-
uate the robustness of MiNDKL, MLE, DANCo, and kNNG

∗
with

respect to the settings of their 𝑘 parameter. Precisely, these
tests employ synthetic datasets subsampled from the standard
Gaussian pdf in R5 (id = 5). As proposed in Section 4.2,
we repeated the tests for datasets with cardinalities

𝑁 ∈ {200, 500, 1000, 2000} varying the parameter 𝑘 in
the range {5, . . . , 100}.

As shown in Figure 3 many of the tested techniques
are strongly influenced by the parameter settings; therefore,
studying the variability of the algorithms’ behavior when
changing their parameter settings is of utmost importance.
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Table 7: Hypothesis testing of significance between techniques. Bonferroni-Dunn’s procedure rejects those hypotheses that have a 𝑝 value ≤

0.0125.

MiNDKL Hein kNNG
1

kNNG
2

MLE CD MLSVD BPCA

DANCo 0.1567 0.0024 0.0003 0.0002 0.0002 0.0000 0.0000 0.0000
MiNDKL ∗ ∗ ∗ 0.0801 0.0303 0.0244 0.0055 0.0020 0.0000 0.0000
Hein ∗ ∗ ∗ ∗ ∗ ∗ 0.7528 0.6366 0.1564 0.1474 0.0034 0.0018
kNNG

1
∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ 0.8557 0.3443 0.2301 0.0164 0.0071

kNNG
2

∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ 0.9314 0.3894 0.1113 0.0282
MLE ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ 0.3428 0.1876 0.0307
CD ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ 0.7337 0.1961

5. Conclusions and Open Problems

This work presents the base theories of state-of-the-art id
estimators and surveys the most relevant and recent among
them, highlighting their strengths and their drawbacks.

Unfortunately, performing an objective comparative eval-
uation among the surveyed methods is difficult because,
to our knowledge, no benchmark framework exists in
this research field; therefore, in Section 4 we propose an
evaluation approach that employs both real and synthetic
datasets and suggests experiments to evaluate the estimators’
robustness with respect to their parameter settings. Note
that, the benchmark is designed to evaluate the performance
achieved by id estimators when both low and high id data
must be processed; this consideration is due to the fact
that, to our knowledge, only few methods [28, 76, 107, 126]
have empirically investigated the problem of datasets drawn
frommanifolds nonlinearly embedded in higher dimensional
spaces and characterized by a sufficiently high id (i.e., id ⩾

10). However, due to the continuous technological advances,
high id datasets are becoming more and more common,
and the construction of a theoretically well-formed and
robust id estimator able to deal with high id data and
limited amount of points remains one of the open research
challenges inmachine learning. Besides,id estimators should
be developed by also considering datasets drawn through
nonuniform smooth pdfs from manifolds M characterized
by a nonconstant curvature; indeed, most of the algorithms
are tested by only employing data drawn bymeans of uniform
pdf.

We further note that, though the aforementioned prob-
lems still need further investigations, most researches in
this field are presently focusing on tasks that require to
estimate the id as the first step. Examples are “multimanifold
learning,” whose aim is to process datasets drawn from
multiple manifolds, each characterized by different id, to
identify the underlying structures (see [128] for an example);
“nonlinear dimensionality reduction”; or “manifold recon-
struction,” whose aim is to find the mapping that projects
the data (embedded in a higher𝐷-dimensional space) on the
lower 𝑑-dimensional subspace, 𝑑 being the id estimated on
the input dataset (as examples, see [9, 11, 129]).
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We propose a learner profiling system that uses the multidimensional characteristic analysis of learners. For this purpose, a real-
time monitoring system for learners was developed and then used to extract information of the characteristics of learners that
appear in learning environments. The extracted information on the characteristics of learners is automatically constructed into
personalized learner profiles through the learner profiling system. The contents of learner profiles consist of the cognitive ability
of learners, the learning condition, and teacher assessment. To verify the effectiveness of the proposed study method, profiles of
actual learners were constructed, with 210 elementary school students as subjects. As a result, the group that learned using the
learner profiling showed a significant level of satisfaction in comparison to the group that did not use learner profiling. From this,
it was demonstrated that the learner profiling system proposed in this paper could enhance learning effectiveness.

1. Introduction

Recently, Information and Communications Technologies
(ICT) have been used in various fields and have been
changing many areas of our daily lives. In particular, various
teaching and learning methods, learning tools, and educa-
tional contents that apply ICT are being developed in the field
of education.Wired and wireless networks and learning tools
are used in education to improve learning effectiveness in
learners. A representative case of applying ICT to education
is e-learning. E-learning is a form of education based on
electronic technology. Since the introduction of high-speed
internet, e-learning has continued to develop through the
introduction of cyber universities, specialized firms that
confer degrees through the completion of online lectures
only, thus generating a social issue [1]. Recently, various
learning methods have been studied, where the concept of e-
learning has expanded to includemobile learning, ubiquitous
learning, and smart learning. Meanwhile, e-learning is being
increasingly applied not only in school education, but also
in corporate education, social education, and continuing

education. The final goal of learning methods that use
these ICT is to provide effective and efficient education that
learners will find satisfactory, without being limited by time
or space.

Despite these many advantages of e-learning, various
problems have surfaced. The most significant of these is
the lack of mutual interaction between the teacher and the
learner who use IT devices as a medium. That is, the one-
sided provision of learning contents, where the learner is not
considered in the learning process, can cause the reduction
of learning effectiveness and the loss of interest in learning.
Learning is achieved by founding itself on the experience,
culture, sex, cognitive ability, characteristics, and so forth
of the learners [2]. However, learning that uses existing
IT devices does not take the level of understanding about
learning and the situation of the learners into consideration,
so it may proceed as one-sided learning. Recently, in order
to address these shortcomings, research was conducted on
teaching-learning models and intelligent tutoring systems
that take the characteristics of learners into consideration.
A teaching-learning model that takes the characteristics

Hindawi Publishing Corporation
Mathematical Problems in Engineering
Volume 2015, Article ID 652623, 9 pages
http://dx.doi.org/10.1155/2015/652623

http://dx.doi.org/10.1155/2015/652623


2 Mathematical Problems in Engineering

of learners into consideration refers to an online learning
method that considers the learners’ environment and the
characteristics of individuals, exactly as one would in tradi-
tional learning methods [3, 4]. In [5, 6], the learners were
classified according to their cognitive characteristics and, in
[7], the characteristics of learners were explored based on the
definitive characteristics of learners. In [8], learners’ learning
methods were analyzed by classifying the learners according
to their information perception and information processing
methods. However, these studies mostly consist of those that
try to produce an online learning model by using a teacher-
centered learningmodel or a system-centered learningmodel
[9, 10].Thus, these studies did not take into consideration the
diversity of types of learners that derives from the peculiarity
of virtual space [11]. An intelligent tutoring system refers to
a supplementary educational tool that manages learning and
possesses functions such as information management and
questions and answers (Q&A). Also, research on intelligent
tutoring systems based on learners in an online environment
has been conducted in diverse ways. They could be largely
classified into research on providing learning functions and
research on Q&A. A representative example of studies in
providing learning functions is ITTs [12]. ITTs were devel-
oped through the Byzantium project among 6 universities.
The Byzantium project provides efficient learning functions
such as opening diverse courses and sharing information.
However, since it is not a system developed on an education
foundation, it does not provide the function necessary from
the students’ or the teacher’s perspective. A representative
example of the systems proposed based on Q&A is Atlas
[13]. Atlas is a system that can automatically respond to the
questions asked by the learners. Moreover, some studies are
being conducted on learning systems that replace teachers,
although Q&A only focuses on the functional aspects and
most of the research does not consider the characteristics of
the learners [14–16]. To provide learning in consideration of
the characteristics of learners, we must obtain accurate infor-
mation about the learners and provide a customized learning
service using this information. To provide customized learn-
ing, we need learners’ profiles that can save and manage the
learners’ information systematically. Learners’ profiles would
need to include not only basic information such as learning
information and learning history, but also information from
analyzing the characteristics of the learners. In [17], Index of
Learning Styles (ILS), a model for learners based on learning
methods for analyzing learners, is proposed. The ILS model
separates the learning methods of learners into 4 dimen-
sions and measures them from an educational engineering
perspective; learning methods are then classified based on
this. In [18], an intelligent tutoring system is developed
using learners’ profiles by using the ILS model. However,
these studies are founded on the results measured from
the general information of the learners, so it is difficult to
categorize the learners specifically. In [19], the characteristics
of learners are analyzed by measuring the willingness to
participate in learning and the level of participation. In [20],
the characteristics of learners are classified in the online
environment based on 3 factors: the learners’ information,
environment information, and learning content information.

In [21], the characteristics of learners are classified into 5
elements (learner, environment, operation, data, and mutual
interaction), and learners are classified based on the level
of satisfaction of learners per element. In [22], the decisive
elements of the level of participation and satisfaction of
learners in the online environment that affect learning are
researched, and an attempt is made to construct an online
learning environment using this.

In this study, we propose a system that can extract
the characteristics of learners through a real-time learner
monitoring system and that can automatically construct
learners’ profiles throughmultidimensional analysis. In order
to correctly understand the characteristics of learners, obser-
vation and analysis on learners during the learning process
is needed. The proposed learner profiling system is able to
automatically generate profiles by automatically extracting
and analyzing the characteristics of learners through real-
time learner monitoring. Factors that need to be considered
to extract the characteristics of learners are as follows. First,
the learning ability of learners should be considered. Learn-
ing that does not consider the learning ability of learners
reduces the learners’ interest in learning and decreases the
level of understanding. Thus, providing learning by mea-
suring the learning ability of learners plays an important
role in increasing the effectiveness of learning. Second, the
situational factors of learners should be considered. The
levels of concentration and understanding of learning can
differ greatly according to environmental factors. Third, the
assessment of teachers should be considered. Teachers are
the most sensitive to the various responses that arise in
learning situations. Accordingly, judgment and assessment of
teachers on learning are important factors in understanding
the learning situation.

2. Related Work

The method with the greatest educational effectiveness
among the teaching-learning models is the individualized
instruction method [23]. The individually customized learn-
ing system method combines the individualized instruction
method with ICT technology. Various types of individually
customized learning systems include intelligent tutoring,
personalized learning, and customized learning. An individ-
ually customized learning system takes into consideration
the learning level, attitude, method, and motive of learners
to recompose the learning material accordingly and thus
provide a service to the learners. An individually customized
learning system combines various ICT technologies. This
chapter will explain the main technologies, namely, learner
profiles and personalized learning.

2.1. Learner Profiles. Learner profiles are important sources
of information that not only contain basic information such
as the name, age, and gender of learners, but also reveal the
learning ability, characteristics, and condition of the learners.
Research related to learner profiles is not limited to studies
that aim tomanage the learners’ information but is expanding
to include studies that provide customized learning that
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considers the characteristics of learners. In [24], a system is
proposed that converts learners’ information into a Resource
Description Framework (RDF), translates this information
into learner profiles, and recommends contents that match
the users’ preference. However, only simple profiles were used
that employed basic learning information in order to analyze
individualized characteristics, and a method to extract the
characteristics of learnerswas not able to be proposed. In [25],
the preference grade of learners was predicted by extending
the learning time into a fuzzy hierarchy, converting it into
fuzzy numbers, and giving grades to the learning time.
However, the learning time of learners could not explain the
deep connection between user preference and tendencies.

2.2. Individualized Instruction. Individual learning is a
method that aims at providing customized learning to learn-
ers. The learning preference of learners was analyzed in [26],
and the results were made available to the learners, which
facilitated their application. The learner profiling technique
was used to calculate and apply the learning preference. For
the analysis of preference, the preference vector values of
the topic map were used. Through this, the learners were
allowed to choose the learning contents they prefer and
proceed with learning, even with the same learning contents.
However, the disadvantage is that the teachers would need to
create various contents with the same material when creating
learning contents. As such, many studies are underway
that attempt to increase learning effectiveness and provide
customized learning; however, there is inadequate amount
of research on analyzing the characteristics of learners and
on learning services that apply this analysis. In general,
the characteristics of learners that are related to learning
occur during the learning process and the learning situation.
Despite this, learner profiles that do not consider this are
being constructed and applied. Hence, this study aims at
addressing these issues by developing a real-time learner
monitoring system to extract and analyze the characteristics
of learners that occur in learning situations. Also, this study
aims to use this to construct solid learner profiles.

3. The Learner Profiling System

3.1. An Overview of the System. In this study, we proposes a
system that can extract the characteristics of learners through
a real-time learner monitoring system and that can automat-
ically construct learners’ profiles through multidimensional
analysis. Figure 1 shows an organized diagram of a real-
time monitoring and learner profiling system as proposed in
this study. The proposed method uses the real-time moni-
toring system to extract information about the learners in
order to automatically extract the characteristics of learners
that are observed during learning situations. The real-time
monitoring system allows the teachers to monitor events
and situations that occur during the learning process in real
time and saves the assessment information of the learners.
Also, the system saves the assessment information of teachers
(student, class, and event), which is an important element for
specific analysis of learners.The saved information on learner
assessment is used to construct learner profiles, and these can

Monitoring and assessment

Event monitoring

Activity monitoring

Assessment monitoring

Real-time monitoring system

Characteristic extraction

Concentration

Understanding

Assessment

Personalized profile

Personal information

Cognitive ability

Learning condition

Learner’s profiling system

Assessment information

Classify information

Figure 1: System architecture.

be applied to the reconstruction of learning and customized
learning systems, such as intelligent tutoring systems.

3.2. Real-Time Monitoring System. The real-time monitoring
system proposed in this study is composed of functions
including real-time learner monitoring, assessment, and
extraction of learners’ characteristics.The real-timemonitor-
ing system monitors the learning situation of learners and
extracts the information of learners that occurs during learn-
ing situations in real time and provides this to the teachers. In
this process, the information on the characteristics of learners
is automatically extracted and transmitted to the profiling
system.

3.2.1. Real-Time Learner Monitoring and Assessment. Real-
time learner monitoring and assessment are composed of the
monitoring module that can monitor various events and the
activity of learners in learning situations and of the assess-
mentmodule for teachers in which the teachers can assess the
learners on their learning. The monitoring module for learn-
ers provides a function inwhich teachers can check the results
of the events occurring during learning situations in real time.
At the same time, the module saves the measurement results
from the events. The saved results are used to extract the
characteristics of learners. The function of the assessment
module for teachers is that of extracting the assessment infor-
mation of teachers during learning situations.The assessment
information of teachers regarding learning is as follows.

(1) Level of understanding: information on the level of
understanding of the learner regarding learning as
assessed by the teacher subjectively.

(2) Level of concentration: information on the level of
concentration of the learner regarding learning as
assessed by the teacher objectively.

(3) Learning attitude: information on the attitude of the
learner regarding learning as assessed by the teacher
objectively.

The assessment information of teachers is a subjective assess-
ment of learners carried out while teachers are teaching.
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The Likert scale was used for assessment [27]. The results of
the assessment are used in analyzing the characteristics of
learners and in the learner profiling system.

3.2.2. Real-Time Learner Characteristic Extraction. The real-
time monitoring system extracted the characteristics of
learners by categorizing the cognitive ability of learners, the
information on the learning condition, and the information
on teacher assessment. This is an accurate reflection, since
the information on the characteristics of learners has been
extracted from learning situations in real time. The criteria
for extracting the characteristics of learners are largely sim-
ilarities, differences, fixed elements, and variable elements
[28]. Within these criteria, the background, experience,
aptitude, motive, learning, cognitive ability, and so forth of
the learners can be extracted and analyzed in order to provide
an optimized learning service to learners.

We extracted the characteristics of learners by only
considering those that have a high level of correlationwith the
type of learning that occurs during learning situations. The
extracted characteristics of learners are as follows. First is the
information on the cognitive ability of learners; as one of the
fixed characteristics of learners, cognitive ability can provide
information on the differences between individuals from the
cognitive perspective and the perspective of information pro-
cessing. Second is the information on the learning condition
of learners. The learning condition is the measured value of
the level of development that occurred during the learning
process. The variable characteristics of learners include intel-
lectual ability, linguistic ability, psychological growth, and
general/specific preparative learning. The intellectual ability
refers to the ability to think abstractly, and the linguistic
ability is the level of linguistic development. Psychological
growth refers to the desires related to learning, such as the
sense of unease regarding learning, the concept of self, and
interest. Preparative learning refers to the knowledge or skill
that the learners are expected to have already learned and is a
common term used to describe age, culture, and educational
curriculum. Third is the information on teacher assessment.
The assessment of teachers provides important information
that can help to determine learning situations.

From the log data, we extracted the results of events
that occurred during learning situations from themonitoring
system and the learners’ devices in order to extract the char-
acteristics of the learners. The characteristics are classified
into level of understanding and level of concentration. The
level of understanding refers to how the learners understand
the learning and is the change of intellectual and linguistic
ability following learning. The level of understanding refers
to the extent to which the learners conduct events related to
the learning that occurs during learning situations. Equation
(1) is used to calculate the level of understanding. Learnerund
is used to indicate the score for the level of understanding of
learners, while Event

𝑖
is the assessment score for the 𝑖th event,

and 𝐾 is the total number of events that occurred during a
learning situation:

Learnerund =
∑
𝑘

𝑖=1
Event

𝑖

𝐾
. (1)

The level of concentration refers to the data on interest
and desire towards learning and is a measure of how much
learners are interested in learning during learning situations
and how much they concentrate on learning. The following
equation is used to calculate the level of concentration:

Learnercnt = 𝛼 ⋅ Learnerund + 𝛽 ⋅ Learneratt + 𝛾

⋅ (
Devicecount
Averagecount

) .

(2)

Learnercnt is used to indicate the learner’s level of concentra-
tion, while Learnerund is the score for the level of understand-
ing, and Learneratt is the score for the learner’s attentiveness
in class. Devicecount indicates how many times the learners’
learning devices were operated, and Averagecount is the
average number of times the learning devices of learners were
operated. Devicecount/Averagecount is a value that compares
the frequency of the devices of a learner operated in learning
situations and the average frequency of the devices operated;
this can be used to make judgments on the scores for the
level of understanding and attitude as well as the degree of
interest in learners. For example, if the scores for the level
of understanding and attitude are high, and the frequency
of which the learner device is operated is higher than the
average frequency of operation, the learner has a high level
of interest in learning. Conversely, if the scores for the level
of understanding and attitude are low, and the frequency of
the device of a learner operated is lower than the average
frequency of operation, the learner has a low level of interest
in learning. Also, this study has set up critical values for each
value so that values that can express the level of interest in
learners that are as close to reality as possible could be found.

3.3. Learner’s Profiling System. The learner profiling system
automatically saves and constructs information on the char-
acteristics of learners through a real-timemonitoring system.
The learner’s profiles are important information in analyzing
the characteristics of learners and can be used in customized
learning, reconstruction of learning, and e-portfolios. The
learners’ profiles, as proposed in this study, are shown in
Table 1.

Learners’ basic information is composed of their name,
grade, and class and refers to the basic personal information
of the learners. Learners’ cognitive ability information is
determined by analyzing the learners’ cognitive ability that
influences their learning. We composed cognitive ability
information by measuring 3 elements: memory, concentra-
tion, and visual cognition perception.Memory wasmeasured
bymeasuringworkingmemory, which is closely connected to
learning.Themeasuringmethod used word recognition task,
where the learners are presented with 15 words and are told
to find the presented words among 50 words. Concentration
was measured by using a visual continuous performance
test (CPT) [29]. The learners were shown pictures of certain
fruits and told to click when the computer monitor displayed
pictures of fruits that were shown to the learners beforehand.
Through this, the level of concentration that learners could
hold for a certain time in response to stimulation could
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Table 1: Learner profiles.

Category Contents Description
Personal information Name, grade, and class Personal information of learners

Cognitive ability
Memory
Concentration
Visual cognition perception

Measurements of cognitive ability that affects learning

Learning condition Level of understanding
Level of concentration

Levels of understanding and concentration measured from real-time
monitoring system

Assessment information
Level of understanding
Level of concentration
Level of attitude

Levels of understanding and concentration and attitude as assessed
by teachers using the real-time monitoring system

be measured. Visual cognition perception was measured
by using a stroop task [30]. The learners were presented
with letters written in different colors (red, yellow, blue, and
black) and the response time and the numbers of errors
were measured while the learners were reading the color of
the letters. The learners’ learning situation information refers
to the level of understanding and concentration measured
from the real-time monitoring system. Teacher assessment
information refers to the assessment information of teachers
measured from the real-time monitoring system.

We used a self-organizing map (SOM), a clustering
method, to classify the learners based on the information
of their characteristics [31]. SOM is a type of unsupervised
learning and is a method that expresses input vectors in
a multidimensional space on a low-dimension grid space.
Learning in SOM repeats the process of finding the weight
vector closest to the input vector and moving it towards the
input vector. In this process, the weight vectors surrounding
the closest vectors are alsomoved towards the direction of the
input vector. Consequently, SOM is an algorithm that makes
possible the grouping of learners for their categorization,
which is the aim of this study. Through the SOM algorithm,
learners are classified into groups that possess similar char-
acteristics. A detailed description of the process of classifying
learners using the SOM algorithm is shown below.

SOM Algorithm

Step 1. Initialize strength of connections (𝑤
11
, . . . , 𝑤

𝑛𝑚
).

Step 2. New input vector is characteristics of learners.
Step 3. Calculate the distance between input vector and all

competing units.
The distance𝐷(𝑗) between input 𝑖 and output 𝑗 is

𝐷(𝑗) = ∑

𝑖

(𝑤
𝑖𝑗
− 𝑥
𝑖
)
2

. (3)

Here, 𝑥
𝑖
is the 𝑖th input vector, and 𝑤

𝑖𝑗
is the strength

of connection between 𝑖th input vector and 𝑗th
output.

Step 4. Select closest output.
Select output 𝑗(∗), the smallest distance𝐷(𝑗).

Table 2: Information on participants of experiment.

Class 1 2 3 4 5 6 Total
Students 35 34 36 35 34 36 210
Gender Male Female Total
Students 117 73 210

Step 5. Update the strength of connection between output
𝑗(∗) and its neighbors.

Step 6. Go back to step 2 and repeat.

4. Results and Discussion

4.1. The Environment for Constructing Learner Profiles. A
behavioral experiment was conducted in this study on stu-
dents attending an elementary school in Gyeonggi province,
Korea, for 4 weeks, as shown in Table 2. It was conducted on
a total of 210 students (Grade 4), and all teachers and learners
were introduced to the system and educated on how to use it
before the experiment began.The environment was prepared
for the application of the proposed system and included an
electronic blackboard, an electronic teaching desk, and 20
smart learning devices. The experiment was conducted 16
times for 4 weeks during class. For the experiment, the teach-
ers were provided with the measured results and the learner
profile results measured from the learner monitoring system
for every class. The learners were also given the opportunity
to check on their learner profile results using the system.

4.2. Contents of Constructing Learner Profiles

4.2.1. Real-Time Learner Characteristic Extraction. Informa-
tion on cognitive ability was collected by measuring concen-
tration, memory, and visual cognition perception, measured
at the first stage of the experiment. Changes in information
on cognitive ability were analyzed by measuring once a week
for a total of 4 times.

As shown in Figure 2, the average change in the concen-
tration of learners, 0.95, was not a significant improvement,
probably due to the following. First, concentration is one of
the many cognitive abilities that reflect the inherent charac-
teristics of a learner; however, it is difficult to show significant
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Figure 2: Results of measuring concentration.
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Figure 3: Results of measuring memory.

improvement within a short period of time. Second, the
measured initial values are high on average. Despite this, the
average change in Class 5, to which the system was applied,
was 0.95, which was higher than that in the control group,
which was 0.275; it could be said that the attempt made by
the system had a positive impact on learning.

Figure 3 shows the result of the measurements of visual
cognition perception of learners. Although the change is
small, this is acceptable, since it is the result that reflects
the inherent characteristics of learners. However, since the
change was higher than the change in the control group,
the system could be said to have had a positive impact on
learning.

Figure 4 shows the result of the measurements of visual
intelligence of learners. Although the change is small, this
is acceptable, since it is the result that reflects the inherent
characteristics of learners. However, since the change was
higher than the change in the control group, the system could
be said to have had a positive impact on learning.
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Figure 4: Results of measuring visual cognition perception.
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Figure 5: Results of measuring level of understanding.

4.2.2. Information on the Learning Situation of Learners.
The level of understanding was measured in each learning
session for the information on the learning situation by using
a real-time monitoring system. The experiment measured
the levels of understanding and concentration for all the
classes that participated in the experiment, and the role that
the system played in influencing learning was analyzed by
making comparisons with the control group.

Figure 5 shows an expression of the measured values of
the level of understanding.The classes in which the proposed
system was applied displayed an improvement of 20.8 points
on average, while the classes in which the proposed system
was not applied displayed an improvement of only 12.8 points
on average.This is because as learning progressed, the under-
standing of the learning generally improved. It is interesting
to note that Class 5 showed an improvement of 26.6 points
on average from its initial value, but Class 4 showed only 15.9
points on average, which was similar to Class 6, the control
group. This is most likely due to the difference between the
abilities of the teachers to apply the system. It could therefore
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Table 3: Questionnaire for teacher assessment.

Category Question Evaluation results
Mean SD

Questionnaire
for teachers

I am satisfied with the classes that used the operated system 4.205 0.880
I had better information of the learners due to the operated system 4.262 0.929
The learners’ information measured by the operated system was helpful in teaching the classes 4.067 0.975

Questionnaire
for learners

The information provided on the operated system helped in studying 4.219 1.021
The operated system induced motivation for studying 3.876 1.099
I could know more about my weakness through the operated system 4.110 1.045
I think that studying with the operated system is more effective 4.000 1.011
I am satisfied with my information as assessed by the operated system 4.057 1.078
I want to apply the operated system to other subjects 4.271 1.061
The classes that applied the operated system were satisfactory on the whole 4.271 1.122
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Figure 6: Results of measuring level of concentration.

be said that the level of understanding has a positive impact
on learning through the proposed system.

Figure 6 shows an expression of the measured values of
concentration. The classes in which the proposed system
was applied displayed an improvement of 28 points on
average, while the classes in which the proposed system
was not applied displayed an improvement of only 12.2
points on average. This is because as learning progressed,
the concentration towards learning improved on the whole.
In particular, Class 4 showed an improvement of 15.9 points
on average, which was similar to that of Class 6, the control
group.This is assumed to be due to the difference between the
abilities of the teachers to apply the system. It could thus be
said that the level of understanding also has a positive impact
on learning through the proposed system.

4.2.3. Information on Teacher Assessment. The results of
teacher assessment were collected through a questionnaire.
The questionnaire’s purpose was to verify the level of satis-
faction, since satisfaction has a strong connection to learning

effectiveness. Since the final goal of constructing learner pro-
files is the promotion of learning effectiveness, it is possible to
modify learningmethods by verifying the level of satisfaction.
The items on the questionnaire were verified for their appro-
priateness through a content validity ratio (CVR) analysis.
This research utilized the opinion of 10 experts (professionals
with 5 years or more of experience in the related field or
currently a teacher) to assess the appropriateness of the con-
tents of the questionnaire. As the result of expert assessment,
the items scored 0.75 on average (0.2 as minimum, 1 as
maximum), and the item with the lowest value was deleted.
The contents of the questionnaire are shown in Table 3.

The questionnaire for teacher assessment was separated
into that for the teacher and that for learners. The level of
satisfaction for teachers was satisfactory at 4.178 on average.
It could be said that the learner profiling that used a real-time
monitoring system had a positive impact on learning. The
level of satisfaction for learners was satisfactory at 4.114. This
is also thought to mean that learner profiling was helpful in
motivating learners to learn and to improve their learning in
general.

5. Conclusion

We proposed a learner profiling system for providing cus-
tomized learning by analyzing the characteristics of learners.
To do this, the characteristics of learners that occur during
learning situations were extracted by using a real-time mon-
itoring system, and learner profiles were constructed. The
contents of learner profiles are the cognitive ability, learning
condition, and teacher assessment of learners. For the specific
elements, the information on cognitive ability refers to the
inherent learning ability of learners and is classified as
memory, concentration, and visual cognition perception.
Information on learning condition includes the levels of
understanding and concentration towards the learning pro-
cess.The information on teacher assessment refers to the level
of satisfaction of learning. In order to verify the utility of
the proposed researchmethod, we constructed actual learner
profiles with 210 elementary school students as subjects. The
result of the experiment showed that the learners who used
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the proposed method showed a more positive impact in
learning effectiveness than those who did not use it.

The contributions of this study are as follows. First, the
result of this study supports the theory that the characteristics
of learners that occur during learning situations have a signif-
icant relationship with learning effectiveness.Thismeans that
learning which considers the learner’s learning ability that
occurs during learning situations and environmental factors
could improve learning effectiveness. Second, learning which
examines the learning condition of learners could promote
the motivation of learners. Learners who used the learner
profiles proposed in this study showed a higher average level
of concentration than those who did not use the profiles.
Similar results were found in tests for the level of satisfaction.
Third, the system could positively affect learning from the
aspect of learning convenience. The information on learners’
characteristics is extracted automatically by the real-time
monitoring systemand so participates in, rather than hinders,
the learning process.
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In the era of big data and cloud computing, sources and types of data vary, and the volume and flow of data are massive and
continuous. With the widespread use of mobile devices and the Internet, huge volumes of data distributed over heterogeneous
networks move forward and backward across networks. In order to meet the demands of big data service providers and customers,
efficient technologies for processing and transferring big data over networks are needed.This paper proposes amultidata connection
(MDC) scheme that decreases the amount of power and time necessary for information to be communicated between the content
server and the mobile users (i.e., the content consumers who are moving freely across different networks while using their
mobile devices). MDC scheme is an approach to data validation that requires the presentation of two or more pieces of data in
a heterogeneous environment of big data. The MDC transmits the difference of the consecutive data sequences instead of sending
the data itself to the receiver, thus increasing transmission throughput and speed.

1. Introduction

The increase in data sources, including social networks and
mobile devices, has brought the exponential growth, avail-
ability, and use of information [1, 2]. This trend to larger data
sets, commonly referred to as big data, entails new technolo-
gies and practices of collecting, storing, and analyzing data
sets as traditional data processing applications cannot handle
them efficiently. Advanced big data technologies can uncover
hidden values or additional information from large volumes
of data, providing more predictive, tailored information that
can lead to substantial innovation gains [3, 4].

Although the immense amount of data is generated
on a regular basis via a variety of channels (e.g., business
processes, machines, and human interaction with things
like social media sites, and mobile devices), information
services reflecting specific individual and community needs
and interests are scare. This indicates that technologies that
can uncover the insights and meaning of the underlying data
are essential to gain value from big data.

Big data implies enormous volumes of data. For example,
a single data file in scientific applications is of terabyte
size and it can take hours, days, or even longer to traverse
the network. However, volume is not the only aspect that
characterizes big data. Big data is often defined along three
dimensions—volume, velocity, and variety [5]. That is, big
data is high volume, high velocity, and high variety informa-
tion assets.

Big data has the power to radically change every aspect of
our lives, including politics, economy, culture, and science.
While it provides new opportunities for prosperity and
innovation, there is always the question of privacy or security,
particularly with customer data [6]. Online searches, store
purchases, Facebook posts, cell phone usage, and so forth are
creating a flood of data that when organized and analyzed,
reveals trends and habits about individuals and society at
large. This is why big data is sometimes nicknamed “modern
day version of Big Brother.” The threats of data breach and
leakage need to be understood and protected through the use
of appropriate security controls.

Hindawi Publishing Corporation
Mathematical Problems in Engineering
Volume 2015, Article ID 931352, 6 pages
http://dx.doi.org/10.1155/2015/931352

http://dx.doi.org/10.1155/2015/931352


2 Mathematical Problems in Engineering

Table 1: Four elements of big data.

Element Descriptions

Volume increases (i) Digital information is growing exponentially along with the advance of IT
(ii) Enter the zettabyte era

Variety increases
(i) Data collection can be from varied sources and forms (e.g., activity logs, text
posted on social media, spatial data, and physical event data)
(ii) The diversity of unstructured data grows (e.g., multimedia data)

Complexity increases

(i) Data that does not fit the structures of formal database architectures,
incompatible data storage formats, redundancy, and so forth
(ii) The complexity of data management grows due to the diversity of data types,
forms, and sources
(iii) Advanced techniques are required to efficiently manage and process the data of
high complexity

Velocity increases

(i) The increase of real-time data (object data, sensor monitoring data, streaming
data, etc.)
(ii) The speed of data generations and flows are fast-paced
(iii) Processing and analysis speed is vital to deal with huge volumes of data and to
provide volatile information in time

Big data is being transmitted over communications net-
works with increasing frequency, causing the problem of
machine and communication overhead. The transmission
of huge data files is not the only challenge. Real-time data
transmission is also becoming increasingly commonplace.
For example,mobile usersmay request big data services using
their smartphones while moving across different networks.
An efficient technique that can process and move large
amounts of data quickly and easily in such a setting is needed.

The MDC scheme proposed in this paper minimizes
the time necessary for information to be communicated
between the content server and the mobile user so that the
user moving across networks can receive big data services
without interruption. MDC scheme is an approach to data
validation that requires the presentation of two or more
pieces of data in a heterogeneous environment of big data.
The MDC transmits the difference between the consecutive
data sequences (the locations of the data in the content
server, more precisely) rather than the data itself. This allows
achieving low latency and reliable throughput, thus avoiding
interruptions in service. In addition, the MDC delivers
sufficient random bits to be used for validation checks.

The remainder of the paper is organized as follows.
Section 2 describes the definition and characteristics of
big data. Section 3 presents the proposed MDC scheme.
In Section 4, the performance of the proposed scheme is
evaluated.The final section provides concluding remarks and
directions for future research.

2. Related Work

2.1. Big Data. Big data refers to the expanding volume
of high velocity, complex, and diverse types of data, both
structured and unstructured [1]. Big data comes in the form
of emails, photos, monitoring devices, audio, cell phone
GPS signals, and many more. With the widespread use of
mobile devices and the Internet, data is routinely generated
by human interaction on systems like social media, causing

the exponential growth of the volume of data to be analyzed.
The advance of machine to machine (M2M) also accelerates
the exponential growth of data volumes [7, 8].

In today’s world, data comes from everywhere and it is
different from the data in conventional database systems in
many aspects. Online content produced by Internet users,
commonly known as the UCC or UGC, is an example of the
unstructured data that creates problems for storage, mining,
and analyzing data. With the available data on social media
platforms, it is possible to know many personal things about
individuals (e.g., demographic information, preferences, pur-
chase habits, and friends). CCTVs that are installed almost
everywhere (e.g., roads, buildings, and inside the residence
elevator) are gathering huge volumes of video data every day.
Along with the private sector, the public sector is generating
and managing large amounts of data associated with census,
health and welfare services, national pensions, and so forth
[9].

2.2. Characteristics of Big Data. Table 1 shows the four major
elements of big data—volume, velocity, variety, and com-
plexity. Today, big data is recognized as a government and
national asset in many countries but it requires innovative
forms of information processing for enhanced insight discov-
ery, decision making, and process optimization. The size of
the data sets within the data analysis and velocity with which
they need to be analyzed has outpaced the current abilities of
standard tools and methods of analysis.

Technologies such as distributed storage, parallel process-
ing, and cloud computing allow fast processing and analysis
of massive data sets. With such technologies, industries and
digital marketers can gather immediate feedback from tweet
updates, Facebook comments, or social media discussions
and predict and analyze their business circumstances within
a tolerable elapsed time. Thus, companies can provide a
more appropriate and prompt response to the customers,
increasing their chance of success.
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In the market, there are open source and/or free software
solutions and distributed, scalable, and flexible hardware
infrastructures for the management and analysis of large
quantities of data. For example, Hadoop, R packages, and
cloud computing are popular big data technologies.That is, it
is possible to realize benefits from the use of big data without
procuring expensive storages or a data warehouse [4, 10].

3. Multidata Connection Scheme

As the volumes and types of data in clouds increase, tech-
niques for efficiently handling big data stored in heteroge-
neous devices of different networks are required. The MDC
scheme proposed in this paper increases the throughput of
cloud-based big data by predicting the data to be sent at
later times and sending the difference of the consecutive data
sequences, not the data itself, to the receiving node.

3.1. Overview. The MDC scheme transfers the difference
between the consecutive data members, rather than the data
member itself, in order to increase throughput and speed. Let
𝑚[𝑘] be the data member of a data set transmitted in a big
data environment. Instead of sending 𝑚[𝑘] to the receiver,
the MDC sends 𝑑[𝑘], the difference of the two consecutive
data members, as represented in (1). 𝑘 denotes the number
of data members in the data set transmitted in a big data
environment:

𝑑 [𝑘] = 𝑚 [𝑘] − 𝑚 [𝑘 − 1] . (1)

When 𝑑[𝑘] and the previous data member 𝑚[𝑘 − 1] are
known, 𝑚[𝑘] can be derived. Thus, the receiver is able to
create 𝑚[𝑘] with the received difference 𝑑[𝑘].

As presented in Figure 1, the MDC increases throughput
by predicting 𝑚[𝑘], the 𝑘th data member. Given that an
estimate of𝑚[𝑘] is �̇�[𝑘], the difference with a data estimation
error, that is, 𝑑[𝑘] = 𝑚[𝑘] − �̇�[𝑘], will be transferred. The
receiver predicts �̇�[𝑘]with the past datamembers and creates
𝑚[𝑘] by adding the received 𝑑[𝑘] to the predicted �̇�[𝑘].

Suppose that the all-order derivatives of the data member
at a random time point 𝑡, 𝑚[𝑡], are known. Using a Taylor
series, 𝑚(𝑡 + 𝑇𝑆) is expressed in (2). 𝑇𝑆 denotes the time at
which server 𝑆 generates the data member:

𝑚(𝑡 + 𝑇𝑆) = 𝑚 (𝑡) + 𝑇𝑆�̇� (𝑡) + (

𝑇𝑆

2

2!

) �̇� (𝑡)

+ (

𝑇
𝑆

3

3!

) �̇� (𝑡) + ⋅ ⋅ ⋅

(2)

≈ 𝑚 (𝑡) + 𝑇
𝑆
�̇� (𝑡) for small 𝑇

𝑆
. (3)

In (2), if the data member and its derivative values at
time 𝑡 are known, the data member at a later time 𝑡 + 𝑇

𝑆
can

be predicted. Even if only the first derivative is known, an
approximate estimation of the future datamember is possible,
as expressed in (3). Let 𝑚[𝑘] be the 𝑘th data of 𝑀(𝑡). If
𝑚(𝑘𝑇
𝑆
) = 𝑚[𝑘], then 𝑚(𝑘𝑇

𝑆
± 𝑇
𝑆
) = 𝑚[𝑘 + 1]. With 𝑡 = 𝑘𝑇

𝑆
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Figure 1: A multidata connection structure using the prediction
coefficient.

in (3), �̇�[𝑘𝑇
𝑆
] ∼ [𝑚(𝑘𝑇

𝑆
)−𝑚(𝑘𝑇

𝑆
−𝑇
𝑆
)]/𝑇
𝑆
is produced.This

leads to

𝑚[𝑘 + 1] ∼ 𝑚 [𝑘] + 𝑇
𝑆
[

(𝑚 [𝑘] − 𝑚 [𝑘 − 1])

𝑇
𝑆

]

= 2𝑚 [𝑘] − 𝑚 [𝑘 − 1] .

(4)

An approximate value 𝑚(𝑡) + 𝑇
𝑆
�̇�(𝑡) in (3) is further

refined by increasing the number of terms on the right
side. To perform the differentials of higher order, more past
data are needed. The accuracy of prediction increases as the
number of previous data members increases. The prediction
is carried out using

𝑚[𝑘] ≈ 𝑎
1
𝑚[𝑘 − 1] + 𝑎

2
𝑚[𝑘 − 2] + ⋅ ⋅ ⋅

+ 𝑎𝑁𝑚[𝑘 − 𝑁] .

(5)

In (5), 𝑎
1
𝑚[𝑘−1]+𝑎

2
𝑚[𝑘−2]+ ⋅ ⋅ ⋅ +𝑎

𝑁
𝑚[𝑘−𝑁] denotes

�̇�[𝑘], that is, an estimate of 𝑚[𝑘]. �̇�[𝑘] is expressed in

�̇� [𝑘] = 𝑎
1
𝑚[𝑘 − 1] + 𝑎

2
𝑚[𝑘 − 2] + ⋅ ⋅ ⋅

+ 𝑎
𝑁𝑚[𝑘 − 𝑁] .

(6)

As 𝑁 increases, the accuracy of prediction increases. The
data member sent by the server is𝑚[𝑘] and the data member
received by the receiver is �̇�[𝑘].

3.2. LinearMean Square Error Estimation. When two estima-
tion errors 𝑥 and 𝑦 of the data member of interest are related,
one of them can be used to derive the other. That is, 𝑦 can be
estimated based on the knowledge of 𝑥. An estimate 𝑦 of 𝑦
is also likely to have an estimation error, making it not quite
the same as the actual estimation error 𝑦. TheMDC finds the
best estimate of the data member estimation error using the
minimum mean square error (MMSE) criterion, 𝜀2. This is
expressed in

𝜀
2
= (𝑦 − 𝑦)

2
. (7)

In general, 𝑦, the best estimate of the data member
estimation error 𝑦, is a nonlinear function of 𝑥. Assuming
that 𝑥 = 0, 𝑦 can be restricted to a linear function of 𝑥, as
represented in

𝑦 = 𝑎𝑥. (8)



4 Mathematical Problems in Engineering

𝜀
2 is computed using

𝜀
2
= (𝑦 − 𝑦)

2
= (𝑦 − 𝑎𝑥)

2

= 𝑦
2
+ 𝑎
2
𝑥
2
− 2𝑎𝑥𝑦.

(9)

To minimize 𝜀
2 of (9), (10) is executed. Consider

𝜕𝜀
2

𝜕𝑎

= 2𝑎𝑥
2
− 2𝑥𝑦 = 0. (10)

𝑎 is computed using

𝑎 =

𝑥𝑦

𝑥
2

=

𝑅
𝑥𝑦

𝑅𝑥𝑥

. (11)

In the equation above, 𝑅𝑥𝑦 = 𝑥𝑦, 𝑅𝑥𝑥 = 𝑥
2, and 𝑅𝑦𝑦 =

𝑦
2. By applying 𝑎 of (11) to (12), 𝑦 − 𝑅

𝑥𝑦
𝑥/𝑅
𝑥𝑥

is produced.
Consider

𝜀 = 𝑦 − 𝑎𝑥 = 𝑦 −

𝑅
𝑥𝑦

𝑥

𝑅𝑥𝑥

. (12)

As shown in (13), 𝑥𝜀 is 𝑥(𝑦 − (𝑅
𝑥𝑦

/𝑅
𝑥𝑥

)𝑥) = 𝑥𝑦 −

(𝑅
𝑥𝑦/𝑅𝑥𝑥)𝑥

2. Consider

𝑥𝜀 = 𝑥(𝑦 −

𝑅
𝑥𝑦

𝑅
𝑥𝑥

𝑥) = 𝑥𝑦 −

𝑅
𝑥𝑦

𝑅
𝑥𝑥

𝑥
2
. (13)

In (13), 𝑥𝑦 = 𝑅
𝑥𝑦

and 𝑥𝑥 = 𝑥
2

= 𝑅
𝑥𝑥
. With this, 𝑥𝜀 is

rewritten as

𝑥𝜀 = 𝑅
𝑥𝑦

− 𝑅
𝑥𝑦

. (14)

Equation (14) is in line with the orthogonality principle. 𝑥
is orthogonal (“not related”) to 𝜀when the mean square error
(MSE) is the minimum.

By the orthogonality theorem, (15) computes the MMSE.
Consider

𝜀
2
= (𝑦 − 𝑎𝑥)

2
= (𝑦 − 𝑎𝑥) 𝑦 − 𝑎 ⋅ 𝜀𝑥 = (𝑦 − 𝑎𝑥) 𝑦

= 𝑦
2
− 𝑎 ⋅ 𝑦𝑥 = 𝑅

𝑦𝑦
− 𝑎 ⋅ 𝑅

𝑥𝑦
.

(15)

3.3. Estimation of theDataMembers. If an estimate of the data
member of interest, 𝑥0, is related with other 𝑛 estimates of the
datamember,𝑥1+𝑥2, . . . , 𝑥𝑁, then𝑥0 can be estimated via the
linear summation of 𝑥1 + 𝑥2, . . . , 𝑥𝑁. This is represented in

𝑥
0
= 𝑎
1
𝑥
1
+ 𝑎
2
𝑥
2
+ ⋅ ⋅ ⋅ + 𝑎

𝑛
𝑥
𝑛
= ∑𝑎

𝑖
𝑥
𝑖
. (16)

As expressed in (17), 𝜀
2 is computed using

[𝑥
0
− (𝑎
1
𝑥
1
+ 𝑎
2
𝑥
2
+ ⋅ ⋅ ⋅ + 𝑎

𝑛
𝑥
𝑛
)]
2. Consider

𝜀
2
= [𝑥
0
− (𝑎
1
𝑥
1
+ 𝑎
2
𝑥
2
+ ⋅ ⋅ ⋅ + 𝑎

𝑛
𝑥
𝑛
)]
2
. (17)

To minimize 𝜀
2 of (17), (18) is performed. Consider

𝜕𝜀
2

𝜕𝑎
1

=

𝜕𝜀
2

𝜕𝑎
2

= ⋅ ⋅ ⋅ =

𝜕𝜀
2

𝜕𝑎
𝑛

= 0. (18)

𝜕𝜀
2
/𝜕𝑎
𝑖
takes the derivative of 𝜀

2 with respect to 𝑎
𝑖
, as

represented in

𝜕𝜀
2

𝜕𝑎
𝑖

=

𝜕

𝜕𝑎
𝑖

[𝑥
0
− (𝑎
1
𝑥
1
+ 𝑎
2
𝑥
2
+ ⋅ ⋅ ⋅ + 𝑎

𝑛
𝑥
𝑛
)]
2
= 0. (19)

𝜕𝜀
2
/𝜕𝑎𝑖 is rewritten in (20) by rearranging the differential

calculus and the average. Consider

𝜕𝜀
2

𝜕𝑎
𝑖

= −2[𝑥0 − (𝑎1𝑥1 + 𝑎2𝑥2 + ⋅ ⋅ ⋅ + 𝑎𝑛𝑥𝑛)] 𝑥𝑖
= 0. (20)

Equation (20) is rewritten in

𝜀 ⋅ 𝑥
𝑖
= 0 𝑖 = 1, 2, . . . , 𝑛. (21)

Equation (21) can be transformed to (22) but the condi-
tion in (23) must be satisfied. Consider

𝑅
0𝑖

= 𝑎
1
𝑅
𝑖1

+ 𝑎
2
𝑅
𝑖2

+ ⋅ ⋅ ⋅ + 𝑎
𝑛
𝑅
𝑖𝑛
, (22)

but

𝑅
𝑖𝑗

= 𝑥
𝑖
𝑥
𝑗
. (23)

By differentiating 𝜀
2 with regard to 𝑎

1
, 𝑎
2
, . . . , 𝑎

𝑛
and

equating the result to zero, 𝑛 equations are obtained. Constant
𝑎
1
, 𝑎
2
, . . . , 𝑎

𝑛
can be obtained using the inverse matrix, as

shown in

[

[

[

[

[

[

𝑎1

𝑎
2

⋅ ⋅ ⋅

𝑎
𝑁

]

]

]

]

]

]

=

[

[

[

[

[

[

𝑅11 𝑅12 ⋅ ⋅ ⋅ 𝑅1𝑛

𝑅
21

𝑅
22

⋅ ⋅ ⋅ 𝑅
2𝑛

⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅

𝑅
𝑛1

𝑅
𝑛2

⋅ ⋅ ⋅ 𝑅
𝑛𝑛

]

]

]

]

]

]

[

[

[

[

[

[

𝑅01

𝑅
02

⋅ ⋅ ⋅

𝑅
0𝑛

]

]

]

]

]

]

. (24)

In (20) and (21), the error 𝜀 is orthogonal to the datamem-
ber estimates 𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
so as to have the best estimate

of the data member. The MSE in this optimum condition is
expressed in

𝜀
2
= 𝜀𝜀 = 𝜀 [𝑥0 − (𝑎1𝑥1 + 𝑎2𝑥2 + ⋅ ⋅ ⋅ + 𝑎𝑛𝑥𝑛)].

(25)

In (25), 𝜀𝑥
𝑖
is 0 (𝑖 = 1, 2, . . . , 𝑛). 𝜀2 is rewritten in

𝜀
2
= 𝜀𝑥
0
= 𝑥
0
[𝑥
0
− (𝑎
1
𝑥
1
+ 𝑎
2
𝑥
2
+ ⋅ ⋅ ⋅ + 𝑎

𝑛
𝑥
𝑛
)]

= 𝑅00 − (𝑎1𝑅01 + 𝑎2𝑅02 + ⋅ ⋅ ⋅ + 𝑎𝑛𝑅0𝑛) .

(26)

4. Experiments

4.1. Performance Measures. In the experiments, MATLAB
was used to evaluate the proposed MDC scheme with 𝜀

2, the
MMSE of data member estimations. For simplification, it was
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assumed that the data member 𝑚[𝑘] has the same attribute
function. With this assumption, all data members have the
same size and the receiver needs the same storage space for
𝑚[𝑘]. If an estimate of the data member 𝑚[𝑘] is �̇�[𝑘], the
difference with an estimation error, 𝑑[𝑘] = 𝑚[𝑘] − �̇�[𝑘], is
transmitted.

The performance of the MDC was evaluated in terms
of data member prediction accuracy measured using 𝑃𝑚[𝑘],
the probability of mean squared data prediction error. To
evaluate the accuracy of the received difference information,
two random nodes 𝑛𝑖 and 𝑛𝑗 share the MSEs associated with
the data differences. Here, the difference can be between two
consecutive data members, denoted as 𝑑[1] (= 𝑚[1] −𝑚[0]),
and between as many as 𝑞 (= 𝑑[𝑞]). 𝑃𝑚[𝑘] is calculated using

𝑃𝑚[𝑘]
= 1 − (1 −

1

𝑘

)

𝑚

. (27)

𝑘 denotes the predicted location of the data member used
in theMSE.𝑚 denotes the number of data differences used in
the MSE. 𝑚 denotes the size of �̇�[𝑘]:

Prob {𝑑 = 𝑗} =

𝑑 − 1

𝑗 − 1

𝑃
𝑗−1

𝑚[𝑘]
(1 − 𝑃

𝑚[𝑘]
)
𝑑−𝑗

, (28)

Prob {𝑑 = 𝑗} =

𝑑

𝑗

𝑃
𝑗

𝑚[𝑘]
(1 − 𝑃

𝑚[𝑘]
)
𝑑−𝑗

. (29)

In the equations above, 𝑑 denotes the probability of MSE
of �̇�[𝑘]. 𝑑 chooses𝑚 of �̇�[𝑘] that satisfies 1 ≤ 𝑗 ≤ 𝑑. Using 𝑗,
1 + (𝑑 − 1) ⋅ 𝑃

𝑚[𝑘] is produced. 𝑑 of �̇�[𝑘] is 𝑗 that obtains the
actual data member 𝑚[𝑘] and satisfies 0 ≤ 𝑗 ≤ 𝑑.

To measure the performance of the proposed MDC
scheme, 𝜀2, �̇�[𝑘], and 𝑑 were used.

4.2. Experiment Results. Figure 2 shows the data accuracy
in terms of 𝜀

2 where 𝑃
𝑚[𝑘]

is 0.5 and 𝑘 varies form 50,000,
100,000, 250,000, up to 500,000. Compared to the previous
scheme that sends the datamember itself, theMDCdecreases
the amount of power necessary for the data to be sent from the
server to the receiver by 28%. As the number of datamembers
increases, the throughput and storage space efficiency of the
MDC increases.

Figure 3 shows 𝑃
𝑚[𝑘]

of the data members that are
randomly selected from the networks of different sizes. The
results show that𝑃

𝑚[𝑘]
increases as the network size increases.

These results were obtained by analyzing many different 𝜀
2,

�̇�[𝑘], and 𝑑 values. In Figure 3, 𝑃𝑚[𝑘] is proportional to 2/𝑘.
Figure 4 presents the delays in obtaining the data at

the receiver based on the probability of prediction errors.
Compared to the previous scheme in which the data is sent
directly by the server to the receiver, the MDC decreases
the delay by 28.6%. This indicates that transferring the data
difference instead of the data itself contributes to providing
seamless big data services to the end users.

Figure 5 shows the service delays with regard to the
number of hops between source (the content server) and
destination (the user). In comparison with the previous
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scheme, the proposed MDC has a constant service delay
irrespective of the number of network hops. The MDC
reduces the amount of data to be transferred by delivering
only the difference of data sequences, and thus it is less
affected by different network conditions.

5. Conclusion

This paper presented the MDC scheme that improves
throughput by transferring the difference of the consecutive
data sequences, instead of the data itself, in heterogeneous
big data environments.TheMDCminimizes the data transfer
time between the content server and the user so that the user
who moves across different networks can receive big data
services without interruption. As it sends only the difference
of the consecutive datamembers, high throughput is achieved
irrespective of the types, functionalities, and characteristics of
the data.

In comparison with the previous scheme, it was observed
that the MDC decreases the amount of power required to
communicate the data by 28%. This processing efficiency
increases as the number of data members to be delivered
increases, which leads to increased storage space efficiency.
The MDC decreases the delay in obtaining the data at the
receiving node by 28.6%. In addition, the MDC maintains a
constant service delay irrespective of the number of network
hops. In the future, the performance of the MDC will be
examined in an environment where two or more networks
are interacting with, and its resilience against various security
attacks will be studied.
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The short-time Fourier transform- (STFT-) based algorithm was suggested to distinguish falls from various activities of daily living
(ADLs). Forty male subjects volunteered in the experiments including three types of falls and four types of ADLs. An inertia
sensor unit attached to the middle of two anterior superior iliac spines was used to measure the 3-axis accelerations at 100Hz. The
measured accelerationswere transformed to signal vectormagnitude values to be analyzed using STFT.Thepowers of low frequency
components were extracted, and the fall detection was defined as whether the normalized power was less than the threshold (50%
of the normal power). Most power was observed at the frequency band lower than 5Hz in all activities, but the dramatic changes
in the power were found only in falls. The specificity of 1–3Hz frequency components was the best (100%), but the sensitivity was
much smaller compared with 4Hz component.The 4Hz component showed the best fall detection with 96.9% sensitivity and 97.1%
specificity. We believe that the suggested algorithm based on STFT would be useful in the fall detection and the classification from
ADLs as well.

1. Introduction

Falls are often caused by various factors such as an impaired
balance function or cardiovascular diseases, which result in
the deterioration of quality of life [1]. The occurrence of
falls increases in magnitude, as the number of elderly people
increases in many nations throughout the world. According
to World Health Organization, 1.6–3.0 of 10,000 individuals
are hospitalized due to falls in the population over 60 years of
age in Australia, Canada, and the United Kingdom of Great
Britain andNorthern Ireland [2]; thus, fall-related injuries are
considered as one of major public health priorities. In this
regard, many researchers have exerted to develop an exercise
protocol [3] or a fall-related injury prevention system [4]. In
particular, since positive exercise effects could be expected
after quiet long period such as 12 weeks and since the exercise
does not always give an escape from a fall, the automatic
(preimpact) detection of a fall is considered as a promising
solution to prevent the fall-related injury.

In order to effectively prevent fall-related injuries, it
is highly desirable to detect a fall prior to impact. To
accomplish this, many researchers have been interested in
specific changes in accelerations or angular velocities of a
human segment under a fall condition [5–7]. Wu measured
the horizontal and vertical velocities of the trunk segment
using a 3D motion capture system and found out that
(1) the magnitude of both velocities increased dramatically
during the falling phase, reaching up to 2-3 times compared
to normal velocities, and (2) the increase of both velocity
magnitudes usually occurred simultaneously [5]. She sug-
gested that changes in the magnitude and the timing of the
magnitude of both velocities could be used to distinguish
fall movements from normal activities of daily living (ADLs)
during the descending phase of the fall. However, such video-
based approach might be limited in terms of cost and most
importantly portability. Recently, a wearable sensor has been
widely used to measure inertia properties due to its great
portability. Bourke et al. proposed a fall detection algorithm
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by thresholding of the vertical velocity of the trunk from
a wearable inertial sensor and provided a possibility of
stand-alone fall detection systems without an optical motion
capture system, showing 100% accurate distinguishing of
falls from ADLs [6]. However, a threshold-based algorithm
generally has a high sensitivity but relatively low specificity.
Thismight causemore serious problems than a fall itself; thus,
a more robust algorithm is required than a threshold-based
one.

A few groups have attempted human activity classifica-
tion using frequency analysis. Barralon et al. [8] determined
the most proper frequency-based analysis method to detect
walking activities using the root-mean square of the three-
axis acceleration signals worn on the chest and suggested
the short-time Fourier transform (STFT) due to the shortest
calculation time compared with the discrete wavelet trans-
form (DWT) or the continuous wavelet transform. Godfrey
et al. [9] utilized the DWT into investigating if accurate
mobility monitoring and activity classification, including
posture transition, can be achieved using a single chest-
mounted sensor. As a result, the range of both sensitivity
and specificity was 86–92% for young healthy subjects in a
controlled setting and 83–89% for elderly healthy subjects in
a home environment. To the best of our knowledge, although
using an inertia sensor unit for the fall detection has been
recently studied, evaluating the performance of frequency-
based algorithms has been less explored before.

In this study, the STFT-based fall detection algorithmwas
suggested using the three-axis acceleration signals measured
at the middle of the two anterior superior iliac spines under
various ADLs and simulated falling condition. Then, both
sensitivity and specificity were calculated in order to evaluate
the performance of the proposed algorithm.

2. Methods

2.1. Participants andExperimentalDesign. Forty healthymale
volunteers (age: 23.4±4.4 years; height: 172.0±7.1 cm;weight:
68.7 ± 8.9 kg) with no musculoskeletal diseases participated
in this study. Before participating in the study, the subjects
were informed about the purpose of the study and the exper-
imental protocol and provided the written informed consents
which were approved by the Yonsei University Research
Ethics Committee (1041849-201308-BM-001-01). An inertia
sensor,MPU-9150 (Invensens,USA),was used tomeasure the
3-axis acceleration (𝑥: mediolateral; 𝑦: superoinferior; and 𝑧:
anteroposterior) at 100Hz. The inertia sensor was attached
to the middle of the two anterior superior iliac spines. Each
subject fell by simply relaxing to the side, back, or front
on a soft foam mattress for five times, and four different
ADLs (gait, sit-to-stand, stand-to-sit, and sit-to-lying) were
conducted for five times.

2.2. Short-Time Fourier Frequency-Based Fall Detection Algo-
rithm. Signal vector magnitude (SVM) was calculated from
the measured 3-axis acceleration as follows:

𝑠 [𝑛] = √𝑎
𝑥
[𝑛]
2

+ 𝑎
𝑦
[𝑛]
2

+ 𝑎
𝑧
[𝑛]
2

𝑛 = 0, . . . , 𝑁 − 1, (1)

where 𝑠 is the discrete SVM signal, 𝑎 the measured acceler-
ation, 𝑛 the time frame, and 𝑁 the total length of the signal
𝑠. The subscript 𝑥, 𝑦, or 𝑧 indicates the direction. Then, the
STFT was conducted using the calculated SVM data (𝑠[𝑛]) as
follows:

𝑆 [𝑚, 𝜔] =

𝑁−1

∑
𝑛=0

𝑠 [𝑛] 𝑤 [𝑚 − 𝑛] ⋅ 𝑒
−𝑗𝜔𝑚

𝜔 = 0, . . . , 50Hz,

(2)

where 𝑆[𝑚, 𝜔] is the STFT output of 𝑠[𝑛] to be analyzed,𝑚 the
time parameter, and 𝜔 the frequency parameter. In this case,
𝑚 is discrete and 𝜔 is continuous, but both variables become
discrete and quantized because in most typical applications
the STFT is performed on a computer using the fast Fourier
transform (FFT) as follows:

𝑆 [𝜔] =

𝑁−1

∑
𝑛=0

𝑠 [𝑛] ⋅ 𝑒
−𝑗𝜔

, (3)

where 𝑆[𝜔] is the FFT output of 𝑠[𝑛] to be transformed. 𝑤 in
(2) is theHamming functionwith thewindow length (𝐿) of 30
(corresponding to 300ms due to the sampling rate of 100Hz)
as follows:

𝑤 [𝑛] = 𝛼 − 𝛽 cos( 2𝜋𝑛
𝐿 − 1
) , (4)

where 𝛼 and 𝛽 are the constants. The constants are approx-
imations of values 𝛼 = 0.54 (i.e., 25/46) and 𝛽 = 0.46
(i.e., 21/46), which cancel the first side-lobe of the Hanning
window by placing a zero at frequency 5𝜋/(𝐿 − 1) [10]. The
overlapping length was fixed 𝐿−1 (i.e., 29). Because the SVM
signal 𝑠 is real, the effect of FFT is to evenly distribute the
total power on both halves of the input. This means that the
FFT output will be symmetric; thus, there are effectively two
bins for each frequency, and the magnitude of each bin is
effectively half of the actual expected value.The STFT output
was corrected as follows:

𝑆 [𝑚, 𝜔] = √|2 ∗ 𝑆 [𝑚, 𝜔]|. (5)

Changes in power 𝑆[𝑚, 𝜔] of low frequency components
such as 1, 2, 3, 4, and 5Hz were extracted and then were
normalized by each ofmean values𝑀

𝜔
within the first 100ms

because the power corresponding to each frequency was
different according to movements as follows:

𝑆
𝑁
[𝑚, 𝜔] =

𝑆 [𝑚, 𝜔]

𝑀
𝜔

𝜔 = 1, 2, 3, 4, 5Hz,

𝑀
𝜔
=
∑
99

𝑚=0
𝑆 [𝑚, 𝜔]

100
,

(6)

where 𝑆
𝑁
[𝑚, 𝜔] is the normalized power. The fall would be

expected if the normalized power at each of such frequencies
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Figure 1: Representative STFT plots for ADLs: gait (a); sit-to-stand (b); stand-to-sit (c); and sit-to-lie (d).

was less than 0.5 of the normalized power (i.e., 𝑆
𝑁
[𝑚, 𝜔] <

0.5). To estimate the performance of fall detection using the
STFT, sensitivity and specificity were calculated as follows:

Sensitivity (%) =
True positives

True positives + False negatives

× 100%,

Specificity (%) =
True negatives

True negatives + False positives

× 100%,

(7)

where true positives are the number of cases when the
algorithm correctly decided a fall as a fall, false negatives
the number of cases when the algorithm correctly decided
a fall as an ADL, true negatives the number of cases when
the algorithm correctly decided an ADL as an ADL, and false
positives the number of cases when the algorithm correctly
decided an ADL as a fall. All data analysis was performed
using MATLAB R2012b (The MathWorks Inc., USA).

3. Results and Discussion

Most power was shown at lower frequency components,
especially lower than 5Hz (over 82% on average) as shown

Table 1: Comparison of sensitivity and specificity according to
different frequency components.

Frequency components
1Hz 2Hz 3Hz 4Hz 5Hz

Sensitivity (%) 54.1 61.5 79.7 96.9 65.8
Specificity (%) 100 100 100 97.1 83.9

in Figure 1 (for four different ADLs) and Figure 2 (for three
types of falls). The power was dramatically changed during
falls, but not during ADLs in the frequency band. The
normalized power signals during ADLs and falls are shown
in Figures 3 and 4, respectively. The peak power at each
frequency component was delayed around 2ms after the
fall impact due to the impact absorption by the soft foam
mattress. However, it seems negligible because the purpose of
this studywas to detect a fall prior to impact. Interestingly, the
normalized power values were less than the threshold during
falls but not duringADLs.This difference showed a possibility
that the developed STFT-based algorithm would be applied
for fall detection.

Table 1 shows the performance of the developed algo-
rithm. The specificity of 1–3Hz frequency components was
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Figure 2: Representative STFT plots for falls: side fall (a); backward fall (b); and forward fall (c).

the best (100%), but the sensitivity was low (<80%). The
results at 5Hz showed the low performance with the sen-
sitivity of 65.8% and the specificity of 83.9%. Although the
specificity of 4Hz component was rather smaller than 100%
(97.1%), it showed the best sensitivity (96.9%) compared
with the other frequency components. These imply that
4Hz frequency component would be appropriate for the fall
detection with the relatively good sensitivity and specificity.
This is also supported by the previous study where the results
of fast Fourier transform of acceleration signals obtained
during a fall showed a considerable power at the frequency
band ranged at 3-4Hz [11].

Many researchers have suggested a fall detection algo-
rithm using angular velocities or accelerations. However,
their algorithm decided lying or stand-to-sit as a fall incor-
rectly (i.e., low specificity) [5, 7]. However, the developed
algorithm showed generally high specificity compared with
the previous studies. This might be acceptable because it is
clearly possible to generate similar acceleration amplitudes in
nonfall events, even though the dramatic change in ampli-
tudes of accelerations can be considered as characteristics
of a fall event. In this regard, Yavuz et al. [11] investigated

accelerations in frequency domain to distinguish falls from
normal actions and suggested that the wavelet-based fall
detection method showed better performance than the exist-
ing thresholdmethod.Moreover, they proposed that focusing
on the frequency components of the acceleration could lead
to better performance of distinguishing falls from normal
activities than the amplitude. The similar results were found
in this study, showing that the normalized power at 4Hz
would be promising to distinguish falls from ADLs.

This study might be limited due to healthy male subjects
participating. However, this is not an avoidable problem in
the current environment, because a potential risk is highly
expected when the elderly people perform the simulated
falls even on a soft foam mattress. Instead of the direct
measurement from the simulated experiments, the problem
could be solved by monitoring the long-term activities of
fallers.

This study included the small number of ADLs. However,
the ADLs in this study have been considered as typical activ-
ities in the field of the evaluation of fall detection algorithms
[5, 7]. Interestingly, the developed algorithm showed better
performance of the fall detection with the relatively good
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Figure 3: Representative normalized power plots for ADLs: gait (a); sit-to-stand (b); stand-to-sit (c); and sit-to-lie (d). The vertical dashed
line indicates the fall impact and the horizontal dashed-dot-line the threshold (i.e., 0.5).

sensitivity and specificity than that of the previous studies.
Nevertheless, further studies would be required to confirm
whether the developed algorithmwould be useful to the other
activities.

There are various parameters in performing the STFT, but
most parameters such as the window function, the window
length, and the overlapping length were fixed. This might be
a negligible problem, because the normalized power at 4Hz
showed better outcomes than the other conditions in spite
of the same STFT operation. Banos et al. [12] identified that
the window length between 0.25 and 3.25 s might be optimal
for the recognition of whole body movements. Moreover,
they suggested that shorter window sizes would be better to
recognize fall or epileptic seizure detections. These results

imply the importance of the window length for the signal
segmentation. Thus, it would be also required to find out
the relationship between the performance and changes in the
factors in further studies.

In conclusion, this study aimed to develop the STFT-
based fall detection algorithm. As a result, the best fall detec-
tion could be accomplished with 4Hz frequency component,
showing 96.9% sensitivity and 97.1% specificity.Though com-
bining various sensors (i.e., gyro sensor, accelerometer, or tilt
sensor) can be a potential alternative to detect falls with high
sensitivity and specificity, it might require amultistep process
and complex algorithm. However, the developed algorithm
showed the relatively high sensitivity and specificity with only
3-axis accelerations. Therefore, we believe that the suggested
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Figure 4: Representative normalized power plots for falls: side fall (a); backward fall (b); and forward fall (c).The vertical dashed line indicates
the fall impact, and the horizontal dashed-dot-line the threshold (i.e., 0.5).

algorithm would be useful for the fall detection and the
classification from ADLs as well even when there are only 3-
axis accelerations.
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Currentmachine learning (ML) based automated essay scoring (AES) systems have employed various and vast numbers of features,
which have been proven to be useful, in improving the performance of the AES. However, the high-dimensional feature space is
not properly represented, due to the large volume of features extracted from the limited training data. As a result, this problem
gives rise to poor performance and increased training time for the system. In this paper, we experiment and analyze the effects of
feature optimization, including normalization, discretization, and feature selection techniques for different ML algorithms, while
taking into consideration the size of the feature space and the performance of the AES. Accordingly, we show that the appropriate
feature optimization techniques can reduce the dimensions of features, thus, contributing to the efficient training and performance
improvement of AES.

1. Introduction

Generally, essay scoring is performed manually by skilled
assessment experts. However, when essays are scored man-
ually, there are a couple of limitations. First, it is difficult
to acquire consistent results from the scoring, because of
human errors and biased preconceptions. Second, it requires
a considerable amount of time and effort in scoring. Third,
it is impractical for humans to provide a detailed analysis or
individual feedback. Consequently, there is growing interest
in a computerized system that can automatically assess essays,
since the system could potentially assist or even replace
human assessors.

So far, most AES approaches have tried to find an appro-
priate ML algorithm and have focused on finding useful
features for training the ML algorithm for AES [1–5]. In this
paper, we attempt to use all of the features, which have been
proven to be useful in training the AES system, and analyze
the effects of integrating those features. However, if the vast
numbers of features are used for training the system all
together, the following problems may arise.

(1) The limited number of training data does not prop-
erly represent the expanded high-dimensional feature
space; thus, optimized training cannot be performed.

(2) The vast number of features must be considered at
the same time; thus, an increase in training time is
required.

The phenomenon (1) is referred to as the “curse of dimen-
sionality.” Most features used for AES have values of integers
or real numbers, and there are hundreds of features. Thus, a
systemusing these features cannot help but fall into the “curse
of dimensionality.”ML based systemsmust train systemswith
high-dimensional data by spending a tremendous of time for
training. Therefore, it is essential that the feature space be
reduced, so that optimal performance can be obtained, and
training can be made more efficient.

In this paper, we experiment with and analyze the effects
of three different techniques to reduce the feature space: nor-
malization, discretization, and feature selection.The normal-
ization techniques can transform the different ranges of each
feature value into a fixed range, thereby reducing the whole
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range of feature values. The discretization techniques com-
bine feature values represented by numbers into correspond-
ing groups and convert feature values belonging to a specific
group into one corresponding integer value, thus reducing
the number of feature values.The feature selection techniques
reduce feature space by selecting and using features that are
relevant to answers and features that are easily distinguishable
from different samples.

The normalization, discretization, or feature selection
techniques unfortunately do not always have positive effects
on the performance of the application.An appropriate combi-
nation of feature optimization techniquesmust be selected for
corresponding domains with ML algorithms. Our research
shows that using the appropriate feature optimization tech-
niques can reduce the dimensions of features and thus result
in the efficient training and performance improvement of
AES.

The remainder of this paper is organized as follows.

(i) In Section 2, we discuss previous approaches to AES
and the reduction of feature space.

(ii) Section 3 presents theMLbasedAES architecture,ML
algorithms for AES, and diverse features forML based
AES.

(iii) In Section 4, feature optimization techniques (mainly
normalization, discretization, and feature selection
techniques) are described.

(iv) In Section 5, we discuss and analyze the experimental
results of various feature optimization techniques.

(v) Finally, in Section 6, we conclude the paper.

2. Related Works

Various studies on AES have taken place. Often, research
that is based on the ML approach focuses on exploring novel
features and learning methods to improve the performance
for essay scoring. Project Essay Grade [1], the first AES study,
used multiple regression (MR) and achieved correlation val-
ues that were similar to those achieved by human assessors.
The study used mostly number based features, including the
number of words, phrases, parentheses, apostrophes, com-
mas, periods, colons, and semicolons. Intelligent essay asses-
sor (IEA) [2] assessed only the content of essays that were
written by native English speakers, using latent semantic
analysis (LSA).Words were in essays as a vector of the seman-
tic space; the vector dimension was reduced by using LSA.
The ungraded essays were compared with graded essays, by
using the cosine similarity measure; the score for the most
similarly graded essay was assigned to the score of the
ungraded essay. BETSY [6] evaluated essays using a classifier
that is based on Naive Bayes (NB), which employs specific
words and phrases as features. The E-rater [7] system used
new features that were extracted using natural language pro-
cessing (NLP) techniques. In 2010 and 2012, a few studies have
used the support vector regression (SVR) or ranking SVM
ML algorithm to effectively combine various features [3–5].

The previous AES studies avoided using too many fea-
tures, because various kinds of useful features are not widely

known, and the increase in the number of features would
increase the training time forMLmethods. In order to utilize
various and vast amounts of useful features, to efficiently per-
form AES, the appropriate feature optimization techniques,
such as the normalization technique, discretization tech-
nique, and feature selection technique, are required.

Several different approaches have been developed to
reduce feature space, by using normalization and discretiza-
tion techniques, thereby improving the performance [8–11].
Shalabi et al. have applied three normalization techniques
(min-max, 𝑧-score, and decimal point) to image data in
the preprocessing step of ML [8]; Jayalakshmi and San-
thakumaran have applied various normalization techniques
to medical data concerning diabetes diagnosis [9]. Two
researches have experimented and compared various nor-
malization techniques and shown that performance improve-
ment is possible, by employing an appropriate normalization
technique for the task.

Chmielewski and Grzymala-Busse’s study [10] and
Dougherty et al.’s study [11] are representative studies for
comparing discretization techniques, which can reduce the
dimensions of feature values. Chmielewski and Grzymala-
Busse proposed a discretization technique, based on entropy
[10], and Dougherty et al. proposed a discretization tech-
nique, which can apply to the NB based supervised ML
method [11]. Both studies have compared their proposed
approaches with previous discretizationmethods, by employ-
ing various sets of experimental data, and their experimental
results have shown that their proposed approaches have
significantly improved the classification accuracy.

There have also been various approaches to reducing the
dimensions of high-dimensional data, by selecting appro-
priate features from the vast number of possible features in
many domains, by using good feature selection techniques
[12–15]. Yang and Pedersen experimented and compared
feature selection techniques, including document frequency,
information gain, mutual information, chi-square, and term
strength in the domain of the text categorization [12].
Kakkonen et al. succeeded in reducing the dimensions of
feature space by using LSA, PLSA, and LDA techniques in
the AES domain [13]. Yu and Liu improved performance in
10 domains: medical, chemical, census, insurance company,
spoken letters, and so forth [14]. Kalousis et al. also achieved
performance improvement in three domains: proteomics,
genomics, and text mining, by reducing the dimensions of
high-dimensional data [15].

So far, we have introduced studies on various domains,
which have shown performance improvement by reducing
dimensionality. In this paper, we introduce a new domain
that can reduce the dimension of features by applying feature
optimization techniques.

3. Automated Essay Scoring Based on
Machine Learning

According to previous studies, there are many features that
have been found to be useful for AES. In this section, we
provide diverse features for AES and a brief description of
useful ML algorithms for AES.
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Table 1: It represents the list of features used for learning AES.

Category Types of features

Basic

(i) Number of characters, words, vocabularies, and sentences
(ii) Number of characters, words, and vocabularies without stop word
(iii) Number of vocabularies with more than 𝑛 characters

(a) e.g., 𝑛 = 1, 2, 3, 4, 5, 10, 20, 30
(iv) Number of vocabularies with more than 𝑛 characters and below𝑚 characters

(a) e.g., (𝑛,𝑚) = (1, 5), (1, 10), (2, 5), (2, 10), (6, 10)
(v) Number of vocabularies per frequency of word
(vi) Frequency of the most frequent words without stop word
(vii) Square of the number of vocabularies
(viii) Average length of word and sentence
(ix) Variance of sentence length
(x) Average distance between the same words and lemmas
(xi) Number of POS types
(xii) Average number of POS types per sentence
(xiii) Average frequency of word per POS type
(xiv) Maximum frequency of word per POS type
(xv) Ratio of each POS type (by word and character)
(xvi) Number of words and vocabularies per POS type

Dictionary
(i) Ratio of words and vocabularies in each dictionary

(a) Elementary, middle, and GRE dictionary
(ii) Ratio of advanced words and vocabularies

(a) Number of words in elementary and middle dictionary/number of words in GRE dictionary

n-gram

(i) Number of n-gram types (word bigram, POS trigram)
(ii) Maximum frequency of n-gram
(iii) Average frequency of n-gram types
(iv) Average frequency, ratio of n-gram type appeared over 𝑛 times
(v) Ratio of n-gram type appeared over 𝑛 times

(a) e.g., 𝑛 = 2, 3, 4, 5, 10, 20
(vi) Ratio of n-gram type appeared over 𝑛 times and below𝑚 times

(a) e.g., (𝑛,𝑚) = (2, 5), (2, 10), (6, 10)
(vii) Average, maximum, minimum, and variance of perplexity of word or POS sequence
(viii) Subtraction of maximum and minimum perplexity of word or POS sequence
(ix) Number of sentences below perplexity threshold

Advanced NLP

(i) Average number, maximum frequency, ratio of compound nouns, noun phrases, and named entities per
sentence
(ii) Frequency of discourse marker
(iii) Weighted sum of discourse marker
(iv) Number of mechanic grammatical errors
(v) Number of pattern grammatical errors

3.1. Features of AES. In this study, we include most features
that have been proven to be useful for AES; our newly pro-
posed features, including advanced NLP techniques, are also
used in conjunction.

The frequency, average, and ratio of characters, words,
and sentences are used for the basic features. Under the
assumption that the distribution of the part-of-speeches
(POSs) is different, according to the essay grades, we also used
the features relating to POS. The level of vocabulary usage is
evaluated by using external resources, including elementary
and middle dictionaries and the dictionary for the graduate
record examination (GRE), and is also used for features. The
various features relating to n-gram are also used, after being
extracted from the lexical based language model and the
POS based languagemodel, which are constructed from large
amount of external corpora.The naturalness of each sentence
is measured according to its perplexity and is also used for

features. The numbers of compound nouns, noun phrases,
named entities, discourse markers, and grammatical errors
are calculated by using advanced NLP techniques, which are
also used for features.

The number of features used in our study exceeds 300
and is represented in groups, in Table 1. Representing an
essay with such a large number of features that have a diverse
range of feature values would mean that the vector, including
all features, would yield high-dimensional data. Therefore, it
is mandatory that a process should be developed to reduce
dimensions, via feature optimization, in order to efficiently
train such a large number of features.

3.2. Machine Learning Algorithms for AES. So far, there have
been many attempts to utilize ML algorithms for AES. The
ML algorithms for AES can be classified into two categories:
regression and classification. Regression is used for predicting
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or estimating the corresponding target value given the feature
values of the specific instance by analyzing the relationships
between the feature values and the target value. Classification
is used to determine the corresponding category of the
specific instance.

The big difference between the two approaches is in
the characteristics of the target values. The target values for
regression are ordered and continuous, while the target values
for classification are unordered and discretized. For AES, the
regression approaches try to predict the continuous target
score based on feature values that represent the characteristics
of essays; the classification approaches try to identify the cat-
egorized score under the assumption that each essay belongs
to a specific category.

In this study, we have experimented and compared two
different regression based ML algorithms and two different
classification based ML algorithms for AES and have tried to
identify the appropriate ML algorithms for AES by perform-
ing different experimentations.

In this section, we provide a brief description of the four
ML algorithms, which are applied in our experimentation
for AES: MR model [16], maximum entropy (ME) model
[16], support vector machine (SVM) [17], and SVR [18]. We
selected these ML algorithms for the following reasons.

(i) MR is the most widely used algorithm in AES
research.

(ii) ME achieves good results in document classification,
using many features.

(iii) SVM is the best algorithm for solving various classifi-
cation problems.

(iv) SVR applies regression to SVM, and it is expected that
SVR may have the benefits for both regression and
classification.

3.2.1. Multiple Regression Model. The MR model [16] is the
oldest [1] and the most widely used approach among ML
basedAES studies.Thismodel tries to find𝑤

𝑖
that satisfies the

expression in (1), under the assumption that the relationship
between the feature values and target values is linear:

𝑦 =

𝑁

∑

𝑖=0

𝑤
𝑖
× 𝑓
𝑖
. (1)

Each instance of the training data represents an essay, and
an essay is represented by𝑁 feature values 𝑓

𝑖
(e.g., the length

of essay and the number of advanced vocabularies) and the
target value 𝑦 (i.e., the score of the essay).The real feature val-
ues denoted by𝑓

1
∼ 𝑓
𝑁
consist of𝑁 possible different values,

and 𝑓
0
always has the value, 1, reflecting the constant weight,

𝑤
0
. The training process is to find the optimal weight, 𝑤, for

predicting the essay scoresmost precisely in all of the training
data. The sum-squared error technique is widely used for
finding optimal weight, 𝑤.

3.2.2. Maximum Entropy Model. The ME model [16] is also
referred to as the multinomial logistic regression model.
The ME model is widely used in many applications as an

alternative to the NBmodel, because there is no independent
assumption, unlike in the NB, in which there is a strong
assumption that each feature is independent; NB was once
applied for AES [6]. We have chosen the ME model for the
AES experiment, because the model has been a good classi-
fication algorithm that showed high performance in various
tasks, including text categorization, POS tagging, andNamed
Entity Recognition [19–22].

The fundamental formula for the ME model is repre-
sented in expression (2). This model tries to find the corre-
sponding probability value that belongs to class 𝑐 (grade of the
essay) when the specific instance 𝑥 (essay) is given. The
specific instance𝑥 is assigned to the class 𝑐 that has the highest
probability value among the classes with calculated probabil-
ity values. The specific instance 𝑥 is represented by a combi-
nation of various features denoted by 𝑓

𝑖
, and there are always

exits that correspond with the weight 𝑤
𝑖
, depending on the

feature 𝑓
𝑖
. The normalization factor 𝑧 is needed to convert

the exponential value into a true probability:

𝑝 (𝑐 | 𝑥) =

1

𝑧

exp∑
𝑖

𝑤
𝑖
𝑓
𝑖
. (2)

The final formula of the ME model is represented by
expression (3).The𝑤

𝑖
in (2) is converted to𝑤

𝑐𝑖
in (3), because

the feature 𝑖 for each class 𝑐 has a different weight. The func-
tion, 𝑓

𝑖
, is an indicator function, since only 0 and 1 are used

for feature values in ME.The normalization constant 𝑧 in the
denominator is calculated by making a summation of com-
putation results for every class. The feature values for the
essay, including the length of the essay and the number of
advanced vocabularies, are transformed into 0 or 1 by the
indicator function,multiplied byweights, and then combined
into the total value by the log linear model.The probability of
assigning the grade 𝑐 to the given essay𝑥 is calculated for each
grade separately, and the final grade is produced for the essay
score based on the value of the probability:

𝑝 (𝑐 | 𝑥) =

exp (∑𝑁
𝑖=0

𝑤
𝑐𝑖
𝑓
𝑖 (𝑐, 𝑥))

∑
𝑐

∈𝐶

exp (∑𝑁
𝑖=0

𝑤
𝑐

𝑖
𝑓
𝑖
(𝑐

, 𝑥))

. (3)

3.2.3. Support Vector Machine. The SVM [17] is one of the
most representative ML algorithms for classification. The
SVM algorithm represents each instance by a dot in the
high-dimensional spacewith the samenumber of dimensions
for the number of features and finds the most appropriate
hyperplane to properly separate the dots.

In Figure 1, two classes are represented by white dots and
black dots, indicating the training instances described in the
two-dimensional space; there are only two features 𝑥

1
and 𝑥
2
.

The hyperplane 𝑥 is determined by𝑤 and 𝑏 and is represented
by the following expression:

𝑤 ⋅ 𝑥 − 𝑏 = 0. (4)

In the training process for SVM, it tries to find a 𝑤 for
which the distance is maximized from the nearest instance.
The class of the new instance is determined by identifying the
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Figure 1: Concept of the support vector machine (http://en
.wikipedia.org/wiki/Support vector machine).

appropriate space among the possible spaces, separated by the
hyperplane.

The task for AES is to classify an essay into one of six
grades, by utilizing more than 300 different kinds of features.
In order to findmany hyperplanes to separate the six different
grades into more than 300 high-dimensional spaces, much
time is needed for optimization. Therefore, the feature space
must be reduced through feature optimization techniques.

3.2.4. Support Vector Regression. SVR [18] is the algorithm for
applying SVM to regression. According to Li and Yan’s study,
it is known as the best ML algorithm for AES [4]. Thus, we
chose SVR for our experimentation:

𝑓 (𝑥) = ⟨𝑤, 𝑥⟩ + 𝑏 with 𝑤 ∈ 𝑋, 𝑏 ∈ R. (5)

minimize 1

2

‖𝑤‖
2

subject
{

{

{

𝑦𝑖 − ⟨𝑤, 𝑥
𝑖
⟩ − 𝑏 ≤ 𝜀

⟨𝑤, 𝑥
𝑖
⟩ + 𝑏 − 𝑦

1
≤ 𝜀.

(6)

In the training process for SVR, it tries to find 𝑓(𝑥),
represented in expression (5), which satisfies the conditions
represented by expression (6). It tries to find the hyperplane,
which makes 𝑤 the smallest against the instances for which
the distance from the hyperplane is less than 𝜀.

3.3. System Architecture of AES. Figure 2 shows the architec-
ture of the AES system, based onMLmethods.There are two
work processes: learning and prediction. Labeled training
data is input into theNLPmodule in the learning process, and
unlabeled data is also input into the NLP module in predic-
tion process. Identical processing is applied from the natural
language process to the feature converting process in the

learning and prediction processes. First, essays are input
into the NLP module, which includes the sentence breaker,
tokenizer, lemmatizer, POS tagger, noun phrase extractor,
and named entity extractor.The results from theNLPmodule
are delivered to the feature extractor.

The feature extractor uses all natural language processed
information to extract features that accurately represent
essays characteristics. More than 300 diverse features can be
employed for training the AES model. The features can be
classified into six categories, as shown in Table 1. There are
features relating to length (e.g., the number of characters,
words, and sentences), features relating to ratio (e.g., the
proportion of a specified discourse marker or POS tag), and
manufactured features from the result on NLP or statistics.
These features have been used in recent studies.

The feature optimizer selectively performs normalization,
discretization, and feature selection for optimal performance.
The labeled essays are input for training into the learner
module, and the unlabeled essays are input for prediction into
the predictor module. The learner module is used to create
the training model, and the training model is used in the
predictor module to calculate the final grade (score) of an
essay.

In this paper, we focus on ML dependent feature opti-
mization techniques for reducing dimensions of features,
because the performance of AES is dependent on ML algo-
rithms and feature optimization.

4. Feature Optimization

4.1. Normalization. In research studies based onML, features
that have a variety of types and ranges are used. The number
of words and the ratio of words in an elementary dictionary
that are used by the feature values in AES also have different
ranges. When we use these features directly in the AES sys-
tem, it is possible to perform nonoptimized learning. There-
fore, we must convert all feature values into a fixed range.

Although there are a number of normalization methods,
we selected the twomost commonly usedmethods: min-max
and 𝑧-score normalization.Min-max normalization is gener-
ally known for achieving the best performance, according to
related works [8, 9]:

min-max (𝑥
𝑖𝑓
) =

𝑥
𝑖𝑓
−min (𝑓)

max (𝑓) −min (𝑓)
. (7)

𝑧-score (𝑥
𝑖𝑓
) =

𝑥
𝑖𝑓
− 𝜇
𝑓

𝜎
𝑓

. (8)

In Formula (7), the min-max normalization converts all
feature values into a fixed range, while keeping the origin
interval. In Formula (8), the 𝑧-score normalization converts
all feature values into a 𝑧-score for normal distribution, with-
out keeping the origin interval. Symbol 𝑓 is the set of all fea-
ture values for one feature and is extracted from the training
data; 𝑥

𝑖𝑓
is one feature value to normalize.

4.2. Discretization. The discretizing feature values simplify
data representation by converting continuous feature values
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that belong to a specific range into a certain feature value.This
process makes the feature values suitable for ML.The type of
discretization method, the range of the discretized section,
and the number of discretized sections all affect the perfor-
mance of the ML system.

In our study, we used two simple discretization methods:
discretization by instance number (DIN) and discretization
by feature value (DFV). DIN assigns the same number of
instances to each section, after sorting them by the feature
value. DFV converts all feature values that belong to the
specific range into one feature value, after setting the range
of feature values for each section. DIN is advantageous when
the distribution of feature values is uniform.DFV is beneficial
when the distribution of feature values is normal.

4.3. Feature Selection. Feature selection filters out noisy
features and discovers the optimal feature set in ML. Even
though we determine a feature set with appropriate intuition
and assumptions, some features in the setmay produce a neg-
ative effect. Further, too many features can hinder learning
or delay it. In this work, we compare three feature selection
methods: correlation (COR) [14], information gain (IG)
[14], and minimal-redundancy-maximal-relevance (mRMR)
[23]. Feature selection is performed based on the relevance
between the feature value and the golden score. We select the
top 𝑛 number of features by using the high relevance order
between the feature value and the golden score. Then, we
use Pearson’s correlation coefficient and information gain to
measure the relevance. These are popular measures that can
calculate the relevance between the two sets.

Formula (9) is a correlation formula between the random
variables 𝑋, 𝑌. In this case, 𝑋 is the golden score and 𝑌 is
one feature. 𝑥

𝑖
and 𝑦

𝑖
are case of each sample and 𝑥 and 𝑦 are

mean of random variables𝑋, 𝑌:

Cor (𝑋, 𝑌) =
∑
𝑛

𝑖=1
(𝑥
𝑖
− 𝑥) (𝑦

𝑖
− 𝑦)

√∑
𝑛

𝑖=1
(𝑥
𝑖
− 𝑥)
2
∑
𝑛

𝑖=1
(𝑦
𝑖
− 𝑦)
2

. (9)

To calculate the information gain, we calculate the
entropy first. Entropy of random variable 𝑋 and conditional
entropy of𝑋, given 𝑌, are defined as

𝐻(𝑋) = −∑

𝑖

𝑃 (𝑥
𝑖
) log
2
(𝑃 (𝑥
𝑖
)) ,

𝐻 (𝑋 | 𝑌) = −∑

𝑗

𝑃 (𝑦
𝑗
)∑

𝑖

𝑃 (𝑥
𝑖
| 𝑦
𝑗
) log
2
(𝑃 (𝑥
𝑖
| 𝑦
𝑗
)) .

(10)

The information gain formula between random variables
𝑋, 𝑌 is defined as

IG (𝑋 | 𝑌) = 𝐻 (𝑋) − 𝐻 (𝑋 | 𝑌) . (11)

Used as another feature selection method, mRMR con-
siders the dependency between the features as well as the
relevance between the feature value and the golden score.The
mRMR is calculated as formula (12). It is used to find the
optimal feature set, 𝑆. The sum of the mutual information
of feature 𝑖 and the golden score 𝑐 should be the maximum,
and the sum of the mutual information between each feature
should be the minimum:

mRMR = max
𝑆

[

[

1

|𝑆|

∑

𝑓
𝑖
∈𝑆

𝐼 (𝑓
𝑖
; 𝑐) −

1

|𝑆|
2
∑

𝑓
𝑖
,𝑓
𝑗
∈𝑆

𝐼 (𝑓
𝑖
; 𝑓
𝑗
)]

]

.

(12)

5. Experiments

5.1. Experimental Setup. For our experiment, we used the
essay practice data that covered 13 topics. The correct answer
was constructed based on scores provided by many human
experts, who were hired. More than two human experts
assign scores ranging from 0 to 6 to each essay. For each topic,
Table 2 displays the number of essays (4677), the average
number of words in an essay, and the correlation between the
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Table 2: Descriptions of essay practice data.

Topic Number of
essays

Average
length

Human
cor.

Small town or big city 266 362.8 0.5202
Parents are the best
teachers 774 345.7 0.5308

Qualities of a good
neighbor 242 355.8 0.5664

Positive influence of TV or
movies 227 354.1 0.5127

Reasons for attending
college 241 310.5 0.5527

Dining at a restaurant
versus home 385 360.1 0.4567

Why do some people go to
museums 221 347.8 0.6096

Best ways to reduce stress 156 356.4 0.4420
Qualities of good parents 211 357.8 0.6260
Achieving success by
working hard 370 378.5 0.4408

Rejection of the invite 528 72.8 0.7287
Report on FORBESMEDIA 528 148.8 0.6438
Hiring a family member or
friend 528 207.0 0.7319

Total 4677 281.9 0.6088

two human experts.The total correlation between the human
experts was found to be 0.6088. We used the average value
of the two grades as a golden score for our experiment. Since
the difficulty in grading varies dependently on the topic, we
performed a 10-fold cross-validation for each topic. We used
Pearson’s correlation coefficient between the system output
and the golden score as a measure of performance evaluation
and used a microaveraging method to evaluate the total
performance of an entire essay.

We have conducted a preliminary experiment consid-
ering all three feature optimization methods, in order to
roughly determine all base parameter values prior to con-
ducting the main experiments for investigating the effect of
each feature optimizationmethod. If we apply each individual
optimization method separately without combining other
optimization methods, the performance of AES deteriorates,
and the effects of the feature optimizationmethods disappear.
For example, we do not obtain the effect of the normalization
method when we do not apply the discretization method and
the feature selection method altogether. For this reason, we
have obtained base robust parameter values, which indicated
satisfactory performance for most cases, by conducting pre-
liminary experiments (i.e., for normalization: min-max; for
discretization: DFV with 10 sections; for feature selection: 80
feature selections with correlation). In the following exper-
iments, the intended feature optimization method is tested
and modified with these base parameter values.

We used the following threeML packages for experiment:

(1) MR: GNU Scientific Library (http://www.gnu.org/
software/gsl/),

Table 3: Comparison of normalization methods (correlation).

Normalization MR ME SVM SVR
None 0.1702 0.3166 0.2839 0.2980
min-max 0.7383 0.7160 0.7675 0.7756
𝑧-score 0.7315 0.7289 0.7701 0.7747

(2) ME: Maximum EntropyModeling Toolkit for Python
and C++ (http://homepages.inf.ed.ac.uk/lzhang10/
maxent toolkit.html),

(3) SVM and SVR: LIBSVM (http://www.csie.ntu.edu
.tw/∼cjlin/libsvm/).

5.2. Experiment for Normalization. For each of the four ML
algorithms (MR, ME, SVM, and SVR), we compared the fol-
lowing three normalization methods: none, min-max, and 𝑧-
score. The other feature optimization techniques and param-
eters were applied equally (DFV with 10 sections, 80 features
selected with correlation).

Although the difference between the normalization
methods is insignificant, the difference in performance
between nonnormalization and normalization was notewor-
thy (Table 3). As a result, the normalization process was
determined to be useful for AES using ML algorithms.

5.3. Experiment for Discretization. We compared the fol-
lowing three discretization methods: none, DIN, and DFV.
For each discretization method, we performed experiments
on different numbers of sections (2–16, in increments of 2)
to determine whether the number of discretized sections
affected the performance. We applied other optimization
techniques and parameters equally. Min-max normalization
was performed, and 80 features were selected, using correla-
tion.

We have performed discretization experiments using four
different ML algorithms. As shown in Figure 3, the exper-
imental results show that ML algorithms vary considerably
in performance. In case of MR, we could obtain a better
performance without performing the discretization method.
This is because MR treats the real numbers for feature values.
If we convert the feature values into specific integers, by
applying a discretizationmethod, this would yield bad effects
on training for the machine learning. In the case of ME, the
performance is rarely different between when a discretization
method is applied and when it is not. Any method of dis-
cretization or any number of sections for discretization hardly
made a difference. A discretization method did not provide
any effects on the performance of ME, because ME uses
an indicator function, which internally converts its feature
values to 0 or 1.The cases that used SVM improved in perfor-
mance after discretization. Since SVM is an algorithm used to
find a support vector that properly separates each instance,
there seems to be an improvement in performance when
instances that have similar feature values were shifted to one
side. The cases that used SVR also improved in performance
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Figure 3: Comparison of discretization methods.

after discretization, although the improvement is not as good
as SVM cases.

In cases of SVM and SVR, which show effects of the dis-
cretization methods ideally, there are large performance dif-
ferences for DIN andDFV discretizationmethods, between a
number of sections. We have found that the performance of
DFVwas better than the performance of DIN.This is because
the original distribution of feature values is maintained for
the DFVmethod, while, for the DINmethod, the same num-
ber of feature values per section was assigned compulsively.

We have also found that the performance decreases as
the number of sections increases. This is because too many
sections cause the decreased number of feature values per
section, the sparseness problem in some cases, and the dimin-
ished effects of discretization.

The experimental results show that MR and ME did not
yield a better performance by performing a discretization

method, but SVM can get dramatic improvements in per-
formance. SVR also improved in performance, although the
improvement is not as good as SVM cases.

5.4. Experiment for Feature Selection. We compared the
following four feature selectionmethods: none, COR, IG, and
mRMR. For each feature selection method, we performed
experiments on different numbers of features (20–160, in
increments of 20). We applied other optimization techniques
and parameters equally (min-max normalization, DFV with
10 sections).

Figure 4 shows the different characteristics of each ML
algorithm. ForMR, when the number of features is excessive,
its correlation is presented as 0; in other words, the training
was unsuccessful and the model for prediction was not cre-
ated. When we used more selected features, the performance
decreased in ME; we could observe a similar pattern in
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SVM and SVR. The more features we selected, the higher
the chance of selecting noisy features. In the majority of
cases, we can achieve an optimal performance when features
are selected using only correlations, and the performance of
mRMR is at the lowest.

Using features that consider only the relevance of the
golden score is more advantageous than using selected fea-
tures that consider both the relevance of the golden scores and
dependencies between features. We assume that the depen-
dencies between features would yield bad side effects, because
of the different characteristics of features used in AES.

5.5. Effective Features. The AES system proposed in this
paper automatically constructs the optimized set of features
by selecting features from the training data. It is difficult for us
to say that a specific feature is always effective, because the set
of selected features is different according to the experimental

settings, subjects, or folds for cross-validation. In this section,
we try to identify the effective features for AES by examining
the generally selected features in most cases. In order to do
this, we have experimented with 130 different training pro-
cedures and tests with base parameters. The list of features
shown in Table 4 was mostly selected in the 130 training
procedures.

5.6. Experiment for Efficiency Improvement. In this exper-
iment, we used a server with two AMD Opteron 4180 (6
core) processors; thus, 12 cpu cores can be employed. A 32-
GigaByte memory and 64-bit Debian operating system was
also employed for our experiment. Because the AES system
is a complicated system including various NLP processing
modules implemented by many programming languages, we
tried to use serviceable resources, such as process cores and
memories, as much as possible to maintain system efficiency.
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Table 4: Effective feature list.

Number of times
selected Feature name Meaning of feature

130 posNumINVoca Number of vocabularies with IN POS tag
130 posNumIN Number of words with IN POS tag
130 lmPosTrigramVoca The number of different POS trigrams
130 lmPosTrigramOccMore3 The ratio of POS trigrams occurred more than 3
130 lmPosTrigramOccMore2Less5 The ratio of POS trigrams occurred more than 2 but fewer than 5
130 lmPosTrigramOccMore2Less10 The ratio of POS trigrams occurred more than 2 but fewer than 10
130 lmPosTrigramOccMore2 The ratio of POS trigrams occurred more than 2
130 lmNumVoca4Root Biquadrate of the number of vocabularies
130 lmNumVoca The number of vocabularies
130 lmLexWordOccMore5 The number of different words occurred more than 5
130 lmLexWordOccMore4 The number of different words occurred more than 4
130 lmLexWordOccMore3 The number of different words occurred more than 3
130 lmLexWordOccMore2Less5 The number of different words occurred more than 2 but fewer than 5
130 lmLexWordOccMore2Less10 The number of different words occurred more than 2 but fewer than 10
130 lmLexWordOccMore2 The number of different words occurred more than 2
130 lmLexWordOccMore1Less5 The number of different words occurred more than 5
130 lmLexWordOccMore1Less10 The number of different words occurred more than 10
130 lmLexWordOccMore1 The number of different words occurred more than 1
130 lmLexBigramVoca The number of different lexical bigrams
130 lmLexBigramOccMore2Less5 The ratio of lexical bigrams occurred more than 2 but fewer than 5
130 lmAvgLexWordDistance The average distance of same words
130 lmAvgLemmaWordDistance The average distance of same lemmas
130 cNumWordLen8 The number of words whose length is more than 8 characters
130 cNumWordLen7 The number of words whose length is more than 7 characters
130 cNumWordLen6 The number of words whose length is more than 6 characters
130 cNumWordLen5 The number of words whose length is more than 5 characters
130 cNumWord The number of all words
130 cNumNotStopWord The number of all words except stop words
130 cNumNotStopVoca The number of all vocabularies except stop words
130 cNumMidd The number of words in the intermediate dictionary
130 cNumElem The number of words in the elementary dictionary
130 cNumChar The number of all characters
130 cCharNotStopWord The number of all characters except stop words
129 posNumNN The number of words with NN POS tag
129 lmLexBigramOccMore2Less10 The ratio of lexical bigrams occurred more than 2 but fewer than 10
129 lmLexBigramOccMore2 The ratio of lexical bigrams occurred more than 2
128 posNumJJVoca The number of vocabularies with NN POS tag
128 posNumJJ The number of words with NN POS tag
126 cNumWordLen10 The number of words whose length is more than 10 characters
125 posNumNNSVoca The number of vocabularies with NNS POS tag

For extracting various features, we utilized the maximum
threads by using openMP; for training and testing, we utilized
all 12 cores by employing the multiprocessing module from
the python standard library. In order to compare the effi-
ciency of the AES system with different numbers of features,
we used the same feature optimization techniques (the min-
max normalization method, DFV with 10 sections, and the

feature selectionmethod based on correlation) andmeasured
the time required for training and testing the AES system,
with a different number of features.

We performed all four different ML algorithms intro-
duced in Section 3.2. The experimental setup for efficiency
comparison was the same as the experimental setup for
feature selection. We have compared the execution times for
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when the numbers of features are 20, 40, 60, 80, 120, 140, 160,
and all features (i.e., 316), respectively.We did not experiment
for the case when the numbers of selected features are
between 160 and 312, because it turned out to be clear that
the execution time was linearly increased as the same ratio
increased from 20 features to 160 features.

As shown in Figure 5, the execution time for all ML
algorithms, with the exception of MR, is linearly increased,
according to the number of features. If we can reduce the
number of features by applying a feature optimization tech-
nique without decreasing the classification accuracy, we can
acquire a large gain in efficiency. ForMR, there was no differ-
ence in time.Thismay be interpreted to be because the execu-
tion time did not increase, even with the increased number of
features; however, this is untrue. If the number of features is
increased, the training with the increased number of features
failed, and the required time for training is almost 0; thus,
there was no increased time.

In addition, we will discuss the tradeoff between effi-
ciency and effectiveness of the AES system using feature
optimization methods. According to previous experimental
results, we have shown that the feature optimizationmethods
improve the effectiveness of AES system.However, the feature
optimization methods would decrease the efficiency of AES
system, because of the increased processing time for feature
optimization, even though the training time and testing
time were reduced due to the reduced number of features.
Although most of the feature optimization methods do not
require an excessive amount of time, some specific feature
optimization methods, such as mRMR, require processing
times, to some degree. Accordingly, we have considered the
tradeoff between the reduced time of training and testing and
the increased processing time of feature optimization; thus,
we have to select a proper method of feature optimization for
practical purposes.

6. Conclusions and Future Work

Thispaper presented feature optimization techniques consist-
ing of appropriate normalization, discretization, and feature
selection methods that can be applied to the ML based AES
system. We have shown that both the effectiveness and effi-
ciency of the system can be improved.These feature optimiza-
tion techniques reduce the high-dimensional feature space.
As a result, the performance is improved and the training
time also decreased. By experimenting and analyzing the
relationship between the ML algorithms and the feature
optimization techniques in the domain of theAESwith a large
number of English essay data, we have obtained many useful
findings.

We can summarize the results of the experiments with the
following four main discoveries.

(i) The different combinations of feature optimization
techniques give rise to large variation in performance.

(ii) A normalization technique is essential for every ML
method. There is a 2.3-fold performance difference
in the minimum and 4.3-fold performance difference
in the maximum between a ML method employing a
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normalizing technique and a ML method that is not
employing a normalizing technique.

(iii) The discretization technique is not useful for the MR
or ME model. On the contrary, a discretization tech-
nique is mandatory for SVM, and the performance
of SVM is improved when a discretization technique
and an appropriate number of sections are used.

(iv) Because the reduced number of features is useful for
the MR model, an appropriate feature selection tech-
nique is required forMR. On the contrary, MEmodel
can utilize the large number of features; thus, the
feature selection technique is relatively less important
for ME. For the SVM and SVR model, the number of
features causes large variations in performance; there-
fore, the proper number of features must be deter-
mined when a feature selection technique is used.

Experimental results of all combinations of parameter
values showed that the best performance was acquired when
we used the SVR ML algorithm, 𝑧-score normalization
method, DFV discretization method with six sections, and
the 100 features selected from the correlation feature selection
method. As a result, the final performance of AES reached
the 0.7852 correlation value, which was much better than the
0.6088 correlation value obtained from two human experts.

For future works, we plan to apply these feature opti-
mization techniques to another domain and intend to show
that the feature optimization techniques are also useful for
improving both the effectiveness and efficiency of the system.
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Nowadays, many disciplines have to deal with big datasets that additionally involve a high number of features. Feature selection
methods aim at eliminating noisy, redundant, or irrelevant features that may deteriorate the classification performance. However,
traditionalmethods lack enough scalability to copewith datasets ofmillions of instances and extract successful results in a delimited
time. This paper presents a feature selection algorithm based on evolutionary computation that uses the MapReduce paradigm to
obtain subsets of features frombig datasets.The algorithmdecomposes the original dataset in blocks of instances to learn from them
in the map phase; then, the reduce phase merges the obtained partial results into a final vector of feature weights, which allows a
flexible application of the feature selection procedure using a threshold to determine the selected subset of features. The feature
selection method is evaluated by using three well-known classifiers (SVM, Logistic Regression, and Naive Bayes) implemented
within the Spark framework to address big data problems. In the experiments, datasets up to 67 millions of instances and up to
2000 attributes have been managed, showing that this is a suitable framework to perform evolutionary feature selection, improving
both the classification accuracy and its runtime when dealing with big data problems.

1. Introduction

Learning from very large databases is a major issue for most
of the current data mining and machine learning algorithms
[1]. This problem is commonly named with the term “big
data,” which refers to the difficulties and disadvantages of
processing and analyzing huge amounts of data [2–4]. It has
attracted much attention in a great number of areas such as
bioinformatics, medicine, marketing, or financial businesses
[5], because of the enormous collections of raw data that are
stored. Recent advances on Cloud Computing technologies
allow for adapting standard data mining techniques in order
to apply them successfully over massive amounts of data
[4, 6, 7].

The adaptation of data mining tools for big data problems
may require the redesigning of the algorithms and their
inclusion in parallel environments. Among the different

alternatives, the MapReduce paradigm [8, 9] and its dis-
tributed file system [10], originally introduced by Google,
offer an effective and robust framework to address the
analysis of big datasets. This approach is currently taken into
consideration in data mining, rather than other paralleliza-
tion schemes such as MPI (Message Passing Interface) [11],
because of its fault-tolerant mechanism and its simplicity.
Many recent works have been focused on the parallelization
of machine learning tools using the MapReduce approach
[12, 13].

Recently, new andmore flexible workflows have appeared
to extend the standardMapReduce approach, such as Apache
Spark [14], which has been successfully applied over various
data mining and machine learning problems [15–17].

Data preprocessing methods, and more concretely data
reduction models, are intended to clean and simplify input
data [18]. Thus, they attempt to accelerate data mining
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algorithms and also to improve their accuracy by eliminating
noisy and redundant data.The specialized literature describes
two main types of data reduction models. On the one
hand, instance selection [19, 20] and instance generation [21]
processes are focused on the instance level. On the other
hand, feature selection [22–25] and feature extraction [26]
models work at the level of characteristics.

Among the existing techniques, evolutionary approaches
have been successfully used for feature selection techniques
[27]. Nevertheless, an excessive increment of the individual
size can limit their applicability, being unable to provide a
preprocessed dataset in a reasonable time when dealing with
very large problems. In the current literature, there are no
approaches to tackle the feature space with evolutionary big
data models.

Themain objective of this paper is to enable Evolutionary
Feature Selection (EFS) models to be applied on big data. To
do this, a MapReduce algorithm has been developed, which
splits the data and performs a bunch of EFS processes in
parallel in the map phase and then combines the solutions
in the reduce phase to get the most interesting features.
This algorithmwill be denoted “MapReduce for Evolutionary
Feature Selection” (MR-EFS).

More specifically, the purposes of this paper are

(i) to design an EFS technique over the MapReduce
paradigm for big data,

(ii) to analyze and illustrate the scalability of the proposed
scheme in terms of classification accuracy and time
necessary to build the classifiers.

To analyze the proposed approach, experiments on
two big data classification datasets with up to 67 millions
instances and up to 2000 features will be carried out, focusing
on the CHC algorithm [28] as EFS method. With the
characteristics selected by this model, its influence on the
classification performance of the Spark implementation of
three different algorithms (Support Vector Machine, Logistic
Regression, and Naive Bayes), available in MLlib [29], will be
analyzed.

The rest of the paper is organized as follows. Section 2
provides some background information about EFS and
MapReduce. Section 3 describes the MapReduce algorithm
proposed for EFS. The empirical results are discussed and
analyzed in Section 4. Finally, Section 5 summarizes the
conclusions of the paper.

2. Background

This section describes the topics used in this paper. Section 2.1
presents some preliminaries about EFS and its main draw-
backs to deal with big data classification problems. Section 2.2
introduces the MapReduce paradigm, as well as two of the
main frameworks for big data: Hadoop and Spark.

2.1. Feature Selection: Problems with Big Datasets. Feature
selection models attempt to reduce a dataset by removing
irrelevant or redundant features.The feature selection process
seeks to obtain a minimum set of attributes, such that the

results of the data mining techniques that are applied over
the reduced dataset are as close as possible (or even better) to
the results obtained using all attributes [25]. This reduction
facilitates the understanding of the patterns extracted and
increases the speed of posterior learning stages.

Feature selection methods can be classified into three
categories:

(i) Wrapper methods: The selection criterion is part of
the fitness function and therefore depends on the
learning algorithm [30].

(ii) Filtering methods: The selection is based on data-
related measures, such as separability or crowding
[22].

(iii) Embedded methods: The optimal subset of features is
built within the classifier construction [24].

For more information about specific feature selection
methods, the reader can refer to the published surveys on the
topic [22–24].

A recent, interesting proposal for applying feature selec-
tion to big datasets is presented in [31]. In that paper, the
authors describe an algorithm that is able to efficiently cope
with ultrahigh-dimensional datasets and select a small subset
of interesting features from them. However, the number of
selected features is assumed to be several orders ofmagnitude
lower than the total of features, and the algorithm is designed
to be executed in a single machine. Therefore, this approach
is not scalable to arbitrarily large datasets.

A particular way of tackling feature selection is by using
evolutionary algorithms [27]. Usually, the set of features is
encoded as a binary vector, where each position determines
if a feature is selected or not. This allows to perform feature
selection with the exploration capabilities of evolutionary
algorithms. However, they lack the scalability necessary to
address big datasets (from millions of instances onwards).
The main problems found when dealing with big data are as
follows:

(i) Runtime: The complexity of EFS models is at least
O(𝑛

2𝐷), where 𝑛 is the number of instances and 𝐷

the number of features.When either of these variables
becomes too large, the application of EFS may be too
time-consuming for real situations.

(ii) Memory consumption: Most EFS methods need to
store the entire training dataset in memory, along
with additional computation data and results. When
these data are too big, their size could easily exceed
the available RAMmemory.

In order to overcome these weaknesses, distributed parti-
tioning procedures are used, within a MapReduce paradigm,
that divide the dataset into disjoint subsets that are manage-
able by EFS methods.

2.2. Big Data: MapReduce, Hadoop, and Spark. This sec-
tion describes the main solutions for big data process-
ing. Section 2.2.1 focuses on the MapReduce programming
model, whilst Section 2.2.2 introduces two of the main
frameworks to deal with big data.
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Figure 1: Flowchart of the MapReduce framework.

2.2.1. MapReduce. MapReduce [8, 9] is one of the most
popular programming models to deal with big data. It was
proposed by Google in 2004 and designed for processing
huge amounts of data using a cluster of machines. The
MapReduce paradigm is composed of two phases: map and
reduce. In general terms, in the map phase, the input dataset
is processed producing some intermediate results. Then, the
reduce phase combines them in some way to form the final
output.

The MapReduce model is based on a basic data structure
known as the ⟨key, value⟩ pair. In the map phase, each
application of the map function receives a single ⟨key, value⟩
pair as input and generates a list of intermediate ⟨key, value⟩
pairs as output. This is represented by the following form:

map (key1, value1) → {(key2, value2) , . . .} . (1)

Then, the MapReduce library groups all intermediate
⟨key, value⟩ pairs by key. Finally, the reduce function takes
the aggregated pairs and generates a new ⟨key, value⟩ pair as
output. This is depicted by the following form:

reduce (key2, {value2, . . .}) → (key2, value3) . (2)

A flowchart of the MapReduce framework is presented in
Figure 1.

2.2.2. Hadoop and Spark. Different implementations of the
MapReduce programming model have appeared in the last
years.Themost popular one is ApacheHadoop [32], an open-
source framework written in Java that allows the processing
andmanagement of large datasets in a distributed computing
environment. In addition, Hadoop works on top of the
Hadoop Distributed File System (HDFS), which replicates
the data files in many storage nodes, facilitating rapid data
transfer rates among nodes and allowing the system to
continue operating without interruption when one or several
nodes fail.

In this paper, Apache Hadoop is used to implement the
proposal, MR-EFS, as described in Section 3.2.

Another Apache project that is tightly related to Hadoop
is Spark [14]. It is a cluster computing framework originally
developed in the UC Berkeley AMP Lab for large-scale

data processing that improves the efficiency by the use of
intensive memory. Spark uses HDFS and has high-level
libraries for stream processing and for machine learning and
graph processing, such as MLlib [29].

For this work, several classifiers included in MLlib are
used to test the MR-EFS algorithm: SVM, Naive Bayes,
and Logistic Regression. Their parameters are specified in
Section 4.1.

3. MR-EFS: MapReduce for Evolutionary
Feature Selection

This section describes the proposed MapReduce approach
for EFS, as well as its integration in a generic classification
process. In particular, the MR-EFS algorithm is based on the
CHC algorithm to perform feature selection, as described in
Section 3.1.

First, MR-EFS is applied over the original dataset to
obtain a vector of weights that indicates the relevance of
each attribute (Section 3.2). Then, this vector is used within
anotherMapReduce process to produce the resulting reduced
dataset (Section 3.3). Finally, the reduced dataset is used by a
classification algorithm.

3.1. CHCAlgorithm for Feature Selection. TheCHCalgorithm
[28] is a binary-coded genetic algorithm that combines a very
high selective pressure with an elitist selection strategy, along
with several components that introduce diversity. The main
parts of CHC are the following:

(i) Half Uniform Crossover (HUX): This crossover oper-
ator aims at enforcing a high diversity and reducing
the risk of premature convergence. It selects at ran-
dom half of the bits that are different between both
parents. Then, it obtains two offspring that are at the
maximum Hamming distance from their parents.

(ii) Elitist selection: In each generation, the new popula-
tion is composed of the best individuals (those with
the best values of the fitness function) among both
the current and the offspring populations. In case of
draw between a parent and an offspring, the parent is
selected.

(iii) Incest prevention: Two individuals are not allowed
to mate if the Hamming similarity between them
exceeds a threshold 𝑑 (usually initialized to 𝑑 = 𝐿/2,
where 𝐿 is the chromosome length). The threshold is
decremented by one when no offspring is obtained in
one generation, which indicates that the algorithm is
converging.

(iv) Restarting process: When 𝑑 = 0 (which happens
after several generations without any new offspring),
the population is considered to be stagnated. In
such a case, a new population is generated: the best
individual is kept, and the remaining individuals have
a certain percentage of their bits flipped.

The basic execution scheme of CHC is shown in
Figure 2.This algorithmnaturally adapts to a feature selection
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Figure 2: Flowchart of the CHC algorithm.

problem, as each feature can be represented as a bit in
the solution vector.Thus, each position of the vector indicates
if the corresponding feature is selected or not. Therefore,
this approach falls within the wrapper method category,
according to the classification established in Section 2.1. The
fitness function used to evaluate new individuals applies a 𝑘-
Nearest Neighbors classifier (𝑘-NN) [33] over the dataset that
would be obtained after removing the corresponding features.
The fitness value is the weighted sum of the 𝑘-NN accuracy
and the feature reduction rate.

3.2. MR-EFS Algorithm. This section describes the paral-
lelization of the CHC algorithm, by using a MapReduce
procedure to obtain a vector of weights.

Let 𝑇 be a training set, stored in HFDS and random-
ized as described in [34]. Let 𝑚 be the number of map
tasks. The splitting procedure of MapReduce divides 𝑇 in
𝑚 disjoint subsets of instances. Then, each 𝑇

𝑖
subset (𝑖 ∈

{1, 2, . . . , 𝑚}) is processed by the corresponding Map
𝑖
task.

As this partitioning is performed sequentially, all subsets will
have approximately the same number of instances, and the
randomization of the 𝑇 file ensures an adequate balance of
the classes.

Themap phase over each 𝑇
𝑖
consists of the EFS algorithm

(in this case, based on CHC) as described in Section 3.1.
Therefore, the output of each map task is a binary vector
fi = {𝑓

𝑖1, . . . , 𝑓𝑖𝐷}, where 𝐷 is the number of features, that
indicates which features were selected by the CHC algorithm.
The reduce phase averages all the binary vectors, obtaining
a vector x as defined in (3), where 𝑥

𝑗
is the proportion of

EFS applications that include the feature 𝑗 in their result.
This vector is the result of the overall EFS process and is
used to build the reduced dataset that will be used for further
machine learning purposes:

x = {𝑥1, . . . , 𝑥𝐷} ,

𝑥
𝑗
=

1
𝑚

𝑚

∑
𝑖=1

𝑓
𝑖𝑗
, 𝑗 ∈ {1, 2, . . . , 𝐷} .

(3)

∑
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Figure 3: Flowchart of MR-EFS algorithm.

In the implementation used for the experiments, the
reduce phase is carried out by a single task, which reduces
the runtime by decreasing theMapReduce overhead [35].The
whole MapReduce process for EFS is depicted in Figure 3. It
is noteworthy that the whole procedure is performed within
a single iteration of the MapReduce workflow, avoiding
additional disk accesses.

3.3. Dataset Reduction with MapReduce. Once vector x is
calculated, the objective is to remove the less promising
features from the original dataset. To do so in a scalable
manner, an additional MapReduce process was designed.
First, vector x is binarized using a threshold 𝜃:

b = {𝑏1, . . . , 𝑏𝐷} ,

𝑏
𝑗
=

{

{

{

1, if 𝑥
𝑗
≥ 𝜃,

0, otherwise.

(4)

Vector b indicates which features will be selected for
the reduced dataset. The number of selected features (𝐷 =
∑
𝐷

𝑗=1 𝑏𝑗) can be controlled with 𝜃: with a high threshold, only
a few features will be selected, while a lower threshold allows
more features to be picked.
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Figure 4: Flowchart of the dataset reduction process.

The MapReduce process for the dataset reduction works
as follows. Each map processes an instance and generates
a new one that only contains the features selected in b.
Finally, the instances generated are concatenated to form the
final reduced dataset, without the need of a reduce step. The
dataset reduction process, using the result of MR-EFS and an
arbitrary threshold, is depicted in Figure 4.

4. Experimental Framework and Analysis

This section describes the performed experiments and their
results. First, Section 4.1 describes the datasets and the
methods used for the experiments. Section 4.2 details the
underlying hardware and software support. Finally, Sections
4.3 and 4.4 present the results obtained using two different
datasets.

4.1. Datasets and Methods. This experimental study uses two
large binary classification datasets in order to analyze the
quality of the solutions provided by the MR-EFS algorithm.

First, the epsilon dataset was used, which is composed of
500 000 instances with 2000 numerical features. This dataset
was artificially created for the Pascal Large Scale Learning
Challenge [36] in 2008.Theversion provided by LIBSVM[37]
was used.

Additionally, this study includes the dataset used at the
data mining competition of the Evolutionary Computation
for Big Data and Big Learning held on July 14, 2014, in
Vancouver (Canada), under the international conference
GECCO-2014 (from now on, it is referred to as ECBDL14)

[38]. This dataset has 631 features (including both numerical
and categorical attributes), and it is composed of approxi-
mately 32 million instances. Moreover, the class distribution
is not balanced: 98% of the instances belong to the negative
class.

In order to deal with the imbalance problem, the MapRe-
duce approach of the Random Oversampling (ROS) algo-
rithm presented in [39] was applied over the original training
set for ECBDL14. The aim of ROS is to replicate the minority
class instances from the original dataset until the number of
instances from both classes is the same.

Despite the inconvenience of increasing the size of the
dataset, this technique was proven in [39] to yield bet-
ter performance than other common approaches to deal
with imbalance problems, such as undersampling and cost-
sensitive methods. These two approaches suffer from the
small sample size problem for the minority class when they
are used within a MapReduce model.

Themain characteristics of these datasets are summarized
in Table 1. For each dataset, the number of instances for both
training and test sets and the number of attributes are shown,
along with the number of splits in which MR-EFS divided
each dataset. Note that the imbalanced version of ECBDL14 is
not used in the experiments, as only the balanced ECBDL14-
ROS version is considered.

The parameters for the CHC algorithm are presented in
Table 2.

After applying MR-EFS over the described datasets, the
behavior of the obtained reduced datasets was tested using
three different classifiers implemented in Spark, available
in MLlib: SVM [40], Logistic Regression [41], and Naive
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Table 1: Summary of the used big data classification datasets.

Dataset Training instances Test instances Features Splits Instances per split
Epsilon 400 000 100 000 2000 512 ∼780
ECBDL14 31 992 921 2 897 917 631 — —
ECBDL14-ROS 65 003 913 2 897 917 631 32 768 ∼1984

Table 2: Parameter specification for all the methods involved in the
experimentation.

Algorithm Parameters

CHC

𝑘 value for 𝑘-NN: 1
Trade-off between reduction and accuracy: 0.5
Proportion of flipped bits in restarting process: 0.05
Population size: 40
Number of evaluations: 1000

Naive Bayes Lambda: 1.0 (default)

Logistic
Regression

Iterations: 100 (default)
StepSize: 1.0 (default)
miniBatchFraction: 1.0

SVM

Regularization parameter: 0.0; 0.5
Iterations: 100 (default)
StepSize: 1.0 (default)
miniBatchFraction: 1.0

Bayes [42]. The reader may refer to the provided references
or to the MLlib guide [43] for further details about their
internal functioning.The parameters used for these classifiers
are listed in Table 2. Particularly, two different variants of
SVM were used, modifying the regularization parameter,
which allows the algorithm to calculate simpler models by
penalizing complex models in the objective function.

In the remainder of this paper, two metrics are used to
evaluate the performance of the three classifiers when applied
over the obtained reduced datasets:

(i) Area Under the Curve (AUC): This measure is defined
as the area under the Receiver Operating Charac-
teristic (ROC) curve. In this work, this value is
approximated with the formula in (5), where TPR is
the True Positive Rate and TNR is the True Negative
Rate. These values can be directly obtained from
the confusion matrix and are not affected by the
imbalance of the dataset:

AUC =
TPR + TNR

2
. (5)

(ii) Training runtime: It is the time (in seconds) used to
train or build the classifier.

Note that for this study the test runtime is much less
affected by the feature selection process, because at that point
the classifier has already been built. For the sake of simplicity,
only training runtimes are reported.

4.2. Hardware and Software Used. The experiments for this
paper were carried out on a cluster of twenty computing
nodes, plus a master node. Each one of these compute nodes
has the following features:

(i) Processors: 2 x Intel Xeon CPU E5-2620.

(ii) Cores: 6 per processor (12 threads).

(iii) Clock speed: 2.00GHz.

(iv) Cache: 15MB.

(v) Network: QDR InfiniBand (40Gbps).

(vi) Hard drive: 2 TB.

(vii) RAM: 64GB.

Both Hadoop master processes—the NameNode and the
JobTracker—are hosted in the master node. The former
controls the HDFS, coordinating the slave machines by the
means of their respectiveDataNode processes, while the latter
is in charge of the TaskTrackers of each compute node, which
execute the MapReduce framework. Spark follows a similar
configuration, as the master process is located on the master
node, and the worker processes are executed on the slave
machines. Both frameworks share the underlying HDFS file
system.

These are the details of the software used for the experi-
ments:

(i) MapReduce implementation: Hadoop 2.0.0-cdh4.7.1.
MapReduce 1 (Cloudera’s open-source Apache Had-
oop distribution).

(ii) Spark version: Apache Spark 1.0.0.

(iii) Maximum maps tasks: 320 (16 per node).

(iv) Maximum reducer tasks: 20 (1 per node).

(v) Operating system: CentOS 6.6.

Note that the total number of cores of the cluster is 240.
However, a higher number of maps were kept to maximize
the use of the cluster by allowing a higher parallelism and a
better data locality, thereby reducing the network overload.

4.3. Experiments with the Epsilon Dataset. This section
explains the results obtained for the epsilon dataset. First,
Section 4.3.1 describes the performance of the feature selec-
tion procedure and compares it with a sequential approach.
Then, Section 4.3.2 describes the results obtained in the
classification.
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Table 3: Execution times (in seconds) over the epsilon subsets.

Instances Sequential CHC MR-EFS Splits
1000 391 419 1
2000 1352 409 2
5000 8667 413 5
10 000 39 576 431 10
15 000 91 272 445 15
20 000 159 315 455 20
400 000 — 6531 512

4.3.1. Feature Selection Performance. The complexity order of
the CHC algorithm is approximately O(𝑛2𝐷𝑝), where 𝑝 is
the number of evaluations of the fitness function (a 𝑘-NN
classifier in this case), 𝑛 is the number of instances, and 𝐷 is
the number of features. Therefore, the algorithm is quadratic
with respect to the number of instances.

When the dataset is divided into 𝑚 splits within MR-
EFS, each one of the 𝑚 map tasks has complexity order
O((𝑛

2/𝑚2)𝐷𝑝), which is 𝑚2 times faster than applying CHC
over the whole dataset. If 𝑛

𝑐
cores are available for the map

tasks, the complexity of the map phase within the MR-
EFS procedure is approximately O(⌈𝑚/𝑛

𝑐
⌉(𝑛2/𝑚2)𝐷𝑝). This

demonstrates the scalability of the approach presented in this
paper: even if themaps are executed sequentially (𝑛

𝑐
= 1), the

procedure is still one order of magnitude faster than feeding
a single CHC with all the instances at once.

In order to verify the performance of MR-EFS with
respect to the sequential approach, a set of experiments
were performed using subsets of the epsilon dataset. Both
a sequential CHC algorithm and the parallel MR-EFS (with
1000 instances per split) were applied over those subsets.
The obtained execution times are presented in Table 3 and
Figure 5, along with the runtime of MR-EFS over the whole
dataset.

The sequential runtimes described a quadratic shape,
in concordance with the complexity order of CHC, which
clearly states that the time necessary to tackle the whole
dataset would be impractical. In opposite, the runtime of
MR-EFS for the small datasets was nearly constant. The case
with 1000 instances is particular, in the sense that MR-EFS
only executed one map task; therefore, it executed a single
CHC with 1000 instances. The time difference between CHC
and MR-EFS in this case reflects the overhead introduced by
the latter. Even though his overhead increased slightly as the
number of map tasks grew, it represented a minor part of the
overall runtime.

As for the full dataset, with 512 splits, the number of
instances for each map task in MR-EFS is around 780. As the
number of cores used for the experiments was 240, the map
phase in MR-EFS should be roughly three times slower than
the sequential CHC with 1000 instances, according to the
complexity orders previously detailed. The times in Table 3
show a higher time gap, because MR-EFS includes as well the
other phases of theMapReduce framework (namely, splitting,
shuffle, and reduce), which are nonnegligible for a dataset of
such size. Nevertheless, the overall MR-EFS execution time is
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Figure 5: Execution times of the sequential CHC and MR-EFS.
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Figure 6: Accuracy with the epsilon dataset. Note that the number
of features decreases as the threshold increases.

highly scalable, as shown by the fact that MR-EFS was able to
process the 400 000 instances faster than the time needed by
CHC to process 5000 instances.

4.3.2. Classification Results. This section presents the results
obtained by applying several classifiers over the full epsilon
dataset with its features previously selected by usingMR-EFS.
The dataset was split among 512 map tasks, each of which
computed around 780 instances.

The AUC values are shown in Table 4 and Figure 6, both
for training and test sets, using three different thresholds
for the dataset reduction step. Note that the zero-threshold
corresponds to the original dataset, without performing any
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Table 4: AUC results for the Spark classifiers using epsilon.

Threshold Features Logistic Regression Naive Bayes SVM (𝜆 = 0.0) SVM (𝜆 = 0.5)
Training Test Training Test Training Test Training Test

0.00 2000 0.6786 0.6784 0.7038 0.7008 0.6440 0.6433 0.6440 0.6433
0.55 721 0.6985 0.7000 0.7154 0.7127 0.6855 0.6865 0.6855 0.6865
0.60 337 0.6873 0.6867 0.7054 0.7030 0.6805 0.6799 0.6805 0.6799
0.65 110 0.6496 0.6497 0.6803 0.6794 0.6492 0.6493 0.6492 0.6493

Table 5: Training runtime (in seconds) for the Spark classifiers using epsilon.

Threshold Features Logistic Regression Naive Bayes SVM (𝜆 = 0.0) SVM (𝜆 = 0.5)
0.00 2000 367.29 605.14 334.18 331.69
0.55 721 409.35 340.42 409.70 386.84
0.60 337 488.16 307.33 505.46 489.93
0.65 110 501.86 264.26 467.44 473.74

Table 6: Size of the epsilon dataset for each threshold.

Threshold Set MB HDFS blocks

0.00 Training 8179.18 128
Test 2044.80 32

0.55 Training 2946.52 47
Test 736.63 12

0.60 Training 1377.21 22
Test 344.30 6

0.65 Training 450.60 8
Test 112.65 2

feature selection.Thebest results for eachmethod are stressed
in boldface. The table shows that the accuracy was improved
by the removal of the adequate features, as the threshold 0.55
allowed for obtaining higher AUC values. The accuracy gain
was especially large for SVM.Moreover, more than half of the
features were removed, which reduces significantly the size
of the dataset and therefore the complexity of the resulting
classifier.

A threshold of value 0.60 also got to improve the accuracy
results, while reducing even further the size of the dataset.
Finally, for the 0.65 thresholds, only SVM saw its AUC
improved.

It is also noteworthy that the two variants of SVM
obtained the same results for all the tested thresholds. This
fact indicates that the complexity of the obtained SVMmodel
is relatively low.

The training runtime of the different algorithms and
databases is shown in Table 5 and Figure 7. The obtained
results were seemingly the opposite to the expectations:
except for Naive Bayes, the classifiers needed more time to
process the datasets as their number of features decreases.

However, this behavior can be explained: as the dataset
gets smaller, it occupies less HDFS blocks, and therefore
the full parallel capacity of the cluster is not exploited. The
size of each version of the epsilon dataset and the number
of HDFS blocks that are needed to store it are shown in
Table 6. The computer cluster is composed of 20 machines;
therefore, when the number of blocks is lower than 20, some
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Figure 7: Training runtime with the epsilon dataset. Note that the
number of features decreases as the threshold increases.

of the machines remain idle because they have no HDFS
block to process. Moreover, even if the number of blocks is
slightly above 20, the affectedHDFS blocksmay not be evenly
distributed among the computing nodes. This demonstrates
the capacity of Spark to deal with big databases: as the
size of the database (more concretely, the number of HDFS
blocks) increases, the framework is able to distribute the
processes more evenly, exploiting data locality, increasing the
parallelism, and reducing the network overhead.

In order to deal with this problem, the same experiments
were repeated over the epsilon dataset, after reorganizing the
files with a smaller block size. For each of the eight sets, the
block size 𝑆

𝑏
was calculated according to (6), where 𝑠 is the

size of the dataset in bytes and 𝑛
𝑐
is the number of cores in

the cluster:

𝑆
𝑏
= 2𝐾,

𝐾 = ⌊log2
𝑠

𝑛
𝑐

⌋ .
(6)
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Table 7: Training runtime (in seconds) for the Spark classifiers using epsilon with customized block size.

Threshold Features Logistic Regression Naive Bayes SVM (𝜆 = 0.0) SVM (𝜆 = 0.5)
0.00 2000 321.94 483.48 300.94 306.47
0.55 721 256.92 313.19 256.72 256.98
0.60 337 236.16 248.59 231.23 228.03
0.65 110 307.70 308.26 254.05 261.23

Table 8: AUC values for the Spark classifiers using ECBDL14-ROS.

Threshold Features Logistic Regression Naive Bayes SVM (𝜆 = 0.0) SVM (𝜆 = 0.5)
Training Test Training Test Training Test Training Test

0.00 631 0.5821 0.5808 0.6714 0.6506 0.5966 0.6046 0.5875 0.5897
0.55 234 0.6416 0.6352 0.6673 0.6489 0.6369 0.6307 0.6228 0.6148
0.60 119 0.6309 0.6235 0.6732 0.6516 0.5884 0.5841 0.6116 0.6054
0.65 46 0.5017 0.5022 0.6136 0.6093 0.5032 0.5039 0.5000 0.5000

Table 9: Training runtime (in seconds) for the Spark classifiers using ECBDL14-ROS.

Threshold Features Logistic Regression Naive Bayes SVM (𝜆 = 0.0) SVM (𝜆 = 0.5)
0.00 631 4649.19 1581.52 5283.88 5065.87
0.55 234 2107.66 613.50 2321.22 2179.18
0.60 119 1162.98 322.06 1352.85 1226.72
0.65 46 978.38 215.09 914.32 864.28

The runtime for the dataset with the block size cus-
tomized for each subset is displayed in Table 7 and Figure 8.
It is observed that the runtime was smaller than that with
the default block size. Furthermore, the curves show the
expected behavior: as the number of features of the dataset
was reduced, the runtime decreased. In the extreme case
(for threshold 0.65), the runtime increased again, because
with such a small dataset the synchronization times of Spark
become bigger than the computing times, even with the
customized block size.

In the next section, MR-EFS is tested over a very large
dataset, validating these observations.

4.4. Experiments with the ECBDL14-ROS Dataset. This sec-
tion presents the classification accuracy and runtime results
obtained with the ECBDL14-ROS dataset. As described
in Section 4.1, a random oversampling technique [39] was
previously applied over the original ECBDL14 dataset to
overcome the problems originated by its imbalance.TheMR-
EFS method was applied using 32 768 map tasks; therefore,
each map task computed around 1984 instances.

The obtained results in terms of accuracy are depicted
in Table 8 and Figure 9. MR-EFS improved the results in
all cases, with different thresholds. The accuracy gain was
especially important for the Logistic Regression and SVM
algorithms. As expected, the SVM with 𝜆 = 0.0 obtained
better results than the onewith𝜆 = 0.5, as the latter attempted
to reduce the complexity of the obtained model. However,
it is noteworthy that, for 119 features, SVM-0.5 was able to
outperform SVM-0.0. This hints that after removing noisy
features, the simpler obtained models represented better the
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Figure 8: Training runtime with the epsilon dataset with cus-
tomized block size. Note that the number of features decreases as
the threshold increases.

true knowledge underlying the data. With even less features,
both variants of SVM obtained roughly the same accuracy.

To conclude this study, the runtime necessary to train
the classifiers with all variants of ECBDL14-ROS is presented
in Table 9 and Figure 10. In this case, the runtime behaved
as expected: the time was roughly linear with respect to the
number of features, for all testedmodels.Thismeans thatMR-
EFS was able to improve both the runtime and the accuracy
for all those classifiers.



10 Mathematical Problems in Engineering

0.50

0.55

0.60

0.65

200 400 600
Features

AU
C

Classifier
Logistic Regression
Naive Bayes
SVM-0.0
SVM-0.5

Set
Training
Test

Figure 9: Accuracy with the ECBDL14-ROS dataset. Note that the
number of features decreases as the threshold increases.

0

1000

2000

3000

4000

5000

Ru
n 

tim
e (

s)

200 400 600
Features

Logistic Regression
Naive Bayes

SVM-0.0
SVM-0.5

Classifier

Figure 10: Training runtime with the ECBDL14-ROS dataset. Note
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5. Concluding Remarks

This paper presents MR-EFS, an Evolutionary Feature Selec-
tion algorithm designed upon the MapReduce paradigm,
intended to preprocess big datasets so that they become
affordable for other machine learning techniques, such as
classification techniques, that are currently not scalable
enough to deal with such datasets. The algorithm has been
implemented using Apache Hadoop, and it has been applied
over two different large datasets. The resulting reduced
datasets have been tested using three different classifiers,
implemented inApache Spark, over a cluster of 20 computers.

The theoretical evaluation of themodel highlights the full
scalability of MR-EFS with respect to the number of features
in the dataset, in comparison with a sequential approach.
This behavior has been further confirmed after the empirical
procedures.

According to the obtained classification results, it can be
claimed thatMR-EFS is able to reduce adequately the number
of features of large datasets, leading to reduced versions
of them, that are at the same time smaller to store, faster
to compute, and easier to classify. These facts have been
observed with the two different datasets and for all tested
classifiers.

For the epsilon dataset, the relation between the reduced
datasets size and the number of nodes is forced to modify
the HDFS block size, proving that the hardware resources
can be optimally used by Hadoop and Spark, with the correct
design. One of the obtained reduced ECDBL14-ROS datasets,
with more than 67 million instances and several hundred
features, could be processed by the classifiers in less than
half of the time than that of the original dataset, and with an
improvement of around 5% in terms of AUC.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

This work is supported by the Research Projects TIN2014-
57251-P, P10-TIC-6858, P11-TIC-7765, P12-TIC-2958, and
TIN2013-47210-P. D. Peralta and S. Ramı́rez-Gallego hold
two FPU scholarships from the Spanish Ministry of Educa-
tion and Science (FPU12/04902, FPU13/00047). I. Triguero
holds a BOF postdoctoral fellowship from the Ghent Univer-
sity.

References

[1] E. Alpaydin, Introduction to Machine Learning, MIT Press,
Cambridge, Mass, USA, 2nd edition, 2010.

[2] M.Minelli,M.Chambers, andA.Dhiraj,BigData, BigAnalytics:
Emerging Business Intelligence and Analytic Trends for Today’s
Businesses (Wiley CIO), Wiley, 1st edition, 2013.

[3] V. Marx, “The big challenges of big data,” Nature, vol. 498, no.
7453, pp. 255–260, 2013.

[4] A. Fernández, S. del Rı́o, V. López et al., “Big data with cloud
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[39] S. del Rı́o, V. López, J. M. Benı́tez, and F. Herrera, “On the use
of MapReduce for imbalanced big data using Random Forest,”
Information Sciences, vol. 285, pp. 112–137, 2014.

[40] M. A. Hearst, S. T. Dumais, E. Osman, J. Platt, and B. Scholkopf,
“Support vector machines,” IEEE Intelligent Systems and Their
Applications, vol. 13, no. 4, pp. 18–28, 1998.

[41] D. W. Hosmer Jr. and S. Lemeshow, Applied Logistic Regression,
John Wiley & Sons, 2004.

[42] R. O. Duda and P. E. Hart, Pattern Classification and Scene
Analysis, vol. 3, Wiley, New York, NY, USA, 1973.

[43] MLlib guide, http://spark.apache.org/docs/latest/mllib-guide
.html.



Research Article
Three-Dimensional Path Planning Method for Autonomous
Underwater Vehicle Based on Modified Firefly Algorithm

Chang Liu, Yuxin Zhao, Feng Gao, and Liqiang Liu

College of Automation, Harbin Engineering University, Harbin, Heilongjiang 150001, China

Correspondence should be addressed to Chang Liu; liuchang407@hrbeu.edu.cn

Received 22 October 2014; Accepted 23 December 2014

Academic Editor: Xin-She Yang

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

Path planning is a classic optimization problem which can be solved by many optimization algorithms. The complexity of three-
dimensional (3D) path planning for autonomous underwater vehicles (AUVs) requires the optimization algorithm to have a quick
convergence speed. This work provides a new 3D path planning method for AUV using a modified firefly algorithm. In order to
solve the problem of slow convergence of the basic firefly algorithm, an improved method was proposed. In the modified firefly
algorithm, the parameters of the algorithm and the randommovement steps can be adjusted according to the operating process. At
the same time, an autonomous flight strategy is introduced to avoid instances of invalid flight. An excluding operator was used to
improve the effect of obstacle avoidance, and a contracting operator was used to enhance the convergence speed and the smoothness
of the path. The performance of the modified firefly algorithm and the effectiveness of the 3D path planning method were proved
through a varied set of experiments.

1. Introduction

AUVs are in strong demand within both military and civil
fields. More and more research institutions are carrying
out research into AUVs. Path planning is one of the key
technologies in autonomous decision-making for AUVs, and
it has become one of the most talked about issues in the
AUV field. Many methods for AUV path planning have been
put forward and most of the AUV operating environments
were assumed to be two-dimensional. For example, some
researchers proposed a path planning method using artificial
potential field methods [1, 2]. Chen et al. brought forward a
global path planningmethod for AUVbased on the sparse𝐴∗
search algorithm [3]. Some novel optimization algorithms,
such as the genetic algorithm (GA) and ant colony optimiza-
tion (ACO),were also used to solve the problems ofAUVpath
optimization [4, 5]. Although these methods were proved
effective in solving path planning problems, they inevitably
face some problems in practical applications because the
AUV working environment is a 3D marine space.

3D path planning is a classical optimization problem.
With the development of optimization algorithms, many

researchers apply new optimization algorithms to solve the
path planning problem in recent years. Swarm intelligence
(SI) belongs to an artificial intelligence (AI) discipline that
became increasingly popular over the last decade, and it refers
to a research field that is concerned with a collective behavior
within self-organized and decentralized systems. Nowadays,
swarm intelligence has formed one of the hottest topics in
the developments of new algorithms inspired by nature. And
methods of swarm intelligence are used to solve traditional
NP problems and their excellent performance and great
potential have been proved inmany practical applications [6].
In recent years, SI-based algorithms are also applied for solv-
ing 3D path planning problem. For example, a 3D path plan-
ning method based on the ACO was proposed by Liu et al.
[7, 8]. Particle swarm optimization (PSO) was also used to
solve the problem of 3D path optimization [9–11]. These
works prove that it is feasible to solve 3D path planning
problems using SI-based algorithm.

Firefly algorithm (FA) is a more promising SI-based opti-
mization algorithm based on firefly social features put for-
ward by Dr. Yang in 2008. Although this algorithm is similar

Hindawi Publishing Corporation
Mathematical Problems in Engineering
Volume 2015, Article ID 561394, 10 pages
http://dx.doi.org/10.1155/2015/561394

http://dx.doi.org/10.1155/2015/561394


2 Mathematical Problems in Engineering

to other bioinspired algorithms, it is relatively simple both in
theory and in implementation. One of its most prominent
advantages is that global communications can run based
on individual exercise at the same time as random motion
[12]. The existing research results showed that the algorithm
was very effective in dealing with a lot of optimization
problems, and it had gradually been applied to some kinds
of optimization fields with good results [13–21]. As a new
optimization algorithm, the basic FA has some drawbacks
in convergence speed and stability. Some improvements have
been put forward recently. For example, Dr. Yang added Levy
flight to the random part of the FA formulation and Levy-
flight firefly algorithm (LFA) was constructed. Experimental
result showed that the improved algorithmwasmore effective
in searching for global best values [22, 23]. Farahani et al.
made some improvements to the random motion part of FA
to ensure the random step is larger in the initial period, in
order to avoid falling into local optima. The random step
was reduced after several iterations to make the algorithm
converge to the global minimum rapidly. Meanwhile, the
movement style of FA was improved and directed move-
ment was proposed. Experimental results showed that the
improved FA had better performance than the basic FA [24].
dos Santos Coelho and de Andrade Bernert used chaotic
sequences to adjust the parameters of FA, and the improved
algorithm had better results in optimizing benchmark test
functions of reliability and redundancy allocation [25]. Liu
et al. made some improvements to ensure parameters of
FA adjusted according to the iteration numbers. Compared
to the basic FA, the performance and convergence speed
were improved [26]. Farahani et al. put forward a new FA
that increases convergence speed using Gaussian distribution
to move all fireflies to global best in each iteration. The
modified algorithm was tested on five standard functions.
And experimental results showed that the modified FA had
better performance than the basic firefly algorithm [27].
Fister et al. proposed a comprehensive review of the FA. The
status of applications within various application areas was
summarized. At the same time, the review showed that FA
was simple, flexible, and versatile, which was very efficient in
solving a wide range of diverse real-world problems [20].

In this paper, a modified FA and a 3D path planning
method based on the new algorithm are proposed. The
length of random steps and parameters of the algorithm are
designed to be adjusted according to the distance between
two fireflies and the iteration times. The autonomous flight
strategy has been introduced to avoid invalid flight. An
excluding operator and a contracting operator have been
used to improve the effect of obstacle avoidance, the speed
of convergence, and the smoothness of the path. The paper
is organized as follows. Section 2 analyzes the performance
of basic FA. Section 3 develops a modified FA. A 3D path
planning method is proposed in Section 4. Experiments in
Section 5 prove the performance of the modified FA and
the path planning method. Finally, Section 6 contains the
main conclusions and describes some problems that warrant
further research.

No

Begin

Set parameters of the algorithm

Sort the firefly population in accordance with 
the brightness and find the brightest one

YesSatisfy finish 
condition?

Update location 
of each firefly 

Finish

Figure 1: The execution process of FA.

2. Basic Firefly Algorithm and
Its Performance Analysis

The FA is derived from the simplification and simulation
of firefly group behavior. It has three idealized constraints
which are derived from firefly features. (1) The firefly is not
gender-specific. And they will fly to more attractive and
larger brightness companion regardless of its gender. (2)
Firefly attractive size is proportional to its brightness. And its
brightness decreases with the distance between individuals. If
there is no brighter or more attractive one, then it will flight
randomly. (3) The brightness or attractiveness of a firefly is
determined by the specified value of the objective function
[12]. For the maximization problem, the luminous intensity
is proportional to the value of the objective function. Based
on the above three rules, the execution process of firefly
algorithm is shown in Figure 1.

The core of FA is that the absolute brightness of fireflies
represents the value of objective function and the position
of the fireflies represents the solution of the problem to be
solved. The relative brightness is gained by comparing two
fireflies and it is associated with attraction. One firefly is
attracted by a brighter one and adjusts its position according
to this attraction. Only the brightest firefly moves randomly.
The formula of FA is as follows:
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where 𝛽
0
stands for the biggest attraction and 𝛾 is the absorp-

tion coefficient which controls the change in light intensity
and determines the speed of convergence. 𝛼 is the random
coefficient which controls the range of movement. 𝛾

𝑖𝑗
is the

artesian distance between firefly 𝑖 andfirefly 𝑗⋅ ⃗𝜀
𝑖
is the random

vector decided by Gauss distribution [12].
As described in formula (1), the changing position of

a firefly depends on its attraction to brighter fireflies and
their random movement. At the initial period of algorithm
running, fireflies are randomly distributed within the search
area. The distance between each of them is greater, while
𝛽
𝑖𝑗
(𝑟
𝑖𝑗
) is small and the range of movement is small, so
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the exploring ability of FA is insufficient with slower conver-
gence. At the later stage of the algorithm running, fireflies
gather around the optimal insect, the distance between each
other is smaller, and 𝛽

𝑖𝑗
(𝑟
𝑖𝑗
) is bigger. At the same time,

random motion is still taking place which is not useful for
the convergence of the algorithm [13].

In addition, the position updating of one firefly is affected
by other brighter fireflies, some ofwhichmay not be necessar-
ily useful for solving the problem, and this maymake the new
location of the firefly far away from the optimal solution (we
call this behavior invalid flight). Although invalid flight may
be improved by the influence of other fireflies in the following
movements, it will slow down the search process and reduce
the speed of convergence.Thus, in order to improve the ability
of basic FA to solve practical problems, some changes are
necessary.

3. A Modified Firefly Algorithm

There are two important parameters in the formula for
the position updating: the absorption coefficient 𝛾 and the
random coefficient 𝛼. The smaller the 𝛾, the greater the
attraction between two fireflies and the faster the convergence
speed. The range of random movement is larger and the
convergence speed is slower, with a bigger 𝛼. In practical
optimization problems, generally global search helps the
algorithm converge to an area quickly and then a local
search helps obtain a high precision solution. Reference [26]
proposed an adaptive FA in which 𝛼 and 𝛾 were adjusted
with the iteration times, and its performance was better than
that of the basic FA. Because the random movement step is
1 and the changing range of the random part is −0.5 to 0.5,
the convergence speed is very slow in solving problems with
a large range. In order to solve this problem, we proposed a
new FA in which the randommovement step was designed to
be the distance between two fireflies. The position updating
formula of the new FA is as follows:

�⃗�
𝑖
(𝑡 + 1) = �⃗�

𝑖
(𝑡) + 𝛽

𝑖𝑗
(𝑟
𝑖𝑗
) ⋅ (�⃗�
𝑖
(𝑡) − �⃗�

𝑗
(𝑡)) + 𝛼(𝑡) ⋅ 𝑟

𝑖𝑗
⋅ ⃗𝜀
𝑖
;

(3)

𝛽
𝑖𝑗
(𝑟
𝑖𝑗
), 𝛼(𝑡), and 𝛾(𝑡) can be obtained as follows:

𝛽
𝑖𝑗
(𝑟
𝑖𝑗
) = 𝛽 ⋅ 𝑒

−𝛾(𝑡)𝑟𝑖𝑗

2

,

𝛾(𝑡) = 𝛾
𝑏
+

𝑡

𝑁
⋅ (𝛾
𝑒
− 𝛾
𝑏
),

𝛼(𝑡) = 𝛼
𝑏
+

𝑡

𝑁
⋅ (𝛼
𝑒
− 𝛼
𝑏
),

(4)

where �⃗�
𝑖
and �⃗�
𝑗
stand for the spatial positions of fireflies 𝑖 and

𝑗; 𝑁 is the whole iteration time; 𝛾
𝑒
> 𝛾
𝑏
, where 𝛾

𝑏
and 𝛾
𝑒
are

the initial and ultimate value of 𝛾, respectively;𝛼
𝑒
< 𝛼
𝑏
, where

𝛼
𝑏
and 𝛼

𝑒
are the initial and ultimate value of 𝛼, respectively.

As seen in formula (3), the attraction between two
fireflies is small when the distance between them is great.
Attraction therefore does not play an important role in
position updating. However, as the randommovement step is
big, firefliesmove within a big range to explore a larger search

space.When the distance among fireflies is small, the random
movement step reduces and the random movement range is
small. Attraction therefore begins to play a more important
role in position updating. Fireflies move to the brightest one
quickly and the algorithm comes to convergence at a great
speed.

In addition, in order to avoid invalid flight, we introduced
the autonomous flight strategy (AFS). The new position of
a firefly should be judged before it moves. The firefly will
move and update the position if the new position is useful
for solving the problem. Otherwise, the firefly will stay at the
current position.

4. 3D Path Planning for AUV Using
the Modified Firefly Algorithm

4.1. Coding of FA. In order to use FA to solve 3D path plan-
ning problem, the coding of FA should be done first. If a
path has 𝑛 route points, it must be constituted by 𝑛 − 1 path
segments. We assume that each firefly represents a candidate
path in the firefly group, and the dimensions of position for
each firefly correspond to the route points. So the number
of fireflies corresponds to the candidate path number. So
if a firefly group contains 𝑚 members and each firefly in
the group has 𝑛 dimensions, the (𝑖)th candidate path Path(𝑖)
represented by the (𝑖)th firefly can be described as follows:

Path(𝑖) = {𝑃
𝑖,𝑗
| 𝑗 = 1, . . . , 𝑛}, (5)

where𝑃
𝑖,𝑗
= (𝑥
𝑖,𝑗
, 𝑦
𝑖,𝑗
, 𝑧
𝑖,𝑗
) stands for the (𝑗)th route point and

it corresponds to the (𝑗)th dimension of the position for the
(𝑖)th firefly.

In addition, as the brightness represents the quality of a
firefly, it corresponds to the path quality in the path planning
problem. The brightest firefly represents the optimal path.

4.2. Cost Function. There are many criteria for evaluating
a candidate path. Generally, the smaller the path length is,
the better it is. Additionally, in order to ensure the safety of
AUV, the path should be away from obstacles, so we used the
path length 𝐸

𝐿
and risk value 𝐸

𝐷
to evaluate the candidate

path. The cost function of path planning can be calculated as
follows:

𝐸 = 𝜔
1
𝐸
𝐿
+ 𝜔
2
𝐸
𝐷
, (6)

where 𝜔
1
+ 𝜔
2
= 1.

So the aim of path planning is to find a path which can
satisfy min(𝐸).The calculatingmethods of every cost part are
as follows.

4.2.1. Path Length. If a path has 𝑛 route points, its length can
be calculated by the following formula:

𝐸
𝐿
= 𝐿SP1 +

𝑛−1

∑

𝑖=1

Δ𝐿
𝑖
+ 𝐿
𝑃𝑛𝐸
, (7)

where (𝑥
𝑖
, 𝑦
𝑖
, 𝑧
𝑖
), 1 ≤ 𝑖 < 𝑛, stands for the coordi-

nates of the (𝑖)th route point, 𝐿SP1 stands for the distance



4 Mathematical Problems in Engineering

x

y

z

A

C

B

P

i

A


C


P

i

Pi

B


→
n

Figure 2: Sketch map of excluding operator.

between the start point and the first route point, Δ𝐿
𝑖
=

√(𝑥
𝑖
− 𝑥
𝑖+1
)
2

+ (𝑦
𝑖
− 𝑦
𝑖+1
)
2

+ (𝑧
𝑖
− 𝑧
𝑖+1
)
2 represents the dis-

tance between the (𝑖)th route point and the (𝑖 + 1)th route
point, and 𝐿

𝑃𝑛𝐸
stands for the distance between the destina-

tion point and the last route point.

4.2.2. Risk Value. A path holds risks if it passes through
obstacles. So the risk value can be judged by how much of
a path contains obstacles. In order to calculate the risk value
easily, we selected𝑚 evaluating points in every path segment.
The whole risk value can therefore be judged by calculating
how many route points and evaluating points which are in
obstacles. For example, if there are 𝑘

1
route points and 𝑘

2

evaluating points in obstacles, the risk value can be calculated
as follows:

𝐸
𝐷
= 𝐶(𝑘

1
+ 𝑘
2
), (8)

where 𝐶 > 0 stands for the cost coefficient.

4.3. Optimization Operator

4.3.1. Excluding Operator. As the path planning space is 3D
and contains many obstacles, it is inevitable that some points
on the path will come into contact with obstacles in the
process of searching. Sometimes these points would come
out of the obstacles at last, but it will cost much time. In
order to reduce searching time and increase the success rate
of obstacle avoidance, it is necessary to help these points avoid
obstacles quickly. An excluding operator is used here tomake
this easier. A path point inside an obstacle will be excluded
to the surface of obstacle’s plane [11]. Figure 2 shows how the
excluding operator works.

In Figure 2, 𝐴𝐵𝐶 is a plane on the surface of one obstacle
and ⃗𝑛 stands for the normal direction of 𝐴𝐵𝐶. 𝑃

𝑖
is a

path point inside the obstacle. In order to ensure safety, 𝑃
𝑖

should move out of the obstacle using an excluding operator.

P

i−1

P

i

Pi

P

i

P

i+1

Figure 3: Sketch map of contracting operator.

𝑃


𝑖
is on plane 𝐴𝐵𝐶 which stands for the new position of 𝑃

𝑖

after it is excluded from obstacles. The position of 𝑃
𝑖
and

the displacement of 𝑃
𝑖
can be calculated using the following

formula:

𝑃


𝑖
= 𝑃
𝑖
+

→

𝑃
𝑖
𝑃


𝑖
,

→

𝑃
𝑖
𝑃


𝑖
= (

→

𝑃
𝑖
𝑃


𝑖
∙ ⃗𝑛) ⃗𝑛.

(9)

4.3.2. Contracting Operator. The generation of a safe path
should be done through the cooperation of every path point.
Without taking path knowledge into account, the planning
process will take a long time, especially in path planning
with many dimensions. A path generated by FA only may be
unsmooth, so a contracting operator is used to manage the
cooperation of route points and to make the path smoother
[11]. Figure 3 shows how the contracting operator works.

In Figure 3, 𝑃
𝑖−1

is the route point before 𝑃
𝑖
and 𝑃
𝑖+1

is the
route point after 𝑃

𝑖
. On the assumption that 𝑃

𝑖−1
and 𝑃

𝑖+1
are

fixed, 𝑃
𝑖
will be pulled by these two points and the direction

of the resultant force is
→

𝑃
𝑖
𝑃


𝑖−1
+

→

𝑃
𝑖
𝑃


𝑖+1
. Theoretically, with the

pulling force, 𝑃
𝑖
will move to 𝑃

𝑖
. In fact, because it is affected

by air resistance, 𝑃
𝑖
can only move to 𝑃

𝑖
. The displacement

of 𝑃
𝑖
and its real position can be calculated by the following

formula:

𝑃


𝑖
= 𝑃
𝑖
+
→
𝑆
𝑃𝑖
,

→
𝑆
𝑃𝑖
= 𝑘(

→

𝑃
𝑖
𝑃


𝑖−1
+

→

𝑃
𝑖
𝑃


𝑖+1
),

(10)

where →𝑆
𝑃𝑖
is the displacement vector of 𝑃

𝑖
with pulling forces

from 𝑃


𝑖−1
and 𝑃
𝑖+1

and 𝑘 ∈ (0, 1) is the resistance coefficient.
The path planning flow based on the modified FA is as

follows: firstly, initializing path parameters and modeling the
operating environment and then searching for the optimum
path usingmodified FA, using an excluding operator to avoid
obstacles and a contracting operator to optimize the path.
These steps should be repeated until a satisfactory path is
found. The detailed workflow is shown in Figure 4.

5. Experimental Setup

5.1. Experiments Using Modified FA. Genetic algorithm (GA)
and particle swarm optimization (PSO) are two classic
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Table 1: Test functions.

Function Sphere Rosenbrock Rastrigin Griewank Ackley Zakharo
Range [−5.12, 5.12] [−2.048, 2.048] [−5.12, 5.12] [−8, 8] [−2.768, 2.768] [−5, 10]

Finish
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No

Yes

No

Begin

Modeling environment and 
initializing parameters

Sorting the firefly population according to 
cost function

Calculating the new position of the current firefly

Avoiding obstacles using excluding operator

Adjusting position according to AFS

All the fireflies 

Optimizing candidate path using 
contracting operator

Satisfy finish 

Next 
firefly

finish flight?

condition?

Figure 4: The flowchart for 3D path planning.

algorithms with extreme influence in optimization field, and
research on them is relatively mature. FA has some qualities
in common with these two algorithms. In order to verify the
performance of the modified FA (AMFA) proposed in this
paper, we used four algorithms (basic FA, AMFA, PSO, and
GA) to solve six classic test functions. The four classic test
functions are as follows.

Sphere: 𝑓
1
(�⃗�) = ∑

𝑛

𝑖=1
𝑥
2

𝑖
; the function has its global

optimum 𝑓
∗

= 0 at 𝑠∗ = (0, . . . , 0).

Rosenbrock:𝑓
2
(�⃗�) = ∑

𝑛−1

𝑖=1
[100(𝑥

2

𝑖
−𝑥
𝑖+1
)
2

+(𝑥
𝑖
−1)
2

];

the function has global optimum 𝑓
∗

= 0 at 𝑠∗ = (1,

. . . , 1).

Rastrigin: 𝑓
3
(�⃗�) = ∑

𝑛

𝑖=1
[𝑥
2

𝑖
− 10 cos(2𝜋𝑥

𝑖
) + 10]; the

function has global optimum 𝑓
∗

= 0 at 𝑠∗ = (0, . . . ,

0).

Griewank: 𝑓
4
(�⃗�) = ∑

𝑛−1

𝑖=1
[100(𝑥

2

𝑖
− 𝑥
𝑖+1
)
2

+ (𝑥
𝑖
− 1)
2

];
the function has global optimum 𝑓

∗

= 0 at 𝑠∗ = (0,

. . . , 0).

Ackley: 𝑓
5
= −20 exp[−0.2√(1/𝑑)∑𝑑

𝑖=1
𝑥
2

𝑖
] − exp[(1/

𝑑)∑
𝑑

𝑖=1
cos(2𝜋𝑥

𝑖
)] + (20 + 𝑒); the function has global

optimum 𝑓
∗

= 0 at 𝑠∗ = (0, . . . , 0).

Zakharo: 𝑓
6
= ∑
𝐷

𝑖=1
𝑠
2

𝑖
+ ((1/2)∑

𝐷

𝑖=1
𝑖𝑠
𝑖
)
2

+ ((1/2)

∑
𝐷

𝑖=1
𝑖𝑠
𝑖
)
4; the function has global optimum 𝑓

∗

= 0

at 𝑠∗ = (0, . . . , 0).

Parameters of these four algorithms are set as follows.

FA: 𝛽
0
= 1.0, 𝛾 = 1.0, and 𝛼 = 1.0. rand was the

uniformly distributed random number in the range
of 0-1.
GA: binary encoding was used and the binary digit
was 20. The roulette wheel selection method and sin-
gle point crossover were used. Crossover probability
was defined as 𝑝

𝑐
= 0.6, mutation probability was

described as 𝑝
𝑚
= 1/𝑛, and 𝑛 was the dimension of

the optimization function.
PSO: using parameters recommended by Li et al. [10],
𝜔 = 0.729 and 𝑐

1
= 𝑐
2
= 1.494. The maximum speed

was set to the top of the search range, 𝑉max = 𝑋max.
AMFA: 𝛽

0
= 1.0, 𝛾

𝑒
= 2.0, 𝛾

𝑏
= 1.0, 𝛼

𝑒
= 0.8, and

𝛼
𝑏
= 2.0. rand was the uniformly distributed random

number in the range of 0-1.

In order to compare the optimization performance of
these algorithms fairly and sufficiently, they were used to
solve the four test functions in both small and wide ranges.
The population size of every algorithm was set to 40 and
the dimension of the testing function was set to 30. Each
algorithm was run 30 times independently, and the number
of fitness evaluations was limited to 60,000.

5.1.1. Experiments in a Small Range. The range of every
test function is shown in Table 1. Table 2 shows the results
of simulation for every algorithm. In order to observe the
iterative process of the algorithm, the curves of the six test
functions are shown in Figures 5 to 10.

Experimental results in Table 2 show that the precision of
solution obtained by AMFA is much better than that of FA.
Meanwhile, Figures 5–10 show that the convergence speed
of AMFA is quicker than that of FA. So we can conclude
that the performance of AMFA is better than that of FA
and the method proposed here is effective in improving the
performance of basic FA. The performance and convergence
speed of AMFA are better than those of PSO and GA.
Although the solution precision of Sphere obtained by AMFA
is not the best, it is valid. Meanwhile, the solution of Sphere
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Table 2: Experimental results in a small range.

Function Term AMFA FA PSO GA

Sphere

Best 0 5.20E − 09 5.05E − 41 9.64E − 07
Mean 5.58E − 13 2.76E − 06 1.75E − 36 4.91E − 06
STD 1.73E − 12 3.58E − 06 9.19E − 36 4.56E − 06

“0” times 22 0 0 0

Rosenbrock

Best 0 3.66E − 07 1.27E − 02 7.8507
Mean 2.38E − 06 6.70E − 05 2.17E − 01 51.3280
STD 4.34E − 07 1.07E − 04 0.75 29.7729

“0” times 21 0 0 0

Rastrigin

Best 00E + 00 1.98E − 07 1.00 43.78
Mean 00E + 00 9.81E − 06 4.88 58.04
STD 00E + 00 1.70E − 04 2.24 8.28

“0” times 30 0 0 0

Griewank

Best 00E + 00 1.35E − 10 00E + 00 1.14E − 07
Mean 3.20E − 11 5.36E − 07 5.6E − 03 2.30E − 02
STD 1.12E − 10 8.51E − 07 8.3E − 03 4.40E − 02

“0” times 26 0 7 0

Ackley

Best 0 3.16E − 05 1.42E − 14 1.34E + 00
Mean 1.75E − 07 3.12E − 04 3.02E − 01 2.34E + 00
STD 7.23E − 07 2.69E − 04 5.68E − 01 3.71E − 01

“0” times 21 0 0 0

Zakharo

Best 00E + 00 1.7E − 07 4.6E − 06 9.8E + 01
Mean 1.6E − 06 2.4E − 03 6.7E − 05 1.8E + 02
STD 9.0E − 06 3.8E − 03 6.8E − 05 4.6E + 01

“0” times 4 0 0 0
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Figure 5: Test results of Sphere.

obtained by AMFA is found to be zero 22 times. We can
therefore conclude that AMFA is an effective algorithm for
solving problems with a small range.

5.1.2. Experiments in a Wide Range. The range of every
test function is shown in Table 3. Table 4 shows the results
of simulation for every algorithm. In order to observe the
iterative process of the algorithm, the curves of the six test
functions are shown in Figures 11–16.
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Figure 6: Test results of Rosenbrock.

Experimental results in Table 4 show that the precision
of solution obtained by AMFA is the most effective for
solving all six test functions. Additionally, it can find the
global optimum every time. Figures 11 to 16 show that the
convergence speed of AMFA is the quickest of the four
algorithms. So we can conclude that the method proposed
here is effective in improving the performance of basic FA and
AMFA is powerful in solving problems with a wide range.

5.2. Experiments of Path Planning. In order to simulate the
real sailing environmental space of AUV, a maritime space
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Table 3: Test functions.

Function Sphere Rosenbrock Rastrigin Griewank Ackley Zakharo
Range [−100, 100] [−100, 100] [−100, 100] [−600, 600] [−23.768, 23.768] [−50, 100]

Table 4: Experimental results in wide range.

Function Term AMFA FA PSO GA

Sphere

Best 00E + 00 5.87E − 09 5.23E − 39 3.42E − 04
Mean 00E + 00 4.00E − 03 8.73E − 35 1.71E − 03

STD 00E + 00 2.15E − 02 2.16E − 34 1.52E − 03
“0” times 30 0 0 0

Rosenbrock

Best 00E + 00 5.95E − 07 2.58E − 02 2.88E + 00
Mean 00E + 00 6.00E + 04 8.61E − 01 7.67E + 01
STD 00E + 00 3.28E + 05 1.46E + 00 4.98E + 01

“0” times 30 0 0 0

Rastrigin

Best 00E + 00 6.11E − 05 2.98E + 00 1.99E + 01
Mean 00E + 00 8.13E + 01 6.40E + 00 6.08E + 01
STD 00E + 00 2.54E + 02 2.38E + 00 3.15E + 01

“0” times 30 0 0 0

Griewank

Best 00E + 00 4.05E + 02 00E + 00 4.85E − 04
Mean 00E + 00 5.72E + 02 2.30E − 02 5.45E − 02
STD 00E + 00 5.52E + 01 2.85E − 02 5.30E − 02

“0” times 30 0 2 0

Ackley

Best 0 3.57E − 05 2.13E − 14 4.10E − 03
Mean 00E + 00 2.30E − 03 1.63E + 00 7.7E − 03
STD 0 4.40E − 03 1.12E + 00 3.1E − 03

“0” times 30 0 0 0

Zakharo

Best 0 2.0E − 06 4.8E + 01 1.5E + 04
Mean 1.5E − 322 1.5E − 01 3.3E + 02 3.0E + 04
STD 0 7.6E − 01 2.8E + 02 6.2E + 03

“0” times 5 0 0 0
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Figure 7: Test results of Rastrigin.

with a horizontal area about 2∘ × 2
∘ was selected as the

experiment environment for AUV path planning.The terrain
was generated by interpolation with elevation data extracted
from electric chart. In order to observe the obstacle avoidance
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Figure 8: Test results of Griewank.

capability of the method, the actual lengths of the horizontal
and vertical coordinates were reduced (1852 × 60)/1000

times. The resistance coefficient was 0.9553 and parameters
of AMFA were the same as in the experiments described
above. Because the population size of AMFA was 40 and
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Figure 9: Test results of Ackley.
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Figure 10: Test results of Zakharo.
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Figure 11: Test results of Sphere.
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Figure 12: Test results of Rosenbrock.
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Figure 13: Test results of Rastrigin.
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Figure 14: Test results of Griewank.

the dimension of every firefly was set to 30, the number of
candidate paths was 40 and every path should have 30 path
points.

In order to verify the performance of the new algo-
rithm, two experiments were designed here. In the first
experiment, depths of the starting point and destination
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Figure 15: Test results of Ackley.
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Figure 16: Test results of Zakharo.

are both 300 meters. The horizontal position of starting
point is (111.10∘E, 17.07∘N), and the horizontal position of
destination is (112.50∘E, 16.69∘N). The results of the path
planning are shown in Figure 17. In the second experiment,
the start position and destination have different depths. The
horizontal position of the starting point is (111.30∘E, 15.87∘N)
and the depth is 230 meters. The horizontal position of the
destination is (112.80∘E, 17.11∘N), and the depth is 450 meters.
The results of the path planning are shown in Figure 18.

Figures 17 and 18 show that there are many obstacles
in the environmental space. The line represents the path
found by AMFA, the black dot is the starting point, and the
red dot stands for the destination in the figures. From the
results of the experiments we can conclude that the path
planning method using AMFA can find the optimal path
in the complex environmental space, and the paths in both
experiments are smooth and do not path through obsta-
cles. The experimental results prove that the path planning
method proposed here is feasible and AMFA can be used in
solving 3D path planning problem.
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Figure 17: Results of experiment 1.
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Figure 18: Results of experiment 2.

6. Conclusions

This paper presents a 3D path planning method based on
a modified FA. The performance of the modified FA and
the path planning method was verified through simulation.
The simulation results show that the modified FA has a
quick convergence speed and the path planning method
based on it can find an effective path in a 3D environment.
However, as a new SI-based algorithm, the firefly algorithm
still has imperfections from a theoretical research point of
view and itsmathematical theory also needs to be studied and
proved. Additionally, it has been assumed that the operating
environment is static and obstacle information is known
before the path planning method is begun. In reality, the
marine environment is dynamic and AUVs will face many
sudden threats while in action. Finally, many constraints for
AUVs such as the maximal turning angle and the maximal
sailing depth must be taken into account. Therefore further
research is required to conclude how to plan a practical path
for AUVs in the real dynamic marine environment.
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In a progressive business intelligence (BI) environment, IoT knowledge analytics are becoming an increasingly challenging problem
because of rapid changes of knowledge context scenarios along with increasing data production scales with business requirements
that ultimately transform a working knowledge base into a superseded state. Such a superseded knowledge base lacks adequate
knowledge context scenarios, and the semantics, rules, frames, and ontology contents may not meet the latest requirements of
contemporary BI-services. Thus, reengineering a superseded knowledge base into a renovated knowledge base system can yield
greater business value and is more cost effective and feasible than standardising a new system for the same purpose. Thus, in
this work, we propose an IoT knowledge reengineering framework (IKR framework) for implementation in a neurofuzzy system
to build, organise, and reuse knowledge to provide BI-services to the things (man, machines, places, and processes) involved in
business through the network of IoT objects. The analysis and discussion show that the IKR framework can be well suited to
creating improved anticipation in IoT-driven BI-applications.

1. Introduction

Business intelligence services (BI-services) must take advan-
tage of the rapid evolution of the IoT (Internet of Things)
network to connect millions of IoT objects that are active
in the contemporary business environment. The advance-
ment of IoT applications is advantageous to numerous BI-
applications such as tourism, healthcare, manufacturing,
transportation and logistics management, and supply chain
management [1]. The IoT enables a network of smart
objects, such as sensors, RFIDs (radio frequency identifiers),
and other sensing and computing technologies in the BI-
environment, to ensure globally distributed data delivery to
cloud applications, from which the bulk of IoT data can
be accessed for purposes of business analytics without any
network or communication barriers. The modernisation of
IoT and automation requires enhanced connectivity, such
as any-place, any-process, any-people, any-thing, and any-
time connectivity among networked IoT objects, and forms a
comprehensive IoT environment that can be used to regulate

numerous BI-applications. A BI-application in a cloud-based
IoT environment functions as a business performance moni-
toring service through semantic knowledge analytics of mul-
tidimensional data that are aggregated from the distributed
business environment [2, 3]. In a large-scale IoT environ-
ment, large amounts of semistructured and unstructured data
are produced in real time and present difficulties to IoT
knowledge analytics when searching for needed values from
the data. The structured and unstructured data generated
from individual IoT sources can be seamlessly integrated
and analysed through an ontology model embedded with a
semantic knowledge analytics mechanism [4]. Several prob-
lems, such as managing heterogeneous knowledge, trans-
forming data into knowledge, transforming knowledge into
actions, transforming actions into cognitive intelligence, and
tuning the IoT knowledge to regulate the BI-applications, are
faced in a business IoT environment. In any real-time BI-
application, the IoT knowledge base creates awareness about
what knowledge may be used to obtain a better trade value,
whereas the cognitive intelligence acts as a recommender
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to suggest when and how to use the knowledge to obtain a
better trade value [5, 6]. Thus, both IoT knowledge bases and
cognitive intelligence perform major roles in modernising
the BI-environment into a real cognitive state to provide
wide-ranging BI-services through semantic knowledge inter-
pretation and recommendation [7]. However, rapidly chang-
ing knowledge context scenarios, such as semantics, rules,
frames, and ontology along with data scale, structure, and
level of abstraction, require rapid reengineering efforts and
force the current running knowledge base into a superseded
state [8].

Thus, to understand the breach between the current
superseded knowledge base and the renovated knowledge
base system, a mapping outline is sketched in Figure 1.
The IoT knowledge reengineering framework transforms
the current superseded knowledge base into a renovated
knowledge base system for effective use in BI-services.

In this work, we propose an IKR framework for the
effective transformation of a current superseded IoT knowl-
edge base into a renovated knowledge base system that can
yield better business value and be more cost effective than
standardising a new system for the same purpose. The IKR
framework can build, organise, and reuse the knowledge from
the current superseded IoT knowledge base to provide BI-
services aimed at self-regulated decisions, actuations, control,
and coordinations of the things (man, machine, and process)
involved inBI-services throughnetworked IoTobjects [9, 10].

To perform the knowledge analytic and reanalytic opera-
tions in the IKR framework, we suggest an implementation
through a neurofuzzy system. We propose four algorithms
to perform various knowledge analytic operations, the first
three of which are the knowledge reanalytics operation,
reverse knowledge analytic operation, and forward knowl-
edge analytic operation. Further, we propose an implemen-
tation algorithm for neurofuzzy analytics that can be used to
produce knowledge inferences with higher probabilities. In
our empirical environment, we use a gradient algorithm as a
learning algorithm for the integrated neurofuzzy system.The
fuzzy system has a better knowledge representation ability
compared to the neural system, and the neural system has
better learning and knowledge inference abilities compared
to the fuzzy system. Thus, the hybridisation of the neural
system and fuzzy system (neurofuzzy system) provides a

better knowledge representation as well as learning and
knowledge inference abilities.

The remainder of this paper is organised as follows.
Section 2 discusses the IKR framework organisations towards
building the renovated knowledge base system through
knowledge engineering and reengineering agendas that can
be applied to different BI-services. Section 3 highlights the
analysis and discussion of the proposed framework along
with the prospective review, analysis, and system implemen-
tations. Finally, Section 4 concludes this paper and suggests
future work.

2. IKR Framework Organisation

Several studies have applied knowledge engineering and
reengineering systems, frameworks, tools, and other aspects
to various BI-services. However, we propose an IKR frame-
work that addresses the growing amount of business knowl-
edge through a redevelopment strategy. The IKR framework
organisation typically uses a reengineering framework to
transform a current superseded IoT knowledge base into an
active renovated knowledge base system; the detailed frame-
work architecture is described in Figure 2. In the reengineer-
ing framework, we suggest a merging of the current knowl-
edge contexts, rules, and ontologies with the ever-expanding
business knowledge to formulate the backbone of a renovated
knowledge base system. Current knowledge contexts, rules,
and ontologies can provide only the semantic knowledge
analytic scenarios of previous BI-services, problem findings,
domain knowledge, technical solutions, risk anticipation and
analytics, strategy formulation and anticipation, and so forth.

A current IoT knowledge base can be characterised as a
superseded knowledge base that lacks adequate knowledge
context scenarios as well as semantics, rules, frames, and
ontology contents and thus may not meet the latest require-
ments of contemporary BI-services. A current IoT knowledge
base can be analysed to extract adequate knowledge context
scenarios, and the next-level IoT knowledge base can be
analysed to extract the new knowledge context scenarios.
The integration of current knowledge context scenarios with
next-level knowledge context scenarios produces an explicit
knowledge finding and integrated knowledge base that can
effectively meet BI-service requirements.

The new knowledge components can be built from the
integrated knowledge base and ensure continued building on
the new knowledge base system. To visualise the overall IKR
organisation framework, a stepwise analysis is performed.

Step 1. Analyse the current IoT knowledge base.

Step 2. Perform knowledge extraction to acquire the current
knowledge context scenarios.

Step 3. Set and configure a new IoT database, fromwhich the
new knowledge context scenarios can be extracted.

Step 4. Perform explicit knowledge findings and integrations
through the current knowledge context scenarios and the
next-level knowledge context scenarios.
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Step 5. Build new knowledge components, such as new
semantics, rules, frames, and ontologies that are well suited
to current BI settings.

Step 6. Finally, reconstruct the renovated knowledge base
system.

In the IKR framework, reverse analytics are integrated
with forward analytics to create a comprehensive reengi-
neering framework. Reverse analytics are substantially more
useful to study for determining the consequences of current
BI-decisions and actions in addition to the analytics of risks
that are anticipated in the business.Theknowledge residing in
the mind of a business expert that has not been documented
anywhere may be treated as tactical business knowledge.
Tactical business knowledge can be transformed into an
explicit knowledge base through standard documentation
by ensuring ease of understanding and use. The explicit
knowledge can be effectively used in BI-services towards

monitoring business activities and functions that are coordi-
nated within the frame of the IoT environment.

Figure 3 describes the possible steps in IoT knowledge
analytic operations that can be used to effectively reuse the
current superseded IoT knowledge base system. In a current
IoT knowledge base, the following operational steps may be
taken to obtain an enriched next-level IoT knowledge base
that can effectively meet BI-service requirements.

The IoT knowledge analytic operations should be auto-
mated to perform the dynamic enhancement of the knowl-
edge base per the current BI consequences.

Step 1. Analyse knowledge dimensions and supported
functions—knowledge dimensions refer to the features
of knowledge context scenarios that should be initially
reformatted per the current architecture of the BI-services.
In an IoT knowledge base system, attribute renaming and
rescaling are also included in reformatting the knowledge
dimensions. Here, a mapping may be performed between the
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functions of the knowledge base system and the BI-services
to identify and resolve gaps and obstacles.

Step 2. Analyse and alter context ontology—this step defines
the ontology mechanism based on information contexts.
Here, based on the BI-services, the addition and deletion
of knowledge contexts can be performed to ensure that the
knowledge base remains current and useful.

Step 3. Analyse and alter rule ontology—this step defines the
ontology mechanism based on complex fuzzy rules. Based
on the requirements of the BI-services, specific knowledge
components, such as semantic rules, can be dynamically
configured.

Step 4. Analyse and alter frame ontology—this step defines
the ontology mechanism based on class structures of asso-
ciated frames. The class hierarchies of the frame ontology
should be thoroughly analysed to track and resolve incom-
patibilities with current BI-services.

Step 5. Apply outright changes—the outright changes may
refer to the overall modifications of the current IoT knowl-
edge base system without affecting its constraints and archi-
tectures to achieve the next-level IoT knowledge base system.

2.1. Semantic Knowledge Analytics. In the current business
environment, context-aware IoT knowledge analytics pro-
duce substantial quantities of daily inputs that influence
human thought processes in business and risk handling, at

business events, and so forth to ensure the ease of under-
standing, use, and implementation of BI-services. Knowl-
edge context analysis is not new, but the analytics of the
IoT environment create substantially more smart business
opportunities for current BI-services, ranging from manu-
facturing assistance services to transportation and logistics
services in numerous BI-applications. Here, we may develop
a prospective view of knowledge context analytic scenarios by
analysing various knowledge components in accordance with
standard BI-services. The semantics focus on the relations
between signifiers, such as words, phases, signs, and symbols
that are used in a standard knowledge base to assist in BI-
services [11, 12]. We may also build a renovated semantic
net to meet the requirements of current BI-services for the
critical business environment. To study the configurations of
the semantic net in a business IoT environment, the business
cases, problems, and tactical solutions are considered. The
frame-based expert system can also provide standard BI-
services. To establish possible frame-based expert systems
in the IoT environment, the aggregation, generalisation,
and specialisation of BI-objects are considered. The frame
ontology provides a mechanism for semantic knowledge
discovery and analytics to transform the knowledge of BI-
problems into real assistive solutions [13].

The frequent fluctuation of knowledge context scenarios
leads to the massive alteration of semantic nets and frames
per the BI-service requirements, resulting in several limita-
tions and challenges and often degrading the performance of
BI-services. Thus, in the subsequent discussion, we mainly
highlight the ontology mechanism through context- and
rule-based analytics to provide an effective BI-service in the
IoT regulated business environment. The context and rule
ontologies have a wider and prospective implementation in
upcoming BI-intensive research and development in IoT
computing. The European Union has also identified such a
vision as a thrust for research in the years leading to 2020 [14].

2.1.1. Context Ontology Outline. The outline defines the over-
all specifications of BI-scenarios in a standard conceptualised
form. Context-aware IoT knowledge analytics require an
ontology-based framework to configure semantic knowledge
discovery and analytic scenarios for real-time BI-services
[15–17].The context ontology is a typical form of a declarative
morphology to document the IoT knowledge base in various
customised specification layouts.

2.1.2. Rule Ontology Outline. The rules refer to the activities
of standard BI that can be set and configured through a
neurofuzzy expert system. Normally, in the standard BI
context, the rules constitute the consequences of conditions
and actions through a set of linguistic variables and values
[18, 19]. The neurofuzzy features are successfully integrated
towards implementing the fuzzy associated business rules
over a cognitive neural network environment [20].

2.1.3. Case Analytics. In this example, we consider a business
context and rule set for a specific business case. Based on the
current ontology, we derive a rule set, and based on the next-
level ontology, we refine the rule set. This refinement process
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is continued until a substantially more precise inference is
achieved to meet the current requirements of the business
context. Here, each business context may be treated as a BI-
service for the specific business monitoring application. The
next-level ontology can be built based on data collected by
an IoT evolutionary network connected across the distributed
business environment. For a sample case, we execute a series
of steps for the possible inference of a new decision.

Step 1. Find a business context associated with a BI-service.

Step 2. Derive a probabilistic fuzzy rule set through possible
inferences based on the mechanism of the current ontology.

Step 3. Acquire new contexts from the recent IoT-generated
data based on the mechanism of the next-level ontology.

Step 4. Based on new next-level contexts, refine the proba-
bilistic fuzzy rule set.

Step 5. Repeat Step 4 until a maximumprecise inference with
a higher probabilistic value is obtained.

Step 6. Deduce the result as an effective inference for the
stated business intelligence context.

2.1.4. Crossbreed Ontology for IoT Knowledge Base. To fulfil
the vision of research and development in BI-intensive IoT
computing for the IoT knowledge base system, a crossbreed
ontology mechanism that inherits both the features of the
current and next-level context ontology and the rule ontology
may be suggested. The crossbreed ontology dynamically
checks the operations of the IoT knowledge base system as
per the current BI requirements and suggests whether to
begin reengineering work. The reengineering work includes
the prospective modifications and enhancement of contexts
and rules that exist in the current operational knowledge base
system.

The crossbreed ontology requires a cognitive learning sys-
tem to track and trace the following BI-service requirements.

(i) Track and trace when an IoT knowledge base reaches
a minimum requirement threshold.

(ii) Track and trace what type of reengineering should be
conducted on the contexts and rules associated with
the BI-services.

(iii) Track and trace the identified contexts and rules that
are obsolete and that should be removed from the
current knowledge base system.

(iv) Track and trace the analysis of incoming IoT data
streams to extract the selective rules and contexts that
are to be added to the current knowledge base system.

(v) Track and trace what knowledge can be used for a
specific business context scenario.

(vi) Track and trace when to use the knowledge for a
specific business context scenario.

(vii) Track and trace how to use the knowledge for a
specific business context scenario.

To implement a crossbreed ontology for an IoT knowledge
base, we introduce two types of knowledge analytics that
are involved in the IKR framework—reverse knowledge
analytics and forward knowledge analytics. Here, we design
two algorithms that use both contexts and rules as the sources
of operations for BI-intensive IoT computing research and
development for the IoT knowledge base system.

Algorithm 1 describes a knowledge reanalytic policy for
tracking and tracing BI-service requirements.The knowledge
reanalytics follow both forward analytic and reverse analytic
strategies. In the reverse analytic strategy, the analytics
are applied to the current superseded knowledge base to
extract the current context ontologies and rule ontologies, as
described in Algorithm 2. Algorithm 3 describes a forward
analytic strategy, in which the analytics are applied to the
next-level knowledge base to extract the next-level innovated
context ontologies and rule ontologies, and a neurofuzzy
implementation mechanism is configured in Algorithm 4.
Based on both current and next-level ontologies, the tracking
and tracing of BI-service requirements can be effectively
performed through a comprehensive IoT environment in
which things (man, machines, places, and processes) are
interconnected without any network and communication
barriers to meet automated service requirements such as self-
decisions, self-actuations, self-optimisation, self-control, and
self-coordination.

Algorithm 1 (knowledge reanalytics for tracking and tracing
BI-service requirements).

(1) Input—Accept current and next-level BI context
ontologies and rule ontologies;

(2) Process—Implement a neuro-fuzzy associated
machine learning algorithm;

(3) Output—Track and trace the BI-service require-
ments;

(4) knowledge-re-analytic ( ) // initial function
(5) {
(6) reverse-knowledge-analytic ( ) // current ontologies
(7) forward-knowledge-analytic ( ) // next-level ontolo-

gies
(8) }
(9) find-service-request ( )
(10) {
(11) get the auto-execute service requests;
(12) }
(13) execute-service-request ( )
(14) {
(15) get crossbreed ontology;
(16) neuro-fuzzy-analytic ( );
(17) // trace requests to a pre-configured neural network

embedded with trained fuzzy rule ontologies and
context ontologies;

(18) }
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(19) track-trace-service ( )
(20) {
(21) post track and trace BI-service requirements;
(22) }
(23) IF(track-trace-service = false) // complete unaccept-

able
(24) {
(25) goto Step (16);
(26) }
(27) else
(28) {
(29) wait for next scheduled routine;
(30) goto Step (4);
(31) }

Algorithm 2 (reverse knowledge analytic strategy).

(1) Input—Current knowledge base;
(2) Process—Analysis of current knowledge contexts and

rules to meet the BI-service requirements;
(3) Output—Current knowledge contexts and rules;
(4) reverse-knowledge-analytic ( )
(5) {
(6) while (analysis is not over)
(7) {
(8) accept BI-service requirement;
(9) find the knowledge context from current knowledge

base;
(10) track the suitable rule set per knowledge context;
(11) }
(12) return (knowledge context and rule set);
(13) }

Algorithm 3 (forward knowledge analytic strategy).

(1) Input—Next-level IoT database
(2) Process—Analysis of next-level knowledge contexts

and rules to meet the BI-service requirements
(3) Output—Next-level knowledge contexts and rules
(4) forward-knowledge-analytic ( )
(5) {
(6) accept IoT data streams;
(7) find the contexts;
(8) find linguistic variable and values;
(9) set fuzzy membership grades;
(10) generate rule sets based on contexts;
(11) use probabilistic method to generate possible infer-

ences on rule sets;

(12) }
(13) return (next-level contexts and rules);
(14) }

Algorithm 4 (neurofuzzy implementation).

(1) Input—BI-contexts;
(2) Process—Neuro-fuzzy analytic operation;
(3) Output—Probabilistic inference;
(4) neuro-fuzzy-analytic ( )
(5) {{
(6) set current and next-level BI-contexts as input;
(7) pass through a fuzzification process;
(8) pass through current rule ontology for possible infer-

ences;
(9) pass through next-level rule ontology for probabilistic

refinements;
(10) pass through a normalisation process to normalise

rule strength;
(11) pass through a defuzzification process;
(12) pass through a summation process with a BI-

requirement threshold;
(13) }
(14) return the most precise inference with the highest

probabilistic value.
(15) }.

3. Analysis and Discussion

Here, we analyse and discuss the implementation and oper-
ation of the IKR framework in an IoT knowledge base
for prospective BI-intensive services through statistical and
computational analysis approaches. The effective functional
and operational analysis of the IKR framework improves
the quality of BI-services, and the quality of BI-services
is measured as the precision of inference with the highest
probabilistic value. Prior to the analysis, we review some
works that are associated with knowledge engineering and
reengineering systems, frameworks, tools, and others that
previously been applied to different BI-services in the IoT
environment. In Table 1, a review list of certain distinct BI-
service applications associated with various proposed tech-
nologies in the IoT environment is presented, and almost all
service applications require the semantic knowledge analytics
from large-scale IoT data that are distributed across the
business environment.

3.1. Knowledge Analytics and Visualisation

3.1.1. Case Analytics. In case of analytics, we use an anal-
ysis and visualisation of BI-service applications. In a typi-
cal business organisation, the standard BI-services are the
probabilistic estimation of customer buying attitudes, item
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Table 1: List of certain distinct BI-service applications associated with proposed technologies in the IoT environment.

Name of works Name of BI-service apps Proposed technologies
Bi et al. [25] Modern manufacturing service IoT and cloud computing
Grigori et al. [26] E-commerce service applications Business process monitoring systems
Jara et al. [27] IoT-based medical service application ICT-IoT framework
Panigrahi et al. [28] Credit card fraud detection service D-S theory and Bayesian learning system
Kiritsis [29] Product lifecycle management service Closed-loop PLM framework
Qu et al. [30] Transport logistic service Ontology framework
Csikósová and Antošová [31] Supply chain management service Smart logistic system

Items associativity

0.012 0.876

Figure 4: Item associativity based on customer trade transactions.

associativity based on transactions, service reliability, trading
trend sustainability, and trade strategy.

Figure 4 describes the anticipated item associativity based
on the transactions performed by customers. The buying
behaviour of a customer can be analysed through a series of
transactions with that customer. The probable item associa-
tivity grid is a self-organising map that is configured through
100 training rounds with an adaption radius of 10. These
knowledge analytics and visualisationmap suggest how trade
organisations can increase their items’ associativities based
on customer transactions. In the above item associativity sce-
nario, twowhite-shaded areas are identified; the upper white-
shaded area contains a higher associativity of homogeneous
items, whereas the lower white-shaded area contains a higher
associativity of heterogeneous trade items. Such associativity
analysis is prepared based on the transaction data of the
customers at different instances.

Service reliability is an important BI-service that should
be measured based on customer buying behaviours and
attitudes that support further estimation of the trading trend
sustainability of the organisation. Additionally, based on the
probabilistic estimations of customer buying attitudes, the
item associativity, service reliability, trading trend sustain-
ability, and overall trade strategy of a business organisation
can be well estimated.

For the above BI-services, individual BI-ontologies can be
built to provide specified BI-services. The IoT environment
can be effectively used to implement parallel and distributed
data computing and analytics across a geographically dis-
tributed business environment to provide widespread BI-
services.

(i) A customer buying attitude ontology estimates cus-
tomer behaviours and buying attitudes based on trade
transactions.

(ii) An item associativity ontology estimates a probable
item associativity based on customer buying attitudes
and on the transactions of a business organisation.

(iii) A service reliability ontology estimates the reliabil-
ity of business processes and products based on a
sequence of customer behaviours and buying atti-
tudes.

(iv) A trend sustainability ontology estimates the probable
sustainability of the product and services of a business
organisation.

(v) A trade strategy ontology forecasts the trade strategy
of a business organisation for a specific period of time
based on the analytics of the previous ontologies.

3.2. Computational Analysis. In this computational analysis,
we explore a neural representation andmultilayer neurofuzzy
representation of BI-rules and contexts for probabilistic
knowledge inferences. The neurofuzzy rule-based system
integrates the good policies of the standalone neural system,
fuzzy system, and rule-based system to increase performance
in terms of the knowledge representation, tolerance, learning
and discovery ability, enhanciation ability, and reusability.
The main objective of the integrated system is to provide the
BI-service in the TQM (total quality management) standard.
Figure 5 describes a neural representation of BI-rules and
a context for probabilistic knowledge inferences. Here, the
current BI-rules along with the next-level BI-rules are used
in the BI-contexts for the possible knowledge inferences
such that each inference is characterised by a probabilistic
value. The higher the probabilistic value associated with an
inference, the greater its chances of occurring with respect to
that knowledge context.

Figure 6 describes a neurofuzzy representation of BI-
rules and contexts for probabilistic knowledge inferences in
which the fuzzification layer uses fuzzy sets in the antecedents
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Figure 6: Neurofuzzy representation of BI-rules and contexts for probabilistic knowledge inference.

of the fuzzy rules. In real-time BI scenarios, we consider
each fuzzy set to be linked to every individual BI-rule. The
current and next-level rule ontology layers are responsible
for handling the respective rules to refine the BI-context
to generate knowledge inferences with higher probabilistic
value.

Thedefuzzification layer helps achieve a crisp output from
integrated fuzzy sets based on the BI-rules and contexts. The
current and next-level BI-contexts are fetched to a multilayer
neurofuzzy system that maps all current and next-level rule
ontologies to produce the probabilistic knowledge inferences.

To normalise the firing strength of the current and next-
level BI-rules, a normalisation layer is used. To obtain the
higher probabilistic value associated with inferences, BI-
service requirement threshold (T) must be set by the domain
expert in the summation layer. For our implementation, we
set the target threshold (T) as greater than zero to filter all

positive inference values because negative inference values
do not make sense in the standard defuzzification range
of BI-service instances. The overall architecture in Figure 6
is described as follows. At a given time, we consider two
knowledge contexts, one from the current knowledge base
and another from the next-level knowledge base. From each
knowledge context, two fuzzy sets are derived. Those four
sets refer to all four rules of the current knowledge base
and further extend the reference to the rules of the next-
level knowledge base to refine and finalise the knowledge
inferences associated with the probabilistic values. The con-
figuration of a neurofuzzy system entirely depends on the BI-
service requirements, the business domain, and the service-
oriented architecture provided by the concerned business
organisation.

We now discuss the learning mechanism of the pre-
configured neurofuzzy system that plans the BI-functions
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Figure 7: Gradient analysis during the learning phase (the 𝑥-axis is
the epoch, and the 𝑦-axis is the gradient).

and maps the possible functions onto the neural network
platform to minimise the prediction error based on the
targets [21, 22]. Once the system is embedded with the smart
inference framework, an appropriate learning process should
be initiated to test the performance level. The gradient-based
algorithm is an optimised algorithm inwhich a weightmatrix
can be successfully updated during the training phase of the
system [23].Wemap the BI-functional activity instances onto
the neurofuzzy environment, which learns with the gradient-
based algorithm associated with the functional estimations of
the BI-services. We use a conjugate gradient as the learning
algorithm for the input BI instances and find that the gradient
value = 1.7154 at epoch 8 during the learning phase (see
Figure 7). During the learning phase, the gradient initially
suddenly decreases and increases at the fifth epoch. The
BI instances are randomly allocated to five samples such
that 70% of the instances are used for training, 15% of the
instances are used for validation, and the remaining 15% are
used for testing. In this analysis, we achieve zero error or a
minimum error 𝑒 = −0.00742 among the maximum number
of BI instances, as depicted in Figure 8. The zero error or
very low error indicates the better measured performance
of the learning system. As soon as the error computation
is accomplished, the mean square error can be computed
to determine the average square difference between the
computed output and the target output to analyse the overall
performance.

The following four BI-service contexts are taken as inputs
to the neurofuzzy system:

(i) Input 1: customer buying attitude (CBA),
(ii) Input 2: item associativity (IA),
(iii) Input 3: service reliability (SR),
(iv) Input 4: trend sustainability (TS).

The respective ontologies are used to determine the proba-
bilistic values of the four BI-service contexts as inputs. The
following is the output of the neurofuzzy system:

(i) Output 1: overall trade strategy (OTS).
Various real-time data sets are analysed to visualise the prob-
abilistic values of the above inputs in a BI-service context and
to normalise and transform those data sets into a standard
fuzzy relational database structure within the standard fuzzy
range [0, 1].

Table 2 is a statistical survey analytic report used to
quantify the service parameters based on a customer’s pre-
trading views, posttrading views, and transactions along
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Figure 8: Error analysis during learning phase.

Table 2: Statistical survey analysis of BI-service contexts in standard
fuzzy range.

Parameter (data type) Min Max Average Deviation
Buying attitude (real) 0.050 0.905 0.142 0.171
Item associativity (real) 0.012 0.876 0.396 0.259
Service reliability (real) 0.000 0.988 0.364 0.227
Trend sustainability (real) 0.068 1.000 0.576 0.284

with the prospective of item arrangements. Those views are
normalised to a standard fuzzification range and analysed
to design the statistical analysis report. This statistical anal-
ysis report of BI-services is implemented in a neurofuzzy
environment to enable the possible prediction of knowledge
inferences. A detailed statistical analysis of these data sets is
described in Table 2 for further analysis and exploration.

Three fuzzy membership grades are used to quantify the
four input parameters that function as BI-service contexts.
For our implementation, we use three fuzzy membership
grades to qualify the inputs as poor, average, or good BI-
service contexts in the standard fuzzified range.

(i) 𝜇(𝐴)
(𝑥):𝑥 ∈ 𝑋 and 𝑋 → [0.0, 0.4], if 𝑥 is a poor BI-

service context and 𝐴 is the subset of𝑋.

(ii) 𝜇(𝐴)
(𝑥):𝑥 ∈ 𝑋 and 𝑋 → [0.6, 1.0], if 𝑥 is a good BI-

service context and 𝐴 is the subset of𝑋.

(iii) 𝜇(𝐴)
(𝑥):𝑥 ∈ 𝑋 and 𝑋 → [0.4, 0.7], if 𝑥 is an average

BI-service context and 𝐴 is the subset of𝑋.

We analyse eight current-level BI-rules for the sake of
implementation in a neurofuzzy environment. The next-
level BI-context and rules are traced as the probability of
occurrences and will be considered based on the newly
changing business scenarios. In the BI-rules, we use the same
linguistic variables, poor, good, and average, along with their
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predefined membership grades. We use a business case to
derive the following eight rules.

Business Rule Analytics

Rule 1. If (CBA= good) and (IA = good) and (SR = good) and
(TS = good) then (OTS = good).

Rule 2. If (CBA = poor) and (IA = poor) and (SR = poor) and
(TS = poor) then (OTS = poor).

Rule 3. If (CBA = average) and (IA = average) and (SR =
average) and (TS = average) then (OTS = average).

Rule 4. If (CBA = good) and (IA = good) then (OTS =
average).

Rule 5. If (CBA = good) and (SR = good) and (TS = good)
then (OTS = good).

Rule 6. If (IA = good) and (SR = good) and (TS = good) then
(OTS = good).

Rule 7. If (IA = average) and (SR = good) and (TS = good)
then (OTS = good).

Rule 8. If (CBA = good) and (IA = good) and (SR = good)
and (TS = poor) then (OTS = average).

We implement eight rules, of which the first three (Rules
1 to 3) are the universal rules, which may not change with
the changing business scenarios. However, the last five rules
(Rules 4 to 8) dynamically change with the changing business
contexts and scenarios. Based on the new analytic operation
associated with the next-level contexts, the next-level rules
must be refined accordingly. Additionally, based on the next-
level analytic scenarios, the IoT knowledge base should
be dynamically reengineered to meet the future BI-service
requirements. The next-level BI-context and rules are traced
as probabilities of occurrence and will be considered based
on the newly changing business scenarios.

Figure 9 describes the neurofuzzy implementations of
BI-contexts and rules. The four inputs are the four BI-
contexts described earlier. Here, eight possible rules that use
the probabilistic values of those four inputs to produce the
desired output value, that is, OTS value, are generated. The
neurofuzzy system environment exercises substantially more
real-time control to regulate numerous sensitive applications
[24]. Thus, we may configure a neurofuzzy environment to
simulate different neural network configurations through the
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fuzzified data sets relating to the BI-functional activities for
numerous emergent BI applications.

4. Conclusions and Future Work

In our work, we discuss an IKR framework for reengineering
a superseded IoT knowledge base into a renovated knowledge
base system that can ensure higher operational efficiency
compared to the previous superseded knowledge base sys-
tem as a result of the in-time reengineering of the useful
knowledge contexts.The operations related to IoT knowledge
analytics are discussed along with possible explorations of
semantics, frames, rules, and ontologies. The reengineering
process is certainly more cost effective than new engineering,
especially when renovating an IoT knowledge base system
towards modernising business operations to provide BI-
services.

However, there are various areas that need to be explored
in BI-service applications. In BI-applications, the time to gain
insight is long, and the cost of the insight is high. Thus,
business executives start to consider new IoT regulated BI-
technologies to modernise their business environment with
self-regulated operations.

We further focus on implementing new deep learning
tools that can be successfully applied in semantic knowledge
analytics for numerous BI-applications.
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Recent change in evaluation criteria from accuracy alone to trade-off with time delay has inspired multivariate energy-based
approaches in motion segmentation using acceleration. The essence of multivariate approaches lies in the construction of highly
dimensional energy and requires feature subset selection in machine learning. Due to fast process, filter methods are preferred;
however, their poorer estimate is of the main concerns. This paper aims at empirical validation of three objective functions for
filter approaches, Fisher discriminant ratio, multiple correlation (MC), and mutual information (MI), through two subsequent
experiments.With respect to 63 possible subsets out of 6 variables for accelerationmotion segmentation, three functions in addition
to a theoretical measure are compared with two wrappers, k-nearest neighbor and Bayes classifiers in general statistics and strongly
relevant variable identification by social network analysis.Then four kinds of new proposedmultivariate energy are compared with
a conventional univariate approach in terms of accuracy and time delay. Finally it appears that MC and MI are acceptable enough
to match the estimate of two wrappers, and multivariate approaches are justified with our analytic procedures.

1. Introduction

As one of the human computer interactions, Inertial Mea-
surement Unit (IMU) applications have been prominently
increasing in quantity [1]. Of the related technological issues,
motion segmentation using accelerometers has long been a
significant problem [2–6]. Motion segmentation implies the
discrimination of motion-involved periods and is handled
within various domains depending on the detection signal. In
the IMU applications, which generally depend on accelerom-
eters, the process can be understood as acceleration end point
detection in terms of signal processing. Since linear acceler-
ation and angular rates from IMUs are rarely used without
integration, motion segmentation is inevitable because it
indicates the initial and final points in the integration or
the starting and ending points in the period of interest for
processing [4, 7, 8].

Typical problems in motion segmentation using acceler-
ation have been associated with how accurately both ends
can be found; thereby several constraints have been reported.

First, measured acceleration is corrupted with the gravi-
tational acceleration which is intractable to separate from
acceleration by body motion [2, 8, 9]. Since it is exposed to
noisewhose source is also bodymotion, such as unintentional
trembles or minute motion, the estimated motion segmen-
tation might consequently include teacher noise. Addition-
ally, measured acceleration prevails in such low frequency
bands (0–20Hz) that spectral information is sparse. As a
result, motion segmentation specialized for acceleration is
temporally processed mainly [3–6, 9]. While calculating the
acceleration energy in the time domain, another constraint
emerges. Sample-wise linear separation between motion and
nonmotion states is formidable without modifying a multi-
valley structure; plus, time delay produced by modifying the
multivalley structure has proportional relation to accuracy
[3].

The proportional tendency between accuracy and time
delay in conventional approaches provokes a new require-
ment for rapid response time with the advent of smart devi-
ces [9, 10]. Motion segmentation obsessed with accuracy
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naturally leads to requiring an appropriate trade-off between
accuracy and delay. For accomplishing maximum accuracy
with minimum time delay, the employment of multivari-
ate energy appended to hyper decision boundaries has
been introduced as a promising alternative [9, 11]. This
approach achieves the time delay reduction by skipping
energy smoothing, which is the main cause of the time delay
in the previous univariate approach. Instead of an explicit
energy smoothing process, a shorter time delay is produced
implicitly when multivariate energy vectors are generated.
The loss of accuracy resulting from the reduced time delay
in this approach is compensated by motion state decision
making with a nonlinear hyper decision boundary in high-
dimensional space.

Consequently, accuracy is dependent on the separability
between data distributions of two states represented by
multivariate energy in high-dimensional space, and it is
required to predict the discriminality of each data distribu-
tion represented by variables or their multidimensional com-
binations for building optimal multivariate energy. Because
the performance of classifiers implementing a hyper decision
boundary may well have a limit, it is important to find and
identify variables that can have discriminant distributions
between two states in multivariate space. In addition, it is so
fundamental to depend on statistical regularities represented
by data in pattern recognition that state separability can be
used to showhowwell data is distributed in high-dimensional
space for a given task.

2. Problem Description

The key cause of the given problem is the multivalley struc-
ture that commonly occurs in calculating temporal energy.
Figure 1 shows the parsed acceleration signal 𝑎(𝑡) from a
simple arm motion and its basic energy |𝑎(𝑡)|. There, the
red dotted line represents the motion period, where nonzero
values stand for motion state. Acceleration from arm motion
has a multipeaked structure that is a representative of all
human arm motion [3]. The energy calculation transforms
themultipeaked structure into themultivalley structure at the
bottom of Figure 1, which is commonly observed in various
energy types [3–6, 9–11]. In this structure, the multiple
valleys prevent a linear threshold from simply discriminating
motion and nonmotion states, and this phenomenon explains
why energy smoothing is required. As smoothing means to
extract the desired signal by removing multiple peaks and
valleys in the original signal in terms of signal processing, it
represents the process to fill the valleys tomake the difference
between two states clear in this case. The main difference
among algorithms is techniques employed to smooth these
valleys: low-pass filtering including moving average, axial
information integration, inactivated interval setting, extra
signal addition, and so forth [2–6, 12].

The performance evaluation of motion segmentation
algorithms is generally given on the basis of accuracy;
however, time delay in algorithms has recently started to be
taken into consideration [5, 6, 10]. A related phenomenon
is explained in Figure 2, where energy is calculated by a
piecewise moving variance given by Benbasat and Paradiso

0

10

20

−20

0

20

0 20 40 60 80 100

Time (sample)

0 20 40 60 80 100

Time (sample)

Ac
ce

le
ra

tio
n 

(s
te

ps
)

Ac
ce

le
ra

tio
n 

(s
te

ps
)

Figure 1: Acceleration and its temporally calculated energy.
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Figure 2: Multivalley structure change over time delay increase in
smoothing.

[3]. In this approach, the length of a slidingwindow is directly
proportional to the size of the time delay.The graph (without
time delay) at the bottom of Figure 1 is again shown at the
top of Figure 2 for comparison, and each smoothed energy
variation with time delays of 70ms and 150ms, respectively,
follows by turn. It is clearly shown that the discrimination
between two states gets easier by a simple threshold, as the
time delay increases.

Theoretically, in this situation, accuracy equates to indi-
cating the exact motion starting and ending points; practi-
cally, however, thewhole detectedmotion period is compared
with the one given by the target label (red dotted line),
whichmeasures their overlapwith the number of successfully
detected samples with respect to full samples or similarity



Mathematical Problems in Engineering 3

measurements between two time series [5, 6]. If accuracy
is 100%, the annotated and estimated motion periods must
be coincident. When fluctuation in acceleration is occasion-
ally extreme and energy smoothing is disabled to flatten
the valleys fully, the motion discontinuity happens in the
estimated motion period, and such a phenomenon needs to
be considered a detection failure regardless of accuracy. To
avoid this, energy smoothing is reinforced, thereby increasing
time delays.

Time delay in this paper results solely from algorithms
excluding computation and communication. It is determined
by the past data length stored in short-term memory and
the group delay for digital filtering, regardless of hardware
enhancements. It is basic in statistical inference to make a
decision based on previous data. The capacity to store the
previous data for processing current data is called the short-
term memory [13]. In signal processing, sliding windows
implement this by generating a time delay proportional
to a window length for the derivative of the signal with
respect to time, moving average/variance, and digital filtering
often found in algorithms. Group delay is an integrated
measurement of the time delay by frequency band when the
signal goes through filters. Filtering produces group delay
𝜕𝜙/𝜕𝜔, where 𝜙 and 𝜔 represent phase shift and radian
frequency, respectively [14]. Moving average is a special case
of low-pass filtering to generate group delay.Moving variance
can be interpreted as a case ofmoving average with additional
operations since themoving average is used in its calculation.
Given that motion segmentation is generally a part of full
interaction, time delay by motion segmentation should be
much less than the optimal delay of 150–200ms reported by
event-related brain potential measurements for a computer
response to a user action [15, 16].

The minimized time delay requirement turns efficient
energy smoothing in previous approaches into an estimate
of the probability at two states in high-dimensional space by
expanding univariate energy to multivariate. Borza [11] and
Lim et al. [9, 17] introducemotion segmentation based on this
idea, but multivariate energy and state decision methods in
their approaches differ. While Borza’s approach emphasizes
axial integration and the difference between only two time
sequences given in (2) for generating variables, Lim et al.
are interested in various variables and their combinations,
including the time series of a certain length without axial
integration as shown in Table 1. Consider the following:

{𝑎 (𝑡 − 1) , 𝑎 (𝑡) , Δ𝑎 (𝑡)} , (1)

where

𝑎 (𝑡) = √𝑎
2

𝑥
(𝑡) + 𝑎

2

𝑦
(𝑡) + 𝑎

2

𝑧
(𝑡),

Δ𝑎 (𝑡)

= √(𝑎
𝑥
(𝑡) − 𝑎

𝑥
(𝑡 − 1))

2

+ ⋅ ⋅ ⋅ + (𝑎
𝑧
(𝑡) − 𝑎

𝑧
(𝑡 − 1))

2

.

(2)

The interest in various candidates of Lim et al. naturally
induces the question of how to choose the best combination,
and feature subset selection in machine learning is conse-
quently employed to build multivariate energy in motion

Table 1

Candidates

Variables

{𝑎
𝑖
(𝑡)}, {|𝑎

𝑖
(𝑡)|}, {Δ𝑎

𝑖
(𝑡)}, {|Δ𝑎

𝑖
(𝑡)|}, {Δ2𝑎

𝑖
(𝑡)},

{|Δ
2
𝑎
𝑖
(𝑡)|},

where
Δ𝑎
𝑖
(𝑡) = 𝑎

𝑖
(𝑡) − 𝑎

𝑖
(𝑡 − 1)

Δ
2
𝑎
𝑖
(𝑡) = Δ𝑎

𝑖
(𝑡) − Δ𝑎

𝑖
(𝑡 − 1)

Combinations

{|𝑎
𝑖
(𝑡)|, |Δ𝑎

𝑖
(𝑡)|}, {|𝑎

𝑖
(𝑡)|, |Δ

2
𝑎
𝑖
(𝑡)|},

{|Δ𝑎
𝑖
(𝑡)|, |Δ

2
𝑎
𝑖
(𝑡)|},

{|𝑎
𝑖
(𝑡)|, |Δ𝑎

𝑖
(𝑡)|, |Δ

2
𝑎
𝑖
(𝑡)|},

{




Δ𝑎
𝑖
(𝑡 − 𝑛)





,




Δ𝑎
𝑖
(𝑡 − (𝑛 − 1))





, . . . ,





Δ𝑎
𝑖
(𝑡)





}

segmentation [13, 18–20]. They adopt a näıve sequential
feature selection to estimate the predictability between each
candidate and target values with correlation coefficients as
an objective function. It will very rarely work since the
estimation of multivariate feature subsets is discarded in this
strategy by not accounting for variable dependence.

Feature subset selection is the process of identifying and
eliminating as much irrelevant and redundant information
as possible [13, 20, 21]. Diminishing the dimensionality of
the data may allow learning algorithms to operate faster
and more effectively, and, in most cases, final classification
accuracy can be improved and data can be easily interpreted
as a representation of the target concept. Filter and wrapper
methods, which vary in how to estimate feature subset candi-
dates, are generally accepted. Filter methods are the earliest
approaches to feature selection within machine learning.
They use additional objective functions based on general
characteristics of the data to evaluate the merit of feature
subsets, whereas wrapper strategies use a learning algorithm
to estimate suchmerit. As a result, filtermethods are generally
much faster than wrapper methods and, as such, are more
practical for use on high-dimensional data. The rationale
for wrapper approaches is that the task-dependent induction
algorithms should provide a better estimate of accuracy than
a separate measure with inductive bias. Despite the better
estimate ofwrappers tuned to the specific interaction between
an induction algorithm and its training data, they tend to be
much slower than filter strategies because feature selection
must be accompanied by a model selection process for the
induction algorithm used.

In this study, filter strategy is scrutinized with several
causes. Our problem is the investigation as to how to choose
relevant variables for multivariate energy construction to
reduce time delays with superior or equivalent accuracy
guaranteed. For the given task, an evaluation of the estimate
by a few objective functions is required. Another underlying
goal that can be accomplished during this investigation is the
justification of a multivariate approach compared with the
previous univariate approach. To achieve this, we put more
emphasis on the understanding of general characteristics
of acceleration data than on a learning algorithm. The
comprehension of data distribution is followed by designing a
hyper decision boundary that should be so independent that
more various applications can be expected; however since
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Table 2: Univariate energy and multivariate energy.

Abbreviation Energy Dim.

BENBASAT.𝑛 {

𝑡

∑

𝑡−𝑛

𝑎
2

𝑖
(𝑘) − (

𝑡

∑

𝑡−𝑛

𝑎
𝑖
(𝑘))

2

} 1

LIM1,. . .,LIM6 {𝑎
𝑖
(𝑡)}, {|𝑎

𝑖
(𝑡)|}, {Δ𝑎

𝑖
(𝑡)}, {|Δ𝑎

𝑖
(𝑡)|}, {Δ2𝑎

𝑖
(𝑡)}, {|Δ2𝑎

𝑖
(𝑡)|} 1

LIM4.n {




Δ𝑎
𝑖
(𝑡 − 𝑛)





,




Δ𝑎
𝑖
(𝑡 − (𝑛 − 1))





, . . . ,





Δ𝑎
𝑖
(𝑡)





} 𝑛 + 1

LIM7,. . .,LIM63 {LIM1, LIM2} , {LIM1, LIM3} , . . . , {LIM1, LIM2, LIM3, LIM4, LIM5, LIM6} 2, . . .,6
LIM7(LIM2.𝑛) {LIM1, LIM2.𝑛} 𝑛 + 2

Univariate Multivariate

Ex2

Reference data

Ex
1

Filter
Fisher discriminant ratio

Multiple correlation
Mutual information

Wrapper
Decision tree

Instance-based learning
Bayesian classifier

Figure 3: Overall experiment process.

wrapper methods are generally accepted to provide better
estimates of feature subsets, the reliability and limitations in
discriminality of filter strategies need to be compared with
those of wrapper strategies.

3. Experiment

With respect to handwriting acceleration, univariate energy
proposed by Benbasat and Paradiso [3] and multivariate
energy by Lim et al. [9, 17] are created, and each separability
estimate is measured by filter and wrapper processes. For
the rigorous comparison, theoretical errors are calculated as
reference data based on the conditional probability density
function of both motion and nonmotion states. A detailed
explanation of experimental conditions will be provided.
Figure 3 shows overall experiments. Throughout the exper-
iments, the following questions are pursued:

(i) Can filter approaches estimate accurately enough to
predict discriminality between motion and nonmo-
tion states?

(ii) Can it be justified that multivariate energy guaran-
tees superior time delay and accuracy to univariate
energy?

(iii) Can the analysis of the above results offer the under-
standing of the underlying structure of data distribu-
tions?

3.1. Data. A total of 294 handwriting measurements are col-
lectedwith a 3Dpen embeddedwith three-axis accelerometer
MMA 7260Q (Freescale) from 7 subjects (male 4, female
3) thrice when drawing the numbers from 0 to 9 and four
kinds of symbols. In data acquisition by microcontroller
Atmega8 (Atmel), two least significant bits are discarded to
cancel the noise effect for 10-bit quantization and 100Hz
sampling. Samplewise motion state annotations paired with
acceleration profiles, that is, target values, are measured
by subjects pushing a button to mark when drawing [22].
Collected data has been finally grouped into training (98
pieces, 17189 samples), validation (98 pieces, 16728 samples),
and test set (98 pieces, 17489 samples). Since acceleration and
its paired target label are considered at a single axis, accel-
eration profiles at three axes integrate to their samplewise
mean.

3.2. Energy Generation by Univariate and Multivariate
Approaches. The univariate energy used by Benbasat and
Paradiso [3] and multivariate energy by Lim et al. [9, 17]
have been chosen for the investigation. In the approach by
Benbasat and Paradiso, the energy is calculated by piecewise
moving variance, which combines energy calculation and
smoothing. It is an upgraded version of earlier energy calcu-
lation of absolute conversion or squared acceleration and is
widely accepted as one of the baseline methods considering
that several variations have been created.

For multivariate approaches the multivariate energy in
Lim et al. [9, 17] aremainly used for the experiment. Note that
every type of energy is abbreviated as in Table 2 for clarity and
simplicity hereafter. For feature subset selection and strongly
relevant variable identification, the subsets of LIM1∼LIM63
are employed in the experiment 1, and, after selecting the
best subset, it is compared with BENBASAT.𝑛 in experiment
2 (Figure 3). While LIM1∼LIM6 are subsets including each
basic variable, LIM7∼LIM63 are subsets composed of the
combinations of basic variables.

3.3. Theoretical Measure. To compare filter and wrapper
estimates, we need a theoretical reference. We define the
likelihood of each state as a conditional probability density
function with two assumptions: each is Gaussian distributed
and variables V

𝑖
of subsetV = {V

1
, V
2
, . . . , V

𝑛
} are independent
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Figure 4: Likelihood of each state.

and identically distributed for 𝑖 ̸= 𝑗. The density distribution
of each state is given as follows and in Figure 4:

𝑁 = {V
𝑖
| V
𝑖
∈ non-motion state} ∼ 𝑁 (𝜇

1
, 𝜎
2

1
) ,

𝑀 = {V
𝑖
| V
𝑖
∈ motion state} ∼ 𝑁 (𝜇

2
, 𝜎
2

2
) ,

(3)

where

𝜇
1
≤ 𝜇
2
,

𝜎
1
≤ 𝜎
2
,

𝑝 (V
𝑖
| 𝑁) =

1

√2𝜋𝜎
1

𝑒
−1/2((V𝑖−𝜇1)/𝜎1)2

,

𝑝 (V
𝑖
| 𝑀) =

1

√2𝜋𝜎
2

𝑒
−1/2((V𝑖−𝜇2)/𝜎2)2

.

(4)

In this condition, error results from the overlap between
the two states are given by the following equation and are
depicted by the dark region in Figure 4:

𝑝 (error) = ∫

Th𝑖

−∞

𝑝 (V
𝑖
| 𝑀) 𝑑V

𝑖
+ ∫

∞

Th𝑖
𝑝 (V
𝑖
| 𝑁) 𝑑V

𝑖
, (5)

where a threshold Th
𝑖
is found by satisfying 𝑝(Th

𝑖
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𝑖
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𝜎
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(7)

Let the coefficient of each term in (7) be 𝐴, 𝐵, and 𝐶,
respectively,

Th
𝑖
= max{−𝐵 ± √𝐵

2
− 4𝐴𝐶

2𝐴

} . (8)

Since V is multivariate, for example, V = {V
1
, V
2
}, (5) is

rewritten as
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2
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𝑛 (𝑀 ∪ 𝑁)

.

(9)

Therefore, the approximate error, which is estimated
by the likelihood of both states, can be counted to the
summation of the number of samples that belong to motion
state depicted by the bright grey area and samples that
belong to nonmotion state depicted by the dark grey area
in Figure 5. The actual boundary is located in the line
orthogonal to the connecting line between mean vectors at
both states, because the state membership of each sample is
determined byMahalanobis distances from eachmean vector
of two Gaussian distributions. Accordingly error should be
also estimated by this linear boundary, but we simplify it
in the way of (9) due to computation convenience, which
indicates minimum error with highly probable occurrence
only.

3.4. Feature Subset Selection: Filter Approaches. Traditional
feature subset selection process includes two steps of subset
generation and subset evaluation. Since∑𝑛

𝑘=1 𝑛𝐶𝑘
subset can-

didates can be producedwith respect to 𝑛 variable candidates,
various greedy search strategies are generally used to reduce
computation. In our study, the subset candidates are fixed so
that search strategy is not considered.We concentrate only on
how to evaluate each subset.

Typical objective functions in filter approaches are based
on distance measures, dependence measures, and informa-
tion measures [18, 20]. Fisher Discriminant Ratio (FDR) or
Fisher criterion is exemplary in distance measures and is
defined by the ratio of the between-class scatter S

𝐵
to the

within-class scatter S
𝑊
, where there is a total of 𝑁 instances
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Figure 5: Error approximation of multivariate data distribution.

and 𝑛
𝑖
(𝑖 = 1, 2, . . . , 𝐶) in𝐶 classes, as shown in the following

equations:

FDR =

tr (S
𝐵
)

tr (S
𝑊
)

, (10)

where
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𝑊

=

𝐶
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𝐶
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𝑖

𝑁
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𝑖
−M) (m

𝑖
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, (12)

where

m
𝑖
=

1

𝑛
𝑖

𝑛𝑖

∑

𝑗=1

x
𝑗
, (13)

M =

𝐶

∑

𝑖=1

𝑛
𝑖

𝑁

m
𝑖
. (14)

A multiple correlation coefficient is a multivariate exten-
sion of a traditional correlation coefficient, which is a typical
statistical technique to measure linear dependence between
variables [18–20]. In statistics, the multiple correlation coef-
ficient measures how well a given variable can be predicted
by a set of other variables using the ratio of the correlation
between variable vectors x

𝑖
and target values y

𝑖
and the

correlation between each variable in (15)–(18). As a result, the
process of multiple correlation is equivalent to the rationale
that a good feature subset is one that contains features highly
correlated with the class, yet uncorrelated with each other:

MCC = C𝑇R−1
𝑥𝑥
C, (15)

where

C =

(1/𝑁)∑
𝑁

𝑖=1
(x
𝑖
−mx) (y𝑖 −my)

𝜎x𝜎y
, (16)

Rxx =

(1/𝑁)∑
𝑁

𝑖=1
(x
𝑖
−mx) (x𝑖 −mx)

𝑇

𝜎x𝜎
𝑇

x
, (17)

where

𝜎x = √
1

𝑁

𝑁

∑

𝑖=1

(x
𝑖
−mx)

2

. (18)

Correlation is capable of measuring linear dependence
only. A more powerful method, which measures nonlinear
dependence, is the mutual information 𝐼(𝑉

𝑘
; 𝜔
𝐶
) in (19)

under the condition that 𝑘 subset candidatesV
𝑘
and𝐶 classes

𝜔
𝐶
are given [18–20]:
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𝑘
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𝐶
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𝐶
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𝐶
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𝑘
)

=

𝐶

∑
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∫
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𝑖
) log
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𝑘
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𝑖
)

𝑝 (V
𝑘
) 𝑝 (𝜔

𝑖
)

𝑑V
𝑘
,

(19)

where 𝐻() is the entropy function. Intuitively, the mutual
information method measures the information that V

𝑘
and

𝜔
𝐶
share: it measures the amount by which the uncertainty in

the class𝐻(𝜔
𝐶
), prior uncertainty, is decreased by knowledge

of the subset𝐻(𝜔
𝐶
| V
𝑘
), expected posterior uncertainty. For

the high order density estimation from limited data, we apply
a mixture of three Gaussian distributions.

3.5. Feature Subset Selection: Wrapper Approaches. Of the
numerous classification algorithms available, Bayes Classi-
fiers (BCs) and 𝑘-nearest neighbor classifiers (KNNs) have
been chosen because both of them, proposed relatively
early, have small numbers of parameters for performance
optimization, and their competence has been generally
accepted enough to regard them as one of filters based
on recognition rates [13]. In addition, since these statistical
classification algorithms have their own statistical models
quite different from one another, each of their results helps us
to comprehend the characteristics of high-dimensional data
distribution. Note that their parameters are tuned with the
validation set after training, and the error rates are finally
counted in the test set.

A BC is a statistically parametric classifier based on apply-
ing Bayes’ theorem, such as the naı̈ve Bayes classification
given in the reference data section. Due to the assumption
of strong independence between feature variables, its per-
formance can be improved by removing redundant features.
The identical conditions and data distributions given in
Section 3.3 are applied except for the consideration of data
dimension usingmean vectorm

𝑖
given in (13) and covariance

matrixΣ
𝑖
by the inside summation term in (11). Given 𝑖 classes

with 𝑛 dimensional data, each Gaussian multivariate density
𝑓
𝑖
(x) is given in (20), and its second-order discrimination
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Figure 6: Likelihood of each state.

function𝑔
𝑖
(x) is given by taking the natural logarithm of each

side of (20) and simplifying it for classification in (21):

𝑓
𝑖
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=

1
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(20)
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) −
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Σ
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) . (21)

AKNN is a representative of nonparametricmethods and
is a type of instance-based learning used in classification and
regression [13]. In both cases, the input instance is classified
by a majority vote of its 𝑘 closest training samples, neighbors,
in the feature space, with the instance being assigned to the
most common class among its 𝑘 nearest neighbors. If 𝑘 = 1,
the instance is simply assigned to the class of the single nearest
neighbor. The density function is locally approximated, and
all computation is deferred until classification. A KNN is
likely to be overfit so that 𝑘 is chosen with an extra validation
set (Figure 6).

4. Result and Analysis

4.1. Experiment 1

4.1.1. Descriptive Statistics. With respect to 63 possible sub-
sets out of LIM1, LIM2, LIM3, LIM4, LIM5, and LIM6, we
apply three filters of FDR, MCC, and MI and two wrappers
of KNN and BC in addition to the theoretical measure,
TM. Figure 7 presents the descriptive statistics of the object
function scores estimated by each method by showing the
average (top) and standard deviation (bottom) of 6 groups
which are categorized according to the dimension of subsets.
Except for KNN and BC, since all measures are linearly
adjusted to bring all of them into proportionwith one another
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Figure 7: Estimated measure averages and standard deviations.

for the normalization, note that it is meaningless to compare
the scores estimated by different strategies in Figure 7.

It appears that every filter shows similar estimates to
two wrappers with respect to 63 individual subsets by the
statistical analysis. Of the filters, MCC is evidently correlated
with two wrappers of KNN and BC with the general trend
that the closer to six the subset dimension gets, the greater
the average estimates are and the smaller their variances
get excluding the mean of FDR and the standard deviation
of MI. Despite the dissimilar tendency of FDR and MI in
Figure 7, the correlations between the methods give another
insight with respect to 63 individual subsets in Table 3. The
significant correlations between MI and two wrappers imply
that MI has just ill-fitting scales but tends to bring about
analogous scores. Likewise FDRmight be explained to record
similar scores to two wrappers with respect to the individual
subsets considering the correlation with MCC, which is
significantly correlated with two wrappers and TM.

However it turns out that the poorer scores FDR tends
to underestimate the higher dimensions the subsets have
because the distributions of the variables from LIM1 to LIM6
has much narrower mean differences compared to variances
in (11). As the subset dimension consequently increases, this
asymmetric proportion gets worse by summing the diagonal
components of the covariance matrix. Even though MCC
uses a similar covariance matrix to that of FDR in (17), the
covariance matrix for MCC is normalized by the product
of standard deviations and all of elements are included to
calculate the influence of each variable.

4.1.2. Network Analysis. General feature selection employs
various heuristic greedy search strategies to find an opti-
mal subset, but we conduct an exhaustive full search to
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Table 3: Correlations between each method.

𝑁 Mean SD Correlations
1 2 3 4 5 6

1 TM 63 83.5513 9.9085 1
2 FDR 63 31.9509 26.0949 0.2034 1
3 MCC 63 66.4364 29.5854 0.7352

†
0.5946

† 1
4 MI 63 9.3350 14.1683 0.2756

∗
−0.0711 0.2443 1

5 KNN 63 88.2365 5.2062 0.6654
†

−0.0633 0.3898
†

0.2984
∗ 1

6 BC 63 86.1483 5.4823 0.6985
†

−0.0293 0.4362
†

0.2967
∗

0.9926
† 1

df = 61, ∗𝑝 < 0.05, †𝑝 < 0.01.

Table 4: Variable evaluation by objective functions.

Strongly relevant Weakly relevant Irrelevant Subset
KNN LIM1, LIM3, LIM4 LIM2, LIM5 LIM48 = {LIM1, LIM3, LIM4, LIM5}
MI LIM1, LIM2, LIM4 LIM3, LIM5, LIM6 LIM61 = {LIM1, LIM3, LIM4, LIM5, LIM6}
FDR LIM2, LIM4 LIM6 LIM5 LIM36 = {LIM2, LIM4, LIM6}
BC LIM1, LIM3, LIM4 LIM2, LIM5 LIM57 = {LIM1, LIM2, LIM3, LIM4, LIM5}
MCC LIM2, LIM4 LIM1, LIM3, LIM5, LIM6 LIM42 = {LIM1, LIM2, LIM3, LIM4}
TM LIM2, LIM4, LIM6 LIM3 LIM46 = {LIM1, LIM2, LIM4, LIM6}

understand the attributes of each objective function. Instead
of omitting this procedure, we analyze the interrelation
between six variables of LIM1∼LIM6 with a social network
analysis technique based on the same data used for statistical
analysis. As a result, this analysis reveals the underlying
attributes of each measure.

We regard the variables and the subset as keywords and
a link, respectively, for network visualization. To begin with,
we identify the affirmative influences of each variable on the
discriminality estimation. After the subsets are ranked in
order of scores, we choose 10% of total subsets with highest
scores and split variables from the subsets. Its influence
is then counted by a vote because the stronger influence
the variable has, the more frequently it appears in the
above selection. After the negative influences are identically
identified in another selection of 10% of total subsets with
lowest scores, we subtract two votes in each variable and
normalize their scales into the range between −1 and 1.
With two selections, the network influences are analyzed by
counting links between variables again and the links with
votes below average are finally removed for clarity. Figure 8
shows the network analysis visualization of KNN, MI, FDR,
BC, MCC, and TM.

First similarity among them is that every measure does
not specify irrelevant variables because all of variables record
nonnegative scores except for FDR. It is interpreted that each
variable is strongly or weakly relevant given that the scores of
twowrappers tend to be proportional to the subset dimension
in the above statistical analysis. Another analogy comes
from the network connections between variables which the
linearity of each measure causes. It is observed that KNN
has a resemblance to MI, and BC does to MCC with few
differences in the network topology and this similarity is
prominent by classifying respective variables into strongly
relevant, weakly relevant, and irrelevant variables based on
the network analysis visualization (Table 4).

Such a topological analogy also explains why MI records
higher correlation with KNN than with BC and MCC vice
versa in Table 3. In addition, although FDR is poor at
estimating subsets with different dimensions, it appears that
the significant correlation with MCC is achieved by the fact
that FDR and MCC share the common strongly relevant
variables of LIM2 and LIM4. Note that the subsets in Table 4
are just transformed from each network topology with links
and nodes into the description of subsets and variables.

4.2. Experiment 2. Based on the previous analysis, we validate
the possibility that multivariate approaches can be a better
alternative to a conventional univariate in experiment 2. The
energy of BENBASAT.𝑛 based on the piecewise variance
tends to produce improved accuracy, as the size of sliding
window increases. For comparison, we propose four multi-
variate energy candidates combining LIM48 = {LIM1, LIM3,
LIM4, LIM5}, which are identified as the best subset in
Table 4 when using a KNN, to the idea of the time series
with 𝑛 + 1 lengths of the previous data. After using LIM3.𝑛
as a multivariate energy basis because LIM3 are identified
as the most strongly relevant variable as a result of a KNN
evaluation, it is bound with LIM1, LIM4, and LIM5 one after
another in the order of the variable influences in Figure 8(a),
only to create the multivariate energy candidates of LIM3.𝑛,
LIM9 (LIM3.𝑛) = {LIM1, LIM3.n}, LIM26 (LIM3.𝑛) = {LIM1,
LIM3.𝑛, LIM4}, and LIM48 (LIM3.𝑛) = {LIM1, LIM3.𝑛, LIM4,
LIM5}. Finally as 𝑛 increases, the changes in accuracy are
compared with BENBASAT.n, along with time delay. In
this way, we examine the potential of the energy with high
dimension and reconfirm the fidelity of network analysis in
the experiment 1 simultaneously.

Figure 9 shows the comparison between BENBASAT.𝑛
and four multivariate approaches in accuracy and time delay.
In the result of a KNN, BENBASAT.14 records the best
accuracy of 94.95% at 𝑛 = 14while LIM48 (LIM3.5) shows its
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Figure 8: Network analysis visualization.

best performance of 94.09%at 𝑛 = 5. If the comparison is only
evaluated in the aspect of accuracy, no doubt BENBASAT.14
is the best choice and the proposed multivariate energy is
purposeless; however the identical consequence can have
the contrasting significance when time delay is taken into
account. When 𝑛 = 14, time delay caused by the size of
short-term memory and group delay is counted to 150ms.
Noted that we deal with the delay caused by a pure algorithm
alone excluding all delays which result from computation
and communication. In spite of satisfying the optimal delay
condition of 150–200ms for a computer response to a user
action, it is easily concluded that the performance of 94.95%
in accuracy and 150ms in delay is not accepted to be excellent

considering motion segmentation is usually used as one
component in the entire interaction system.

On the contrary, the changes in the evaluation criteria are
led to reevaluate LIM48 (LIM3.5) with 94.09% in accuracy
and 60ms in delay. If one tries to reduce the time delay of
BENBASAT.14 as less as that of LIM48 (LIM3.5), the risk of
accuracy reduction by 4% needs to be taken, and this is one of
benefits which LIM48 (LIM3.𝑛) possesses because its changes
in accuracy is not rapid with respect to the changes in time
delays. Even considering the minimum time delay of 10ms in
LIM48 (LIM3.0) at 𝑛 = 0, its accuracy of 92.17% is remarkably
excellent compared to 78.37% in BENBASAT.0. The identical
tendency appears in the result of a BC in Figure 9 except for
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Figure 9: Accuracy and time delay comparison between multivariate and univariate approaches.

accuracy differences. In addition, the fact that a nonlinear
KNN shows better estimates than a linear BC in Figure 9
implies that the estimate is so dependent on the choice of
classifiers that a new nonlinear classifier might record better
accuracy than a KNN, given that we simply employ it for
the comparison with filters only because of its simplicity in
modeling before its excellence in accuracy. For the further
investigation on the enhancement in accuracy, the cutting-
edge nonlinear classifiers will be more likely to be used,
and the details are again discussed in the conclusion. Note
that the ultimate goal of our study in this paper is not the
improvement of motion segmentation performance but the
validation of a few objective functions in filter strategies to
replace wrapper approaches with larger computations.

Before finalizing the comparison, it is worthy of men-
tioning that the increment in accuracy as a variable is added
to the basis subset of LIM3.𝑛 one after another. This result
does not merely mean the dimension increments are led to
the improvement in accuracy but implies the improvement
in accuracy critically has to do with the selection of proper
variables in that Figure 9 shows the dimension increment up
to 33 in LIM3.𝑛 has the limitation of performance improve-
ment. Therefore this result clearly justifies our analysis of
experiment 1.

5. Conclusion

The goal of our study is to validate the reliability of a few
objective functions to be used in finding optimal multivariate
energy for motion segmentation in accelerometer applica-
tions. To achieve this goal, Fisher discriminent ratio, multiple
correlation, and mutual information are tested by comparing
them with a theoretical measure and two wrappers of KNNs
and BCs in two experiments. Its analysis finally enables us
to answer to three questions which have arisen during the

investigation and this study is concluded giving summarized
explanation to those questions instead of the formal conclu-
sion.

(1) Can filter approaches estimate accurately enough to
predict discriminality between motion and nonmo-
tion states?
Of three objective functions and one theoretic mea-
sure we suggest, it turns out that multiple correla-
tion, mutual information, and theoretic measure are
competent enough to replace two wrappers. With
respect to 63 subsets found in literatures, all of them
excluding FisherDiscriminant Ratio clearly show that
they are significantly correlated with the estimates
produced by two wrappers. Furthermore the network
analysis for the identification of strongly relevant
variables clarifies that each function offers similar
interpretation with respect to all possible 63 subsets
from six variables. Since each distribution of motion
and nonmotion states built by six basic variables
from acceleration has too narrow mean differences
and wide variance, Fisher Discriminant ratio tends
to underestimate their separability, as the dimension
of subsets increases. In addition, mutual informa-
tion turns out to show reliable estimates enough to
replace the wrappers, but it is so unstable that it
varies dramatically from time to time due to the
intractability of density estimation, as data dimension
increments. This phenomenon comes from the com-
putation complexity of high order density estimation
using Gaussian mixture models, and we suggest cal-
culating stable multivariate density estimation in the
way to use variable box size over the corresponding
variable space like [23, 24] instead of expectation-
maximization algorithm.
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(2) Can it be justified that multivariate energy guaran-
tees superior time delay and accuracy to univariate
energy?

In the comparison between one conventional univari-
ate and our multivariate approaches, we justified the
superiority of multivariate approach. In our exper-
iment the univariate approach just showed better
accuracy than ours by about 0.9%, but the rapid pro-
cessing in our multivariate approach outperformed
the univariate one by 100% more. It is also observed
that the risk of the serious loss in accuracy is required
to be taken for the reduction in time delay for the
univariate approach while the performance of our
multivariate approaches lies in stable ranges.

(3) Can the analysis of the above results offer the under-
standing of the underlying structure of data distribu-
tions?

Using four linear and two nonlinear measures to esti-
mate the separability betweenmotion and nonmotion
states with acceleration data, we have concluded that
data is distributed linearly and separably considering
that multiple correlation works successfully in esti-
mating the discriminality. Despite the linearity, since
two distributions are located too closely, the messy
condition in the excessively overlapped spaces hinder
linear BCs from outperforming nonlinear KNNs.
The distribution of two states varies from variables.
Since acceleration data without absolute conversion
consists of two distributions with nearly identical
means but different variances while absolutely con-
verted acceleration data is distributed relatively far
distant each other, as a result, linear measures tend
to identify variables with absolute conversion as
strongly relevant ones and nonlinear estimators vice
versa. Overall it seems that motion segmentation
using acceleration needs to be achieved by classifiers
with a nonlinear hyper boundary such as multilayer
perceptrons or support vector machines prior to
classifiers depending onMahalanobis distance kernel
such as radial basis functions or BCs, and it is because
statistically Gaussian modeling is inefficient when
data lie on or near a nonlinear manifold in the data
space. Modeling data that lie very close to the surface
of a sphere only requires a few parameters using an
appropriatemodel, but it requires a very large number
of diagonal Gaussians or a fairly large number of full-
covariance Gaussians.
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