
Mathematical Problems in Engineering

Theory and Applications of 
Data Clustering

Guest Editors: Costas Panagiotakis, Emmanuel Ramasso, 
Paraskevi Fragopoulou, and Daniel Aloise



Theory and Applications of Data Clustering



Mathematical Problems in Engineering

Theory and Applications of Data Clustering

Guest Editors: Costas Panagiotakis, Emmanuel Ramasso,
Paraskevi Fragopoulou, and Daniel Aloise



Copyright © 2016 Hindawi Publishing Corporation. All rights reserved.

This is a special issue published in “Mathematical Problems in Engineering.” All articles are open access articles distributed under the
Creative Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the
original work is properly cited.



Editorial Board

Mohamed Abd El Aziz, Egypt
Farid Abed-Meraim, France
Silvia Abrahão, Spain
Paolo Addesso, Italy
Claudia Adduce, Italy
Ramesh Agarwal, USA
Juan C. Agüero, Australia
Ricardo Aguilar-López, Mexico
Tarek Ahmed-Ali, France
Hamid Akbarzadeh, Canada
Muhammad N. Akram, Norway
Mohammad-Reza Alam, USA
Salvatore Alfonzetti, Italy
Francisco Alhama, Spain
Juan A. Almendral, Spain
Lionel Amodeo, France
Sebastian Anita, Romania
Renata Archetti, Italy
Felice Arena, Italy
Sabri Arik, Turkey
Fumihiro Ashida, Japan
Hassan Askari, Canada
Mohsen Asle Zaeem, USA
Francesco Aymerich, Italy
Seungik Baek, USA
Khaled Bahlali, France
Laurent Bako, France
Stefan Balint, Romania
Alfonso Banos, Spain
Roberto Baratti, Italy
Martino Bardi, Italy
Azeddine Beghdadi, France
Abdel-Hakim Bendada, Canada
Ivano Benedetti, Italy
Elena Benvenuti, Italy
Jamal Berakdar, Germany
Enrique Berjano, Spain
Jean-Charles Beugnot, France
Simone Bianco, Italy
David Bigaud, France
Jonathan N. Blakely, USA
Paul Bogdan, USA
Daniela Boso, Italy
Abdel-Ouahab Boudraa, France
Francesco Braghin, Italy

Michael J. Brennan, UK
Maurizio Brocchini, Italy
Julien Bruchon, France
Javier Buldu&apos;, Spain
Tito Busani, USA
Pierfrancesco Cacciola, UK
Salvatore Caddemi, Italy
Jose E. Capilla, Spain
Ana Carpio, Spain
Miguel E. Cerrolaza, Spain
M. 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
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
Tadeusz Kaczorek, Poland
Tamas Kalmar-Nagy, Hungary
Tomasz Kapitaniak, Poland
Haranath Kar, India
Konstantinos Karamanos, Belgium
Chaudry Khalique, South Africa
Do Wan Kim, Republic of Korea
Nam-Il Kim, Republic of 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, UAE
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
Ge&apos;rard 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
Javier Ortega-Garcia, Spain
Alejandro Ortega-Moñux, Spain
Naohisa Otsuka, Japan
Erika Ottaviano, Italy
Alkis S. 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 Ramamani 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, Greece
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
K. Veluvolu, Republic of 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



Contents

Theory and Applications of Data Clustering
Costas Panagiotakis, Emmanuel Ramasso, Paraskevi Fragopoulou, and Daniel Aloise
Volume 2016, Article ID 5427923, 2 pages

A Neighborhood-Impact Based Community Detection Algorithm via Discrete PSO
Dongqing Zhou and Xing Wang
Volume 2016, Article ID 3790590, 15 pages

An Efficient Stock Recommendation Model Based on Big Order Net Inflow
Yang Yujun, Li Jianping, and Yang Yimei
Volume 2016, Article ID 5725143, 15 pages

Image Segmentation by Edge Partitioning over a Nonsubmodular Markov Random Field
Ho Yub Jung and Kyoung Mu Lee
Volume 2015, Article ID 683176, 9 pages

Clustering of Rainfall Stations in RH-24 Mexico Region Using the Hurst Exponent in Semivariograms
Francisco Gerardo Benavides-Bravo, F-Javier Almaguer, Roberto Soto-Villalobos, Víctor Tercero-Gómez,
and Javier Morales-Castillo
Volume 2015, Article ID 629254, 7 pages

A Contribution to the Study of Ensemble of Self-Organizing Maps
Leandro Antonio Pasa, José Alfredo Ferreira Costa, and Marcial Guerra de Medeiros
Volume 2015, Article ID 592549, 10 pages



Editorial
Theory and Applications of Data Clustering

Costas Panagiotakis,1 Emmanuel Ramasso,2 Paraskevi Fragopoulou,3 and Daniel Aloise4

1Department of Business Administration, TEI of Crete, 72100 Agios Nikolaos, Greece
2Department of Automatic Control & Micro-Mechatronic Systems and Applied Mechanics Department,
FEMTO-ST Institute, UMR CNRS 6174-UBFC/ENSMM/UTBM, 25000 Besançon, France
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This special issue is particularly focused on fundamental
and practical issues in data clustering [1–6]. Data clustering
aims at organizing a set of records into a set of groups
so that the overall similarity between the records within a
group is maximized while minimizing the similarity with the
records in the other groups. The data clustering is a state
of the art problem with increasing number of applications.
For decades, data clustering problems have been identified
in many applications and domains such as computer vision
and pattern recognition (e.g., video and image analysis for
information retrieval, object recognition, image segmenta-
tion, and point clustering), networks (e.g., identification of
web communities), databases and computing (facing privacy
in databases), and statistical physics and mechanics (e.g.,
understanding phase transitions, vibration control, and frac-
ture identification using acoustic emission data). In addition,
several definitions and validationmeasures [3, 7] of data clus-
tering problem have been used on different applications in
engineering. For instance, the goal of the classical clustering
problem is to find the clusters that optimize a predefined
criterion while the goal of the microaggregation problem [8]
is to determine the clusters under the constraint of a given
minimum cluster size for masking microdata.

In this special issue, the selected papers focus on the
topics of theory and applications of data clustering. They
propose new methods that have been successfully applied on
several clustering problems including image segmentation [9,
10], time series clustering [4], graph clustering (community
detection) [11, 12], and (stock) recommendation systems [13,
14]. Image segmentation is a key step in many image analysis

and interpretation tasks. Finding semantic regions is the
ultimate goal of segmentation for image understanding. It has
become a necessity for many applications, such as content
based image retrieval and object recognition. The goal of
time series clustering is to partition time series into clusters
based on similarity or distance criteria, so that time series in
the same group are similar and dissimilar to the time series
in the other groups. Concerning the community detection
problem, it holds that networks are usually composed of
subgroup structures, whose interconnections are sparse and
the intraconnections are dense, which is called community
structure. Detecting the community structure of a network is
a fundamental problem in complex networks which presents
many variations. Community detection is often a NP-hard
problem and traditional methods for detecting communities
in networks can be concluded into two categories: graph
partitioning and hierarchical clustering. The recommender
system tries to predict the behavior of a complex system by
producing a list of recommendations. In stock recommen-
dation that has become a hot topic, most of the methods
try to integrate multiple technologies, such as data mining,
machine learning, herd psychology, and other nontraditional
technologies.

During the last decades, there have been published thou-
sands of clustering algorithms [1]. The clustering methods
can be classified into five major categories [2]: partition-
ing methods, hierarchical methods, density-based methods,
grid-based methods, and model-based methods. A parti-
tioning method constructs (crisp or fuzzy) partitions of
the data, where each partition represents a cluster. The
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partition is called crisp if each object belongs to exactly
one cluster or fuzzy if one object is allowed to belong
to more than one cluster at the same time. Hierarchical
clustering algorithms recursively find nested clusters either in
agglomerative (bottom-up) mode or in divisive (top-down)
mode. Agglomerative algorithms start with each point as a
separate cluster and successively merge the most similar pair
of clusters. On the contrary, divisive algorithms start with
all the data points in one cluster and recursively divide each
cluster into smaller clusters. In both cases, a hierarchical
structure (e.g., dendrogram) is provided which represents
the merging or dividing steps of the method. The density-
based methods continue growing a cluster as long as its
density (number of data objects in the “neighborhood”)
exceeds a threshold. Concerning the grid-based methods,
they quantize the object space into a finite number of cells
that form a grid structure.Then, they use statistical attributes
for all the data objects located in each individual cell and
clustering is performed on the grid, instead of data objects
themselves. Model-based methods assume a model for each
of the clusters and attempt to best fit the data to the assumed
model.

The definition of a metric that can be used to validate
clusters of different densities and/or sizes is an open problem.
In the literature, several clustering validity measures have
been proposed to measure the quality of clustering [3, 7,
15]. In addition, using the clustering validity measures, it is
possible to compare the performance of clustering algorithms
and to improve their results by getting a localminimaof them.

The papers, published in this special issue, have novelty
and contain some interesting methods and applications on
data clustering. We believe that the papers published in this
special issue will motivate further research in the field of data
clustering.
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The paper addresses particle swarm optimization (PSO) into community detection problem, and an algorithm based on new
label strategy is proposed. In contrast with other label propagation strategies, the main contribution of this paper is to design the
definition of the impact of node and take it into use. Special initialization and update approaches based on it are designed in order to
make full use of it. Experiments on synthetic and real-life networks show the effectiveness of proposed strategy. Furthermore, this
strategy is extended to signed networks, and the corresponding objective function which is called modularity density is modified
to be used in signed networks. Experiments on real-life networks also demonstrate that it is an efficacious way to solve community
detection problem.

1. Introduction

Complex networks have attracted increasing attention of
researchers from different fields, such as physics, sociology,
mathematics, and computer science [1]. The related theory
has been widely applied in many aspects, including the
Internet [2], communication [3], biology [4], and economy
[5]. Networks are usually composed of subgroup structures,
whose interconnections are dense and intraconnections
are sparse. This property is called community structure.
Detecting community structure is one of the fundamental
issues in networks study; it could reveal latent meaningful
structure in networks. It is particularly important to detect
the structure of the commonly used networks, such as daily
social networks, recommendation system, and nation power
distribution networks [6].

Community detection is an NP-hard problem [7]; tradi-
tionalmethods for detecting communities in networks can be
concluded in two categories: graph partitioning and hierar-
chical clustering. The graph partitioning method has been
widely used in computer science and the related fields [8].
However, this method needs to know the number of

communities and the size of them before partitioning. The
hierarchical clustering methods include agglomerative clus-
tering algorithm and divisive clustering algorithm; they do
not require the number or size of the communities [9, 10].
However, the results of this method depend on the specific
similarity measure adopted.

In recent years, a lot of effort has been made to develop
new approaches and algorithms to detect and quantify com-
munity structure in complex networks. Newman introduces
the modularity as a stopping criterion originally, which
becomes one of the most commonly used and best known
quality functions. A lot of modularity based methods have
been proposed, including modularity optimization, simu-
lated annealing [11], extremal optimization [12], and spectral
optimization [13]. These modularity based methods provide
an outstanding way to solve the community problem and
many researches are carried out based on these methods.
Pizzuti models the community problems as single-objective
optimization problem andmultiobjective optimization prob-
lem, respectively, in [14] and [15]. Arenas and Dı́az-Guilera
investigate the connection between the dynamics of synchro-
nization and the modularity on complex networks in [16].
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However, the modularity has the disadvantage of resolution
limits found by Fortunato and Barthélemy in [17]. It is that
the modularity has an intrinsic scale and the modularity may
not be resolved even in the extreme case if it is smaller than
this scale.

Li et al. propose a quantitative measure called the mod-
ularity density, which uses the average modularity degree
to evaluate the partition of a network in [18]. This method
provides a mesoscopic way to describe the network structure
and overcomes the resolution limit of modularity. The larger
the value of modularity density is, the more accurate a
partition is. Thus, the community detection can be viewed as
an optimization problem of finding a partition of a network
which has the maximummodularity density.

Particle swarm optimization (PSO) algorithm is suc-
cessfully used in many optimization fields [19–22]. It was
proposed to solve continuous optimization problems at first;
then Kennedy and Eberhart develop the continuous PSO to
discrete binary PSO in [23]. Chen et al. propose the candidate
solution and velocity based on discrete PSO in [24]. Recently,
Gong et al. use discrete PSO to solve the community detection
problem in [25]. Compared with traditional optimization
methods, the discrete PSO is simple to implement and it
has a high speed of convergence. It needs to know neither
the number of the communities nor the size of the commu-
nities. What is more, bare mathematical assumptions that
may be needed in the conventional methods are ignored.
These advantages make it feasible and promising in solving
community detection problems.

In this paper, a new algorithm based on discrete PSO
is proposed to solve community detection problems by
optimizing the modularity density function. We design a
definition called the impact of node in this paper, which
takes the neighborhood information into consideration. A
new initialization and updating strategy based on the impact
of node is proposed.At last, wemodify themodularity density
function to signed networks according to the character of
community, and the proposed strategies are also extended to
signed networks.

The rest of this paper is organized as follows. Section 2
is a review of the related introduction of modularity den-
sity. Section 3 gives a detailed description of the proposed
method. In Section 4, the experimental results of the pro-
posed algorithm in comparison with other approaches are
shown. At last the conclusions are summarized in Section 5.

2. Community Structure and
Modularity Density

A network can be modeled as 𝐺 = (𝑉, 𝐸), where 𝑉 and 𝐸
represent the vertices and edges, respectively. Assume that A
is the adjacency matrix of𝐺. If there is a link between nodes 𝑖
and 𝑗, 𝐴

𝑖𝑗
= 1; otherwise 𝐴

𝑖𝑗
= 0. Suppose that 𝑆 is subgraph

which belongs to𝐺, and 𝑖 is a nodewhich belongs to 𝑆. 𝑘
𝑖
is the

degree of the node 𝑖; 𝑘in
𝑖
= ∑
𝑖,𝑗∈𝑆

𝐴
𝑖𝑗
, 𝑘out
𝑖
= ∑
𝑖∈,𝑗∉𝑆

𝐴
𝑖𝑗
. The

community of a network usually has the following property:

∑

𝑖∈𝑆

𝑘
in
𝑖
> ∑

𝑖∈𝑆

𝑘
out
𝑖
. (1)

Itmeans that the sumof all degreeswithin the community
is larger than the sum of all degrees toward the rest of the
network.

If the links between different nodes have negative or
positive signs, they are called the signed networks.The signed
networks can be modeled as 𝐺 = (𝑉,PE,NE). 𝑉 is the set
of nodes; PE and NE are the positive and negative links,
respectively. Let 𝑒

𝑖𝑗
be the link between nodes 𝑖 and 𝑗; then the

adjacency matrix A can be formulated as follows: if 𝑒
𝑖𝑗
∈ PE,

𝐴
𝑖𝑗
= 1; if 𝑒

𝑖𝑗
∈ NE, 𝐴

𝑖𝑗
= −1. Then the signed networks

usually have the following property:

∑

𝑖∈𝑆

(𝑘
+

𝑖
)
in
> ∑

𝑖∈𝑆

(𝑘
+

𝑖
)
out
,

∑

𝑖∈𝑆

(𝑘
−

𝑖
)
in
< ∑

𝑖∈𝑆

(𝑘
−

𝑖
)
out

(2)

in which

(𝑘
+

𝑖
)
in
= ∑

𝑖,𝑗∈𝑆,𝑒𝑖𝑗∈PE
𝐴
𝑖𝑗
,

(𝑘
−

𝑖
)
in
= ∑

𝑖,𝑗∈𝑆,𝑒𝑖𝑗∈NE


𝐴
𝑖𝑗


,

(𝑘
+

𝑖
)
out
= ∑

𝑗∈𝑆,𝑒𝑖𝑗∈PE
𝐴
𝑖𝑗
,

(𝑘
−

𝑖
)
out
= ∑

𝑗∈𝑆,𝑒𝑖𝑗∈NE


𝐴
𝑖𝑗


.

(3)

In an intuitive way, take the real-life networks SPP and
GGS as examples (please refer to Section 4.5) for signed
networks; the solid line and dashed line represent positive
and negative links, respectively. The internal positive degree
in a community is dense, and the negative external degree
between different communities is dense.

Community detection can be formulated as amodularity
(𝑄) optimization problem. 𝑄 was proposed by Newman in
[13], which aims at finding a partition of the network. Suppose
that there is a graph 𝐺 whose edges are drawn at random; it
has the same distribution of degrees as𝐺.Modularity is such a
measurement that maximizes the sum of the inner edges over
all the modules of 𝐺minus that of 𝐺 which has the expected
sum of number of inner edges [26]. As 𝑄 is an evaluation
function to estimate the community structure of the network,
the larger the value of 𝑄 is, the clearer the structure of the
community is. Otherwise, the structure is more obscure. The
mathematical description of 𝑄 is as follows:

𝑄 =
1

2𝑚
∑

𝑖,𝑗

(𝐴
𝑖𝑗
−
𝑘
𝑖
𝑘
𝑗

2𝑚
)𝛿 (𝑖, 𝑗) , (4)

where𝑚 is the number of edges in the network. If 𝑖 and 𝑗 are
in the same community, 𝛿(𝑖, 𝑗) = 1. Otherwise, 𝛿(𝑖, 𝑗) = 0.
According to [18], another form of 𝑄 is as follows:

𝑄 =

𝑁

∑

𝑖=1

[
𝐿 (𝑉
𝑖
, 𝑉
𝑖
)

𝐿 (𝑉, 𝑉)
− (

𝐿 (𝑉
𝑖
, 𝑉)

𝐿 (𝑉, 𝑉)
)

2

] , (5)
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where 𝑁 is the number of communities and 𝐿(𝑉
𝑘
, 𝑉
𝑛
) =

∑
𝑖∈𝑉𝑘,𝑗∈𝑉𝑛

𝐴
𝑖𝑗
, 𝐿(𝑉,𝑉) = 2𝑚, and 𝐿(𝑉

𝑖
, 𝑉) = ∑

𝑗∈𝑉𝑖 ,𝑘∈𝑉
𝐴
𝑗𝑘
.

A class of methods aiming to maximize the modularity
has been developed. However, the modularity has the disad-
vantage of resolution limits that it contains an intrinsic scale
which depends on the size of links in the network. It cannot
detect them exactly when the modules are smaller than this
scale.

Modularity density (𝐷) was proposed by Li et al. in [18]
to evaluate the partition of a network based on the concept of
average modularity degree. It overcomes the resolution limit
in community detection:

𝐷 =

𝑁

∑

𝑖=1

𝐿 (𝑉
𝑖
, 𝑉
𝑖
) − 𝐿 (𝑉

𝑖
, 𝑉
𝑖
)

𝑉𝑖


. (6)

𝐿(𝑉
𝑖
, 𝑉
𝑖
)/|𝑉
𝑖
| and 𝐿(𝑉

𝑖
, 𝑉
𝑖
)/|𝑉
𝑖
|mean the average internal and

external degrees of the 𝑖th community, respectively. 𝐷 tries
to maximize the average internal degree and minimize the
average external degree of the communities. 𝐷 is related
to the density of subgraphs; it provides a way to overcome
the problem that 𝑄 is sensitive to the the size of network
and interconnections of modules. Thus, we could use 𝐷 to
decide whether the networks are partitioned into correct
communities. According to the definition of modularity
density 𝐷, the larger the value of 𝐷 is, the more accurate a
partition is. Then Li et al. improved 𝐷 to a general version
by setting a parameter 𝜆 to the proportion of average internal
degree and external degree:

𝐷
𝜆
=

𝑁

∑

𝑖=1

2𝜆𝐿 (𝑉
𝑖
, 𝑉
𝑖
) − 2 (1 − 𝜆) 𝐿 (𝑉𝑖, 𝑉𝑖)

𝑉𝑖


. (7)

𝐷
𝜆

is a convex combination of ratio cut and ratio
association. It tries to maximize the density of links inside
a community and minimize the density of links among
different communities. When 𝜆 = 1, 𝐷

𝜆
is equal to ratio

association; when 𝜆 = 0, 𝐷
𝜆
is equal to ratio cut; when

𝜆 = 0.5, 𝐷
𝜆
is equal to 𝐷. We can decompose the network

into large communities when using small 𝜆; otherwise, small
communities are obtained. And for this, more details and
levels of the network can be found. In this paper we use the
discrete PSO algorithm to optimize𝐷

𝜆
to detect community

structure.

3. The Description of Proposed Algorithm

In this section, the proposed algorithm for community
detection is described in detail. First, the objective function of
the algorithm is given. Next, the impact of node is described.
Meanwhile, the particle swarm initialization and updating are
presented. At last, the framework of the proposed algorithm
is elaborated, and the complexity analysis is presented.

3.1. Objective Function. In this paper, we adopt 𝐷
𝜆
as the

objective function because of its efficiency in detecting
community structure, which has been described in detail
in Section 2. In order to solve signed network problem, we

extend it to (8). It is consistent with the character of signed
networks:

𝐷
+

𝜆
=

𝑁

∑

𝑖=1

2𝜆𝐿 (𝑉
𝑖
, 𝑉
𝑖
)
+
− 2 (1 − 𝜆) 𝐿

+
(𝑉
𝑖
, 𝑉
𝑖
)

𝑉𝑖


,

𝐷
−

𝜆
= −

𝑁

∑

𝑖=1

2𝜆𝐿 (𝑉
𝑖
, 𝑉
𝑖
)
−
− 2 (1 − 𝜆) 𝐿

−
(𝑉
𝑖
, 𝑉
𝑖
)

𝑉𝑖


,

𝐷
𝜆
= 𝐷
+

𝜆
+ 𝐷
−

𝜆
.

(8)

3.2. The Impact of Node. In order to solve community
detection problem with discrete PSO, label propagation is
introduced in [25]. The label of node is used to assign the
node to different communities, and the nodes which have the
same label are considered to be in the same community. This
label propagation strategy considers the number of nodes
with the same label in the neighborhood to update the current
node’s label. For example, consider a node 𝑖 whose neighbors
are 𝑖1, 𝑖2, . . . , 𝑖𝑛, when using this label propagation to update
the label of node 𝑖, check all the labels of 𝑖1, 𝑖2, . . . , 𝑖𝑛 to find
the label which appears the most, and then node 𝑖 is assigned
to this label. But actually, the contribution of each node to
the neighborhood is not the same as the node we choose. In
this subsection, a new definition that defines the “impact of
node” is introduced and a new label propagation based on
the “impact of node” is proposed. Consider a node 𝑖 whose
neighbors are 𝑖1, 𝑖2, . . . , 𝑖𝑘; then the impact of node 𝑖𝑗 on node
𝑖 can be defined as follows:

ion (𝑖𝑗) = degree (𝑖𝑗) ∗ num (𝑙 (𝑖𝑗)) , (9)

where ion is the impact of node, degree (𝑖𝑗) is the degree of
node 𝑖𝑗, 𝑙(𝑖𝑗)means the label of node 𝑖𝑗, and num (𝑙(𝑖𝑗)) refers
to the number of neighbors of 𝑖 that have the same label
with node 𝑖𝑗. It is noticed that the impact of node is usually
different when the node we choose is in the neighborhood
of different nodes. For signed networks, we only consider
the positive links for that the number of negative links in a
community is usually less than that of negative links between
communities, and two nodes connected with negative links
are usually located in different communities.

The ion describes the effectiveness of the node in the
network, and the value of the ion can show the connection
level in the corresponding local network. The bigger the ion
is, the tighter the connection will be. So, the ion can be used
as ameasure to detect which community the node belongs to.

Suppose that the neighborhood of node 𝑖 has the label set
Ω(𝑖) = (𝑙(𝑖

1
), 𝑙(𝑖
2
), . . . , 𝑙(𝑖

𝑘
)); the new label propagation based

on the impact of node is as follows:

LP (𝑖) = argmax
𝑙(𝑖
𝑗
)∈Ω(𝑖)

(ion (𝑖𝑗)) . (10)

It means that the label of current node is decided by its
neighbour which has the biggest impact of node.

We choose the karate network to illustrate the rationality
of the impact of node. The karate network was completed by
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Figure 1: The real community structure of karate network.

Gong et al. after two years’ observation. The club splits into
two groups because of the dispute between the administrator
and the instructor of the club. Figure 1 shows the real
community structure of karate network; the nodes with the
same mark belong to the same community. Vertices 1 and 34
represent the administrator and the instructor, respectively.
When deciding the labels of each node in the community,
there are three cases needed to consider. The first case is
that when all the neighbors of a node have different labels,
then the degree of node will decide the label of the current
node; the other case is that when some of the neighbors of
the current node share the same label, then the impact of
these neighbors on the current node depends on the number
of neighbors that share the same label if they have similar
degree; otherwise, both of the two factors (degree (𝑖𝑗) and
num (𝑙(𝑖𝑗))) will play important role in deciding the label
of the current node. Take node 3 as an example; its neigh-
bors are {1, 2, 4, 8, 14, 9, 10, 28, 29, 33}, and their degrees are
{16, 9, 5, 3, 5, 5, 2, 4, 3, 12}. If all the labels of these neighbors
are different, node 3 will be assigned to the same label with
node 1 since the ion of node 1 is the biggest according to
our proposed strategy. If all the neighbors of node 3 have
been assigned to the right communities, the ion of all these
neighbors to node 3 is {80, 45, 25, 45, 25, 25, 10, 20, 15, 60};
then node 1 has the highest impact on node 3, and node 3
is assigned to the same community with node 1. However, we
can not decide the label of node 3 if we use label propagation
method in [25] in both cases.

3.3. Particle Swarm Initialization. In PSO algorithm, proper
initialization scheme can generate a set of high quality
solutions and reduce the searching time significantly. Tradi-
tional initialization method generates solutions randomly. It
does not take the adjacency matrix of the community into
consideration, while this matrix usually provides important
information to the optimization. In order to make use of
this prior knowledge, we put forward a new particle swarm
initialization based on the impact of node in this paper. The
procedure is as follows.

Step 1. Initialize every node with unique labels, 𝑙(𝑖) = 𝑖.

Step 2. Sort all the nodes in descending order according to
their degree.

Step 3. Initialize the 𝑖th particle, select the node which has
the 𝑖th highest degree (denoted as node 𝑎), and find the node
(denoted as 𝑏) which has the maximal degree connected with
node 𝑎. Assign all the nodes connected with both node 𝑎 and
node 𝑏 to the same label.

Step 4. Repeat Step 3 until all the networks are gone through
or the termination criteria are met.

If the number of nodes is less than particles, select two
linked nodes randomly and assign them to the same label for
the rest particles. For signed networks, only the positive links
are considered in Steps 3 and 4.

The description of proposed initialization method can be
seen in Figure 2. According to the adjacency graph, node 6
has the greatest degree among all the nodes, so it is selected
firstly.The degree of node 10 is the biggest in all the neighbors
of node 6. In this way, nodes (6, 7, 8, 9, 10, 11) will be assigned
to the same label. But if we simply assign the nodes connected
to node 6 to the same label based on label propagation in
[25], the nodes (4, 5, 6, 7, 8, 9, 10, 11) will share the same
label. Actually, node 4 and node 5 should have the same label
with node 3 according to the structure of the network. The
advantage of proposed initialization scheme can be seen from
this example.

3.4. Particle Status Updating. Particle status updating is a key
process in PSO algorithm. It consists of velocity updating and
position updating. In this paper, velocity updating uses the
update rule in [25], and the position updating depends on
the velocity updating and the proposed impact of node. The
velocity updating rule in discrete form is as follows:

𝑉
𝑖
= sig (𝜔𝑉

𝑖
+ 𝑐
1
𝑟
1
(𝑝𝑏𝑒𝑠𝑡 ⊕ 𝑋

𝑖
) + 𝑐
2
𝑟
2
(𝑔𝑏𝑒𝑠𝑡 ⊕ 𝑋

𝑖
)) , (11)

where 𝜔 is the inertia weight and 𝑐
1
and 𝑐
2
are the cognitive

and social components, respectively. 𝑟
1
and 𝑟

2
are two

random numbers which range from 0 to 1. In this paper,
the inertia weight 𝜔 is randomly generated within [0, 1], and
the cognitive and social components 𝑐

1
and 𝑐
2
are set to the

typical value of 1.494 [25]. ⊕ is defined as an XOR operator.
Suppose that 𝑌 = (𝑦

1
, 𝑦
2
, . . . , 𝑦

𝑛
) and 𝑋 = (𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
);

the function 𝑌 = sig(𝑋) is defined as follows:

𝑦
𝑖
=
{

{

{

1, rand (0, 1) < sigmoid (𝑥
𝑖
)

0, rand (0, 1) ≥ sigmoid (𝑥
𝑖
) .

(12)

The sigmoid function is defined as

sigmoid (𝑥) = 1

1 + 𝑒−𝑥
. (13)

Now the position updating rule is defined as the following
discrete form:

𝑋
𝑖+1
= 𝑋
𝑖
⊗ 𝑉
𝑖
, (14)
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Figure 2: Description of proposed initialization method.

where the new position is generated by “position ⊗ velocity,”
that is, given a position𝑋

1
= (𝑥
11
, 𝑥
12
, . . . , 𝑥

1𝑛
) and a velocity

𝑉 = (V
1
, V
2
, . . . , V

𝑛
). The element of new position 𝑋

2
=

(𝑥
21
, 𝑥
22
, . . . , 𝑥

2𝑛
) is defined as

𝑥
2𝑖
=
{

{

{

𝑥
1𝑖
, V

𝑖
= 0

𝑁𝑏𝑒𝑠𝑡
𝑖
, V
𝑖
= 1,

(15)

where 𝑁𝑏𝑒𝑠𝑡
𝑖
is calculated by new label propagation in (10)

which is based on the impact of node:

𝑁𝑏𝑒𝑠𝑡
𝑖
= argmax
𝑙(𝑖
𝑗
)∈Ω(𝑖)

(ion (𝑖𝑗)) . (16)

The procedure of the new label propagation can be
described as follows:

(1) Count the labels of all the nodes connected with the
current node, which are called neighborhood nodes
in the following steps.

(2) Calculate the impact of these nodes according to (9).
(3) Find the label of node which has the greatest ion and

assign this label to the current node; if there are more
than 2 labels which have the same votes, select one
label randomly to assign it to the current node.

It is noted that this update strategy is more effective in
the later stage of community detection because we often

encounter the situation that a node’s neighbors belong to
different communities. However, we do not know when the
algorithm converges to a stable state on different networks.
So, we use the update strategy in [25] in uneven number
generation because of its simplicity, and we use the proposed
update strategy in even number generation because of its
effectivity.

3.5. Framework of the Proposed Algorithm. After illustrating
all the corresponding strategies in detail, the framework of
the proposed algorithm is presented in Algorithm 1.

3.6. Complexity Analysis. The main complexity of the pro-
posed algorithm relies on the cycling process. Suppose
that the network we tested has 𝑛 nodes and 𝑚 edges. In
Algorithm 1, Step 1 can be finished in linear time. The time
complexity of Steps 2.1 and 2.2 is𝑂(𝑛) and𝑂(2𝑚) in theworst
case, respectively. Step 2.3 can be accomplished in 𝑂(𝑚 + 𝑛)
time; Steps 2.4 and 2.5 need𝑂(1) operation. So, the total time
complexity of the proposed algorithm is 𝑂(pop × maxgen ×
max{(𝑚+𝑛), (2𝑚), 𝑂(𝑛)}), which can be simplified as𝑂(pop×
maxgen × (2𝑚)).

4. Experiment Discussion

In this section, detailed experiments are carried out to test
the effectiveness of the proposed algorithm against other
five algorithms or methods, including CNM, FTQ, Informap,
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(1) Input:
Adjacency matrix 𝐴;
Population size: pop;
Maximum generation: maxgen;
Tuning parameter: 𝜆;

(2) Step 1: Initialization
(1.1) Position initialization: x = (𝑥

1
, 𝑥
2
, . . . , 𝑥pop)

𝑇;
(1.2) Velocity initialization: k = (V

1
, V
2
, . . . , Vpop)

𝑇;
(1.3) Personal best position initialization: pbest = (𝑝𝑏𝑒𝑠𝑡

1
, 𝑝𝑏𝑒𝑠𝑡

2
, . . . , 𝑝𝑏𝑒𝑠𝑡pop)

𝑇, pbest = x;
(1.4) Global best position initialization: select the global best position gbest in pbest, gbest = (𝑔𝑏𝑒𝑠𝑡

1
, 𝑔𝑏𝑒𝑠𝑡

2
, . . . , 𝑔𝑏𝑒𝑠𝑡pop)

𝑇.
(3) Step 2: Iteration

(2.1) Calculate new velocity according to (11), k𝑡+1 = (V𝑡+1
1
, V𝑡+1
2
, . . . , V𝑡+1pop)

𝑇;
(2.2) Calculate new position according to (14), (15), and (16)

x𝑡+1 = (𝑥𝑡+1
1
, 𝑥
𝑡+1

2
, . . . , 𝑥

𝑡+1

pop)
𝑇;

if mod(𝑡, 2) = 0
Proposed strategy is adopted

else
Strategy in [25] is adopted

endif
(2.3) Function evaluation;
(2.4) Update personal best position pbest;
(2.5) Update global best position gbest.

(4) Step 3: Termination Criteria
if maxgen is arrived
Stop and output gbest;

else
Go back to Step 2;

end if
(5)Output: gbest.

Algorithm 1: Framework of the proposed algorithm.

and other two nature inspired algorithms GA-net and label
propagation in Gong et al.’s literature [25].

CNMwas presented by Clauset et al. in [10].This method
is essentially a fast implementation of the GN approach.
GA-net is a single-objective algorithm proposed by Pizzuti
in [14]. The algorithm optimizes a simple but efficacious
fitness function, which is called community score, to identify
densely connected groups. Fine-tuned modularity density
algorithm (denoted as FTQ) is a fine-tuned algorithm based
on modularity density proposed by Chen et al.; it detects the
community structure via splitting and merging the network
[6]. Informap is introduced by Rosvall and Bergstrom in [27].
This algorithm uses a new information theoretic approach
to reveal community structure in weighted and directed
networks. In [25], a multiobjective algorithm based on
MOEA/D and PSO is combined to detect the structure of
community. Considering the objective function we adopted
is a single-objective function, only the label propagation and
particles updating strategy in [25] are used and combined
with modularity density function (denoted as DPSO in the
following) to compare with proposed algorithm.

4.1. Experimental Settings. In this paper, we choose mod-
ularity 𝑄 and Normalized Mutual Information (NMI) as
the measurement when the ground truth of a network is
known. Otherwise, only modularity𝑄 is adopted. For signed

networks, SQ is adopted to evaluate the performance in [28],
which is formulized as

SQ

=
1

2𝜔+ + 2𝜔−
∑

𝑖,𝑗

(𝜔
𝑖𝑗
− (

𝜔
+

𝑖
𝜔
+

𝑗

2𝜔+
−

𝜔
−

𝑖
𝜔
−

𝑗

2𝜔−
))𝛿 (𝑖, 𝑗) ,

(17)

where 𝜔+
𝑖
and 𝜔−

𝑖
represent the sum of all positive and

negative weights of node 𝑖, respectively, and𝜔
𝑖𝑗
represents the

weight of adjacency matrix of the signed network.
The Normalized Mutual Information (NMI) described

in [29] is an index to estimate the similarity between two
community detection results. If we assume that 𝐴, 𝐵 are the
two partitions of a network and 𝐶 is the confusion matrix,
then NMI ∈ [0, 1]measures the similarity between 𝐴 and 𝐵.
The larger the value of NMI is, themore similar the partitions
𝐴 and 𝐵 are. If 𝐴 = 𝐵, NMI(𝐴, 𝐵) = 1; if 𝐴 and 𝐵 are
completely different, NMI(𝐴, 𝐵) = 0. NMI(𝐴, 𝐵) can be
calculated as follows:

NMI (𝐴, 𝐵)

=

−2∑
𝐶𝐴

𝑖=1
∑
𝐶𝐵

𝑗=1
𝐶
𝑖𝑗
log (𝐶

𝑖𝑗
𝑁/𝐶
𝑖⋅
𝐶
⋅𝑗
)

∑
𝐶𝐴

𝑖=1
𝐶
𝑖⋅
log (𝐶

𝑖⋅
/𝑁) + ∑

𝐶𝐵

𝑗=1
𝐶
⋅𝑗
log (𝐶

⋅𝑗
/𝑁)

,

(18)
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Figure 3: Average maximum NMI and 𝑄 values over 30 runs on GN extended benchmark networks.

where𝐶
𝐴
(𝐶
𝐵
) is the number of the communities in partition

𝐴 (𝐵) and 𝐶
𝑖⋅
(𝐶
⋅𝑗
) is the sum of the elements of 𝐶 in row 𝑖

(column 𝑗).
In this paper, parameter 𝜆 in objective function increases

from 0.3 to 0.8 with interval 0.1, and parameter 𝛾 in GA-
net ranges from 1 to 1.5 with interval 0.1. For each value of
parameter 𝜆 or 𝛾, all the algorithms run 30 independent times
on the test problems with setting pop to 100 and maxgen to
100. Among all the results for each network, the best one is
selected and shown in the following experiments.

4.2. Experiments on GN Extended Benchmark Networks. GN
extended benchmark network was proposed by Lancichinetti
et al. in [30], which is an extension of the classical GN bench-
mark proposed by Girvan and Newman in [4]. GN extended
benchmark network consists of 128 nodes divided into four
communities, and each community has 32 nodes.The average
degree of node is 16, and mixing parameter 𝜇 decides the
percentage of connections between communities to the total
connections. When 𝜇 < 0.5, the network has strong commu-
nity structure. On the contrary, when 𝜇 > 0.5, the community
structure is vague, and it is hard to detect its structure.

Experiments on GN extended benchmark networks are
done to test the performance of our algorithm. CNM, FTQ,
GA-net, Informap, DPSO, and the proposed algorithms are
tested on 10 GN extended networks with mixing parameter
𝜇 ranging from 0.05 to 0.5. Figure 3 shows the average max-
imum NMI and 𝑄 values obtained from different algorithms
when the mixing parameter 𝜇 increases from 0.05 to 0.5 with
interval 0.05.

As is shown in Figure 3(a), when the mixing parameter
𝜇 ≤ 0.15, Informap, FTQ, CNM, GA-net, DPSO, and
the proposed algorithm can figure out the true partition
(NMI equals 1). With the mixing parameter increasing, the
community structure of the network becomes fuzzy and it
becomes difficult to detect the true structure of the commu-
nity. Informap andDPSO first show their weakness, and their
detection ability decreases rapidly from 𝜇 = 0.15 to 0.3. Then
detection ability of CNM decreases from 𝜇 = 0.2. When
𝜇 > 0.3, GA-net and FTQ show its limitation in detecting the
community structure. Compared with them, the proposed
algorithm shows its superiority. As seen from Figure 3(b), the
same conclusion could be derived from measurement 𝑄.

More experiments are discussed on GN extended bench-
mark network in detail to illustrate the performance of
proposed algorithm. In our objective function, 𝜆 is a tuning
parameter. The bigger the 𝜆 is, the more the number of the
communities will be detected generally.

Figure 4 shows howNMI changes withmixing parameter
when 𝜆 adopts different values. As seen from them, DPSO
almost gets the same NMI values when 𝜆 ranges from 0.3
to 0.8. On the contrary, the proposed algorithm shows its
excellent detection ability when community structure gets
more and more obscure with the changing of parameter 𝜆.
From these figures, the superiority of proposed algorithm is
demonstrated. In our view, the designed definition takes the
topology of community structure into consideration, which
allows the algorithm to detect more obscure structure than
the others with a suitable tuning parameter value in the
objective functions.
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Figure 4: Average maximum NMI values over 30 runs on GN extended benchmark networks with different 𝜆 values.
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Figure 5: Convergence of three algorithms.

In order to discuss the convergence of the nature inspired
algorithms (the proposed algorithm, DPSO, and GA-net
algorithm), we choose GN extended benchmark networks
𝜇 = 0.3 and 𝜇 = 0.4 to illustrate it. As shown in Figures 5(a)
and 5(c), the number of communities (denoted as 𝑛

𝑐
in the

figures) obtained from all three algorithms converges to a
stable value nomatter 𝜇 = 0.3 or 0.4. During the optimization
process, the number of communities has converged to

a stable value since the 20th iteration. At the same time, the
labels of nodes still keep changing to obtain better results.
At last, NMI converges to 1 or almost 1 in about the 30th
iteration in Figures 5(b) and 5(d). For DPSO, NMI values
are quite low (about equal to 0) since it can not detect the
exact number of communities. For GA-net, when 𝜇 = 0.3, it
can obtain a satisfying result, but it has a slow convergence
speed. When the mixing parameter increases to 0.4, it fails
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Figure 6: Average maximum NMI and 𝑄 values over 30 runs on LFR benchmark networks.

to detect community structure exactly. From Figure 5, a
conclusion can be derived that the proposed algorithm
significantly outperforms other algorithms and can detect
the real structure of a network effectively.

4.3. Experiments on LFR Benchmark Network. On the GN
extended benchmark network, all communities have exactly
the same size, and the size of network is small, so it cannot
reflect some important features in real networks. Because of
this, LFR benchmark networks are proposed by Lancichinetti
et al. in [30], in which the parameters 𝛼 and 𝛽 are set to tune
the distribution of degree and community size. Each node
shares a fraction 1 − 𝜇 of its links with the other nodes in
the same community and a fraction 𝜇with the nodes in other
communities.

In this paper, we use 16 LFR benchmark networks; their
mixing parameter increases from 0.05 to 0.8 with interval
0.05. Each of them consists of 1000 nodes and the cluster size
ranges from 10 to 50, 𝛼 = 2 and 𝛽 = 1. The averaged degree
for each node is 20 and the maximum node degree is 50.

As is shown in Figure 6, the proposed algorithm and
DPSO have a better performance than the other 4 algo-
rithms on LFR networks because the proposed algorithm and
DPSO share the same objective function. What is more, the
detection ability of the proposed algorithm is stronger than
that of DPSO with the mixing parameter 𝜇 increasing. A
conclusion that our initialization and updating schemes can
reveal the structure of community more exactly than label
propagation in DPSO can be obtained from the comparison
result. The performance of GA-net is the worst in all the 6
algorithms when 𝜇 ≤ 0.65. With the increasing of mixing

Table 1: Characteristics of adopted real-life networks.

Network Nodes Edges Real communities
Karate 34 78 2
Dolphin 62 159 2
Football 115 616 12
Politics 105 613 3
SFI 118 200 Unknown
Netscience 1589 2742 Unknown

parameter, GA-net has the best performance when 𝜇 ≥ 0.65,
for the reason that it uses different encoding scheme. DPSO
and our proposed algorithm tend to consider all the nodes
as a whole community since the structure is too obscure.
The experiment on LFR networks also shows the excellent
detection ability of the proposed algorithm.

4.4. Experiments on Real-Life Networks. We apply our
algorithm to six well-known real-life networks, including
Zacharys Karate Club network [31], Dolphin social network
[32], American College Football network, Krebs Books onUS
Politics network, Santa Fe Institute (SFI) network [4], and
Netscience network [33]. The characteristics of the networks
are shown in Table 1.

Comparison experiments on six real-life networks are
tested and shown in Table 2. From what is recorded on
the Zacharys Karate Club, Dolphin, and American College
Football networks, the proposed algorithm shows a better
performance than the other five algorithms. Referring to the
Krebs’ Books on US Politics network, the performance of the
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Table 2: Experiment result on real-life networks.

Dataset Measurement Proposed DPSO GA-net FTQ CNM Informap

Karate

NMImax 1.000 1.000 0.6369 0.7467 0.7154 0.7198
NMIavg 1.000 0.7369 0.6369 0.6956 0.7013 0.7142
𝑄max 0.4037 0.4329 0.4060 0.3913 0.4095 0.4291
𝑄avg 0.3835 0.4132 0.4060 0.3796 0.3916 0.4031

Dolphin

NMImax 1.000 1.000 0.4236 0.8794 0.6049 0.6395
NMIavg 0.9610 0.9477 0.4060 0.8576 0.5893 0.6043
𝑄max 0.5178 0.5136 0.4634 0.4914 0.4018 0.4839
𝑄avg 0.5114 0.5109 0.4634 0.4837 0.3945 0.4839

Politics

NMImax 0.5916 0.5745 0.4403 0.6792 0.5701 0.6216
NMIavg 0.5763 0.5745 0.4201 0.6513 0.5620 0.6165
𝑄max 0.5036 0.5256 0.5035 0.5805 0.5513 0.5674
𝑄avg 0.4969 0.5235 0.4798 0.5604 0.5470 0.5364

Football

NMImax 0.9253 0.9252 0.9252 0.9013 0.7438 0.6574
NMIavg 0.9141 0.9094 0.9107 0.8984 0.7438 0.6574
𝑄max 0.6093 0.6037 0.6012 0.4892 0.5394 0.3484
𝑄avg 0.6021 0.6015 0.5906 0.4519 0.5394 0.3484

SFI 𝑄max 0.7325 0.7489 0.5716 0.6946 0.4865 0.5319
𝑄avg 0.7287 0.7252 0.5620 0.6743 0.4617 0.5319

Netscience 𝑄max 0.9474 0.9206 0.8739 0.9031 0.8021 0.7183
𝑄avg 0.9400 0.9174 0.8591 0.8917 0.7834 0.7012

proposed algorithm is little worse than FTQ and Informap
algorithm. For the two real-life datasets without ground truth
labels, SFI network and theNetscience network, the proposed
algorithm outperforms the other algorithms, too.

In order to give a time cost analysis of the proposed algo-
rithm, an experiment on the time comparison of three nature
inspired algorithms is carried out in Figure 7.We can see that
DPSO and the proposed algorithm have comparative time
cost, but GA-net is the most time-consuming since the time
complexity of decoding step is more than that of the others.

A further analysis on the effect of the proposed definition
(impact of the node) and the adopted objective function
is carried out on real-life networks. Figure 8 shows the
experiment result obtained from different initialization and
updating strategies; (a)∼(d) represent the results of the
proposed initialization and the proposed updating strategy,
the proposed initialization and the updating strategy in [25],
the initialization strategy in [25] and the proposed updating
strategy, the initialization in [25] and the updating strategy
in [25], respectively. When comparing (a) to (b) and (c) to
(d), we can clearly see that the updating strategy has a better
performance than the other strategy. The designed initial-
ization strategy shows a weak superiority effect compared to
other initialization strategies when comparing (a) to (c) and
(b) to (d), which indicates that the proposed initialization
strategy can generate a set of solutions with better quality
than others. From this figure, we can also derive that the
proposed algorithm have a faster convergence speed than the
other strategies.

In order to analyse the benefit of the adopted modularity
density objective function, we give a comparison experiment

Karate Dolphin Politics Football
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Figure 7: Computational time of three algorithms.

obtained from two different objective functions: modularity
density and community score (GA-net adopted) in Figure 9.
It shows that when we use the designed initialization and
updating strategy, modularity density function is more effec-
tive than community score function.
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Figure 8: The comparison of different initialization and update strategies (the curve marked in green is the average number of communities
and that in blue is the average NMI values during the optimization process).

Figure 10 displays a visible detection result obtained from
the proposed algorithmonZacharys Karate Club network. As
is shown in this figure, the proposed algorithm figures out the
true partition of the network when 𝜆 = 0.3. In the partition
with 𝜆 = 0.8, our algorithm detects 4 communities, which is
still reasonable since the original one community is divided
into two subcommunities.

4.5. Experiments on Signed Networks. In this subsection, we
apply the proposed algorithm to three real-world signed
networks, including the illustrative signed network [34], the
Slovene Parliamentary Party (SPP) network [35], and the
Gahuku-Gama Subtribes (GGS) network [36].

Only DPSO and the proposed algorithm are considered
on the three real-world signed networks because of the
limitation of objective functions in the other algorithms. The
best average statistical result is selected to be shown inTable 3.

As is shown in Table 3, we can clearly notice that both
DPSO and the proposed algorithm can successfully detect the
community structure of the network (NMI = 1) on SPP and

Table 3: Experiment results on signed networks.

Dataset Proposed DPSO
NMI SQ NMI SQ

SPP 1 0.4547 1 0.4547
GGS 1 0.4310 1 0.4310
Illustrate 1 0.5643 0.8900 0.5406

GGS, but for the Illustrate network, the proposed algorithm
shows a better performance than DPSO.

SPP consists of 10 Slovene Parliamentary Parties set up
by a series of experts on parliamentary activities in 1994. The
topology community structure of the SPP network recog-
nized by our algorithm is shown in Figure 11, in which the
network is divided into two subcommunities when 𝜆 = 0.3.

GGS consists of 16 nodes which represent 16 Gahuku-
Gama Subtribes involved in the warfare distributed in
a particular area. The detection results of the proposed
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Figure 10: Community structure detected by the proposed algo-
rithm on Zacharys Karate Club.
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Figure 12: Community structure detected by the proposed algo-
rithm on GGS.

algorithm are displayed in Figure 12. Our algorithm detects
three communities when 𝜆 = 0.3.

The illustrative signed network consists of 28 nodes and
is divided into three communities. The community structure
of it detected by the proposed algorithm is different when
the value of parameter 𝜆 differs, in which the network is
divided into three subcommunities with 𝜆 = 0.2 and four
subcommunities with 𝜆 = 0.3. The corresponding result is
shown in Figure 13.

From all the above analysis, the results on synthetic
and real-life networks show that the proposed algorithm
can deal with community detection problems effectively and
promisingly.

5. Conclusion

After showing detailed description and experiments analysis
in this paper, a conclusion about it can be drawn.
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Figure 13: Community structure detected by the proposed algorithm on Illustrate.

Firstly, the definition of the impact of node is proposed
and the new label propagation based on it is designed. This
new definition demonstrates its effectiveness by experiments
on synthetic and real-life networks.

Secondly, special initialization and updating strategies
based on the impact of node are designed. By using these
strategies, the structure of the community is detected more
exactly compared with other methods.

Thirdly, wemodify modularity density function to signed
networks according to the character of networks. Combining
proposed initialization and updating strategies with this
objective function, it can detect the community structure of
signed networks exactly.

Additionally, the proposed strategy can be implemented
into other graph-related fields easily. This paper adopts
single-objective function, modularity density, to detect com-
munity structure, which can be easily extended to a mul-
tiobjective optimization problem. We believe that it would
show its superiority to others in this way. Moreover, applying
community detection to our radar communication networks
to improve the cooperation quality is also one of our future
works.
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In general, the stock trend is mainly driven by the big order transactions. Believing that the stock rise with a large volume is closely
associated with the big order net inflow, we propose an efficient stock recommendation model based on big order net inflow in the
paper. In order to compute the big order net inflow of stock, we use the M/G/1 queue system to measure all tick-by-tick transaction
data. Based on an indicator of the big order net inflow of stock, we select some stocks with the higher value of the net inflow to
constitute the prerecommended stock set for the target investor user. In order to recommend some stocks with which this style is
familiar them to the target users, we divide lots of investors into several categories using fuzzy clustering method and we should
do our best to choose stocks from the stock set once operated by those investors who are in the same category with the target user.
The experiment results show that the recommended stocks have better gains during the several days after the recommended stock
day and the proposed model can provide reliable investment guidance for the target investors and let them get more stock returns.

1. Introduction

In the area of stock recommendation method research [1],
most of the research mainly focuses on the two areas: stock
recommendation methods based on stock comment [2] and
price forecasting [3]. The former is easy to understand and
master for investors. However, in such a complicated stock
market, the investors do not know which one to believe
among the lots of stock comments with dubious authenticity
and every choice has a great risk for them.The latter method
[4] is difficulty for investors to understand and master since
the application of the latter method is relatively complex and
involves a lot of profoundmathematical knowledge [5]. Given
this situation, many scholars have done a lot of research on
the stock recommendation [6].

Currently, the stock recommendation based on price
forecasting relies [7] mainly on mathematical and statistical
methods [8], time series model [9, 10], and machine learning
model [11]. Sonsino and Shavit [12] have researched a stock

prediction and selection method based on unidentified his-
torical data. M.-Y. Chen and B.-T. Chen [13] have proposed
a stock price forecasting method based on the hybrid fuzzy
time series and granular computing. Xin et al. [14] have
given a strategy for filtering out users with similar demand
characteristics by using collaborative recommendation algo-
rithm with fuzzy clustering method, which shows excellent
recommendation effect.

In present financial field, how to integrate multiple
technologies [15], such as data mining, machine learning and
herd psychology [11], and other nontraditional technologies,
into stock recommendation has become a hot topic. Few
papers use money net inflow as stocks recommendation
techniques. Given this situation, we proposed an efficient
stock recommendation model based on big order net inflow
in the paper. At first, we divide lots of users into several
categories utilizing collaborative filtering algorithm based on
user fuzzy clustering [16].We get some stocks from the stocks
once operated by those users in same category and form a
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prerecommended stock set. Then, we use a method based on
M/G/1 [17] to compute the net inflow amount of big order
for every stock in the prerecommended stock set. From the
prerecommended stock set descending ordered by the value
of big order net inflow, we choose some stocks with highest
value in front of the set as the last recommendation stock set
for the target user.

In general, we believe that the stock rise with a large
trading volume is closely related to the purchase stock of
big order. In order to analyze the big order net flow of
stock, we need to observe the stock trading volume and
turnover. The money net flow and the money flow [18] are
different in concept. The big order refers to the amount of
each transaction over one million yuan or the volume of each
transaction over fifty thousand in a single transaction. So the
big order net inflow refers to the amount of money of big
order buy or sell of the same stocks within a day. Most of
the time, the money flow is bigger than zero, and the money
net flow is less than zero. In individual cases, the money net
flow is bigger than zero, and the big order net flow is less
than zero. Under this situation, we proposed an efficient stock
recommendation model based on big order net inflow. The
new recommendation model can measure the capital and
the pulsation of the stock markets and consider investors
preferences and behavior characteristics; it can improve the
existing deficiencies of some current stock recommendation.
In addition, the new recommendationmodel can analyze and
filter the stock with less returns in the future and improve
the investment gains of investors. The experiment results
show that the recommended stocks have better gains during
the several days after the recommended stock day and the
proposedmodel can provide reliable investment guidance for
the target investors and let them getmore investment returns.

The rest of this paper is organized as follows. Section 2
briefly reviews the definitions and theorems of fuzzy cluster-
ing and the framework of the collaborative filtering algorithm
based on user fuzzy clustering. Section 3 demonstrates the
method for computing big order net inflow and the frame-
work of the proposed model. Section 4 presents the simu-
lation experiment and empirical analyses of the proposed
model; finally some conclusions are given and some future
works are pointed out in Section 5.

2. Theoretical and Modeling Framework

The concept of fuzzy set [16] in fuzzy cluster is put forward by
Zadeh in 1965. Gath and Bar-On earlier applied that theory
to compute the scoring of poly graphic sleep recordings in
their study [19]. In this section, we will briefly review the
definitions and theoretic of fuzzy cluster.

2.1. Fuzzy Clustering Theory

Definition 1. Defined set 𝑅 = (𝑟
𝑖𝑗
)
𝑚×𝑛

, a matrix with 𝑚 rows
and 𝑛 columns; if 0 ≤ 𝑟

𝑖𝑗
≤ 1, then 𝑅 is called fuzzy matrix

𝑅. When 𝑟
𝑖𝑗
is only 0 or 1, said 𝑅 is a Boolean matrix. When

elements 𝑟
𝑖𝑖
of the diagonal are all 1 in fuzzy matrix 𝑅 =

(𝑟
𝑖𝑗
)
𝑛×𝑛

, said 𝑅 is reflexive fuzzy matrix.

Definition 2. If𝐴 is 𝑛-order square, defined𝐴
2
= 𝐴 ∘𝐴,𝐴3 =

𝐴
2
∘ 𝐴, . . ., and 𝐴

𝑘
= 𝐴
𝑘−1

∘ 𝐴.

Definition 3. Defined set 𝑅 = (𝑟
𝑖𝑗
)
𝑚×𝑛

, and called 𝑅
𝑇

=

(𝑟
𝑇

𝑖𝑗
)
𝑚×𝑛

is the transposed matrix of 𝑅, where 𝑟𝑇
𝑖𝑗
= 𝑟
𝑖𝑗
.

Definition 4. Defined set 𝑅 = (𝑟
𝑖𝑗
)
𝑚×𝑛

, for any 𝜆 ∈ [0, 1], and
said 𝐴

𝜆
= (𝑟
(𝜆)

𝑖𝑗
)
𝑚×𝑛

is the 𝜆-cut matrix of the fuzzy matrix
R. When 𝑟

𝑖𝑗
≥ 𝜆, 𝑟(𝜆)

𝑖𝑗
= 1 and 𝑟

𝑖𝑗
< 𝜆, 𝑟(𝜆)

𝑖𝑗
= 0, said 𝐴

𝜆
is a

Boolean matrix, and said 𝜆 is a confidence level parameter or
cut level parameter.

Definition 5. Suppose two limited discourse domains 𝑋 =

{𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑚
} and 𝑌 = {𝑦

1
, 𝑦
2
, . . . , 𝑦

𝑛
}; then 𝑋 to 𝑌 fuzzy

relation 𝑅 is an𝑚×𝑛 order fuzzy matrix, and set 𝑅 = (𝑟
𝑖𝑗
)
𝑚×𝑛

,
where 𝑟

𝑖𝑗
= 𝑅(𝑥

𝑖
, 𝑦
𝑗
) ∈ [0, 1] represents (𝑥

𝑖
, 𝑦
𝑗
) relevance on

fuzzy relation 𝑅.

Theorem 6. If 𝑅 is fuzzy similar matrix, then, for any natural
number 𝑘, 𝑅𝑘 is fuzzy similarity matrix.

Theorem 7. If 𝑅 is an 𝑛 order fuzzy similar matrix, then there
is minimum natural number 𝑘 (𝑘 ≤ 𝑛), for all natural number
𝑚 (𝑚 ≥ 𝑘); constant 𝑅𝑚 = 𝑅

𝑘, 𝑅𝑘, namely, fuzzy equivalent
matrix (𝑅2𝑘 = 𝑅

𝑘
). At this point, said𝑅𝑘 is the transitive closure

of 𝑅, denoted by 𝑡(𝑅) = 𝑅
𝑘.

Method 8. If 𝑅 is fuzzy similar matrix, then the following
method will solve the transitive closure 𝑡(𝑅) : 𝑅 → 𝑅

2
→

𝑅
4
→ 𝑅
8
→ 𝑅
16

→ ⋅ ⋅ ⋅ → 𝑅
2
𝑘

, and the said method is the
square self-synthesis method (S3M).

2.2. Fuzzy Clustering Analysis. The fuzzy clustering analysis
is an analyzing clustering and classification method by estab-
lishing fuzzy similar relationship of objective things based
on the objective characteristics, the degree of closeness, and
similarity between objective things.

In Figure 1, the fuzzy clustering processing model can be
divided into four stages, namely, the data preprocessing, the
data standardization, the constructing fuzzy similar matrix
(FSM), and the clustering and analysis.

2.2.1. Data Preprocessing. In China, it is well known that
individual investors buy or sell stocks only through a secu-
rities company, not directly from the stock exchange. In
order to trade stocks, individual investors firstly have to
register as a member in a securities company. According
to the National Security Act, investors must have a test
in the risk tolerance when investors are registering. The
securities company gives them a risk test paper with fifteen
questions or more. Each question has four or five options for
investors to choose. In order to store and process, we use
an integer value instead of the chosen answer of investors
in the user risk database. In this paper, we choose twelve
answers among all answers to study. There are at least 1
million records about risk information of investors in the
user risk database of any securities company because there
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Table 1: The surveying contents of investor.

𝑥
𝑖𝑗

Denoted contents Range
𝑥
𝑖1

The age range of investor [1, 5]
𝑥
𝑖2

The funds amount of investor that can be used to invest [1, 5]
𝑥
𝑖3

The investment purposes of investor [1, 4]
𝑥
𝑖4

The duration of your general investment [1, 4]
𝑥
𝑖5

Themaximum loss that you can accept within one year [1, 5]
𝑥
𝑖6

The selection of four portfolio average returns with the best and worst of earnings in the next three years [1, 4]
𝑥
𝑖7

The annual income change of your family in next five years [1, 4]
𝑥
𝑖8

The ratio of domestic consumption expenditure share of total income monthly in your family [1, 5]
𝑥
𝑖9

The highest risk products that you have invested before [1, 4]
𝑥
𝑖10

The annual income of your family [1, 5]
𝑥
𝑖11

The number of years since you invest [1, 4]
𝑥
𝑖12

The type of your work [1, 5]

Clustering 

(10) Compute transitive closure

(11) Set clustering threshold value

(12) Get clustering category

Constructing FSM 

(7) Compute Euclidean distance

(8) Set parameter value

(9) Construct fuzzy similar matrix

Standardization 

(4) Get the minimum data

(5) Get the maximum data

(6) Execute range transformation

Preprocessing

(1) Collect and analyze the data

(2) Define the discourse domain

(3) Construct the raw data matrix X

Figure 1: The structure of fuzzy clustering processing model.

are more than 200 million stocks investors in China. So we
assume that an investor risk tolerance surveying database
exists, which includes 𝑛 investors risk tolerance surveying
data. The characteristics of these data which include the
following twelve contents reflect the investment style and risk
tolerance of the investors. We define the set of investor risk
tolerance surveying data as 𝑋 = {𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
}, where 𝑥

𝑖

denotes the surveying data of the ith investor in the set 𝑋,

which is constituted by the following contents vector in a fixed
order 𝑥

𝑖
= {𝑥
𝑖1
, 𝑥
𝑖2
, 𝑥
𝑖3
, . . . , 𝑥

𝑖𝑗
, . . . , 𝑥

𝑖12
}, where 𝑗 belongs to

[1, 12]. Table 1 shows the detailed contents of the ith investor
in the investor risk tolerance surveying database.

2.2.2. Data Standardization. We firstly compute all columns
data of raw matrix 𝑋, get the minimum data and the
maximum data of each column, and then compress each
data of matrix 𝑋 to [0, 1] using the following transformation
formula. After the above standardizing process, we can get
standardized matrix 𝑌 with standardizing data:

𝑌 = {𝑦
𝑖𝑗
} , 1 ≤ 𝑖 ≤ 𝑛, 1 ≤ 𝑗 ≤ 12,

𝑦
𝑖𝑗
=

𝑥
𝑖𝑗
−min

1≤𝑖≤𝑛
{𝑥
𝑖𝑗
}

max
1≤𝑖≤𝑛

{𝑥
𝑖𝑗
} −min

1≤𝑖≤𝑛
{𝑥
𝑖𝑗
}

, 1 ≤ 𝑗 ≤ 12,

𝑌 =

[
[
[
[
[
[

[

𝑦
11

𝑦
12

⋅ ⋅ ⋅ 𝑦
1,12

𝑦
21

𝑦
22

⋅ ⋅ ⋅ 𝑦
2,12

.

.

.
.
.
.

.

.

.

𝑦
𝑛1

𝑦
𝑛2

⋅ ⋅ ⋅ 𝑦
𝑛,12

]
]
]
]
]
]

]

.

(1)

2.2.3. Constructing Fuzzy Similar Matrix. After obtaining
standardized matrix 𝑌 with standardizing data, we use the
direct Euclidean distance method as the similarity coeffi-
cient method to determine the similarity coefficient among
investors and construct the fuzzy similar matrix. Consider

𝑟
𝑖𝑗
= 1 − 𝑐 × 𝑑 (𝑥

𝑖
, 𝑥
𝑗
) , (2)

where 𝑐 is a suitable choice of parameters so as to 0 ≤ 𝑟
𝑖𝑗
≤ 1

and the 𝑑(𝑥
𝑖
, 𝑥
𝑗
) represents the distance between 𝑥

𝑖
and 𝑥

𝑗
as

follows:

𝑑 (𝑥
𝑖
, 𝑥
𝑗
) = √

12

∑

𝑘=1

(𝑥
𝑖𝑘
− 𝑥
𝑗𝑘
)
2

,

𝑐 =
1

1 + 𝑐
,

(3)
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where 𝑐
 belongs to [0,∞) and 𝑐 belongs to (0, 1]. We can

choose any value for 𝑐. If the 𝑐 value is too high, parameter
𝑐 will be less, which will lead to increasing the accuracy of
computing. Therefore, we chose an appropriate value for 𝑐.
In fact, we can choose zero value for 𝑐 which does not affect
the experiment results; 𝑐 is equal to 1.

Thus, we can get fuzzy similar matrix 𝑅 of 𝑛 by 𝑛 between
investors:

𝑅 =

[
[
[
[
[
[

[

𝑟
11

𝑟
12

⋅ ⋅ ⋅ 𝑟
1𝑛

𝑟
21

𝑟
22

⋅ ⋅ ⋅ 𝑟
2𝑛

.

.

.
.
.
.

.

.

.

𝑟
𝑛1

𝑟
𝑛2

⋅ ⋅ ⋅ 𝑟
𝑛𝑛

]
]
]
]
]
]

]

. (4)

2.2.4. Clustering and Analysis. Since fuzzy similar matrix 𝑅

is a 𝑛-dimensional square matrix, we can carry out transitive
closure 𝑡(𝑅) using the square self-synthesis method:

𝑡 (𝑅) : 𝑅 → 𝑅
2
→ 𝑅

4
→ 𝑅

8
→ 𝑅

16
→ ⋅ ⋅ ⋅

→ 𝑅
2
𝑘

,

(5)

where 𝑘 ≤ [log𝑛
2
].

According to the actual situation, we have to choose
an appropriate 𝜆 value between 0 and 1 for 𝜆-cut matrix
𝑡(𝑅)
𝜆
of transitive closure 𝑡(𝑅) of fuzzy matrix 𝑅. Having

a classification of 𝑡(𝑅) based on 𝜆, we can get equivalence
classification matrix 𝑡(𝑅)

𝜆
under the given 𝜆 value.

Thus, we will get clustering category for investors. One
day, a new investor who becomes the target recommendation
investor of stock recommendation system will be added to
the investor risk tolerance surveying database. In order to
determine which category the new investor belongs to, we
utilize the fuzzy clustering method to subdivide the database
into several groups based on the above 𝜆-cut value.

2.3. Collaborative Filtering Algorithm

2.3.1. Nearest Neighbors Choice. Currently, the collaborative
filtering algorithm is themost successful personalized recom-
mendation algorithm. It can be classified into two categories:
one is item-based collaborative filtering algorithm [20]; the
other is user-based collaborative filtering algorithm. The
formerwas first put forward by Sarwar et al. [21] that whenwe
calculate the user similarity, first we calculate the similarity
between items to select the most similar items and then
predict the rating.The latterwas first proposed byGoldberg et
al. [22], which is according to the rating of target user’s nearest
neighbors to predict the target item rating.This algorithm can
be computed offline, shorten the time of online calculation,
and increase speed of the online recommendation.

In order to improve the accuracy of the nearest neighbor
investor’s choice, we will use the user-based collaborative
filtering algorithm to compute the degree of similarity in
behavior between other investors and the target investor
in the same fuzzy cluster. Then, according to the stocks of
the nearest investors and target investor, we can generate

optimized stock list from the stock set calculated by fuzzy
cluster algorithm and choose the top-𝑘 stock to recommend
the target investor.

At first, we need to calculate the degree of similarity
between investors based on their risk tolerance surveying
data. At present, there are several methods to calculate the
similarity between investors, such as cosine-based similarity,
the adjusted-cosine similarity, and Person correlation-based
similarity [23]. According to the degree of similarity between
the target investor and other investors, we can generate
neighbor set 𝑈 = {𝑈

1
, 𝑈
2
, 𝑈
3
, . . . , 𝑈

𝑛
} for the target investor

𝑢. Then, we choose the top-𝑘 investors as neighbor investor
for the target investor based value of sim(𝑢, 𝑈

𝑖
) ordered by

descending.

2.3.2. Constructing Stock Cluster Set. In order to recommend
somemore accurate stocks to the target investor, we subdivide
the stocks into several categories as follows based on the
fuzzy clustering method in Section 2.2 in this paper. Then,
we can utilize fuzzy clustering analysis method to construct
stock cluster set. As we know, there are dozens of attributes
in each stock. We choose six important attributes of stock
to construct a stock attributes database. We think the six
attributes of stock are the most important attributes for stock
clustering. The six attributes are the daily average gains,
the daily average amplitude, the days of price rise, the net
profit in last year, the daily net amount of big order, and
the days with net amount of big buying order. According to
the six attributes of stock and the data format like Table 1
in this paper, we construct the stock attributes database.
Then, we cluster the stocks in the stock attributes database
and subdivide the stocks into several categories. We can
effectively distinguish different stocks between poor stocks
and good stocks. Such clustering results can reflect those
stocks operational characteristics and be able to provide
more accurate and effective recommendation information
for target investor. In generally, the stocks in same cluster
have similar trading dynamic characteristic. If we have a
recommended stock for target investors, we will try to find
some other stocks in its stock cluster set. This can improve
the accuracy of recommended stocks and reduce the difficulty
of the search for other recommended stocks. In order to
reduce the computational complexity of clustering the stocks,
we have to guarantee that the number of cluster is less than
10. The number of cluster will vary with the changes of
recommended stocks. Generally, the number of cluster varied
between five and seven in experimentation.

2.3.3. Generating Recommended Stocks List. At first, we get
the stocks list of the target investor, and then we get the score
of each stock in stocks list of target investor and the score of
same stock like in stocks list of neighbor investors. If some
stocks are not in the stocks list of neighbor investors, we can
forecast their scores using the following formula:

𝑓 (𝑢, 𝑗) =

√∑
𝐾

𝑘=1
sim (𝑖, 𝑘)

2
∗ (𝑆
𝑘
− 𝑆
𝑘
)
2

√∑
𝐾

𝑘=1
sim (𝑖, 𝑘)

2

+ 𝑆
𝑢
, (6)



Mathematical Problems in Engineering 5

where 𝑆
𝑢
represents the target investor 𝑢’s average scores for

all stocks, 𝑆
𝑘
represents the 𝑘th neighbor investor scores of

the target investor 𝑢, 𝑆
𝑘
represents the average scores of 𝑘

neighbors investor for all stocks, and 𝑓(𝑢, 𝑗) represents the
𝑗th stocks forecast score of target investor 𝑢. sim(𝑖, 𝑘) is a
modified similarity formula based on the cosine Similarity;
it is defined as follows:

sim (𝑖, 𝑘) =

∑
𝑚

V=1 (𝑅V𝑖 − 𝑅
𝑖
) (𝑅V𝑘 − 𝑅

𝑘
)

√∑
𝑚

V=1 (𝑅V𝑖 − 𝑅
𝑖
)
2
√∑
𝑚

V=1 (𝑅V𝑘 − 𝑅
𝑘
)
2

, (7)

where 𝑅
𝑖
is the 𝑖th stock average scores for all investors, 𝑅

𝑘
is

the 𝑘th stock average scores for all investors, 𝑅V𝑘 represents
the 𝑘th neighbor investor scores for the Vth stock, and 𝑅V𝑖
represents the 𝑖th neighbor investor scores for the Vth stock.

Now we give a simple example for the process of generat-
ing recommendation stock list. Assuming that there are two
stocks in the stocks list of the target investor, such as stock 𝐴

and stock 𝐵, here we write them as a set {𝐴, 𝐵}. Then we get
the stocks set of four or more neighbors, such as set {𝐵, 𝐶,𝐷},
{𝐵, 𝐶, 𝐸}, {𝐶, 𝐹}, and {𝐵, 𝐶}, and we can select the rated top-𝑘
stocks as the target investor’s extend stocks list from the above
five stock set. When we set 𝑘 as 2, we can get the top-2 stocks
set {𝐵, 𝐶}.

Secondly, in order to get themore large stock extend set of
the target investor, such as stock set {𝐵, 𝐶,𝑋, 𝑌, 𝑍}, we need to
revise the 𝑘 value. If we recommend to the target investor only
five stocks, we will stop revising the 𝑘 value when the number
of stock in the above stock set is greater than or equal to five.

Finally, we calculate net inflow amount of big order
for each stock of the above stock extend set {𝐵, 𝐶,𝑋, 𝑌, 𝑍}

recently, then we sort the five stocks in descending order
according to the net inflow amount of big order and select
top-𝑛 stocks recommend to the target investor. If we set 𝑛
as three, we get the recommend stock list {𝐵, 𝑋, 𝑌}. Because
the process of judging money inflow is more complex, we
propose a new method based on M/G/1 to compute the net
inflow amount of big order and we can forecast the direction
of stock price movements in the future.

2.4. M/G/1 Queue System. The M/G/1 queue system [24]
has been extensively studied for the last three decades [25].
According to the circumstances of the securities transaction,
here we review the single server queue system which behaves
like the usual M/G/1 queue when the server is working. We
assume that the server goes through cycles of idle and busy
periods.The idle periods include two cases: one is when there
is no work to do, and the other is when there is work to do but
the server is on vacation.The busy periods are the times when
the server is actually working on the customers of primary
customers [26]. During the busy periods of the simple M/G/1
queue system, we assume that the customers arrival time
follows Poisson distribution with parameter 𝜆. Let 𝜆 be the
customer arrival rate and let 𝐷 be the distribution of the
service times of customers arriving during busy periods; then
the customers arrival time has a general distribution function
𝐵. Let 𝑆

𝑖
be the epoch at the end of the 𝑖th busy period

and let 𝑇
𝑖
be the epoch beginning the 𝑖th busy period. Then,

0 = 𝑇
𝑖

< 𝑆
𝑖

< 𝑇
𝑖+1

< 𝑆
𝑖+1

< ⋅ ⋅ ⋅ < 𝑇
𝑛

< 𝑆
𝑛
. We

assume that the arrival process and the service times of the
customers arriving in the interval (𝑇

𝑖
, 𝑆
𝑖
) are independent of

those arriving in (𝑇
𝑗
, 𝑆
𝑗
) for 𝑖 ̸= 𝑗. Let 𝑤(𝑡) be the work in the

queue system at time 𝑡. Let 𝑊
1𝑖

= 𝑤(𝑆
𝑖
) and 𝑊

2𝑖
= 𝑤(𝑇

𝑖+1
),

where 𝑖 > 0. Then,𝑊
1𝑖
is the work in the queue system at the

end of the 𝑖th busy period and 𝑊
2𝑖
is the work in the queue

system immediately after the beginning of the (𝑖 + 1)st busy
period.

Let 𝑙(𝑘) be the 𝑘th workload step in all workload process.
Let 𝐿(𝑘) = min{𝑚 : ∑

𝑚

𝑖=1
(𝑆
𝑖
− 𝑇
𝑖
) ≥ 𝑘} and 𝐸(𝑘) =

∑
𝐿(𝑘)−1

𝑖=1
(𝑇
𝑖+1

− 𝑆
𝑖
).

If 𝑘 < ∑
𝐿(𝑘)

𝑖=1
(𝑆
𝑖
− 𝑇
𝑖
), then 𝑙(𝑘) = 𝑤(𝑘 + 𝐸(𝑘)).

If 𝑘 = ∑
𝐿(𝑘)

𝑖=1
(𝑆
𝑖
− 𝑇
𝑖
), then 𝑙(𝑘

+
) = 𝑤(𝑘 + 𝐸(𝑘) + 𝑇

𝐿(𝑘)+1
<

𝑆
𝐿(𝑘)

) and 𝑙(𝑘
−
) = 𝑤(𝑘 + 𝐸(𝑘)).

Clearly, if 𝑘 = ∑
𝐿(𝑘)

𝑖=1
(𝑆
𝑖
−𝑇
𝑖
), then 𝑙(𝑘

+
) − 𝑙(𝑘

−
) = 𝑊

2,𝐿(𝑘)
−

𝑊
1,𝐿(𝑘)

. The 𝑙(𝑘) process behaves like the work in a simple
M/G/1 queue.

3. Proposed Method

This section consists of two subsections: Section 3.1 describes
the method based on M/G/1 to compute the net inflow
amount of big order and Section 3.2 describes the proposed
model and method for stock recommendation.

3.1. Compute the Net Inflow Method

3.1.1. Funds Flow Theory. The flow of funds is stock move-
ment direction actively chosen by the funds in the stock
market. From the amount of perspective to analyze the flow
of funds, namely, observation volume and turnover, trading
volume and turnover in the actual operation is directional,
to buy or sell. For both the stock market trend analysis and
the operation on individual stocks, the determination of the
funds flow plays a vital role, and the process of the funds flow
is more complicated, not easy to grasp. The funds flow can
help investors see what others are doing in the end through
the index (price) change fog. For example, the index (price)
of a stock rise up to a point may be driven by 10 million
funds or a billion of funds, both of which have a completely
different significance for investors. In general, funds flow
and the trend of stock index change are very similar, but
in the following two cases funds flow measure has obvious
significance. One is that the day’s flow of funds and stock
index change opposite. For example, the stock overall index is
down throughout the day, but funds flow shows a positive net
inflow of funds throughout the day. The other is that there is
very big opposite between the funds flow and the stock index
change. For example, the stock index rises highly throughout
the day, but the actual net inflows are small or even negative
which is called net outflows. When the funds flows and the
stock index change is opposite, the funds flow can reflect
stock actual movement direction more than the stock index
change in the future.
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3.1.2. Funds Flow Concepts. In order to more clearly describe
the proposed method, we review some concept about funds
flow as follows.

Definition 9. Funds inflow refers to the amount of active
buying. It is active buying transactions where the buyer
actively buys stock with price equal to or higher than the first
selling price.

Definition 10. Funds outflow refers to the amount of active
selling. It is active selling transactionswhere the seller actively
sells stock with price equal to or less than the first buying
price.

Definition 11. Funds net inflow refers to the amount of funds
inflow minus funds outflow. If it is positive, the probability
of stock price rise is higher than fall and vice versa if the net
inflow is negative; then, the probability of stock price fall is
higher than rise.

Definition 12. Big order refers to the buying or selling order
with big amount. According to the amount of the order, we
divide it into four categories: small order, general order, big
order, and very big order (king order). Using the number of
the order which measures it, we think that the number of big
order is more than 5 million shares or more than 20 million
yuan and the number of king order is more than 20 million
shares or more than 100 million yuan.

Definition 13. Big order net amount refers to the difference
between the amount of big buying order and the amount of
big selling order. If it is positive, we call it the big order net
inflow. If not, we call it the big order net outflow.

Definition 14. Tick-by-tick data refer to the single transaction
during transactions. It reflects the true circumstances of the
transaction process and is proprietary data of the Level-2.

3.1.3. Method Based onM/G/1. We review the classical M/G/1
queue system which has the following four characteristics
[27].

(1) The characteristic of the arrival process follows Pois-
son distribution with arrival rate parameter 𝜆; M
indicates a Poisson process without memory.

(2) Probability 𝑃 of the service time follows general
random distribution. Let 𝑡

𝑖
be the service time for the

𝑖th customer that is an independent and randomvalue
and has general distribution function 𝐵(𝑡):

𝑃 (𝑡
𝑖
≥ 𝑡) = 𝐵 (𝑡) , 𝑖 = 1, 2, 3, . . . . (8)

Themean value and variance of service time are given
by

𝑋 =
1

𝑢
= ∫

∞

0

𝑡𝑑𝐵 (𝑡) ,

𝑋2 = ∫

∞

0

𝑡
2
𝑑𝐵 (𝑡) .

(9)

(3) The number of server desk is one; the arrival time and
service time are independent of each other.

(4) The system allows an infinite captain for the length of
customers; the queue discipline is first comefirst serve
(FCFS).

Assuming that interarrival time follows Poisson distribu-
tion with parameter 𝜆 in {𝐴(𝑡), 𝑡 ≥ 0}, let𝐴(𝑡) be the number
of arrival customers in [0, 𝑡] time, let 𝑁(𝑡) be the number of
customers in queue system at time 𝑡, let 𝑋

𝑛
be the number

of customers after the 𝑛th customer departure instant, let 𝑑
𝑛

be the departure time of the 𝑛th customer, and let 𝑎
𝑛
be the

arrival time of the 𝑛th customer. If the number of customers
is greater than zero at time 𝑑

𝑛
, then

𝑋
𝑛+1

= 𝑋
𝑛
+ 𝐴 (𝑑

𝑛+1
) − 𝐴 (𝑑

𝑛
) − 1 (10)

or

𝑑
𝑛+1

= 𝑑
𝑛
+ 𝑡
𝑛
+ 1. (11)

At this time if𝑋
𝑛
= 0, then

𝑋
𝑛+1

= 𝐴 (𝑎
𝑛+1

+ 𝑡
𝑛+1

) − 𝐴 (𝑎
𝑛+1

) . (12)

From (11) and (12) the following can be obtained:

𝑃 {𝑋
𝑛+1

= 𝑖 | 𝑋
1
, 𝑋
2
, . . . , 𝑋

𝑛
} = 𝑃 {𝑋

𝑛+1
= 𝑖 | 𝑋

𝑛
} . (13)

Transition probability matrix 𝑃 of Markov Chain𝑋
𝑛
is

𝑃 =

(
(
(
(
(
(

(

𝑝
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𝑝
1

𝑝
2

𝑝
3

⋅ ⋅ ⋅
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𝑝
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𝑝
3

⋅ ⋅ ⋅
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1
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⋅ ⋅ ⋅
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.

.
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.

.

.
.
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.

.
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.
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)
)
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)

)

, (14)

where chain𝑋
𝑛
has Markov property and 𝑝

𝑘
is given by

𝑝
𝑘
= ∫

∞

0

𝑒
−𝜆𝑡

(𝜆𝑡)
𝑘

𝑘!
𝑑𝐵 (𝑡) , (𝑘 = 0, 1, 2, . . .) . (15)

3.2. The Framework of the Proposed Model. In Figure 2, the
process and data flow framework of the proposed model
can be divided into two stages, namely, the user clustering
stage and stock recommend stage. Generally, investors who
have similar characteristics have similar investment interest.
According to Figure 2, in order to obtain accurately the
similar stocks for target users, we have to process user
clustering and obtain some similar users. The selection of
the clustering threshold value affects the number and size
of the user category and then affects the accuracy of the
stocks set which is selected from the same category user
stocks, so it is critical to select the value of user clustering
threshold. In the stock recommend stage, the computing of
the big orders net for lots of stocks is themost important part.
The stock trend is mainly driven by big order transactions.
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Figure 2: (a) The process framework of the proposed model. (b) The data flow framework of the proposed model.

It is generally believed that stocks rise with a large volume
is closely associated with big orders net amount to buy,
so the stocks are generally rising in price under the trend
driven by big orders net inflow which is called big orders
net buying. In contrast, the stocks are generally falling in
price under the trend driven by big orders net outflow which
is called big orders net selling. The big orders net amount
includes the big orders net buying and the big orders net
selling.The traditionalmodel uses the funds inflow and funds
outflow to predict stock trend that is unsuitable for some
new special situation. For example, one day the funds inflow
of a stock is far greater than zero, but the big orders net
inflow of the stock is far smaller than zero. If it is that case,
we can predict that this stock will go to falling trend over a
period of time after that day. After observing many stocks,
we found that it is indeed the case. Our proposed model
can solve this problem by using big orders net amount that
can avoid or reduce some forecast errors and can improve
accuracy of recommend stocks trend in the future. Then,
according to the indicated results of big orders net inflow, we
select some optimal stocks recommend to target users to buy.
Correspondingly, according to the indicated results of big
orders net outflow,we select some optimal stocks recommend
to target users to sell.

4. Simulation Experiment

In this section, we study and compare the performance
of the proposed model. In general, during the Shanghai

2470.68
2378.98
2286.03
2194.33
2101.38
2009.68
1916.73
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B

C

D

2444.80

1849.65

Figure 3: The research interval price trends graph of the Shanghai
Composite Index (CSI).

and Shenzhen Composite Index (CSI) rise, the accuracy of
the recommendation algorithm is higher, but during the
CSI fall, the accuracy of recommendation algorithm is very
low or even completely incorrect. Thus, in the course of
falling, the experimental results can test a recommendation
algorithm. In order to make the experiment results more
objective and realistic, we use stock return to test whether the
recommended stock has a good return from 10 to 30 days after
that. For target investor, the higher the yields the investor gets,
the better the effect of the recommendation model.

4.1. Data Selection. In order to examine whether the pro-
posed model has made improvement in prediction accuracy,
we select data at four different periods of the real stockmarket
in China as the experiment data. The four periods include
bottom period (2012/11/28–2012/12/04, see A in Figure 3),
middle period (2012/12/17–2012/12/21, see B in Figure 3),
top period (2013/02/04–2013/02/08, see C in Figure 3) of
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Table 2: The users clustering results.

Category number Users numbers Percentage (%)
1 912 35.63
2 138 5.39
3 576 22.50
4 482 18.83
5 314 12.27
6 48 1.88
7 90 3.52

a wave with rising trend, and middle period (2013/06/17–
2013/06/21, see D in Figure 3) of a wave with falling trend.
The experimental data include data of three parts that are
the investor user data, the CSI data, and the tick-by-tick
transaction data of stock. As the user’s data are related to the
user’s personal privacy, we use the data which are removed
from the user’s privacy as the experimental data.The CSI and
stocks data are stock market free data, but the tick-by-tick
transaction data of stock are the Level-2 data and charging
data.

4.2. Data Processing. In order to reduce the amount of
computation and be suitable for parallel computing, we
randomly select 2560 users from the investor user database to
fuzzy clustering and divide those users into several categories
according to the threshold of clustering. By the nature of
the clustering, the value of the threshold can control the
number of the user categories.The value of the threshold and
the number of the user categories are inversely related. The
threshold can be in the range from 0 to 1. If the threshold is
set too high, we will get very few user categories. Contrarily,
if the threshold is set too small, we will get much more
user categories. For example, if the threshold is set to 1,
we will get 2560 user categories. Clearly, if the threshold is
set to 0, we will get one user categories. The complexity of
clustering the users increases exponentially with the number
of the user categories. In order to reduce the computational
complexity of clustering the users, we have to choose an
appropriate threshold. For that 2560 users data, we made
several experiments to cluster that users data by constantly
adjusting the value of the threshold. We can get seven user
categories and get better distribution of user in Table 2 while
the threshold was set to 0.6268. Certainly, it is allowed that
the threshold is set higher or lower than 0.6268, but the
distribution of user will become worse.Therefore, in order to
achieve the purpose of the clustering users, we have to choose
an appropriate clustering threshold. After making several
experiments, we set the clustering threshold 𝜆 = 0.6268 in
this paper and then divide 2560 users into seven categories in
Table 2.

After the users clustering, we use formula (7) based on the
cosine similarity to calculate the similarity between the target
user and the other users.We can find out the nearest neighbor
users of the target user according to the similarity value. In the
similarity calculation, here there are two cases: (1) the target
user belongs to the clustered users; (2) the target user does not

Table 3: The nearest neighbors of the target user.

No. Similarity value Users number
1 0.982 380
2 0.957 359
3 0.926 2478
4 0.903 1911
5 0.871 1653
6 0.819 406
7 0.735 141

belong to the clustered users. For case (1), the target user and
his most nearest neighbors must belong to the same category
of the clustered users; we only need to find out the 𝑘 most
nearest neighbors in the same category according to the value
of the fuzzy similarity matrix. For case (2), we calculate the
similarity value between the target user and the log𝑛

2
clustered

users at most based on the Binary Search Algorithm [28],
where 𝑛 is the number of clustered users. In order to reduce
the amount of calculation of the recommendation actions
after that, we add the target user into the same category with
the most clustered user. In order to make the experiment
results more objective and realistic, we choose an investor
user that does not belong to the clustered users as the study
target in the experiment and the result of the nearest seven
neighbors of the target user in Table 3.

With the complement classified for the target user, we
can get the 𝑘 clustered users and get the stock set from those
users. Here we call stock set as a prerecommended stock set.
We use a method based on M/G/1 to compute the net inflow
amount of big order for every stock in the prerecommended
stock set. From the prerecommended stock set descending
ordered by the value of big order net inflow, we choose the
𝑘 stocks with highest value in front of the stock set as the last
recommendation stock set for the target user. Due to limited
paper space, we selected five stocks in each period of Figure 3
as the research stock in Tables 4, 5, 6, and 7. If the value of any
stock in the stock set is smaller than 0, we have to set that the
value of 𝑘 is bigger and repeat the previous calculation steps.
If the prerecommended stock set contains the all stock of the
China Stock Market and any stock value of the big order net
inflow is smaller than 0, we do not recommend any stock to
the target user and recommend the target user to keep a wait
state with holding money.

We do some research on some stocks that are recom-
mended by the proposed model to analyze the maximum
possible stocks return during the four different day intervals,
that is 10 days, 30 days, 90 days, and 1 year, since that daywhen
we recommend those stocks to the target user. By observing
the experiment results, we found that those recommended
stocks have better gains in Table 8, especially those stocks
whose big order net inflow is higher proportion of trading
volume of those days than the others. In addition, the stock
price is the highest stock price without ex-rights or ex-
dividend at the last trading day of the four corresponding day
intervals.
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Table 4: The recommended five stocks in the A period.

Stock name (code) Date/mean Buy Sell Net amount (104 share) Percent (%) Net money (104 yuan)

Jianghuai Automobile (600418)

2012-11-28 65.87 162.00 −96.11 −19.09 −481.40
2012-11-29 77.98 22.48 55.50 8.52 283.60
2012-11-30 476.20 216.60 259.50 21.37 1359.30
2012-12-03 965.30 450.10 515.20 18.93 2801.70
2012-12-04 1098.80 505.80 593.00 24.59 3285.90

Mean 536.83 271.40 265.42 10.86 1449.82

Janus Precision (300083)

2012-11-28 0.00 0.00 0.00 0.00 0.00
2012-11-29 6.49 0.00 6.49 17.22 68.47
2012-11-30 0.00 0.00 0.00 0.00 0.00
2012-12-03 3.35 0.00 3.35 12.75 35.17
2012-12-04 3.26 4.00 −0.74 −1.54 −7.34

Mean 2.62 0.80 1.82 5.69 19.26

Great Wall Motors (601633)

2012-11-28 58.62 51.76 6.86 1.21 123.00
2012-11-29 93.53 109.20 −15.70 −4.20 −279.10
2012-11-30 125.40 99.61 25.77 5.72 471.40
2012-12-03 259.20 216.80 42.35 7.60 780.50
2012-12-04 301.40 236.00 65.43 13.03 1196.20

Mean 167.63 142.67 24.94 4.67 458.40

Huasun Group (000790)

2012-11-28 71.27 42.75 28.52 8.24 179.00
2012-11-29 0.00 10.34 −10.34 −4.72 −62.21
2012-11-30 6.62 0.00 6.62 2.84 40.48
2012-12-03 21.60 23.88 −2.28 −0.81 −14.04
2012-12-04 24.26 13.11 11.15 4.54 63.76

Mean 24.75 18.02 6.73 2.02 41.40

Faw Car (000800)

2012-11-28 9.79 41.20 −31.41 −10.68 −184.70
2012-11-29 23.03 24.87 −1.84 −1.64 −18.10
2012-11-30 30.49 40.12 −9.64 −2.57 −56.06
2012-12-03 241.80 245.50 −3.73 −0.43 −16.62
2012-12-04 314.90 141.30 173.60 17.21 1075.10

Mean 124.00 98.60 25.40 0.38 159.92

4.3. Experimental Results Analysis. In this section, we briefly
analyze and explain the experimental results. After selecting
an investor user that does not belong to the clustered users
as the study target user in the experiment, we calculate the
similarity value between the target user and the clustered
users using formula (7) based on the cosine similarity.
Because the nearest neighbors of the target user all belong
to category 3 of clustered users, the target user belongs to
category 3 according to the nature of the clustering that the
target user and his nearest neighbors belong to the same
cluster. We select the nearest seven neighbors of the target
user to show you in Table 3.We use amethod based onM/G/1
to compute the net inflow amount of big order for every
stock in the prerecommended stock set selected from those
users. We select five stocks with higher value of big order net
inflow during the period between 2012/11/28 and 2012/12/04
as the recommended stocks for the target user in Table 4.
For simplicity, we sort the stocks using big order net inflow
daily mean ratio from large to small and select five stocks to
recommend the target user.

Table 4 shows the daily big order net flow, ratio, and
money for the five recommended stocks. In order to ensure
the data neat and objective, we calculate the daily big order
net flow for every stock at continuous five trading days and
compute the average of them. Combining the big order net
money inflow, we use the big order net inflow ratio as first
evaluation criterion for the stocks. From the data in Table 3,
we find that the number of days of big order netmoney inflow
is generally greater than the number of days of big order net
money outflow. Although there are four days of big order
net money outflow in the stock of Faw Car, the big order
net money inflow of the fifth day is greater than the sum of
big order net money outflow of the previous four days. For
that reason we believe that the stock will rise in the future.
Generally, the big order net inflow only affects the short-term
price of stock and shows that some investors are upbeat about
the stock in the near future. The short-term price of stock
may be consistent with how much the big order net money
inflow is, but the long-term price of stock may not be fully
consistent with it. As we all know, the long-termprice of stock
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Table 5: The recommended five stocks in the B period.

Stock name (code) Date/mean Buy Sell Net amount (104 share) Percent (%) Net money (104 yuan)

Dahu Aquaculture (600257)

2012-12-17 1765.20 1012.20 753.00 16.59 5306.90
2012-12-18 1018.30 832.50 185.90 5.12 1280.60
2012-12-19 1207.50 723.90 483.60 19.88 3346.80
2012-12-20 1394.20 852.60 541.60 20.45 3766.90
2012-12-21 597.40 463.50 133.90 6.17 956.00
Mean 1196.52 776.94 419.60 13.64 2931.44

Changan Automobile (000625)

2012-12-17 432.20 300.40 131.80 7.11 720.60
2012-12-18 427.10 840.50 −413.40 −17.84 −2185.60
2012-12-19 5272.20 2329.90 2942.30 31.97 17000.00
2012-12-20 2238.60 1906.90 331.70 6.30 1963.60
2012-12-21 4297.70 2689.30 1608.40 22.43 10000.00
Mean 2533.56 1613.40 920.16 9.99 5499.72

Xinning Modern Logistics (300013)

2012-12-17 246.70 101.70 144.90 43.29 1243.50
2012-12-18 153.90 151.50 2.41 0.28 21.33
2012-12-19 20.56 29.87 −9.32 −2.30 −80.77
2012-12-20 9.09 13.62 −4.53 −0.96 −40.18
2012-12-21 10.73 8.35 2.39 0.43 23.55
Mean 88.20 61.01 27.17 8.15 233.49

Robam Appliances (002508)

2012-12-17 141.70 79.90 61.83 16.93 1150.70
2012-12-18 12.43 24.04 −11.61 −9.03 −212.80
2012-12-19 14.14 3.90 10.24 15.52 189.80
2012-12-20 1.70 14.35 −12.65 −13.01 −228.30
2012-12-21 79.50 76.40 3.09 1.08 60.14
Mean 49.89 39.72 10.18 2.30 191.91

Great Wall Motor (601633)

2012-12-17 139.40 147.70 −8.27 −1.62 −133.00
2012-12-18 125.70 136.20 −10.52 −1.95 −218.80
2012-12-19 97.63 55.14 42.50 10.17 893.70
2012-12-20 253.70 179.60 74.04 14.04 1608.70
2012-12-21 146.40 142.20 4.21 1.06 90.46
Mean 152.57 132.17 20.39 4.34 448.21

may be consistent with company’s development, company’s
profitability, stock trader’s goal and skill, and so on. We can
see the above phenomenon from Table 8. Correspondingly,
we can find that similar characteristics exist in Tables 5, 6,
and 7.

Table 8 shows the recommended stocks maximum pos-
sible gains during the four different day intervals. In order
to conveniently compare with the recommended stocks, we
put the corresponding data of Shanghai Composite Index on
the bottom of the data of the recommended stocks. Due to
a similar trend of CSI 800 and Shanghai Composite Index,
we chose Shanghai Composite Index as CSI in Table 8. If the
highest price of the stock or CSI is equivalent in two or more
continuous periods, this shows that the price of the stock or
CSI is smaller than the previous price of that one and shows
that the stock has been in decline during the following period.
For example, the highest price of the CSI of the “highest price
within 90 days” is equal to the highest price of CSI of the
“highest price within 1 year”; they all are 2444.80 and we find
that the running range of CSI is the interval from C to D in
Figure 3. From Table 8, we find that the maximum possible

gains of most of the recommended stocks are bigger than the
CSI. Without a doubt, the target investor cannot get the same
gains with the maximum possible gains because the time of
buying or selling stock is uncertain for the target investor. It
is easy to understand that the recommended stocks can get
better gains between A period and C period in Figure 3. But
it is very difficult that the recommended stocks can get better
gains between C period and D period or after D period since
the CSI has been going down or fluctuant.They fully illustrate
the effectiveness of the proposed model.

In order to show clearly the return of the recommended
stocks, we choose the C and D period in Figure 3. For that is
the start period andmiddle period of the CSI fall or fluctuant,
the general stocks will fall or fluctuate with the CSI. If the
recommended stocks can get better returns in the falling
period, it clearly shows that the proposedmethod is excellent.
We select two last stocks from the recommended five stocks
in the C and D period. Figures 4 and 5 show the return
comparing the two stocks with the CSI in the 20 weeks after
recommending those stocks. Because the CSI market was
closed for a holiday, Figure 4 shows only 18 trading weeks and
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Table 6: The recommended five stocks in the C period.

Stock name (code) Date/mean Buy Sell Net amount (104 share) Percent (%) Net money (104 yuan)

Irtouch Systems (300282)

2013-02-04 27.81 22.55 5.27 9.26 78.49
2013-02-05 6.39 5.54 0.85 2.73 12.77
2013-02-06 24.82 25.77 −0.95 −1.43 −13.60
2013-02-07 9.18 2.36 6.82 16.88 103.20
2013-02-08 18.23 7.83 10.40 19.58 161.00

Mean 17.29 12.81 4.48 9.40 68.37

Transinfo Technology (002373)

2013-02-04 15.78 19.01 −3.23 −5.41 −36.05
2013-02-05 3.28 7.37 −4.09 −13.08 −47.06
2013-02-06 19.39 5.84 13.55 23.65 159.30
2013-02-07 47.76 39.35 8.41 8.94 99.27
2013-02-08 31.28 24.18 7.10 9.52 85.24

Mean 23.50 19.15 4.35 4.72 52.14

Microgate Technology (300319)

2013-02-04 15.84 23.28 −7.44 −11.44 −126.90
2013-02-05 32.69 15.87 16.82 20.43 293.30
2013-02-06 14.57 14.34 0.23 0.44 4.55
2013-02-07 14.77 10.36 4.41 8.45 77.36
2013-02-08 22.16 19.66 2.50 2.96 44.09

Mean 20.01 16.70 3.30 4.17 58.48

Kingsun Optoelectronic (002638)

2013-02-04 317.20 309.40 7.84 1.08 84.20
2013-02-05 251.90 244.50 7.39 1.21 77.51
2013-02-06 223.00 232.10 −9.15 −1.84 −94.10
2013-02-07 229.90 181.00 48.91 10.29 509.60
2013-02-08 256.90 218.50 38.42 6.88 408.50

Mean 255.78 237.10 18.68 3.52 197.14

Victory Precision (002426)

2013-02-04 23.48 20.45 3.03 2.85 19.94
2013-02-05 25.84 31.34 −5.50 −4.97 −35.74
2013-02-06 10.90 5.02 5.88 8.48 38.82
2013-02-07 3.58 10.97 −7.39 −14.02 −47.94
2013-02-08 104.50 51.13 53.40 24.99 358.40

Mean 33.66 23.78 9.88 3.47 66.70

Number of trading week
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Figure 4: Return comparing of two stocks with the CSI in the C
period.
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Figure 5: Return comparing of two stocks with the CSI in the D
period.
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Table 7: The recommended five stocks in the D period.

Stock name (code) Date/mean Buy Sell Net amount (104 share) Percent (%) Net money (104 yuan)

Sunway Communicate (300136)

2013-06-17 182.30 162.30 20.01 7.34 465.70
2013-06-18 96.59 89.67 6.92 4.87 157.90
2013-06-19 51.76 41.94 9.82 11.37 224.20
2013-06-20 164.20 131.00 33.15 13.30 765.70
2013-06-21 136.10 137.20 −1.18 −0.56 −15.57
Mean 126.19 112.42 13.74 7.26 319.59

Huafon Spandex (002064)

2013-06-17 1097.00 693.20 403.90 21.44 2671.10
2013-06-18 829.70 759.60 70.12 4.40 486.90
2013-06-19 356.00 305.80 50.22 5.92 343.80
2013-06-20 282.10 287.60 −5.49 −0.82 −38.74
2013-06-21 168.40 151.50 16.88 3.33 114.30
Mean 546.64 439.54 107.13 6.85 715.47

Tianshan Bio-Engineer (300313)

2013-06-17 122.80 115.90 6.90 2.38 96.30
2013-06-18 195.50 170.60 24.88 6.01 351.50
2013-06-19 156.70 143.20 13.49 3.83 199.30
2013-06-20 104.60 106.10 −1.52 −0.64 −18.87
2013-06-21 61.17 34.97 26.20 14.15 354.60
Mean 128.15 114.15 13.99 5.15 196.57

Newcapec (300248)

2013-06-17 43.79 22.85 20.94 12.56 264.70
2013-06-18 40.35 23.07 17.28 11.14 219.90
2013-06-19 37.48 33.60 3.88 2.58 51.34
2013-06-20 53.67 62.10 −8.43 −4.35 −100.70
2013-06-21 39.32 46.01 −6.68 −4.83 −79.32
Mean 42.92 37.53 5.40 3.42 71.18

Unisplendour Guhan (000590)

2013-06-17 134.40 149.50 −15.15 −1.45 −132.80
2013-06-18 315.30 153.30 162.00 13.28 1677.50
2013-06-19 62.76 62.54 0.22 0.04 5.04
2013-06-20 84.21 63.16 21.05 4.03 212.60
2013-06-21 29.58 65.09 −35.51 −6.31 −353.50
Mean 125.25 98.72 26.52 1.92 281.77

Figure 5 shows only 19 tradingweeks. Observing the return of
the two stocks during the 20 weeks and comparing with the
CSI over the same period, the two stocks get the better returns
and it is far better than the CSI.The stock of Victory Precision
(002426) gets the 107.96% best returns at the 17th trading
week in Figure 4 and the stock of Newcapec (300248) gets
the 49.21% best returns at the 10th trading week in Figure 5.
Certainly, we cannot get the best return in practice, but the
experienced investors will get far better returns than the CSI
by purchasing the recommended stocks.

Figure 6 shows that different stock recommendation
models will bring different stock returns. We compute the
mean return rate of 18 trading weeks for 20 stocks in two dif-
ferent stocks sets which were recommended by the proposed
method and the traditionalmethod in the above four different
periods and Figure 6 shows the result. Assuming that the
target user bought the frontal stocks in the recommend stocks
set, we find that the target user with appropriate operating
will get far better stock return rate as the top line indicated in
Figure 6.
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Figure 6: Mean return rate comparing of two different methods.

In Section 4.1, we selected data at four different periods
of the real stock market in China. Each of the periods is
very small and has only five trading days. What is the reason
for validating the recommended stocks in experimentation
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on larger period with one to eighteen weeks in Figures 4
and 5? As been well known, it is easy for buying stocks
with big order, but it is very difficult for selling stocks with
big order. The investors which can buy or sell stocks are
generally institutional investors. The institutional investors
mainly refer to a number of financial institutions, including
banks, insurance companies, investment trust companies,
credit unions, national bodies to establish a pension fund, and
other organizations.

It is very difficult or impossible that the institutional
investors can sell out the stocks within a few days after buying
lots of stocks with big order. There may be two cases. The
first case is that the institutional investors want to sell out
all stocks in the next period of day. In general, selling out all
the stocks required time is two to four weeks depending on
the amount of their holding stocks which is generally more
than the amount of buying stocks in those days we select
data. The other case is that the institutional investors want
to buy and not to sell some stocks in the next period of day.
For example, this day when we select data is the starting
period of buying stocks for the institutional investors. After
some days, the amount of their buying stocks reached their
desired amount and the institutional investors are no longer
buying stocks. They want to sell out all the stocks when the
stocks reach a certain range of price. In general, the time
is twelve to sixteen weeks from buying stocks to selling out
stocks for the institutional investors. In fact, nobody knows
when they buy and when to sell out. In order to validate the
proposal, we make the experimentation at the large period
from one to eighteen weeks after our recommend date. As
we see in Figures 4 and 5, the stock of Victory Precision
(002426) and the stock of Kingsun Optoelectronic (002426)
get, respectively, the best returns at the 17th trading week
and at the 14th trading week in Figure 4 and the stock of
Newcapec (300248) gets the better returns at the 4th trading
week and it gets the best returns at the 10th trading week in
Figure 5. Certainly, we cannot get the best return in practice,
because nobody knows the highest price of the stocks in
certain period and when they ought to sell out the stocks.

5. Conclusions and Future Works

In this paper, we proposed an efficient stock recommendation
model based on big order net inflow. The proposed stock
recommendation model based on big order net inflow can
not only filter some low investment value stocks and improve
the prediction accuracy in order to recommend some more
investment value stocks to the target users and get more stock
returns, but also improve the speed of compute by using some
advanced algorithms, such as Binary Search Algorithm, and
satisfy the investment desire of the investors in real life. From
the experimental results, we found that the proposed stock
recommendation model has a better performance than the
model based on the money flow, and then it can filter the
low or negative investment returns stocks and improve the
investment gains for target investors.

In the future, the next work is to study how to improve
the accuracy of recommendation model. We will reduce the

impact of the model on the influence of corporate events and
rumors of trader and apply the model to more stock markets
or futuremarkets in the different country.We think that there
are three aspects worth studying. Firstly, we can improve
model performance with machine learning algorithms, time
series analysis or latest technology of fuzzy cluster, and so on.
For example, wemay improve the accuracy thought training a
large number of historical stocks data sets fromdifferentmar-
kets and countries using the machine learning algorithms.
Secondly, we may improve the accuracy of the clustering set
for stocks or users through selecting appropriate attributes of
them or adding weights for every attribute. Finally, we may
study how to find the big order transactions in real trading
process, because some institutional investors may subdivide
the big order into many random small orders by quantitative
trading system software; it is very difficult for us.
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Edge weight-based segmentation methods, such as normalized cut or minimum cut, require a partition number specification for
their energy formulation.The number of partitions plays an important role in the segmentation overall quality. However, finding a
suitable partition number is a nontrivial problem, and the numbers are ordinarilymanually assigned.This is an aspect of the general
partition problem, where finding the partition number is an important and difficult issue. In this paper, the edge weights instead of
the pixels are partitioned to segment the images. By partitioning the edge weights into two disjoints sets, that is, cut and connect,
an image can be partitioned into all possible disjointed segments. The proposed energy function is independent of the number of
segments. The energy is minimized by iterating the QPBO-𝛼-expansion algorithm over the pairwise Markov random field and the
mean estimation of the cut and connected edges. Experiments using the Berkeley database show that the proposed segmentation
method can obtain equivalently accurate segmentation results without designating the segmentation numbers.

1. Introduction

There are numerous approaches and applications for unsu-
pervised image segmentation in computer vision. Many
different theories are proposed for varying the roles of the
unsupervised segmentation. As a low level vision problem, an
image can be simplified by oversegmentation using a number
of different approaches, such as mode-seeking mean shift,
multilevel thresholding, histogram-based neural networks,
superpixel algorithms, and various graph-based methods
[1–4]. Conversely, semantic segmentation is attempted for
simultaneous detection, recognition, and segmentation [5].

Generally, the role of unsupervised segmentation falls
between image simplification and full semantic segmenta-
tion, where semantically meaningful segments are expected
to be found but not necessarily recognized. Segmentation is
posed as an image-coloring problem that minimizes specific
energy functions. Energy functions can be optimized using
stochastic methods such as deterministic annealing and

stochastic clustering [6–10]. For graph theoretic segmenta-
tion approaches, the spectral method and graph cut are effi-
cient deterministic optimization methods [11–13]. Another
traditional segmentation method is the variational method,
which evolves boundary contours in a level set framework
[14, 15].

The edge weight-based segmentation methods have
evolved together with graph partition problems. When edge
weights are all positive, the minimum cut can be found; how-
ever, the minimum cut has bias toward smaller cuts. Adding
negative edge weights can prevent the problem so the graph
becomes nonsubmodular; however, the problem becomes
NP-hard [16]. Different algorithms have been introduced to
estimate the correlation in clustering problem [17, 18]. In
contrast, Shi andMalik normalized nonnegative edgeweights
so the bias toward smaller cuts was eliminated [11].

For the graph theoretic segmentation and level set
methods, the number of segments must be predefined. The
segment number choice greatly influences the quality of
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Figure 1: An image can be segmented by partitioning edges into two sets. Cut (dotted red) and connected (solid black) edge sets can be
translated into a unique segmentation as in (c). However, it is also possible to have edge partitions that contradict the label assignments as
in (d). By finding the image labeling that minimizes the edge partition energy, edge partitions like (d) are prevented, and a consistent image
segmentation becomes possible as shown in (a) and (b).

segmentation, especially for a normalized cut. Nonetheless,
there have been attempts to solve this problem. The number
of segments can be controlled by setting the threshold value
to the recursive normalized cut [11]. For level set approaches,
a four-color theorem was used to segment images with an
arbitrary number of phases with one or two level set functions
[19]. However, these methods are still functions of 𝐾, the
number of segments.

In this paper, transforming the pixel clustering problem
into an edge partition problem circumvents the segment
number selection problem. Edges among adjacent pixels can
represent dissimilarity or similarity weights. Two edge par-
titions are always sufficient for pixel-partitioning problems.
An edge can be in a cut set or connected set, which can then
be translated into a unique segmentation, as in Figure 1(c).
The cut edges indicate that the two node labels are different,
whereas the connected edges indicate that two nodes have
the same labels. In most cases, however, the cut or connect
assignments on the edges are not enough to define a specific
segmentation configuration, as in Figure 1(d). Random cut
and connect assignments on the edges may result in contra-
diction of the node labels. However, under the pixel coloring
framework, cut and connect assignments on the edges are
defined concurrently with pixel labels, and inconsistencies,
such as those in Figure 1(d), are prevented.

Under the pixel-labeling framework, a label number
selection problem arises. Although the label number selec-
tion might seem similar to the segment number selection
problem, there are subtle differences. First, pixels do not need
to use all label assignments; thus, low numbers of segments
are possible with large numbers of labels. Second, under the
four-color map theorem, the maximum number of labels for
two-dimensional (2D) segmentation can be as low as four.
The four-color map theorem states that any 2D map can
be colored with intact borders using a maximum of four
colors [26]. This theorem can be translated directly to the
segmentation problem; any 2D image segmentation can be
represented using four labels [19].

In the following sections, a new energy function is intro-
duced for image segmentation through the edge partition.
The edge partitions can uniquely define the image segmen-
tation with the hard constraints enforced by the image-
labeling framework. Next, an energyminimization algorithm
is proposed for the edge partitioning. The experimental

section discusses tests of the proposed algorithm using the
Berkeley image segmentation database.

2. Pixel Clustering

Image segmentation can be viewed as a pixel-partitioning
problem. Many image segmentation methods borrow their
ideas from the general partitioning techniques.The𝐾-means
algorithm minimizes the following function and segments
the image into𝐾 regions. Consider

𝐸
𝑘
=

𝑘

∑

𝑖=1

∑

𝑤𝑗∈𝑆𝑖


𝑤
𝑗
− 𝜇
𝑖



2

, (1)

where 𝑤
𝑗
is the pixel feature value and 𝜇

𝑖
is the mean

values of the respective partition 𝑆
𝑖
. The 𝐾-means algorithm

minimizes the sum of the squared distance from the mean
of each partition. The energy function must have a fixed
segmentation number. However, estimating the number of
segments is a difficult task, and the number of partitions is
often designated by human discretion.

3. Edge Partitions

An image can be represented as a set of nodes and edges by a
graph𝐺 = (V,E). An edge (𝑢, V) ∈ E is assigned with weight
𝑤 between nodes 𝑢, V ∈V. For each node V ∈V, a label from
𝑥V ∈ {1, 2 ⋅ ⋅ ⋅ } is assigned to define a segmentation.

3.1. Energy Function. The segmentation problem is formu-
lated in terms of edge partitions.The edges can be partitioned
into two sets 𝐶off (cut) and 𝐶on (connect), such that 𝐶off ∪
𝐶on = E and 𝐶off ∩ 𝐶on = 0. If an edge is in 𝐶on, the pixel
nodes connected by the edge have the same label. Otherwise,
if an edge is in 𝐶off , the pixel nodes connected by the edge
have a different label

𝐶off = {𝑤 (𝑢, V) ∈ E s.t𝑥
𝑢
̸= 𝑥V} ,

𝐶on = {𝑤 (𝑢, V) ∈ E s.t𝑥
𝑢
= 𝑥V} .

(2)

In (2), 𝑤(𝑢, V) is an edge between pixel nodes 𝑢 and V. The
pixel labels for pixels 𝑢 and V are denoted by 𝑥

𝑢
and 𝑥V,

respectively. 𝑤(𝑢, V) is a positive edge weight between pixel
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nodes 𝑢 and V. 𝑤(𝑢, V) can be a similar or dissimilar measure
between the two pixel nodes. A simple example of 𝑤(𝑢, V)
is the absolute difference between two pixel colors. Thus, if
the colors between the two pixels have a large difference, the
edge will likely be in 𝐶off . If the two pixel colors have a small
difference, the edge should be in 𝐶on. The mean edge weight
values of the𝐶on and𝐶off edge sets are found in the following
equation:

𝜇
𝐶off
=

∑
(𝑢,V)∈𝐶off 𝑤 (𝑢, V)
𝐶off


,

𝜇
𝐶on
=

∑
(𝑢,V)∈𝐶on 𝑤 (𝑢, V)
𝐶on


,

(3)

and then the energy function associated with the edge
partitions can be defined by following equation:

𝐸 = ∑

(𝑢,V)∈𝐶off

(𝑤 (𝑢, V) − 𝜇𝐶off )
2

+ ∑

(𝑢,V)∈𝐶on

(𝑤 (𝑢, V) − 𝜇𝐶on)
2

.

(4)

| ⋅ | is the cardinality of the set. The energy function (4) is the
same as the𝐾-means algorithm in (1) except that the number
of partitions is set to 𝐾 = 2. The proposed energy function
has two mean centers, but it also has hard constraints in (2).
Regardless of the segmentation number, there can only be
two partitions for the edges, cut 𝐶off and connected edges
𝐶on.

The proposed energy function breaks down into an
image-labeling problem in order to maintain the label
consistency conditions of (2). The image label state x =
(𝑥
1
, 𝑥
2
, . . . , 𝑥

|V|) that minimizes (4) under (3) and (2) con-
straints is the proposed segmentation state. The number of
labels must be at least two to avoid division by zero in
(3). Under the well-known four-color map theorem, four
labels {1, 2, 3, 4} are sufficient to define all possible segment
configurations for 2D images [19].

3.2. Optimization. Given the image label state x, the mean
values 𝜇

𝐶off
, 𝜇
𝐶on

can be estimated as in (3). Otherwise, if 𝜇
𝐶off

and 𝜇
𝐶on

are kept constant, the image label state x can be
found by optimizing the following pairwise energy function:

𝐸
𝐿
= ∑

(𝑢,V)∈E
𝜃
𝑢V (𝑥𝑢, 𝑥V) , (5)

𝜃
𝑢V (𝑥𝑢, 𝑥V) = (𝑤 (𝑢, V) − 𝜇𝐶off )

2

if 𝑥
𝑢
̸= 𝑥V,

𝜃
𝑢V (𝑥𝑢, 𝑥V) = (𝑤 (𝑢, V) − 𝜇𝐶on)

2

if 𝑥
𝑢
= 𝑥V.

(6)

If the labels between edges are not the same, the edge is
considered to be in the𝐶off cut set; otherwise, it belongs to the
𝐶on connected set. With 𝜇

𝐶off
and 𝜇
𝐶on

constants, minimizing
(5) is equivalent to minimizing the edge partition function
(4).

Themultilabel pairwise energy function (5) can be solved
by QPBO-𝛼-expansion. QPBO-𝛼-expansion optimizes the
multilabel MRFs by iteratively expanding a single label using
graph cut [27]. Graph cut can find the optimal expansion if
the expansion is submodular. In this problem, the expansions
are nonsubmodular. The pairwise potentials for QPBO-𝛼-
expansion, where 𝑥

𝑢
, 𝑥V ∈ x is the current label state, can be

defined as follows:

𝜃
𝑢V (𝑥𝑢, 𝑥V) = (𝑤 (𝑢, V) − 𝜇𝐶off )

2

if 𝑥
𝑢
̸= 𝑥V,

𝜃
𝑢V (𝑥𝑢, 𝑥V) = (𝑤 (𝑢, V) − 𝜇𝐶on)

2

if 𝑥
𝑢
= 𝑥V,

𝜃
𝑢V (𝑥𝑢, 𝛼V) = (𝑤 (𝑢, V) − 𝜇𝐶off )

2

if 𝑥
𝑢
̸= 𝛼V,

𝜃
𝑢V (𝑥𝑢, 𝛼V) = (𝑤 (𝑢, V) − 𝜇𝐶on)

2

if 𝑥
𝑢
= 𝛼V,

𝜃
𝑢V (𝛼𝑢, 𝑥V) = (𝑤 (𝑢, V) − 𝜇𝐶off )

2

if 𝛼
𝑢
̸= 𝑥V,

𝜃
𝑢V (𝛼𝑢, 𝑥V) = (𝑤 (𝑢, V) − 𝜇𝐶on)

2

if 𝛼
𝑢
= 𝑥V,

𝜃
𝑢V (𝛼𝑢, 𝛼V) = (𝑤 (𝑢, V) − 𝜇𝐶on)

2

.

(7)

This nonsubmodular binary labeling problem can be
approached using the QPBO algorithm [28] with the
possibility of a large number of unlabeled nodes. Recently
introduced, QPBO improve (QPBOI) algorithm can cope
with unlabeled regions [28]; however, this algorithm is not as
efficient as the graph cut which minimizes the submodular
potentials. The QPBOI algorithm can randomly improve
the solution, but iterations of the improved steps can be
time-consuming for large numbers of nodes.

Similar to the original 𝐾-means algorithm, good initial-
ization is helpful to the optimization. The initial estimation
of the means, 𝜇

𝐶off
and 𝜇

𝐶on
, can be found by a 𝐾-means

algorithm minimization of edge partitions (4) without the
labeling constraint of (2). To estimate the initial state x, the
pixel clustering 𝐾-means algorithm (1) can be used. The
general framework is illustrated in Algorithm 1.

3.3. Edge Weights. Various examples of the edge partition
segmentation results using the color distance edge weights
are shown in Figure 2 for the MSRC image database [29].
The color distance from the neighboring pixels is sufficient
for some image segmentation problems, but more rigorous
weight calculations are often suited for semantic segmen-
tation. Instead of proposing new edge weight calculations,
an existing state-of-the-art contour detection algorithm is
incorporated.

The global probability of the boundary (GPB) edge
detectionmethod [25, 30], which scored best for the Berkeley
database (http://www.cs.berkeley.edu/projects/vision/bsds),
is employed as the edge weights. The edge weights can be
connected between the pixel nodes, and the proposed edge
partitioning algorithm can be implemented. Figure 3 shows
the other segmentation results under the pixel-to-pixel edge
connections. Although Figures 3(a) and 3(b) show a good
segmentation result, the QPBOI algorithm cannot obtain
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(1) Estimate image label state x with the𝐾-means algorithm on pixels, 𝐾
𝑝
= 4.

(2) Estimate 𝜇
𝐶off

and 𝜇
𝐶on

by the𝐾-means algorithm minimization of (4)
without the labeling constraint of (2).

(3) Estimate the image label state x using the QPBOI-𝛼-expansion.
(keep 𝜇

𝐶off
and 𝜇

𝐶on
constant)

(4) Estimate 𝜇
𝐶off

and 𝜇
𝐶on

from the image label state x.
(5) If 𝜇

𝐶off
and 𝜇

𝐶on
are unchanged, terminate.

Else, repeat steps 3 and 4.

Algorithm 1: Minimizing Edge Partition.

Figure 2: Even with the simple color distance weight, the edge partitions can produce adequate segmentation results. Some of the
segmentation results from the MSRC database are shown.

(a) (b) (c) (d)

Figure 3: The QPBOI optimization scheme can be efficient for (a) and (b). However, for many cases, the nonsubmodular potentials are too
strong, and the QPBOI optimization fails in (c) and (d). More iterations of QPBOI can improve the result; however, iterations are time-
consuming without improvement guarantees. Superpixel images are used in this study to reduce the computation time and increase the
QPBOI iterations.

a good segmentation in Figures 3(c) and 3(d). The QPBOI
algorithm often fails in the presence of a large number of
nodes. Thus, to reduce both the computational time and the
chance of failure in the QPBOI algorithm, the oversegmen-
tation process is adopted from [25] in this segmentation.The
edges are connected between the superpixels instead of the
pixels.The number of oversegments is between 400 and 1000.

The edge partitioning algorithm segments a BSDS image
average in under 5 seconds.

4. Evaluation

The proposed edge partition approach is evaluated using
the popular Berkeley image database. The set contains 300
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(a) Image

(b) CtoR

(c) EPartition

Figure 4: The segmentation results from Table 1 are shown for CtoR and the proposed EPartition.

images with at least four human segment annotations per
image. The three quantitative evaluation methods used are
as follows: Probabilistic Rand Index (PRI) [31], Variation of
Information (VoI) [32], and Boundary Displacement Error
(BDE) [33]. Global Consistency Error (GCE) [34] is not
included in this evaluation. GCE measures the extent to
which one segmentation can be viewed as a refinement of
another. However, one pixel per segment and one segment
for an entire image can give zero error for GCE [31]. GCE
favors extremely oversegmented or undersegmented results,
and both cases are unwanted for a semantic segmentation.
GCE is deemed to be an inconsistent evaluation method.

The evaluation methods used in this study are PRI, VoI,
and BDE. PRI counts the number of consistent labels between
the segmentation and the ground truth. VoI measures the
segmentation randomness that cannot be explained by the
ground truth. BDE is the average displacement error or
the boundary pixels between two segmentation results. PRI
counts the correctness in segmentation, while VoI and BDE
measure the errors between the segmentation and ground
truth. In the first subsection, the proposed method is eval-
uated against various segmentation methods. In the second
subsection, the comparison between the proposed and the
merge-threshold methods is demonstrated using the same
edge weights.

4.1. Comparison to the Previous Segmentation Methods. Gen-
erally, the parameters are constant for the entire database
and test methods. This evaluation includes mean shift

(MShift) [1], graph-based segmentation (GBIS) [21], JSEG
[20], Normalized Tree Partitioning (NTP) [22], saliency-
based segmentation (Saliency) [23], Boundary Encoding
Based Segmentation (TBES) [24], normalized cut (Ncut) [11],
and fully connected spectral segmentation (SpecSeg) [13].
Additionally, contour to region (CtoR) [25] uses the same
edge weights. Table 1 summarizes the performance of these
methods. Many of the evaluation results are obtained from
[13].

For PRI measurements, the merge-threshold method of
CtoR ranks first. The proposed segmentation ranks first for
VoI and BDE. The CtoR method is available to the public by
the authors. The threshold value for the CtoR method was
chosen to be 80 for its highest average ranking. A number of
segmentation results of CtoR and of the proposed EPartition
are shown in Figure 4. For the normalized cut and fully
connected spectral segmentation, the segmentation number
is chosen for each image and is excluded from the rankings.

CtoR and EPartition use the same edge weights; thus,
their performances are similar. However, in CtoR, a merge-
threshold algorithm is used for segmentation. Different
thresholds among integer intervals {1, . . . , 255} are shown
for the PRI, VoI, and BDE evaluation methods in Figure 5.
Generally, PRI and BDE favor oversegmentation and VoI
favors undersegmentation. The optimal threshold value is
generally smaller for PRI and BDE than VoI.

In contrast, the edge partitioning segmentation is inde-
pendent of a threshold value. Figure 5 shows the performance
of the CtoR merge-threshold method in terms of threshold
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Figure 5: The segmentation evaluation (PRI, VoI, and BDE) versus threshold values is plotted for CtoR. Different threshold values give an
optimal score for each segmentation evaluation approach. In contrast, the proposed EPartition is independent of the threshold values and
finds the approximate optimal segmentation for all evaluation approaches.

values. The proposed EPartition segmentation evaluation
scores for PRI, BDE, and VoI are very close to the highest
evaluation score of CtoR. However, the merge-threshold
method in CtoR requires a specific threshold value for
each segmentation evaluation method. The advantage of
EPartition is that correct segmentation is possible without the
designation of segmentation number or a threshold value.

4.2. Comparison to Trained Threshold. In previous experi-
ments, EPartition was shown to have competitive perfor-
mance with CtoR when the optimal threshold value is hand-
picked for CtoR. In this section, the threshold value is
trained from the Berkeley 300 set and the segmentation
performances are compared to the Weizmann segmentation
set [35]. The Weizmann set contains 100 images with three
human segmentation annotations.

In Table 2, the segmentation evaluations of the CtoR
and EPartition methods are compared. There is a minus-
cule difference for PRI and small differences in the VoI
evaluation methods. For BDE evaluation, EPartition clearly
outperforms CtoR method. The trained threshold value was
not robust for different segmentation evaluation approaches.
By partitioning the edges through minimizing the mean
squared distance, the proposed EPartition shows adaptive
performance among the three evaluation methods. Various
comparative segmentation results are shown in Figure 6.

5. Conclusion and Future Works

In this paper, image segmentation by edge partitioning
is proposed. In contrast with previous edge weight-based
segmentationmethods, such as normalized cut, the proposed
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Figure 6: The segmentation results from Table 2 are shown for CtoR and the proposed EPartition.

method is independent of the number of segments. Fur-
thermore, compared with the previous segmentation tech-
niques, edge partitioning remains competitive without the
need for the segmentation number selection. Segmentation
by edge partitioning has shown to be competitive with
previous segmentation techniques in the Berkeley database.
The advantage of the proposed method lies in its adaptive
nature for handling edge weights without threshold values or
segment number assignments.

The proposed algorithm can be extended to general
partitioning problems. Four labels are sufficient when seg-
menting 2D images. However, for fully connected graphs,
the number of labels can be arbitrarily large. If a maximum
number of labels are chosen, the edge partitioning method

can be incorporated into a general partition problem without
designating the specific number of partitions among nodes.
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An important topic in the study of the time series behavior and, in particular, meteorological time series is the long-range
dependence. This paper explores the behavior of rainfall variations in different periods, using long-range correlations analysis.
Semivariograms and Hurst exponent were applied to historical data in different pluviometric stations of the Rı́o Bravo-San Juan
watershed, at the hydrographic RH-24Mexico region.Thedatabasewas provided by theWaterNational Commission (CONAGUA).
Using the semivariograms, the Hurst exponent was obtained and used as an input to perform a cluster analysis of rainfall stations.
Groups of homogeneous samples that might be useful in a regional frequency analysis were obtained through the process.

1. Introduction

When limited observations of hydrological events are avail-
able, the ability to provide appropriate characterization, anal-
ysis, and predictions of a phenomenon gets compromised.
However, the analysis can be improved by identifying homo-
geneous samples that can be used in combination to make
better estimates of a probability model. This is one of the
major concerns within the practice of regional frequency
analysis (RFA), where the final output is the estimation of
extreme events in a geographical area that can be used as
input in risk analysis, water management, zoning, and land
use applications, Hosking and Wallis [1]. However, the esti-
mation of extreme events is considered a complex problem,
mostly because the information is usually limited, serial
correlation exists, multiple change-points might be present,
and observations follow trends and seasonal patterns. To
address these issues, hydrological time series studies have
been successfully applied in the past, Machiwal and Jha [2];
however, most research efforts have been focused on trend
detection tests, leaving aside other important properties such

as stationarity, homogeneity, periodicity, and persistence. By
addressing these properties, a better selection of homoge-
neous samplesmight be possible, and as a consequence, prac-
titioners might achieve better predictions.

Previous works on time series analysis in climatology
with applications in precipitation go back to Bhuiya [3], with
the development of a test for stationarity after periodic and
trend components were subtracted from hydrologic series.
Buishand [4] used trend tests to evaluate the difference in
precipitation between rural and urban areas of Amsterdan
and Rotterdam. Buishand [5, 6] constructed several tests of
homogeneity in the mean of series with the use of cumulative
sums, likelihood tests, and Bayesian inference. Kothyari et
al. [7] evaluated three stations in India, Agra, Dehradun,
and Dehli, to test for changes in rainfall and temperature,
providing evidence of a change in the number of rainy days
during monsoon season and an increment in temperature.
Giakoumakis and Baloutsos [8] performed a trend analysis
on historical series of annual precipitations from the basin
of the Evinos Riven in Greece. By applying different tests
of randomness, decreasing trends were found in the rainfall
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records. Other authors dealing with trend analysis, homo-
geneity, and change-points found in the literature are Angel
andHuff [9],Mirza et al. [10], Tarhule andWoo [11], Luı́s et al.
[12], Kripalani and Kulkarni [13], Adamowski and Bougadis
[14], Yu et al. [15], and Kumar et al. [16]. A comprehensive
review of these works can be found in Machiwal and Jha
[2] with descriptions of related developments in hydrological
time series analysis.

Recent developments in hydrological analysis include the
works of Golian et al. [17] with a classification and clustering
approach of rainfall data using the natural-breaks classifi-
cation method and the fuzzy c-means (FCM) algorithm.
Shi et al. [18] analyzed variations in trends for precipitation
data using a linear regressionmethod, theMann-Kendall test,
and the Hurst exponent. The Hurst exponent, as part of a
fractal analysis, was used to evaluate long-range dependence
and the possibility of trends in the data. The following works
around the Hurst exponent include the developments of
Golder et al. [19], where the Hurst exponent is also used
to explore long-term correlations, and cumulative rainfall
observations weremodeled using the alpha-stable probability
law to deal with heavy-tailed distributions. Chang [20]
extended the application of theHurst exponent by developing
a computation approach to estimate the exponent over time
series that fits a discrete time fractional Brownianmotion and
fractional Gaussian noise. Yu et al. [21] also studied long-
term correlations using the Hurst exponent and performed
a multifractal analysis of rainfall series (see Kantelhardt [22])
based on a multiplicative cascade model and a multifractal
detrended fluctuation analysis. Other recent works on time
series analysis can be found in Carbone et al. [23] with
the construction of a simulation model of storms using a
double exponential distribution. Chou [24] investigated the
complexity at different temporal scales of rainfall and runoff
time series using the sample-entropy method, and finally,
Garćıa-Maŕın et al. [25] performed a regional frequency
analysis over rainfall data from Málaga, Spain, where the
grouping of stations into homogenous regions has been done
by following a cluster analysis with multifractal values of the
different series.

In this paper, a clustering approach is used to group sta-
tions into homogeneous samples after summarizing the
results of semivariogram analysis into a Hurst exponent. As a
case study, a sample of pluviometric stations, the Rı́o Bravo-
San Juanwatershed, at theRH-24Mexico regionwas analyzed
(Figure 1). A map of the Rı́o Bravo-San Juan watershed is
shown in Figure 2. This region is located in Mexico between
the states of Nuevo León, Coahuila, and Tamaulipas covering
an approximate area of 29420 km2. Some of the rainfall sta-
tions are shown in Figure 3.The data used has been provided
by CONAGUA, the local institution responsible for water
management in the country.

2. Problem Description

In practice, to performRFA, it is required to identify homoge-
neous regions where data follow similar patterns that can be
analyzed together to improve the identification of probability
models that in turn can be used to estimate extreme events

Figure 1: The watersheds of Mexico with Google Earth. In black
edge, the Rı́o Bravo-San Juan watershed. Source of the database:
http://www.conagua.gob.mx/.

Figure 2: Rı́o Bravo-San Juan watershed (San Juan river in blue).
Image source: “Water Management in the Rı́o San Juan Watershed,
in the Southern Rı́o Bravo Hydrologic Region of Mexico” at http://
earthzine.org/2012/08/13/.

and their frequency in terms of return periods. This analysis
is usually executed when dealing with droughts, pollution,
wind movement, temperature, atmospheric pressure, and
rainfall observations, to name a few. These researches deal
with the problem of finding groups of rainfall stations that
create homogeneous regions by considering fractal structures
captured through semivariograms and Hurst exponents.
Rainfall data from a sample of the hydrographic region RH-
24 Mexico, the Rı́o Bravo-San Juan watershed, are used as a
case study to evaluate the proposed approach.

3. Methodology

Semivariograms, in the present study, are used to quantify
long-range correlations of data from different pluviometric
stations usingmonthly records. By considering the analysis of
semivariograms of historical series, a rescaled range analysis
𝑅/𝑆 is performed to obtain a measure of the Hurst exponent
[26]. The Hurst exponent is used as a metric of a particular
pluviometric station. The process is repeated over each
pluviometric station within the region under analysis. Hurst
exponents are used as a reference to identify stations that
exhibit similar patterns. As a consequence, a cluster analysis
is applied to identify homogeneous samples. An advantage
of the Hurst exponent is the simplicity of its algorithm that
can be used to measure the condition of persistence or
antipersistence of a process, and it provides a metric that can
be used to classify different time series.
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Figure 3: Geographical locations (from Google Earth) of the
pluviometric stations at the Rı́o Bravo-San Juan watershed. Source
of the database: http://www.conagua.gob.mx/.

3.1. Semivariogram. The semivariogram or variogram 𝛾(ℎ)

is used to describe the relationship of paired observations
separated by a distance ℎ. It is a geostatistical technique that
allows a quantitative measure of the long-range persistence
in nonstationary time series Witt and Malamud [27], Haslett
[28], and Dmowska and Saltzman [29]. Correlations over
time and space create patterns that can be used to describe
the behavior of a set of observations. Mathematically, the
variogram estimates the expected squared difference between
neighboring random variables. This calculation is performed
over different ℎ values. Given a time series or stochastic
processes {𝑋

𝑡
, 𝑡 ≥ 0}, the autocovariance function at the

point (𝑡, 𝑡 + ℎ) is defined as 𝐶
𝑋
(𝑡, 𝑡 + ℎ) = 𝐸[𝑋

𝑡
𝑋
𝑡+ℎ
] −

𝐸[𝑋
𝑡
]𝐸[𝑋
𝑡+ℎ
], with 𝐸[𝑋

𝑡
] as the mean of the process at time

𝑡. The semivariogram 𝛾(ℎ) is given by half of the variance
of the difference between pairs of observations at different
“locations” in time:
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(1)

where −1 ≤ 𝜌
𝑋
(𝑡, 𝑡 + ℎ) ≤ 1 is the autocorrelation function

(the autocovariance function normalized).
In the special case when 𝜌(𝑥

𝑡+ℎ
, 𝑥
𝑡
) = 0, ∀(𝑡, ℎ), it is said

that the stochastic processes {𝑋
𝑡
, 𝑡 ≥ 0} are uncorrelated and

the semivariogram is reduced to the arithmetic mean of the
variance of processes at times 𝑡 and 𝑡 + ℎ:

𝛾 (ℎ) =
Var (𝑋

𝑡
) + Var (𝑋

𝑡+ℎ
)

2
. (2)

If the random field {𝑋
𝑡
, 𝑡 ≥ 0} has constant mean =

𝐸[𝑋
𝑡
] = 𝐸[𝑋

𝑡+ℎ
] = 𝜇 ∀𝑡, the semivariogram (1) adopts the

simple form:

𝛾 (ℎ) =
1

2
𝐸 [(𝑋
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− 𝑋
𝑡
)
2
] . (3)

If 𝑋(𝑡) and 𝑋(𝑡 + ℎ) are independent random variables
∀𝑡, again, though for a different reason, the semivariogram is
reduced to the special case (2).

In principle, given a stochastic process {𝑋
𝑡
, 𝑡 ≥ 0}, the

expected value of differences 𝐸[𝑋
𝑡+ℎ
−𝑋
𝑡
] at time 𝑡 and with

lag ℎ is empirically estimated by the average over a “large
enough” ensemble of realizations or paths in time. However,
for a single time series {𝑋

𝑛
, 𝑛 = 1, 2, . . . , 𝑛}, the expected

value can be estimated assuming an ergodic hypothesis, that
is, a statistical principle of equivalence according to which the
average over time and the average over the ensemble are the
same, Lefebvre [30].Thereby the differences𝑋

𝑡+ℎ
−𝑋
𝑡
, which

would be obtainedwith an infinitely reproducible process, are
“simulated” or “cloned” from the “mother series.” Thus, the
average value of differences𝑋

𝑡+ℎ
− 𝑋
𝑡
is estimated by
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where 𝑛(ℎ) is the number of differences with a lag ℎ. When
ℎ = 1, 2, 3, . . ., the averages (4) are, respectively,
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𝑥
𝑛−𝑗
−

𝑘

∑

𝑙=1

𝑥
𝑙
) .

(5)

According to (5) for a maximum value of ℎ “relatively
moderate” or ℎ/𝑛 < 1, except in the presence of isolated
extreme outliers, the two summations in (5) are roughly of the
same order, such that the empirical average value (4) can be
approximated by 𝐸[𝑋

𝑡+ℎ
] ≈ 𝐸[𝑋

𝑡
] = 𝑚 = constant.This is an

observed characteristic in the time series of the pluviometric
stations. Therefore, the corresponding estimator of (3) is
simply

𝛾 (ℎ) =
1

2𝑛 (ℎ)

𝑛(ℎ)

∑

𝑡=1

(𝑥
𝑡+ℎ
− 𝑥
𝑡
)
2
. (6)

3.2. Measurement of the Hurst Exponent 𝐻. To estimate the
Hurst exponent from a temporal series {𝑋

𝑘
}, with 𝑘 ∈

1, 2, . . . , 𝑁, the series is divided in a group of 𝑑-subseries of
length𝑚. Really, the size𝑚 is an average number. A standard
way, though not the only, to obtain the𝑚 size of the subseries
is partitioning the original series in powers of base 2. In doing
so, in each of the successive partitions, the approximate value
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of𝑚 is as follows:𝑁,𝑁/2,𝑁/22,𝑁/23, . . .. For each subseries
𝑛 = 1, 2, . . . , 𝑑, do the following:

(1) Calculate the mean 𝐸
𝑛
and the standard deviation 𝑆

𝑛
.

(2) Calculate the deviation with respect to the mean by
subtracting the mean of each element using

𝑍
𝑖𝑛
= 𝑋
𝑖𝑛
− 𝐸
𝑛
, 𝑖 = 1, 2, . . . , 𝑚. (7)

(3) Get the partial sums:

𝑌
𝑖𝑛
=

𝑖

∑

𝑗=1

𝑍
𝑗𝑛
, 𝑖 = 1, 2, . . . , 𝑚. (8)

(4) Calculate the range:
𝑅
𝑛
= max
𝑖=1:𝑚

(𝑌
𝑖𝑛
) − min
𝑖=1:𝑚

(𝑌
𝑖𝑛
) . (9)

(5) Normalize the range:
𝑅
𝑛

𝑆
𝑛

. (10)

(6) For each subseries of length𝑚 take the average:

⟨
𝑅

𝑆
⟩
𝑚

=
1

𝑑

𝑑

∑

𝑛=1

𝑅
𝑛

𝑆
𝑛

. (11)

(7) Hurst [26] found the relation of the statistical ⟨𝑅/𝑆⟩
𝑚

given by the following power law:

⟨
𝑅

𝑆
⟩
𝑚

≈ 𝑐𝑚
𝐻
, (12)

where 𝐻 is the Hurst exponent and 𝑐 is a positive
constant.

Two factors involved in the determination of the Hurst
coefficient are the way time series is divided into a group of
subseries and the asymptotic behavior of the rescaled range.
First, the range of values 𝑚 are used to calculate the slope of
log(⟨𝑅/𝑆⟩

𝑚
) given the relationship

log(⟨𝑅
𝑆
⟩
𝑚

) = log (𝑐) + 𝐻 log (𝑚) . (13)

Second, the determination of𝐻 is the result of the asymptotic
behavior of the rescaled range, that is, when the value𝑚 tends
to infinity. The analysis of the rescaled ⟨𝑅/𝑆⟩

𝑚
over some

values of 𝑚 is estimated using a log/log expression given in
(13). To obtain𝐻 coefficient, the least-squaresmethod is used.
The slope of this line is the Hurst coefficient𝐻.

This exponent is considered a fractal index, Mandelbrot
and Wallis [31], and provides information about long-term
correlations exhibited by a series of observations; for a
theoretical review of the Hurst exponent, see Mandelbrot
[32]. In practice, the Hurst exponent can take values between
0 and 1, where

(i) 0 < 𝐻 < 0.5 indicates nonpersistency in a series; that
is, an increment is more likely to be followed by a
decrement and vice versa;

(ii) 𝐻 = 0.5 indicates lack of serial correlation (Gaussian
white noise);

(iii) 0.5 < 𝐻 < 1 indicates persistency; that is, an incre-
ment is likely to be followed by an increment and a
decrement by another decrement.
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Figure 4: Time series for rainfall measurements from three stations
at Rı́o Bravo-San Juan watershed, Mexico. From the top to the bot-
tom, respectively: Apodaca, station number 19004, 1940 January–
2012 December; El Cuchillo, station number 19016, 1939 January–
2012 December; La Boca, station number 19069, 1923 January–2012
December.

4. Results

To illustrate the procedure, only the analysis of three rainfall
stations was selected to be presented in this section. The
measured values ofmonthly precipitation inmillimeters from
the stations Apodaca, El Cuchillo, and La Boca are displayed
in Figure 4, and results obtained taking into account all
stations (following the same process) are presented at the end
of this section.

As can be seen, patterns and relationships between
different stations are difficult to assess only through “eyeball”
analysis. However, when semivariograms are obtained, as
shown in Figure 5, a footprint of the data becomes more
evident. A closer inspection in every station shows a seasonal
pattern that repeats every 12 observations in the semivari-
ogram. This can be explained due to the fact that monthly
observations were used in the analysis.

Once the semivariograms were obtained, the Hurst expo-
nent for the series of the 𝛾 values was calculated. It can be seen
thatHurst coefficients are close to 1, which indicates a positive
long dependency of the data in the semivariograms. Hurst
exponents from all stations under analysis are presented
in Table 1, where the long dependency in all variograms
becomes clear. Someof the coefficients that appear in the table
exceed the interval established of possible values of the Hurst
exponent, 0 < 𝐻 < 1; this is a known error due to estimation
bias or a possible linear retrogression.

To address the issue of finding homogeneous samples,
a cluster analysis is performed using estimates of the Hurst
exponent. As shown in Figure 6, a histogram of frequencies
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Table 1: Hurst coefficients for semivariogram (6) from pluviometric stations at Rı́o Bravo-San Juan watershed.

Station Name Latitude Longitude Data Hurst
19015 El Cerrito 25 30 36 100 11 36 1939–2012 0.71245
19039 Las Enramadas 25 30 05 099 31 17 1940–2012 0.78917
19018 El Pajonal 25 29 23 100 23 20 1955–2012 0.79764
19012 Ciénega de Flores 25 57 08 100 10 20 1940–2012 0.80106
19003 Allende 25 17 01 100 01 13 1940–2012 0.82492
19069 La Boca 25 25 46 100 07 44 1923–2013 0.8387
19189 El Pastor 25 09 06 099 55 36 1987–2011 0.84065
19009 Casillas 25 11 47 100 12 51 1956–2012 0.84258
19187 California 25 18 23 099 44 02 1982–2011 0.84406
19173 Palmitos 25 25 02 099 59 50 1982–2012 0.85304
19002 Agua Blanca 25 32 39 100 31 23 1958–2012 0.86171
19134 Salinas Victoria 25 57 33 100 17 34 1979–2011 0.86501
19031 La Cruz 25 32 47 100 31 23 1955–2011 0.86751
19036 La Popa 26 09 50 100 49 40 1956–2011 0.87324
19008 Cadereyta Jiménez 25 35 25 099 58 30 1995–2012 0.87335
19185 El Canada 25 02 48 099 56 29 1982–2011 0.87351
19056 San Juan 25 32 36 099 50 25 1944–2012 0.87678
19016 El Cuchillo 25 43 05 099 15 21 1960–2012 0.87778
19052 Monterrey(Obs) 25 44 01 100 16 01 1986–2008 0.87802
19026 Icamole 25 56 28 100 41 13 1954–2012 0.88481
19200 La Cienega 25 32 10 100 07 15 1984–2011 0.89216
19004 Apodaca 25 47 37 100 11 50 1964–2012 0.89506
19047 Mimbres 24 58 26 100 15 31 1957–2011 0.89837
19140 Tepehuaje 25 30 19 099 46 15 1979–2012 0.91092
19267 Santa Ma. La Floreña 25 10 59 99 46 00 1984–2011 0.91686
19048 Montemorelos 25 10 55 099 49 56 1940–2012 0.91836
19040 Los Aldama 26 03 52 099 11 48 1942–1994 0.92157
19022 General Bravo 25 48 05 099 10 32 1927–2012 0.92301
19158 Rancho de Gomas 26 10 11 100 27 52 1981–2011 0.93016
19045 Mina 26 00 08 100 32 00 1953–2012 0.93308
19054 Rinconada 25 40 52 100 43 03 1945–2012 0.93977
19165 Chupaderos del Indio 25 48 49 100 47 24 1982–2011 0.94288
19266 San Jose de Barranquillas 26 32 41 100 28 21 1978–2011 0.94911
19171 Lampacitos 25 06 38 099 53 57 1982–2011 0.95188
19264 Dr. Coss 25 51 16 099 56 36 1982–2011 0.96461
19170 El Hojase 26 06 55 100 21 38 1982–2011 1.00650

was used to separate stations into 6 clusters. These clusters
and the result of fitting probability distributions over the data
of each rainfall station are shown in Table 2.

Distributions were selected based on a goodness of fit
analysis. After identifying a set of feasible distributionswith𝑝
values bigger than a significant level of 0.05, in every case, the
distribution with the highest average 𝑝 value was selected for
each station. Gamma and Generalized Extreme Value were
the distributions that gave the best fit over the data analyzed.
These functions are

𝑓 (𝑥; 𝛼, 𝛽) =
𝑥
𝛼−1

𝛽𝛼Γ (𝛼)
𝑒
−𝑥/𝛽
, (14)

𝑓 (𝑥; 𝑘, 𝜎, 𝜇) =
1

𝜎
𝑒
−(1+𝑘𝑧)

−1/𝑘

(1 + 𝑘𝑧)
−1−1/𝑘

,

𝑧 =
𝑥 − 𝜇

𝜎
,

(15)

respectively.
As a result of the analysis, estimated distributions do not

mix within cluster. This input can be used in a posterior
analysis to obtain maximum likelihood estimators of the
distribution parameters using all data concurrently.

5. Conclusions

Variograms followed by analysis of 𝑅/𝑆 or Hurst exponent
estimation were used as input of a cluster analysis. Hurst
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Figure 5: Semivariogram (6) corresponding to the time series of
rainfall measurements from the three stations of the Rı́o Bravo-
San Juan watershed shown in Figure 4. In each case the maximum
lag ℎmax = 0.20 ∗ 𝑁 was used, with 𝑁 indicating the size of the
time series. For comparison, the semivariogram corresponding to
Gaussian white noise is included. From top to bottom, respectively:
Gaussian white noise, Apodaca (station number 19004), El Cuchillo
(station number 19016), and La Boca (station number 19069).
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Figure 6: Histogram for the Hurst exponents of the analyzed
pluviometric stations.

exponent provides a measure to determine if a time series is
like a Gaussian white noise or has underlying trends, and it
can be used to cluster the pluviometric stations according to
the values of their semivariograms. As a case study to evaluate
this approach, a sample of rainfall stations, those included
in the Rı́o Bravo-San Juan watershed from the hydrographic
region RH-24 Mexico, was used in the analysis. Long-range
dependency was found in every variogram evaluated with
the Hurst exponent; however, it was still found useful as
an input of a cluster analysis. A goodness of fit process
was executed with every series, and the results showed that

Table 2: Clustering of pluviometric stations by the Hurst exponent
of the semivariogram.

Cluster Station Hurst Distribution Parameters
1 19015 0.71245 Gamma(𝛼, 𝛽) (0.7022, 121.06)

3
19039 0.78917

Gamma(𝛼, 𝛽)
(0.8822, 101.75)

19018 0.79764 (0.5731, 78.07)
19012 0.80106 (0.5402, 119.7)

6

19003 0.82492

GEV(𝑘, 𝜎, 𝜇)

(0.349, 43.609, 38.143)
19069 0.83870 (0.389, 43.321, 33.483)
19189 0.84065 (0.453, 35.036, 22.915)
19009 0.84258 (0.376, 25.309, 17.281)
19187 0.84406 (0.377, 31.132, 24.640)
19173 0.85304 (0.379, 32.826, 25.056)

13

19002 0.86171

GEV(𝑘, 𝜎, 𝜇)

(0.351, 27.643, 20.471)
19134 0.86501 (0.319, 21.703, 16.845)
19031 0.86751 (0.313, 33.237, 23.081)
19036 0.87324 (0.506, 9.5213, 5.0588)
19008 0.87335 (0.407, 28.933, 22.421)
19185 0.87351 (0.379, 22.415, 16.03)
19056 0.87678 (0.372, 30.176, 22.56)
19016 0.87778 (0.366, 24.295, 16.683)
19052 0.87802 (0.429, 25.864, 19.559)
19026 0.88481 (0.418, 8.7536, 5.424)
19200 0.89216 (0.407, 33.194, 23.434)
19004 0.89506 (0.368, 23.938, 17.563)
19047 0.89837 (0.168, 33.305, 28.427)

11

19140 0.91092

GEV(𝑘, 𝜎, 𝜇)

(0.369, 30.367, 23.162)
19267 0.91686 (0.407, 20.642, 15.472)
19048 0.91836 (0.356, 37.599, 30.006)
19040 0.92157 (0.356, 20.614, 13.77)
19022 0.92301 (0.383, 25.054, 16.587)
19158 0.93016 (0.421, 16.537, 10.853)
19045 0.93308 (0.457, 12.116, 7.9187)
19054 0.93977 (0.485, 9.1504, 5.2866)
19165 0.94288 (0.434, 10.814, 6.4381)
19266 0.94911 (0.369, 32.361, 22.162)
19171 0.95188 (0.435, 31.356, 22.367)

2 19264 0.96461 GEV(𝑘, 𝜎, 𝜇) (0.401, 20.168, 1.2395)
19170 1.00650 (0.480, 20.046, 12.109)

existing dominant distributions within a feasible set (found
independently in each station) do not overlap over clusters.
The probability distributions were found nested within each
cluster. This is indicative that homogeneous patterns were
identified within groups, and groups were heterogeneous
between themselves.

The study of the rainfall stationswith semivariograms and
𝑅/𝑆 analysis provides a powerful tool that allows practitioners
to analyze long-term correlations and clustering in hydrolog-
ical time series. In future work, 𝐿-moments and spectral and
wavelets analysis will be used to improve understanding of
complex time series of pluviometric rainfall levels.
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[25] A. P. Garćıa-Maŕın, J. Estévez, M. T. Medina-Cobo, and J. L.
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This study presents a factorial experiment to investigate the ensemble of Kohonen Self-Organizing Maps. Clusters Validity Indexes
and the Mean Square Quantization Error were used as a criterion for fusing Kohonen Maps, through three different equations and
four approaches. Computational simulations were performed with traditional dataset, including those with high dimensionality,
not linearly separable classes, Gaussianmixtures, almost touching clusters, and unbalanced classes, from theUCIMachine Learning
Repository and from Fundamental Clustering Problems Suite, with variations in map size, number of ensemble components, and
the percentage of dataset bagging.The proposed method achieves a better classification than a single KohonenMap and we applied
the Wilcoxon Signed Rank Test to evidence its effectiveness.

1. Introduction

An ensemble is a collection of individual classifiers with
different parameters which may lead to a higher general-
ization than when it is working separately, as well as a
decrease in variance model and higher noise tolerance when
compared to a single component [1]. Each classifier operates
independently and generates a solution that is combined
by the ensemble producing a single output, as illustrated in
Figure 1.

For a successful outcome of the ensemble, it is necessary
that the components generalize differently and the errors
introduced by each componentmust be uncorrelated because
there is no point combining models that adopt the same
procedures and assumptions [2]. Furthermore, with a greater
diversity among the components, the ensemble’s performance
is increased [3].

For the Kohonen Self-Organizing Maps (SOM) [4],
uncorrelated errors can be obtained, for example, using
different sets of training or using variations of training
parameters for each neural network. The combination of
the outputs of the SOM maps into a single output can be
made by the fusion of the neurons of the maps that compose

the machine committee. These neurons must represent the
same input space of the region; namely, the weight vectors of
neurons to be fused should be very close.

The interest on ensemble methods has grown rapidly and
we can find its applications in a variety of knowledge areas.
In addition to ensemble or machine committee, there are
several denominations in the literature, such as classifiers
committees, combined classifiers, classifier ensemble, and
multiple classifier systems.

There are many ensemble applications to solve problems
in different areas. In [5] they compared merged maps with
the traditional SOM for document organization and retrieval.
As a criterion for combining maps, the Euclidean distance
between neurons was used in order to select the neurons
that were aligned, working with two maps each time, until
all maps were fused into one. In [6] the proposed method
outperforms the performance of the SOM in MSQE (Mean
Squared Quantization Error) and topology preservation, by
effectively locating the prototypes and relating the neigh-
bor nodes. In [7] authors aimed to preserve map’s topol-
ogy in order to obtain the most truthful visualization of
datasets. In [8] they investigate the use of relative validity
indexes in cluster ensemble selection. These indexes select
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Figure 1: Block diagram of an ensemble.

the components with the highest quality to participate in the
ensemble.

Different applications can be mentioned such as the
mechanical fault diagnosis for high voltage circuit breakers
[9], audio classification and segmentation [10], biomedical
data [11], image segmentation [12], robotic [13], identification
and characterization of computer attacks [14], unsupervised
analysis of outliers on astronomical data [15], financial
distress model [16], credit risk assessment [17], computer
vision quality inspection of components [18], performance
optimization of a classifier ensemble employed for target
tracking in video sequences [19], disease prediction [20], and
prediction of the duration of bus trips several days ahead [21].
Interesting reviews about this subject can be found in [22–25].

This work presents a contribution to the study of ensem-
ble of Self-Organizing Maps with equal sizes. The goal is
to improve the classification accuracy when compared to
a single map. The paper is organized as follows: Section 2
presents some important concepts for this work, Section 3
shows the methodology proposed for the maps fusion,
Section 4 presents the results obtained from the simulations,
and Section 5 presents the conclusions and proposals for
future works.

2. Background

2.1. Self-Organizing Maps. The Self-Organizing Maps (SOM)
is a neural network model, known as a method for dimen-
sionality reduction, data visualization, and data classification.
It has competitive and unsupervised learning, performing a
nonlinear projection of the input space 𝑅𝑝

𝑒
, with 𝑝 ≫ 2, in

a grid of neurons arranged in two-dimensional array. This
neural network has only two layers: an input and an output
layer [4].

The network inputs 𝑥 correspond to the 𝑝-dimensional
vector space. The neuron 𝑖 of the output layer is connected to
all the inputs of the network, being represented by a vector
of synaptic weights, also in 𝑝-dimensional space. Neurons in
output layer are connected to the adjacent neurons through
a neighborhood relationship that describes the topological
structure of the map.

During the training phase, following a random sequence,
input patterns 𝑥 are compared to the neurons of the output
layer. Through the Euclidean distance criterion a winning
neuron, called BMU (Best Match Unit), is chosen and will
represent the weight vector with the smallest distance to the
input pattern; that is, the BMUwill be the most similar to the
input 𝑥. Assigning the winner neuron index by 𝑐, the BMU
can be formally defined as a neuron according to

𝑥 − 𝑥𝑐
 = argmin

𝑖

𝑥 − 𝑤𝑖
 . (1)

Equation (2) adjust theBMUweights and the neighboring
neurons. Here 𝑡 indicates the iteration of the training process,
𝑥(𝑡) is the input pattern, and ℎ

𝑐𝑖
(𝑡) is the nucleus of neighbor-

hood around the winner neuron 𝑐:

𝑤
𝑖 (𝑡 + 1) = 𝑤𝑖 (𝑡) + 𝛼 (𝑡) ⋅ ℎ𝑐𝑖 (𝑡) ⋅ [𝑥 (𝑡) − 𝑤𝑖 (𝑡)] . (2)

There are twoways of training aKohonenmap: sequential
and batch training. The sequential training process of Self-
Organizing Maps consists of three stages:

(1) Competition: the input pattern is presented to the
network one by one and the output layer neurons will
compete against each other. The smallest Euclidean
distance between the synaptic weights of neurons and
the input pattern determines the only winner (BMU).

(2) Cooperation: chosen the winner neuron, this
becomes the center of a topological neighborhood of
activated neurons.

(3) Adaptation: neurons of certain topological neighbor-
hood adjusted their synaptic weights so that nearby
neurons to BMU suffer greater adjustments than the
more distant neurons.

Figure 2 shows the process of weights updating of winner
neuron and its neighborhood. The solid lines correspond to
the situation before the updating and the dashed lines show
the change due to the approach of BMU and their input
pattern neighbors 𝑥. The bright and dark circles, respectively,
represent the neurons before and after adjustment of the
weights.

TheGaussian function is used to describe the influence of
the BMU on its neighbors (update the synaptic weights). The
activated neuron tends to excite more intensively neurons in
its immediate vicinity and decays smoothly with the lateral
distance. Equation (3) shows how the neuron 𝑗 excitation is
calculated in relation to the winning neuron 𝑖where 𝑑

𝑖𝑗
is the

distance between the neurons 𝑖 and 𝑗.
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Figure 2: Weights updating [38].

At the end of the learning process, the output layer
neurons represent a nonlinear approximation of the input
patterns:

ℎ
𝑖𝑗
= exp(−

𝑑
2

𝑖𝑗

2𝜎2
) . (3)

In batch training process all input patterns are presented
to the network at once.Thus, the learning rate parameter 𝛼(𝑡)
is not necessary in (2) and randomness is not required in the
presentation of the input vector to the network.

2.2. Cluster Validity Index. Cluster validity indexes (CVI) are
used to evaluate the clustering algorithm results. Therefore,
it is possible to check if an algorithm found the groups that
best fit the data. The literature presents several CVI and
most of them have high computational complexity, which
can be a complicating factor in applications involving large
data volumes. To overcome this problem, a modification in
the CVI calculations was proposed in [16] using a vector
quantization produced byKohonenMap.The synaptic weight
vectors (prototypes) are used instead of the original data
and this leads to the decrease of the data amount, so the
computational complexity for calculating the CVI decreases
too. In the author’s proposal, the hits should be part of the
equation and not just prototypes, to avoid possible differences
between the values calculated with all data and only the
prototypes.

The CVI calculation always involves a measure of dis-
tance. The modification described in [26] changes the way
these processes are performed.We explain this by comparing
the two equations, the first for calculating the distance
between two clusters 𝐶

𝑖
and 𝐶

𝑗
in the traditional way (4) and

the other equation with the modifications for use with the
SOM (5). One has

𝛿
𝑖,𝑗
=

1

𝐶𝑖



𝐶
𝑗



∑

𝑧∈𝐶𝑖

𝑦∈𝐶𝑗

𝑑 (𝑥, 𝑦) .
(4)

In (4), 𝑑(𝑥, 𝑦) is a distance measure, and |𝐶
𝑖
| and |𝐶

𝑗
|

refer to the clusters’ amount of points 𝐶
𝑖
and 𝐶

𝑗
, respectively.

When the amount of those points is high, the computational
complexity is also high.

Equation (5) shows the modification considering the hits
[26]:

𝛿
𝑖,𝑗
=

1

𝐶𝑖



𝐶
𝑗



∑

𝑤𝑖∈𝑊𝑖

𝑤𝑗∈𝑊𝑗

ℎ (𝑤
𝑖
) ⋅ ℎ (𝑤

𝑗
) ⋅ 𝑑 (𝑤

𝑖
, 𝑤
𝑗
) ,

(5)

where𝑊
𝑖
and𝑊

𝑗
are the SOM prototype sets that represent

the clusters 𝐶
𝑖
and 𝐶

𝑗
, respectively, 𝑑(𝑤

𝑖
, 𝑤
𝑗
) is the same

distance measure type of (4), ℎ(𝑤
𝑖
) is the prototype’s hits 𝑤

𝑖

belonging to𝑊
𝑖
, and ℎ(𝑤

𝑗
) is the prototype’s hits𝑤

𝑗
belonging

to𝑊
𝑗
.

Equation (5) presents a lower computational cost since
the quantities involved, 𝑤

𝑖
and 𝑤

𝑗
, are lower than 𝐶

𝑖
and 𝐶

𝑗
.

The inclusion of the prototypes’ hits leads to error minimiza-
tion caused by the vector quantization that Kohonen Map
produces, since it introduces in the calculation the approach
for the points density in the input space, here represented by
prototypes.

2.3. Bagging. There are three steps to obtain the components
of an ensemble: generation, selection, and combination of
individual components. In the component generation step it
is necessary diversity among the components to ensure that
each network generalizes differently. It can be achieved with
random initialization of the weights for each component,
the variation in the architecture of the neural network, the
variation of the training algorithmor data resampling, among
others.

In data resampling case, the Bagging [27] is a widely used
technique. It consists in generating different training subsets
from a single set via resampling with replacement. The sam-
ples selection from the original set has uniform probability
distribution. Therefore, there will be some samples selected
more than once, because of the replacement. There is the
possibility that components do not generalize satisfactorily,
but the ensemble of these models can result in a better
generalization than each one of the individual components.

3. Materials and Methods

The method consists in the fusion of Kohonen maps formed
from fractions of dataset created by bagging algorithm. The
process overview is shown in Figure 3. The fusion occurs
between two neurons that have the minimum Euclidean
distance between them, indicating that they represent the
same region of the input space.

The bagging method was used for generating subsets
(resampling) from the training set, with uniform probability
and replacement. The SOM was applied to each subset
produced by bagging and all maps were segmented by 𝑘-
means algorithm. Since not all the components should be
used, because it can affect the final ensemble performance
[28], the way to select these candidates will be through cluster
validity index, modified for use with SOM, proposed by [26].
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Figure 3: Equal sizes maps fusion process overview.

In this work the cluster validity indexes CDbw [29], Calinski-
Harabasz [30], generalized Dunn [31], PBM [32], and Davies-
Bouldin [33] were used as parameters in fusion decision
process (consensus function).

The ranking-based selection method can be described in
this way: the candidates to compose the ensemble are ranked
based on clusters validity indexes values, which will measure
the individual performance of each component.

3.1. Fusion Equations. We tested three different equations
for neurons fusion. The first, equation (6), is an arithmetic
average between theweight vectors of the neurons to be fused:

𝑤
𝑐
=
𝑤
𝑖
+ 𝑤
𝑗

2
. (6)

The purpose of second equation was to avoid the influ-
ence of neurons without hits, as shown in

𝑤
𝑐
=
𝑤
𝑖
⋅ ℎ
𝑖
+ 𝑤
𝑗
⋅ ℎ
𝑗

ℎ
𝑖
+ ℎ
𝑗

. (7)

Through (8), the third equation tested, we investigated
whether the weighted fusion by CVI could result in an
improvement in classification accuracy:

𝑤
𝑐
=
𝑤
𝑖
⋅ ℎ
𝑖
⋅ 𝐶𝑉
𝑖
+ 𝑤
𝑗
⋅ ℎ
𝑗
⋅ 𝐶𝑉
𝑗

ℎ
𝑖
⋅ 𝐶𝑉
𝑖
+ ℎ
𝑗
⋅ 𝐶𝑉
𝑗

, (8)

where 𝑤
𝑐
is the fusion result of neurons 𝑤

𝑖
and 𝑤

𝑗
, consid-

ering ℎ
𝑖
and ℎ

𝑗
the prototype’s hits and 𝐶𝑉

𝑖
and 𝐶𝑉

𝑗
the CVI

from maps to be fused.

3.2. Factorial Experiment. We defined a factorial experiment
to validate our approach. The maps size was varied in 10 ×
10, 15 × 15, and 20 × 20. Through the bagging 10 sets were
generated containing the following quantities of subsets: 10,
20, and 30 up to 100 subsets. These subsets were created with
different data rates: 50%, 70%, and 90% of the training set;
that is, for each map size, it has ten different numbers of
subsets and three different values of bagging percentage.This
combination results in 900 maps. Thus, the first experiment
map has the size equal to 10 × 10, with 10 subsets generated by
bagging with a percentage of 50%, as show in Figure 4.

3.3. Approaches. Four distinct approaches were defined to
maps fusion, as a combination between ranked maps and
maps fusion criteria. The ranking was based in five CVI
and MSQE (Mean Square Quantization Error), defined in
[6], and the maps fusion was based in five CVI and MSQE
improvement criterion:

10 50% 

20

30

70% 

90% 

100

Map size Subset number Bagging (%)

10 × 10

15 × 15

20 × 20

...

Figure 4: Structure of the factorial experiment.

(A) Maps ranked by CVI and fused by MSQE improve-
ment criterion.

(B) Maps ranked by MSQE and fused by CVI improve-
ment criterion.

(C) Maps ranked by CVI and fused by CVI improvement
criterion.

(D) Maps ranked byMSQE and fused byMSQE improve-
ment criterion.

The MSQE indicates how well the units of the map
approximate the data on the dataset [7]; that is, it can be
employed to evaluate the adaptation quality to the data [6].

In the first approach, the maps were ranked by five CVI,
but the fusion process was controlled byMSQE improvement
of the fused map. In the second approach, the maps were
ranked byMSQEand the fusion processwas validated by each
one CVI improvement. In third approach, maps were ranked
by each CVI and the fusion was controlled by CVI increase;
that is, if the maps were ranked according to the Davies-
Bouldin cluster validity index, the fusion will be controlled
by the improvement of this index. At last, in the fourth
approach the maps were ranked by MSQE and fused by
MSQE improvement. Figure 5 shows the fusion process.

3.4. Proposed Fusion Algorithm. Theproposed algorithmwas
applied in each one of the combinations shown in Figure 4
and according to approaches in Figure 5. It can be described
as follows.

Algorithm 1 (overall fusion process).

Input. Dataset, map size, subset number, and bagging
percentage.

(1) Generate, through the bagging, subsets from the
training set.

(2) Apply the SOM to the subsets generated, resulting in
𝑁
𝑖
(𝑖 = 1, 2, . . .)maps with the same dimension.

(3) Segment the maps, with 𝑘-means algorithm.
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Figure 5: The four approaches to maps fusion.

(4) Calculate the CVI and MSQE for each 𝑁
𝑖
(𝑖 =

1, 2, . . .) map and rank them according to this value,
from the best index to the worst.

(5) The base map (one with the best CVI orMSQE value)
is fused with the next best map, according to the
sorted CVI or MSQE and (6), (7), and (8).

(6) Calculate the CVI or MSQE of fused map.

(7) If there is an improvement in the CVI orMSQE value,
the map resulting from the fusion becomes the base
map, then return to step (5) until all maps are fused in
this way. Otherwise, discard the fusion between these
two maps and return to step (5) until all maps are
fused.

Output. Fused maps.

The main parameters of SOM were hexagonal lattice,
Gaussian neighborhood, initial training radius equal to 4, and
final training radius equal to 1 and 2000 training epochs.

Due to random initialization, 𝑘-means algorithm is
repeated 10 times and the result with the smallest sum of
squared errors is selected.

4. Results and Discussion

4.1. Datasets. The proposed method was tested through
datasets with different characteristics from the UCI Repos-
itory [34] and from Fundamental Clustering Problems Suite
(FCPS) [35], as shown in Table 1. Lines with missing values
were removed from the datasets.

4.2. Results. The aim of the simulation was to verify in which
map size the number of subsets and bagging percentage
configuration best accuracy value could be obtained. Each
experiment was run 10 times and mean values for a 95%
confidential interval were obtained. The results were com-
pared with a single SOM map, to verify the improvement in
classification accuracy.

Table 1: Datasets.

Dataset Repository Instances Attributes Classes
Chainlink FCPS 1000 3 3
Engytime FCPS 4096 2 2
Lsun FCPS 400 2 3
Tetra FCPS 400 3 4
TwoDiamonds FCPS 800 2 2
Wingnut FCPS 1070 2 2
BCWisconsin UCI 699 9 2
Column UCI 310 6 2
Heart UCI 303 75 2
Ionosphere UCI 351 34 2
Iris UCI 150 4 3
PimaIndians UCI 768 8 2
Seeds UCI 210 7 3
Wine UCI 178 33 3

4.2.1. General Result. Table 2 shows the best experimental
results for each dataset; that is, which approach and which
CVI resulted in the best accuracy value for each dataset.

The column “Equation” shows the best fusion equation
for each dataset. Equation (6) is the simplest of the three
tested equations, being just a simple average between two
neurons weight vectors. Equation (7) is a weighted average
of the hits neurons. Equation (8) makes a weighted average
with hits and by CVI, the most complex equation.The results
showed an equilibrium between (6) and (7) and (8) achieved
the best accuracy for only two bases.

The column “Approach” refers to the way the maps
were ranked and fused, as specified in Section 3.3. The best
accuracy values were achieved with approaches B (maps
ranked by MSQE and fused by CVI improvement criterion)
and C (maps ranked by CVI and fused by CVI improvement
criterion).

The column “CVI” shows which CVI was used to achieve
the best fusion accuracy in relation to the singlemap, for each
dataset (DB means Davies-Bouldin index and CH means
Calinski andHarabasz index).TheDavies-Bouldin index was
the one that achieved the best fusion results over other CVI
for these datasets and PBM index did not lead to good results.

The column “Map size” refers to the map size that has
achieved the best accuracy value. The 15 × 15 map did not get
the best results for these datasets.

The column “Bagging percentage” shows that, for the
majority of dataset, using 90% of the samples for bagging
produces better results. A high percentage of the bagging
value has a wider range of data for training, leading to better
fusion accuracy result.These results show that it is possible to
get good accuracies without using the entire training set.

The column “Subsets number” shows the number of
subsets that were evaluated to find the best accuracy. For
most datasets used in this experiment the best accuracies
were obtained with large amounts of subsets. This is an
important conclusion: the number of maps available for
fusing influences the accuracy that can be achieved.
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Table 2: Best accuracies results.

Dataset Equation Approach CVI Map size Bagging (%) Subsets number Single
SOM accuracy

Proposed algorithm
accuracy

BCWisconsin (6) B DB 20 × 20 90 80 0.9634 0.9661
Chainlink (8) B DB 10 × 10 70 80 0.6654 0.7685
Column (7) C DB 10 × 10 70 100 0.6674 0.7219
Engytime (6) A CH 20 × 20 70 10 0.9538 0.9587
Heart (6) B Dunn 20 × 20 90 30 0.7879 0.8037
Ionosphere (7) C DB 10 × 10 90 20 0.7037 0.7211
Iris (6) B Dunn 10 × 10 50 70 0.9200 0.9260
Lsun (8) C DB 10 × 10 90 100 0.7500 0.9850
PimaIndians (7) C CH 20 × 20 50 60 0.6458 0.6939
Seeds (7) C DB 20 × 20 70 60 0.8809 0.9243
Tetra (6) B Dunn 20 × 20 90 90 1 1
TwoDiamonds (6) C Dunn 10 × 10 90 50 1 1
Wine (6) B CDbw 10 × 10 90 80 0.9382 0.9635
Wingnut (7) C CDbw 10 × 10 50 100 0.7539 0.8983

1

0.95

0.9

0.85

0.8

0.75

0.7

0.65

Ac
cu

ra
cy

BC
 W

isc
on

sin

Ch
ai

nl
in

k

C
ol

um
n

En
gy

tim
e

H
ea

rt

Io
no

sp
he

re Ir
is

Ls
un

Pi
m

aI
nd

ia
ns

Se
ed

s

Te
tr

a

Tw
oD

ia
m

on
ds

W
in

e

W
in

gn
ut

Figure 6: Classification accuracy for each dataset.

1

0.98

0.96

0.94

0.92

Ac
cu

ra
cy

100

80
60

40
20

50
60

70
80

90Subset quantity
Bagging (%)

0.966

0.965

0.964

0.963

0.962

0.961

0.96

Figure 7: BCWisconsin accuracy.

Ac
cu

ra
cy

100

80
60

40
20

50
60

70
80

90Subset quantity
Bagging (%)

0.8

0.78

0.76

0.74

0.72

0.7

0.68

0.765

0.76

0.755

0.75

0.745

0.74

0.735

0.73

0.725

0.72

0.715

80 99

Figure 8: Chain-link accuracy.

Ac
cu

ra
cy

100

80
60

40
20

50
60

70
80

90

Bagging (%)

0.75

0.7

0.65

0.6

0.72

0.71

0.7

0.69

0.68

0.67

0.66

0.65

0.64

0.63

80
60

40
20 60

70
80

9

(%)

Subset quantity

Figure 9: Column accuracy.

Figure 6 shows the classification accuracy obtained for
each dataset. Black vertical lines show the single SOM
accuracy value. As we can see, in all situations the accuracies
achieved by the proposed method were higher than the
classification accuracies for a single map, except for Tetra
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andTwoDiamonds datasets.Thus, we show that through Self-
OrganizingMap fusion we can raise the value of classification
accuracy.

In [36, 37] authors present ways to compare the perfor-
mance of classifiers over multiple datasets. Among the tests
presented in those papers, we chose to use the nonparametric
Wilcoxon SignedRankTest, at the significance level 0.05.This
test was performed to evaluate whether the result obtained
by Kohonen maps committee was statistically different from
the accuracies obtained by a single SOM.The null hypothesis
𝐻
0
was that there is no difference between the accuracies

obtained by the single map and the maps committee.
The Wilcoxon test rejected the null hypothesis, with

𝑝 value equal to 0.0004882; that is, the proposed method
obtained accurate results that are different and better than the
accuracy of a single map.

4.2.2. Accuracy Results according to Bagging Percentage and
Subset Quantity. Figures 7–20 show the accuracy (𝑧-axis)
obtained for each dataset according to bagging percentage
(𝑥-axis) and subsets quantity (𝑦-axis) variation. Black lines
represent the confidence interval for each experiment. In
the 3D figures, hot regions represent the highest accuracy
obtained and cold regions show lower accuracies obtained
by the experiment. For example, Figure 7 shows that higher
accuracies for BC Wisconsin dataset were achieved with
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8 Mathematical Problems in Engineering

0.96

0.94

0.92

0.9

0.88

0.86

0.924

0.922

0.92

0.918

0.916

0.914

0.912

0.91

0.908

0.906

0.904

Ac
cu

ra
cy

100
80

60
40

20
50

60
70

80
90Subset quantity Bagging (%)

Figure 16: Seeds accuracy.

1.05

1

0.95

1

0.9995

0.999

0.9985

0.998

0.9975

0.997

Ac
cu

ra
cy

100
80

60
40

20
50

60
70

80
90Subset quantity Bagging (%)

Figure 17: Tetra accuracy.
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Figure 18: Wine accuracy.
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Figure 19: TwoDiamonds accuracy.
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Figure 20: Wingnut accuracy.

a combination of higher amounts of subsets and a higher
percentage of bagging.

5. Conclusions

This work investigated the possibility of fusing Kohonen
maps ranked by cluster validity indexes and MSQE. Com-
puter simulations evaluated different setting for map size,
subsets number, and different amounts (percentage) of the
training set. Datasets with distinct characteristics, includ-
ing unbalanced classes, were selected to test the proposed
method.

The KohonenMap fusionmethod achieves values similar
or superior to the ones observed in regular SOM(singlemap).
Using a percentage of the training data (not all data), the
proposed model achieved satisfactory results compared to
SOM, which used all the training set.

The best results were obtained with high amounts of
subsets and with high bagging percentage. Among the five
CVI used in this study, only the PBM index did not lead to
good results. Good results were achieved by ranking themaps
by MSQE and fusing by CVI criterion and by ranking the
maps by CVI and fusing by CVI criterion.

An important contribution of this paper is to show thatwe
can use CVI and MSQE as a function consensus in ensemble
of Self-Organizing Maps.

Future work may explore the influence of certain param-
eters such as the number of maps, the adjustments in
SOM training, and the segmentation method and evaluate
strategies to enhance visualization of the fused maps.
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