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Backgroundand Objectives:Big data referred to huge datasets with hig
number of objects and high number of dimensions. Mining and extracting
datasets is beyond the capability of conventional data mining algoritl
including clustering algorithms, classificatiatgorithms, feature selectior
methods and etc.

Methods: Clustering, which is the process of dividing the data points
dataset into different groups (clusters) based on their similarities .
dissimilarities, is an unsupervised learning method whiddtovers usefu
information and hidden patterns from raw data. In this research a r
clustering method for big datasets is introduced based on Particle Sv
Optimization (PSO) algorithm. The proposed method is adtage algorithm
which first searcheshe solution space for proper number of clusters a
then searches to find the position of the centroids.

Results: the performance of the proposed method is evaluated on
synthetic datasets. Also its performance is compared #meéns through
calculatirg two evaluation metrics: Rand index and NMI index. The re¢
demonstrate the superiority of the proposed method ovemeéans for all of
the synthetic datasets. Furthermore, a biological microarray dataset is
to evaluate the proposed method deepefFinally, 2 real big mobility
datasets, including the trajectories traveled by several cars in the city of
are analyzed using the proposed clustering method. The first dataset incl
the trajectories recorded in Sunday and the second one contalres
trajectories recorded in Monday during 5 weeks. The achieved re:
showed that people choosmore diverse destinations in Sunday althougt
has fewer trajectories.

Conclusion Finding the number of clusters is a big challenge especially fi
datasets. The results achieved for the proposed method showed its fabt
performance in detecting the number of clusters for high dimensional
massive datasets. Also, the results demonstrate the power and effective
of the swarm intelligence methods solving hard and complex optimizatic

problems.

Introduction phones,social media and imaging technologies becomes
The huge amount of data created constantly with difficult to be analyzedby conventionaldata analytic
increasing rate from different sourcessuchas smart  tools.
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For this reason, a new field of research caliigidata dza S GKS 5F NBAyYy Qa adzNOAGFE §K
analytics is growing faster in the research and generations of possible solutions and finally finding the
industrial communities. Big data is defined as the datasebest solution among all of the generations. The
whose size is beyond the classical data managememirocedure of the evolutionary algorithms is showrtin

tools and processing techniquds other wads, all data 1. Genetic algorithms are the most suss&ul kinds of
life phases must be reconsidered such as the storagegvolutionary algorithms which were investigated by John
the management and the analysig|. Big data analytics, Holland in 1975[16]. In Swarm Intelligence methods,

which has attractedmore and more attention among instead of competition and selection, the algorithm tries
researchers, is to automatically extract knowledge fromto improve the position of each possible solution (or
large amounts of data. It can be seen as mining oindividual) through interactions among all of eh
processing of massive dataseéfs-[5]. There are several solutions. In fact, in swarm intelligence methods, the
challenges in analyzing massive datasets such as largelutions cooperate with each other to search the
volume of data, dynamical changes of datlata noise different areas of the solution space and find the best
and etc. These challenges cause difficulties in extractingossible solution[17]® ¢ KS G SN)Y aL {GSNI GA:
hidden patterns and useful information from big data, soa 6+ NY Ay {iStt A3Sy0S YSGK2Ra
new and efficient algorithms should be designed tocommonly used in evolutionary algorithms.Hig. 2 the
handle big data analytic problems. One of the mostgeneral procedure of swarm intelligence methods is
important tools in data miimg is clustering technique, in shown. Several kinds of swarm intelligence algorithms
fact it is used in different fields such as, biology, ecologyhave keen proposed up to now such aaricle swarm
social science, marketing and psychology as useful toaptimization (PSO) , inclined planes system
for pattern recognition and profiling . Actually the  optimization (IPO)[19], gravitational search algorithm
aim of clustering is, to divide the objects of a dataset to a8 GSA)20], ant colony optimization (ACO)21], and etc.
specified number ofgroups (or clusters) so that the In big datasets, including lots of samples with lots of
objects within clusters have the most similarity and thefeatures, detecting the number of clusters and also
most dissimilarity with objects of other clusters. Many assigning the samples taé correct clusters, are hard
techniques have been introduced for clustering such asasks. Sp traditional clustering methods, such as K
K-means and Fuzzy emeans|11]. These traditional means, are not suitable options for big data clustering. In
clustering techniques, fail to give accurate results wherthis paper a novel automatic clustering method based
dealing with huge amount of data because of theiron particle swarm optimization algorithm is introduced
complexity and computational costs. For example, thewhich has shown a great performance in finding the
traditional K-means clustering is Nifard even when the number of clusters and also the position of the centroids
number of clusters is k = 2. Consequently, scalability ig1 several experiments. The performance of the method
the main challenge for big data clustering?]. Many is tested on several artificial datasets with different
reakworld applications can be formulized as characteristics. The achieved results, pesally for
optimization problems that need kinds of algorithms datasets including lots of features, demonstrate the
capable of solving such optimization problefhs]. Most ~ superiority of the proposed method over traditional
traditional optimization methods are only able to solve clustering methods. Alsothe proposed method has
non-complex and continuous problemis4]. Sq heuristic  given interesting results on a biological and 2 big
algorithms are proposed to solve complex and alsomobility datasets containing almost79000 car
discrete optimization problems which cannot be solvedtrajectories. The paper is organized as the following
by the traditional optimization methods. manner: inSection 2 the related works are reviewed.
Recently swarm intelligence ($ and evolutionary After that in Section 3 particle swarm optimization
algorithms (EA), two kinds of heuristics, are attractingalgorithm is described thoroughly. Thethe proposed
more and more attentions from researchers. Swarmmethod is completely explained igection 4. Sections 5
intelligence and evolutionary algorithms are collectionsand 6 are devoted to results on synthetic abidlogical
of populationbased methods of searching techniques. datasets respectively. InSection 7 the results for the
To search the soluin space of the problem being real mobility datasets is interpreted. Finally, Section 8
optimized, these methods hire a population of presents theresults and discussion
individuals. Each individual represents a potentialRelated Works

solution to the problem. Evolutionary algorithms are -, ot al. has introduced a hybrid method for

inspired by the biological evolution theory5]. These g qtering text documents which is a combination of PSO

algorithms use ideas of biological evolution such as,,4 kmeans in 2005[22]. In the first stage, PSO
reproduction, mutation and recombination for searching performs a globalized searching and in the next step K

the solution space of an optimization problem. AS®Y a5 performs a local search. The output of the PSO, in
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the first step is used as the initial points for thertéans of random initial centers and getting stock to local
in the second stage. In this method, average distance ofptimum point. But still their method is unable to find

data points from their corresponding centroids is used aghe number of clusters. Fahad et al. proposed a
fitness function and number of clusters is given to theclustering method based on a new heuristic algorithm
algorithm as input. In@06, Omran et al. proposed a new called Grey Wolf Optimization (GWO) algorithm for

segmentation method based on
optimization algorithm, namely, DCPS@3]. In this

methodology, first,a pool of centroids from the data
points is selected and after that the best set of centroic
among them will be found. They used and analyze
different validity indices for evaluating the particles suc
as Dunn index and compared the performance of P¢
with GA in this research. Abraham et al. introduced
clustering algorithm called MEPSO in 2008&]. They

used XieBenni index for evaluating the quality of

clusters. The algorithm was tested on 4 synthetics and 2

realworld datasets. Also, they used it for image
segmentation. Ahmadyfard and Modares, in 2008,
proposed a clustering method by combiningdP&nd K
means called PSKM [25]. First, they run PSO algorithm
to search the solution space globally and then they ru
K-means to search around thglobal best solution.
Again, finding the proper number of clusters is na
considered in their research. Zhang and his colleagu
proposed a clustering method in 201(26]. The
suggested method was based on artificial bee color
(ABC) optimization algorithm27]. They used ABC
algorithm to find the best possible centroids and a tote
meansquare quantization error for evaluating the
solutions. The proposed method is unable in finding the
proper numberof clusters. In 2014, Krishnasamy et al.
proposed a clustering method using a new heuristic
algorithm called cohort intelligence (CIR8]. This
algorithm is inspired from natural and society tendency
of cohort candidates of learning from one anotHe®].
The proposed algorithm benédifrom the advantages of

particle swarm vehicular achoc networks[32]. The GWO algorithm is
inspired by the social behavior of wolfs.

1- Initialize and evaluate the population.

2- Perform competitive selection.

3- Apply evolutionary operators (mutation and
recombination)

4- Calculate the fithess amount for each solution.

5- Finish if the stopping criteria is satisfied otherwise
go to step 2.

Fig.1: Procedure of the evolutionary algorithms.

1- Generate random solutions according to the
constraints.
2- Initialize the individuals.
3- Evaluate the fitness of individuals.
4- Main loop:
1 For all individuals do

l. Change the position of the individuals
to form the population.
Evaluate the fitness of the individuals.
Find solutions with better fitness
values.
Update the best solution.

V.

Fig.2: General procedure of swarm intelligence algorithms.

Tablel: Brief comparison between the related works

both kmeans and a modified version of CI (MCI). This HvBRIPSO+K _ Document

combination allows the proposed algorithm to converge

more quickly. In 2015, a clustering method, based on
genetic algorithm, was introduced by Razavi and his

colleagued30]. They encoded the chromosomes so that

each chromosome includes n number of genes which is

equivalent to the number of data points in the dataset.

Eachgene holds the label of its corresponding sample. In
the case of dealing with big datasets with huge number

of samples, the length of the chromosomes will be very Austering

high and because of the large scale optimization
problem, the algorithm may fail to find thigest solution
in a reasonable time. Also, high computation and

complexity of GA compared to Sl algorithms makes it
slower for big datasets. Lu et al. proposed an improved TSKM
K-means using a heuristic algorithm called Tabu search gwgo

(TS) in 201831]. In fact, they used Tabu search to
overcome the drawbacks of#deans including the effect

Method Application Automatic Year
Clustering
NO 2005
Means clustering
DCPSO Image NO 2006
segmentation
MEPSQ Image NO 2008
segmentation
PSGKM Clustering NO 2008
ABC Clustering NO 2010
Ct Clustering NO 2014
Clustering
GGA Big data YES 2015
clustering
Qustering NO 2018
Vehicular ad NO 2018
hoc network

Clustering
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They compared their method with the other heuristic However, ifC, is high andc, is low, particles search
algorithms.  The main drawback of most methodsargund their best positions observed from the beginning
mentioned above is that they are not designed foriq the current iteration 0,..)
finding the number of clusters which is very important in
big data clustering. The main novelty of this rasd is
proposing a new accurate method based on PSO fol 2- Evaluate each particle
automatic clustering. InTable 1 a brief comparison 3- Finding the leader. '
between the mentioned researches is shown. Main loop:

Particle Swarm Optimization Algorithm A) Calculate velocities.
B) Update position of each particle.

C) Evaluate particles.

1- Generate random position for each particle.

Particle swarm optimization algorithm, searches the

solution space using a population of individuals. The D) Update Restand Rypest
algorithm is inspired by the meaningful movement of
RATFSNBYyG aLlsSoasSa 2F GKS FyAylrfta tA1S o0ANRaAQ Fft201:

searching for corn. Unlike the evolutionary algorithms, Fig.3: procedure of particle swarm optimization algorithm.
the population members, which are called particles, Proposed Method

survive until the end of the process. They cooperate withA
each other to search the solution space and find the
optimum point of the objective function. At each
iteration each patrticle, represents a possible solution for
the objective function. The positioof each particle is
changed by the interaction with the other particles and

. PSGClustering algorithm

As mentioned beforemany real world problems can
be formulized as optimization problems. Clustering is the
process of dividing the data points in a dataset into
different clusters based on their similarities so that the
. ) . objects inside a cluster have the most similarity with
after that evaluated using the fithess function. In - © oA A P
g el OK 20KSNJ FYR UKS Y2aid RAaaA)

addition to the position, each particle contains a vector biects. Based on thi thodol tor clusteri
(v) which shows its velocity. Also each particle has gPects. based on this, a new methodology for clustering

. . o can be designed using PSO. For this purpose, the
memory for peserving its best position from the . . .
beginning of the process to the current iteration. In eaChpartlcles should be encoded suitably and also a suitable

iteration, the best solution (best particle) which has thefltness funct|.on for.evaluatmg th@art{cles should be
best fithess amount is considered as the leader of theused.Searchlng to find the best centroids of the dataset,

population. Equations 1 and 2 show how particiaove. each particle should contain the position of a s_,peu_fled
number of clusters. In other words, each particle is a

vit=wyy Gorand( ., %) Grand( B, % (1) solution to the clustering problem which divides the
I dataset inb different partitions by assigning data points
Xig  =Xig ¥y (2) o the closest centroid of the particle. So, the length of

. . k3 .
where, v, is thedth dimension of the velocity of thith ~ each particle i° P where k is the number of clusters
and P is the number of features in the dataset. Fig. 4

particle, x denotes the position of the particlg, is the ) ) .
shows a particle withh centroids for a 2D dataset. In

number of iteration,rand is a positive random number X
between 0 and 1 under normal distributiony is the this Figure, Cis the | th dimension of be i th centroid.
inertia weight coefficient,p__ is the best position of the

particle from the beginning to current iteration ar]dgbes‘ e | ¢ | con co Cu | Ceo

shows the position of the leader in each iteration., So

their movement is affected by two factorsp  and Fig.4: A particle containing n centroids for éD2dataset.

[ The general procede of the algorithm is shown
in :c, andC, are two controlling factors which are  After partitioning the data points in t0_k_ groups
based on their distances to the centroids, it is necessary
to measure the quality of the partitioning. Several
indexes are introduced which can be used for this
Thesetwo factors control the exploring and exploiting purpose like Silhouette index33], DaviesBouldin
ability of the algorithm in searching the solution space. jndex[34], Dunn indexX35], CalinskHarabasz indek

In fact, C, and C, are important in searching the and etc. These indexes can be used as fitness function in
solution space efficiently. According to (1) and (2)the PSO algorithm. In this researoBalinskiHarabasz
particles move toward the position of the best particle in index is chosen due to its low complexity in compare to
the population (ngest) if c, is highand c, is low. Silhouette and also itseffectiveness in finding the

called social and cognitive factoreespectively. They
define whether the particle moves througp,__ or Pybest”
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number of clusters. This index calculates the quality ofidded to the standard PSO which makes it search the

clustering by the following equations: solution space for clustering problem, more effectively.
ss N.K 3) , from a to d, is an example which shows how
VRC=§ 1 the position of aparticle changes in thsolution space
for a 2D dataset with 3 clusters. The procedure of the
SS =4 n(m - ¥ (4)  method is shown irig. & By controllingc, andc,, we

i=l

can search the solution space more effectively and also
ss, :é A(x - m)? (5) we can escape from the local optimum point. According
i b to (1), a high amount of increases the effect ofp,__

In these equationsss, is the overall betweertluster and a high mount of C, increases the effect of . in

variance, SS, is the overall withircluster variancekis  Searching the solution spac&o search different areas of
the solution space and to prevent from premature

the number of clustersNis the number of data points,
convergence, the amounts af, and C, are changed

m, is the centroid of theith cluster, m is the overall
dynamically during the search process. So that at the

mean of the sample datax is a data pointc is theith
P x pointe beginning iterationsC, has a high amount while, has

cluster and(m - m) is the Euclidean distance between , _
' a low amount and their amount change exponentially

two vectors. Better clustering quality gives higher y,ing the process. Using this strategy, in the beginning
amount of VRC. In fact, well definetuisters have alarge jierations the particles are scattered in the solution

S§ and a smalkg, . Sqfinding the best solution for the  gh506 in order to explore different parts of the solution

clustering problem, PSO should search the solutiorspace and in th last iterations they will exploit the area
space for a solution with the highest amount of VRCclose to the best solution found from the beginning of

Hence if we choose our fitness functionfps =, we  the search process, to find better solution.

VRC B. Automatic PS@lustering algorithm

can find the best possible solah of the clustering Finding the appropriate number of clusters is very

problem. In other words, minim.izingi , PSO can find jnnoriant especially itig data clustering. In fact, one of
the solution which gives the highest amount of VRCe grawbacks of conventional clustering methods, such

which is the optimum point. . ~as Kmeans, is their limitation in finding the number of
PSO starts to search the solution space using @sters.

random population. In thigoroblem, each population
member (particle) contains the position of a
predetermined number of clusterk), Generating the
positions randomly without considering the data points,| .° » o
may result in producing centroids far from the data
points. This can reducén¢ accuracy of the final result.
Actually, far centroids make the PSO algorithm search
some parts of the solution space which are really faf
from the optimum point and prevents it from searching
the closer areas to the optimum point, more effectively.
In this situation the final result may not contain perfect
centroids. To solve this problem, for each partike
samples from the dataset are randomly selected and _<o* oo
their positions are considered as the centroids of the
particle. In the next step, the qualityf @ach particle is
evaluated. For this purpose, first, all of the data points in
the dataset are assigned to their closest centroid, then
the quality of the particle (or its fitness value) is
calculated using CalinskiHarabasz index. After c d
calculating thefitness value for each particle and finding
the leader, the particles move in the space through (1)
and (2). Thepfor each particle, after movement, a set of
samples is selected randomly from the dataset, and each However, a method, called-ideans[37] has been
centroid of the particle is replaced witlhe position of introduced to cover this drawback, but its accuracy
the closest sample of this subset. In fact, a new step igery low which is also observed in our experimer

o}

o]

o o o <)

e O
¢}
0 0 o
o000

0o o0
[e]e)

Fig.5: From a to d: movement of the particles in the solutiol
space for &2-D dataset with 3 clusters.
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Therefore, designing an accurate automatic cluster  found by PS@lustering method, iscompared with the

method is really necesry. best result found in the previous steps. If it is better,
then k is updated using (6). In our experiments, 3
Inputs: number of solutions, maxit sequences, each one contains 10 steps, have been used
Io}i_tpll_ltf best solution to find the number of clusters. In thgecond stage, again
nitalizing:

PSCQxlustering method is used to search the solution

— Fori=1t ber of soluti do: . . . . .
Or 1= - 0 NUMDET of SoUions o space, with high number of iterations, to find the exact

select k data points randomly from the dats

set as centroids. positions of k centroids whilek is the output of the
_ End. first stage. Generally, PSfistering is the basic building
Calculating the fitness amount: block of the proposed method used in both stages. The

— For i= 1 to number of solutions do:

1. Assign each data point in the dataset to th procedure of the APS@ustering (Automatic PSO

closet centroids. clustering) is shown i
g 2. Calculate CalinskiHarabasz index. Simulations and Experimental Results &ynthetic
" find the best solution. Datasets
Main loop: To evaluate the performance of the proposed
__ Forit=1to maxit do: , method, it is tested on 13 synthetic datasefs8] with
— Fori=1 to number of solutions do: . different characteristics indicated in 2 The
1. Update the position of the solutions. i ” )
2. Select jsamples from the dataset achieved results are reported in subsectichand D for
randomly. automatic and norautomatic clustering. The accuracy of
3. Find the closet samples to the ne the method is calcula&d usingrand and normalized
position of the centroids. mutual information (NMI) indexes and

4. Assign the position of the close

samples of the position of the centroids. compared with the accuracy of other clustering methods

5. Calculate fitness amount of the such as Kneans and Xneans
[ End. solutions. Table2: Characteristics of the datasets
Update best solution.
Update Gand G Dataset Number Number Number
| End. of data  of of
points features clusters
S1
Fig.6: The procedure of PSfustering. Datasets S S2 5000 2 15
For this purpose, another level of searching for detecting zj
the number of clusters is added to the RS@Mstering Al 3000 2 20
methodology, introduced in the previous section, 8@  Datasets A A2 5250 2 35
automatic proposed method has two stages. In the first A3 7500 2 50
stage, the proposed method tries to find the number of G232:60 2048 32 2
clusters while in the second stage the main goal jdatasets G2 G212860 2048 128 2
G2256-60 2048 256 2

finding the exact position of the centroids. At the G2102470 2048 1024 5
beginning of the sequenca randominteger number is High DIM032 1024 32 16
generated between 2 ang/n ask (number of clusters). dimensional Dim064 1024 64 16
Then PSCxlustering method is run to fink centroids.  datasets

After that, again PSQustering is run to findk A. Randindex

centroids where k, is the output of the following Rand index measures the similarity between the
equation. partitioning achieved by a clustering algorithm and the
real partitioning by comparing each pairs of data points
in the dataset. Rand index is calculated using the
following equation:

knew = koId ° (6)

In this equatione is a random integer number. After
running the PS@lustering in the second step witk R = a+b @)

and the generated population, the best result including atb € d

k and the fithess value of the best particle found by the where, a is the number of pairs of data points which
algorithm, is saved. This procedure continues until theare in the same clusters and the algorithm also put them
end of the sequence. In fact, in each step of thein the same cluster, b is the number of pairs of data
sequence the quality (fitness value) of the best particle,points which are ri different clusters and also the
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algorithm put them in different clusters, c is the number C. Results for nomutomatic clustering
of pairs of data points which are in the same clusters but to 6 contain the average accuracy of

the algorithm put them in different clusters wrongly, and different methods on S, A, G2 and high dimensional

d is the number of pairs of data points whicleain
different clusters but the algorithm put them in the
same clusters wrongly.

Stage 1:
Inputs: number of trees, length of trees, number of
population.

— For i=1 to number of trees do:

1. k=Generate a random integer number
2. Beginning population=Generate a random
population
3. Current state.fitness=inf
4. Current state.k=0
— For j=1 to length of tree do:
_ If (j==1) do:
Current state.k=k
| End
Best fitness=PSOclustering (k, beginning
population)

_ If best fithess < current state.fitness
Currentstate.fithess=best fitness
Current state.k=k

| End

K=current state.k -

__ End

Bestk]i] = current state.k

— End

Output: find the best solution which has the best fitne:
amount and its corresponding k and its correspondin
beginning population

Stage 2:

Final output= PSOclustering (best k, beginnin
population)

Fig.7: The procedure of APSQustering.

B. NMI index

datasets respectively. In these tables the accuracy is

calculated usindrand indexAlso and
show centroids of the best solutions found by our
algorithm fa these artificial datasets. IR the data

points are plotted based on their first and second
features. In these figures the gray stars are the centroids
of the best solutions (particles) found by the algorithm.
According to the tables and figures,S®clustering
method not only overcomes-Keans in the most of the
experiments, but also it finds the best possible position
of the centroids. According tG and , K
means has shown a good performance on G2 and-high
dimensional datasetgespectively. One reason is that K
means does not search the solution space to find the
number of clusters. It only tries to detect the position of
the centroids. Generally,-Keans has an easier task in
compare to the proposed method. On the other hand, it
shauld be mentioned that the artificial datasets, used in
this research, are not big datasefShesedatasets are
selected to evaluate the performance of the proposed
method when dealing with different aspects of big
datasets. For example, datasetsS have malerate
number of clusters but the clusters are overlapped which
makes it hard for the clustering algorithms to distinguish
the clusters.Datasets A have high number of clusters
while G2 and high dimensional datasets contain high
number of features. Accordg to the tables although-K
means has shown a good performance but the proposed
method has overcome-Kieans in all these situations.
contains the convergence curves of PSO
clustering method achieved for two datasets. In these

NMI index calculates the mutual information between figures, the bluecurves show the fitness amount of the

two variables. Actuallythese two variables are the

best particle in each iteration and the red curves

labels of the data find by a clustering algorithm and thedemonstrate the average fitness amount of all particles
real labels. The concept of mutual information is linkedin €ach iteration. Far distance between these curves
to that of entropy. It means that this index calculates anmeans that the particles are located in different parts of

entropy function to find the amount of mutual

the solution space while low distance means that they

information between two variables. The NMI index is are close to each other and located around the best

calculated using the following equation:

NMI (Y ,C) :M (8)
H({ )+H(C)

whereY is the real labels of the data&; is the output

of the clustering algorithmH is the entropy function

and | is the function defining the mutual information

betweenY and C . The following equations show how

H and | are calculated:

H = an_ p, logp 9

i=1

particle. In other words, these figures indicate that in the
first iterations, the algorithm searches different parts of
the solution space and in #hlast iterations it searches
the area close to the best solution found from the
beginning of the process. This means that RHBGtering
method searches the solution space effectively and
controlling the exploring and exploitingarameterscan
prevent premature convergence and being trapped in
local optimum point.

In ; the ROC graph for S1 dataseshown. This
curve is plotted based on41]. In fact, this curve is
plotted by calculating the pair of [typel error, type2
error] for different number of K. It indicates that
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increasingthe number of clusters causes a reduction in
typel error.

D. Results for automatic clustering

The main challengm clustering, especially in big data
clustering, is finding the number of clusters. In most of
the conventional clustering algorithms, such am&ans,
the number of clusters should be given to the algorithm
as an input while in the most cases there is no
information about the dataset and it is impossible to
distinguish the number of clusters by visualization.

Sq designing an accurate clustering algorithm which
not only has high ability in finding the position of the
centroids but also it is very accueatin finding the

number of clusters, is really needed. In the next pages

the result of our APSCustering algorithm, able in

finding the number of clusters, is shown and compared

with X-means, which is also an automatic clustering
method.
to 14 show the average results achieved by

Table 5 Accuracy of three methods for datasei2

Method G232- G2 G2256- G2
60 12860 60 102470
PSG 1 1 1 1
clustering
Standard 0.851  0.9422 0.8998 0.9095
PSO
K-means 1 1 1 1
Table 6: Accuracy of three methods for high dimensional

datasets

Method Dim032 Dim064
PSCxlustering 1 1
Standard PSO 0.9576 0.966
K-means 1 1

and show the performance of the
two automatic methods on A datasets. The main

APSO and -Means for S, A, G2 and high dimensionaPrOperty of these datasets is that they contain high

datasets respectively. and show the
performance of our method and-Xeans on datasetS,
respectively. Each of these datasets (S1, S2, S3, S4) h
15 Gaussian clusters with different overlapping
ranges

From S1 to S4, the range of overlapping of different
increased. This means that S4 has 1%roposed method on datasets G2. All these datasets

clusters is
overlapped clusters while S1 has 15 distinct clusters. Th
is clearly demonstrated ik . According to

the reduction of Rand index, from S1 to S4, is not

remarkable while the values of NMI index show a
remarkable reduction from S1 to S4. ,Sor these
datasets, NMI index shows the difference between
APS@&lustering and Xneansmore clearly. According to
these two tables, APS@ustering has overcomex
means in all four datasets.

Table 3 Accuracy of three methods for datasets S

Method S1 S2 S3
PSG 0.998 0.992 0.965
clustering

Standard 0.988 0.985 0.955
PSO

K-means 0.990 0.977 0.9522

Table 4 Accuracy of three methods for datasets A

Method Al A2 A3
PSG 0.9993 0.9994 0.9966
clustering

Standard 0.9617 0.9811 0.9889
PSO

K-means 0.9877 0.9924 0.9949
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number of Clusters[43]. For these datasets, APSO
clustering has shown a great accuracy in finding the

Mber of clusters while the accuracy ofni¥ans is

weak. The values of Rand and NMI indexes confirm the
superiority of APS®lustering over neans.
and indicate the great performance of the

gave 2 Gaussian clusters with different standard
deviation ranges$44]. For example, G202470 has 2048
amples with 1024 features in 2 clusters and the
standard deviation of the samples for this dataset is 70
while for the other 3 datasets the standard deviation is
60. As shown if ] for G2102470 dataset, wich

has 1024 features, APSustering method has found
the exact number of clusters whilerfeans has found

17 clusters. For this dataset, each particle at least has
2048 cells.

This is a high dimensional optimization problem which
only can be solved byheuristic or metaheuristic
algorithms. According to and 2 Rand
and NMI indexes are 100% for ARSGxstering and 50%
and 30% for »neans, respectively. These numbers
indicate that the proposed method not only finds the
exact number of cluers, but also it finds the positions
of the centroids accuratelyl and have
the performance of the methods on high dimensional
datasets. These datasets have 1024 samples in 16
distinct clusterg45]. According to these tables, although
X-means has shown a good performance but still Rand
and NMI indexes for -Kheans are lower than APSO
clustering method. Also for these datasets theposed
method has shown a great accuracy in finding the
number of clusters.
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Fig.9: a, b, c: Results for A1, A2 and A3, respectively.
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Fig.10: a, b: Results for dim032 and dim064 datasets, respectively.
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Fig. 11:a andb: Results for G2-256-60 and G2-1024-70 datasets respectively.
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Fig.12: a and b: Convergence curves of R3@tering method for S4, and dim064 datasets, respectively.
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Fig.13: ROC curve for S1 dataset.

Table 7: Average results achieved by ARSOSTERING for datasets S

Dataset Rand index NMI index Real Detected Run time

number of k  number of k (second)

S1 0.9975 0.9831 15 15.5 614.375
S2 0.9898 0.9345 15 16.5 609.695
S3 0.9658 0.7952 15 15 542.27

S4 09545 0.7196 15 15.5 628.804

Table 8: Average results achieved byneans for datasets S

Dataset Rand index NMIlindex Real number  Detected Run time

of k number of k  (second)
S1 0.9161 0.8094 15 8 67046.73
S2 0.9361 0.8110 15 9 64508.38
S3 0.9156 0.718 15 9 63312.01
S4 0.9199 0.666 15 10 64723.92

Table 9: A&erage results achieved by ARSOUSTERING datasets A

Dataset Rand index NMlindex  Realnumber Detected Run time
of k number of k (second)
Al 0.9969 0.9778 20 215 417.255
A2 0.9981 0.98 35 36.5 683.72
A3 0.9966 0.9717 50 47 908.77

Table 10:Average results achieved ymeans for datasets A

Dataset Rand index NMI index Realnumber Detected Run time

of k number of k (second)

Al 0.8569 0.728 20 6 19195.98

A2 0.908 0.743 35 9 76949.35
A3 0.901 0.715 50 9 183845.54
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Table 11:Average results achieved by ARSOUSTERING datasets @

Dataset Rand index NMlindex Real number Detected Run time
of k number of k (second)
G2-32-60 1 1 2 2 495.404
G212860 1 1 2 2 665.686
G2256-60 1 1 2 2 996.472
G2102470 1 1 2 2 3299.48
Table 12:Average results achieved b§means for datasets 5
Dataset Rand index NMIlindex Real number Detected Run time
of k number of k (second)
G232-60 0.5 0.313 2 10 10139.59
G212860 0.5 0.309 2 11 16680.01
G2256-60 0.5 0.308 2 15 22715.12
G2102470 0.5 0.307 2 17 70644.21

Table 13 A¥erage results achieved by ARSDOUSTERING for high dimensional datasets

Dataset Rand index NMlindex Real number  Detected Run time
of k number of k  (second)
Dim032 0.9998 0.9984 16 17 493.258
Dim064 0.9999 0.9997 16 16.33 511.483
Table 14:Average results achieved Bymeans for high dimensional datasets
Dataset Rand NMI index Real number  Detected Run time
index of k number of k  (second)
Dim032 0.984 0.968 16 14 1899.7
Dim064 0.984 0.968 16 14 2147.8
Table 15: ferage results achieved by parallel ARSQJSTERING datasets S
Dataset Rand index NMI Real number of k Detected Run time
index number of k  (second)
S1 0.9966 0.9797 15 16 266.418
S2 0.9992 0.9464 15 15 258.9
S3 0.9613 0.7833 15 14.66 246.708
S4 0.9548 0.797 15 16 303.845
Table 16: ferage results achieved by parallel ARSQJSTERING for datasets a
Dataset Rand index NMlindex Real number  Detected Run time
of k number of k  (second)
Al 0.9952 0.9758 20 20 233.845
A2 0.9975 0.9794 35 36 330.571
A3 0.9963 0.9642 50 57.66 527.877
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Table 17: Rerage results achieved by parallel ARSQJSTERING datasets G

Dataset Rand index NMIlindex Real number  Detected Run time
of k number of k  (second)
G232-60 1 1 2 2 185.853
G212860 1 1 2 2 320.101
G2256-60 1 1 2 2 534.737
G2102470 1 1 2 2 2009.9

Table 18: ferage results achieved by parahd?SGCLUSTERING for high dimensional datasets

Dataset Rand index NMIindex Real number Detected Run time
of k number of k  (second)

Dim032 0.9999 0.9992 16 16.5 231.903

Dim064 0.9989 0.9936 16 19.5 254.234

Generally, these tables indicate the superiority of our The parallel algoritin is implemented using MATLAB
APSelustering method over ¥neans both in finding parallel computing toolbox on a single machine with 3
the number of clusters and in finding the positions of thelocal cores.The following line shows the properties of
centroids. Also, based on run times, written in thesethe machine:
tables, our method is much fasteindn Xmeans which is CPU: Core #4700 MQ, 2.4 GHz, RAM: 8GB
really important in big data clustering:. aand b to 18 contain the results achieved by
show the centroids of the best particles found for S2 andparallel APS@lustering method on S, A, G2 and high
lo RFEGFrasStda NBaLISOGAOSt e dirfieSshidnl datksbts respacvblfh Adcording to Rhese(
the exact number of clusters. In these figures the redtables, parallelizing the proposed method has caused
stars ae the extra centroids detected by ¢halgorithm.  almost 50% reduction in run time for each group of
According to , and I although the datases, while the accuracy is remained unchanged.
algorithm did not find the exact number of clusters, the This is a great achievement with a single ordinary
accuracy of the proposed method is very high. In othemachine.
g2NRaX GKS I f 32 NRein&Ralskeiboth IS NBefinialyhgvidgSmode &nd Nttonger processing units
in finding the number of clusters and the position of the (like HPC systems) will result in more run time reduction.
centroids. > shows the convergence graphs for two In fact, these tables indicate the dahility of the
datasets. These graphs indicate that the proposedoroposed method for big data clustering. For example,
method searches the solution space thoroughly. Theaccording to run time for G2102470 dataset
blue curves which show éhposition of the best particle, has a 40% reduction.
have been improved during the search process. This This is very impressive for a dataset with 1024
phenomenon demonstrates the power of ARSO features since it is achieved by a single ordinary
clustering method in escaping from local optimum machine.
points. Performance Evaluation on a Biological Dataset
E. Results for parallel APSustering method In order to complete our investigations on the

In addition to accuracy, thether important factor performance of the proposed method on the big
that should be considered especially for big datadatasets, we have tested AP$(Dstering method on a
clustering, is the run time. Achieving perfect results notbiological dataset called GSE 5847. This dataset contains
in a reasonable period of time is unacceptable. In bigexpeimental data from a gene expression study of
data analytics, one of the important things is the tumor stroma and epithelium cells from 15 inflammatory
possibility of paallelizing the analytical algorithm. breast cancer (IBC) cases and 35 -imdlammatory
Fortunately, the first stage of the proposed method can breast cancer cases
be implemented in parallel form. As mentioned in the ~ Generally, this dataset contains 22316 samples and
previous sectionghe first stage contains 3 independent 95 features. shows the performance of the
sequences. Since they are independent, they canupe Proposed method on this real big dataset. Since the
at the same time using at least 3 processing units. Thigataset does not have label, it is impossible to calculate
can reduce the run time of the proposed method. In thisRand and NMI indexes.
section, the results of the parallel APSMDstering Therefore, Silhouette and Davi@®ouldin indexes are
algorithm on synthetic datasets, are presented. used for measuring the accuracy of ARS@tering.
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Fig.14: a and b: Results achieved by AR&Gtering for S2 and A3, respectively.

() (b)
Fig.15: a and b: Convergence curves of AleB&tering method for S4 and @P24-70 datasets, respectively

According to this tableAPS@&lustering method has
found four clusters in 5016.65 seconds.

The Silhouette and Davigouldin indexes amounts
are 0.6037 and 0.7736espectively.

In the samples (blue circles) and the centroids
(gray starspre plotted based on the first two feates.

Table 19: Performance evaluation of the proposed method on
GSE5847

Dataset Number Silhouette Davies Run time

of index Bouldin
clusters index
GSES5847 4 0.6037 0.7736  5016.65 Fig.16: Centroids found for GSM5847 dataset.

264
























