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CLUSTERIZATION OF VECTOR AND MATRIX DATA ARRAYS
USING THE COMBINED EVOLUTIONARY METHOD
OF FISH SCHOOLS

Ye. BODYANSKIY, A. SHAFRONENKO, I. PLISS

Abstract. The problem of clustering data arrays described in both vector and matrix
forms and based on the optimization of data distribution density functions in these
arrays is considered. For the optimization of these functions, the algorithm that is a
hybrid of Fish School Search, random search, and evolutionary optimization is pro-
posed. This algorithm does not require calculating the optimized function’s deriva-
tives and, in the general case, is designed to find optimums of multiextremal func-
tions of the matrix argument (images). The proposed approach reduces the number
of runs of the optimization procedure, finds extrema of complex functions with
many extrema, and is simple in numerical implementation.

Keywords: combined optimization, fuzzy clustering, evolutionary algorithms, den-
sity functions, Fish School.

INTRODUCTION

The problem of clustering arrays of arbitrary nature observations is integral part
of Data Mining, and more generally Data Science. To solve this problem it was
proposed a lot of approaches that differ as a priori assumptions about the physical
nature of data and problems solved by their basis, and the mathematical apparatus
that was used [1-4]. From a computational point of view, the simplest are the so-
called hierarchical methods and algorithms based on partitions [3], among of that
we should mention the k -means procedure, that has become widespread to solve
a variety of problems. It should be noted here that the most adequate mathemati-
cal apparatus for solving clustering problems are methods of computational intel-
ligence [5—7] and, above all, artificial neural networks, fuzzy systems, evolutionary
optimization and so-called hybrid systems of computational intelligence that
connect these three areas. It is interesting to note that one of the most popular
neural networks — self-organizing Kohonen maps [8] actually implements the
k -means procedure, presented in recurrent form.

It should be noted that in the general case the solution of the clustering
problem is significantly complicated if the original vectors (in the general case
matrices) observations have a large variety are, distorted by perturbations and
noises, contain outliers and omissions, the original arrays themselves or too
large (Big Data) or too short, clusters can have a rather complex shape, and their
number is a priori unknown.
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In this case, the most effective (but also the most complex) are algorithms
based on the analysis of data distribution densities, among which as one of the
most “popular” are DENCLUE [9] and its modifications [10—12], which were
proposed to solve clustering problems of large arrays of high-dimensional vector
data, and the classes formed in the clustering process can have any complex
shape. At the heart of these algorithms is the search for extremes — maxima in
the data density functions in the analyzed array (multi-extremal optimization), and
this function is formed as a superposition of kernel (bell-shaped) functions
associated with each observation. In fact, this function is based on Parzen
windows [13] and Nadaraya—Watson estimates [14, 15].

From a computational point of view, the clustering problem becomes of
finding local extrema of the multiextrema function of the density vector argument
using gradient procedures that are repeatedly run from different points in the
original data set. It is clear that this takes a long time, because a priori it is not
even known how many extremes the formed density function.

The process of finding these extremes can be accelerated by using the ideas
of evolutionary optimization, that includes algorithms inspired by nature, swarms
algorithms, population algorithms, etc. [16—18]. In this case, the search is con-
ducted simultaneously by a group of agents acting either independently or in in-
teraction, which can significantly speed up the process of finding extremes, each
of which “corresponds” to one or another cluster that is being formed.

FORMATION OF THE DATA DISTRIBUTION DENSITY FUNCTION IN THE
CLUSTERING ARRAY

The initial information for solving the clustering problem is traditionally an array
of observation vectors X = {x(1),x(2),...,x(k),....,x(N)}, x(k)={x;(k)}eR", the
i, (K)} € R™™"2 . This situa-

tion can occur in the case of image array processing. The basic concepts on which
DENCLUE is based are the influence function, the density function and the den-
sity attractors, which are essentially the local extremes of the density function. In
the general case, the influence function for any vector observation x(e) from the

data are pre-centered on a hypercube so that x(k) = {x

original array X is a kernel bell shaped function f x(°)(x) , in this case the most
popular is the traditional Gaussian one

2 2
x(’)(x) =exp| — d”(x,x(e)) = exp| — ”x _ x(.)" (1)
< 262 262
where dz(x, x(e¢)) — euclidean distance; o’ — parameter of the influence func-
tion width, due to the simplicity of calculating its derivatives.

In the matrix case, instead of the Euclidean one, we can use the Flobenius
metric, and the influence function takes the form

2 T
dwiquﬁ%}ﬂu—umw—wm:} o

267

ﬁ@m=u{—

c
where 77(e) — matrix trace symbol.

It is easy to see that (2) is a generalization of (1).

Based on the influence functions, formed the data density distribution
function in the array X in the form
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N
X =Y flxx(h)), 3)
k=1

which is essentially an estimate of Nadaraya—Watson. It’s easy to see what the

function f*(x) can take values in an interval 1< ¥ (x) < N, in this case the ex-
trema values from this interval are accepted when the sample contains only one
observation or all N observation observations coincide, i.e. there is only one
cluster — a degenerate situation.

To find m >1 clusters it’s necessary to introduce some threshold & >1, that
allows to build really significant clusters by excluding anomalous observations
and classes that contain too small data.

Actually, the process of cluster formation is associated with finding all
extremes of the density function (3) using a gradient procedure

1 VAT

o =¥ “Vf’((xl,xl—‘)u’ xg=x(k), 1=0,12,..; Vk=12,..N, (4)

i.e. the number of runs of algorithm (4) is determined by the size of the training
sample N . It is clear that with large N the process of clustering — finding local
extrema can take a lot of time. Therefore, the proposed modifications of
DENCLUE are associated with speeding up the process of finding local extrema
(3) by modifying the gradient procedure (4) [10—12].

In the case, when observations x(k) in dataset X e (; xn,) are matrices, it
is easy to consider the matrix version of the procedure (4):

xl — xl*l + ner(X’xlfl)(Trl—\X (X’xl*l)l—*xT(X’xlfl))f(l/Z),

X -1
where FX(X,xH) = {W} c RMXM2
X

iip
The gradient optimization process ends with a search m local extrema of
function (3), with less value &, than more clusters can be formed.

It is possible to speed up the process of finding local extrema by using
evolutionary optimization methods instead of gradient search, among which the
so-called Fish schools search can be noted as quite efficient, numerically simple
and fast [19-21], which should be modified to solve the clustering problem.

MODIFIED OPTIMIZATION METHOD BASED ON FISH SCHOOL

When using the methods of evolutionary optimization, which are essentially zero-
order optimization methods, i.e. do not use derivatives, it is assumed that when
finding the extrema of some function f*(x) the population of agents are used,

each of them acts either independently or in interaction with others, with the
movement of each g ™ agent (¢ =1,2,...,0Q) on " search iteration can be written as:

l -1

_ Uyl _
Xy =X, +anqu, q=12,.,0,

where xé =(x(l]1,xf]2,...,x,lm T Dirql — vector that specifies the direction of

movement ¢ ™ agent on /"™ search iteration.
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In a large family of such methods should be noted the method based on of
fish schools, where each agent of the population simulates the movement of an
individual fish in the school [19-21].

The main advantage of this method is the sufficient efficiency of finding the
global extrema of rather complex functions, which include the density function of
data distribution in clustering problems.

The authors of the method introduce iterations related to the movement of
the school: feeding and swimming.

The feeding operator is responsible for the weight of each fish as an element
of school — the agent. The heavier the fish, the closer it is to the extreme — the
maximum. The weight of each fish w, is tuned according to the expression

Do eh=reih

= Vqg=12,.,0, 5
TN Gy e ©
D

where

/

O<wq<w

0
max> Wi = 0,5w

max*

The swimming operator describes both the individual movement of each fish
and the collective movement of the school as a whole. Three types of movement
are considered here: individual, instinctively — collective and collective volitional.

Individual movement is described by the relation

X+ Rand Q13 3 £ () > 14 ()

I_
xqi - -1 (6)
Xg else,
where Rand{0,1} — evenly distributed in the interval (0,I) random number. It

should be noted that (6) is essentially a local random search with return, intro-
duced by L. Rastrigin [22]. In fact, this is the procedure of “probing” the function

f7(x) around the point xfl_l , in this case, in addition to (5), any other random

search algorithm can be used here.

On the basis of probing the density function with the help of individual
movement (5) the instinctive-collective movement in the direction of growth of
this function is realized as:

(¢

(zu; —xﬁﬂ)](ﬂxb S ACTD)
I _ _1-1 p=l
xq—xq + .

5 (7)
PRCACI TN AICaS)
p=1

At this stage, there is a balanced averaging of individual movements, taking
into account the “success” of each of the fish-agents.

And finally, collectively-volitional movement, when all the fishes of the
school “pull” to the weighted center of gravity, if the cant goes to the extreme,
and “run away” if the population moves in the wrong direction.

Considering the weighted center of gravity of the fish school
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0
1.1
prwp
Bar' =—p=1Q , ®)
/
2wy
p=1

we can record this movement as

1 -1
— Bar Y 9

. ! -1,

. H,lféwp>2wp,
— Bar p=1 p=1

xf]_
i €)]
X, =
-1 -1 0 0

1,1 Xq —Bar . ! I-1

X, +n, Rand {0,1} o e i D w, <Xw,

x, —Bar p=1 p=I

x; - n;Rand {0.1}

I~

To increase the efficiency of FSS, an additional breeding operator may be in-
troduced, which allows the creation of new fish-agents that have improved char-
acteristics compared to existing members of the school. To do this, we can use the
ideas of evolutionary operations [23], among which from a computational point of
view and efficiency — the credibility of finding the extrema can be noted sequen-
tial simplex method [24] and its modifications [25].

Let’s form the school that containing Q =n+1 fish-agents, but this number

remains unchanged in the search process, i.e. the population xlo ,xg ,...,xg generated

randomly. In this population we find the “worst” fish xgwom , which has the

lowest weight W((])min and the “best” fish xgbest with the greatest weight W((])max'

0
qworst

The main operation of the simplex movement is mapping x, through the cen-

ter of gravity n fishes (without the worst), which can be written in the form

0
—o_ 1 0 0
X =— Z (xq = Xgvorst ).
nao

As a result of this operation, a new fish is created

1* _ =0 =0 _ 0
Xy =X F0UXT = Xgyong)s

0

gqworst - 1hUS creates a new

which replaces the worst individual in the school x,

population xll,xé,...,xIQ. Here 0,5< 0 <2 — parameter that controls the shape of
the school-simplex in the optimization process. In the case, when o =1 the map-
ping of the simplex through the center of gravity is realized x° in the case if

f* (x;*) > f¥(xp,) accepted o.=2, that is, the school is “stretched” in a favor-

able direction, if f x(x};) < f*(x° ) =05 is accepted, that is, the simplex
faces a relatively unfortunate direction. Thus the motion of the school-simplex

can be described by relations
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0
-1 1 -1
X :_Z(x wos)
i o (10)

! —l- =l-1
Xy =X Ly a(x qwost)

then in the general case it is essentially an Nelder—-Mead optimization algorithm
[25]. Thus, in the process of finding the extreme, the worst fishes with the lowest
weight are removed from the cant and new agents with higher weight are created.

Thus, the process of combined optimization of the density function (5)-(10)
is essentially a combination of FSS, random search and evolutionary operating
based on the Nelder-Mead method.

Since the problem under consideration is essentially a problem of
multiextrema optimization, it is necessary to find a set of extremums, each of
which is a centroid of a cluster. Therefore, the optimization problem must be

solved repeatedly at different values o® and &. When finding any of the

extremes from the original sample X observations located directly in its vicinity
are excluded. After this removal, the proposed procedure of combined
evolutionary optimization is repeated until all extrema centroids are found.

EXPERIMENTAL RESEARCH

The experimental research was conducted on two databases, such us Page blocks
and Spam base and two test multiextrema functions. The description of datasets
shown in Table 1 and test multiextrema functions in Table 2.

Table 1. Data set description

Dataset Instances Attributes Clusters
Page blocks 5472 10 5
Spam base 4601 57 2

Table 2. Test multiextreme functions

of Elz:llggon Formulas Domain | Step
Rastrigin A (x) =20+ x>+ y* —10cos(2mx) + cos(2my) |[-5.12;5.12]] 0.01
1 X X
Gri k’ =——Xx+——y—cos cos| — |+1 -30; 30 0.1
riewangk's| /(%)= 3000" " 2000” [ﬁ j [ﬁ j [ ]

Due the fact, that Rastrigin’s and Griewangk’s functions has a lot if local extreme
points in its search area, as shown on Fig. 1, a and Fig. 2, a, we add 514 agents.

-5 -5 a -5 -5 b
Fig. 1. Rastrigin’s function, that has a lot of extreme points (a); modified optimization
method based on fish School on Rastrigin’s function (b)
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%

Fig. 2. Griewangk’s function, that has a lot of extreme points (a); modified optimization
method based on fish School on Griewangk’s function ()

In Page blocks dataset was presents classified blocks of the page layout in a
document that has been detected by a segmentation process. Spam base dataset
also extracted from the UCI Machine Learning Repository and describes e-mail
classified as spam or not spam.

The accuracy comparison of the well known optimization algorithms such as
Fish School (FSS) and Cat Swarm (CSO) and proposed Modified Optimization
Method Based on Fish School (OMFS).

Table 3. Accuracy comparison

Data Accuracy OMFS FSS CSO
Rastrigin Mean 190.46 189.65 190.46
Best 195.83 195.59 195.83

Griewangk’s Mean 3.65 341 3.65

Best 4.82 4.12 4.81
Page blocks Mean 951.47 951.01 951.15
Best 959.64 959.43 959.55
Spam base Mean 291.77 291.17 291.77
Best 299.84 299.48 299.64

From obtained result, that shown in Table 3 we see, that Modified Optimization
Method Based on Fish School generally perform better than the original
algorithm. The convergence process of hybrid algorithm demonstrate in Fig. 3.

OMFS optimizing the Rastrigin function OMFS optimizing the Griewangk's function
_s04 950
25 4 o %
g =
(—g -30 4 g so
c
87 8%
Q .40 § so
2 o
.54 0 90
3 &
M 54 50
=55 600
-60
4] 20 40 &0 80 100 o] 10 20 30 40 50 60 70
Iteration number a lteration number  p

Fig. 3. Modified Optimization Method Based on Fish School on test function: Rastrigin’s
function (a) and Griewangk’s function (b)

To evaluate the performance of clustering method used the several validity
metrics: Dunn Index (DI) — high value indicates a better clustering; Davies-
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Bouldin Index (DBI) — the smallest value indicates the better clustering; Cluster
Accuracy (CA) — the high value indicates the best clustering quality.

For comparison proposed method classification of vector and matrix data
sets based on combined optimization of distribution functions (CODF) against
classical DENCLUE algorithm and DENCLUE-IM for big data clustering (Table 4).

Table 4. The comparison algorithms according to their validity metric

Data Measures Spam base Page blocks

CODF 0.835 0.721
DENCLUE DI 0.789 0.721
DENCLUE-IM 0.831 0.693
CODF 0.768 0.764
DENCLUE DBI 0.867 0.864
DENCLUE-IM 1.041 1.041
CODF 0.718 0.920
DENCLUE CA 0.805 0.920
DENCLUE-IM 0.701 0911

All these results conclude that proposed method classification of vector and
matrix data sets based on combined optimization of distribution functions has an
acceptable clustering performance.

CONCLUSION

The problem of clustering data arrays that are described in both vector and matrix
forms based on the optimization of data distribution density functions in these
arrays is considered. For optimization of these functions — local extrema search
we have proposed the hybrid of Fish School Search algorithm, random search and
evolutionary optimization. This algorithm does not require the calculation of de-
rivatives of the function, which is optimized and in the general case is designed to
find the maxima of multiextrema functions of the matrix argument (images).

The proposed approach allows to reduce the number of the optimization pro-
cedure runs, allows to find the extremes of complex shape functions and is easy in
numerical implementation.
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KJIIACTEPU3ALIA BEKTOPHUX TA MATPUYHUX MACHUBIB JIAHUX I3
BUKOPUCTAHHSIM KOMBIHOBAHOI'O EBOJIIOHIMHOTIO METOAY
PUBHUX 3I'PAU / €.B. bonsucekuii, A.1O. adpponenko, I.IT. TTmicc

AHoTauis. Po3risHyTO 33034y KiacTepu3alii MacHBIB JaHUX, IO OMMCAHO 5K y BEK-
TOpHIH, Tak i MaTpuuHiii Gopmi Ha OCHOBI onTUMi3alii GyHKLI# WITFHOCTI PO3HO-
Iy maHWX y nux macuBax. [t omrumizamii mux ¢yHKIIH — MONIyKy JIOKAJIBHHX
E€KCTPEMyMiB 3aIpONOHOBAaHO anroputM, mo € ridpuaom Fish School Search,
BHIIAIKOBOTO TIOLIYKY Ta eBojouiiiHoi onrtumizanii. Leit anroputm He motpedye
00YHCIIeHHS TOXIMHUX (YHKILIT, 0 ONTHMI3YETHCS, 1 y 3araJlbHOMY BHUIIAJKY HpH-
3HAUCHUI A BiNIIYKaHHS MaKCHMyMIB OaraToeKCcTpeMalbHUX (yHKIIH MaTpud-
HOTO apryMeHTa (300pakeHb). 3alpONOHOBAHUM MiAX1A JO3BOJSE CKOPOTHTHU Killb-
KiCTb 3aIlyCKiB IpOLEypH ONTHMI3awii, 3HaXOJUTH eKCTpeMyMH (QyHKIIH CKi1agHOT
(hopmH Ta € MPOCTHM Y YUCIIOBIN pearizarfii.

Kawuosi cinoBa: koMOiHOBaHAa ONTHMI3allisl, HEYITKA KJIACTEPH3AIlisl, CBOJFOMINHI
anroputMu, GyHKIs miiasHocTi, Fish School.
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