Algorithm of Pattern Recognition with intra-class dustering
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Abstract: This paper deals with a new fuzzy algorithm
of pattern recognition on the basis of fuzzy portraits. The
fuzzy portraits are formed by integral characteristics of
pattern classes. It is determined that further division of
some classes of images into clusters increases the quality
of pattern recognition algorithm. The paper provides the
stages of fuzzy production knowledge base construction

has a substantially smaller significance in thisiaion
and is used only for adjustment of fuzzy sets forsaof
quality improvement. However the internal structafe
classes is also taken into account. The classéanages
can be further divided into groups of clusters thah
have intersections too. Thus initial fuzzy porsaire
expanded through additional structuring.

on the basis of fuzzy portraits. The analysis of algorithm
results on artificial data and data from machine learning
problems repository UCI has been made.

2. FEATURES OF MODIFICATION OF PATTERN
RECOGNITION PROBLEM

The following problem statement will be considered
It is a fuzzy modification of classification probte Let us
suppose that there is a set of training samples

Y ={( x(i),v(i))|x(i) ox,vov,i= 1...n}, where
x® O X OR™ are vectors in the n-dimensional space of
images, V ={vi [i=1...k} — set of classes of images.
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1. INTRODUCTION

Pattern recognition problems very often includezfuz
aspects. According to Lotfi Zadeh, the transiti@tvizen
classes is more gradual than intermittent. Thigestant ' '
is confirmed by practice of problem solving. In rgan x® and pattern class. ltis necessary to produce the
empirical fields the standard appro_ach that s_eeks afyorithm of identificationa, (x') = y . Vector XTI X is
boundary between several classes gives no satisfact
results. There are different forms of fuzzinessalibed
in [1]. We shall consider the following manifestats of
fuzziness: diffusiveness, vagueness and relatigitipo  Generally, a fuzzy se¥y describing membership’ of

of classes. - pattern classes is obtained.

In classical pattern recognition problem statement The training samples set can be incomplete, imaig
classes of images have to be strongly divided. Thgt contain all classes of images. The classemages
separating surface can be a hyperplane or havéherramay overlap which is a manifestation of a form of
complicated form. A large group of pattern recagnit fyzziness — diffusiveness of classes of images.every
algorithms is based on estimates computation algos  opject that is an input for the algorithm it is essary to
(ECO) concept proposed by Yu. I. Zhuravlev [2]. Thejetermine its membership degree in every pattersscl
basic principle of calculating if an object belongs a Let us consider a qualitative attribute of an obje
class is calculating its closeness to the mastggcolof  cajled "source”. A pair of "sources" can produgea of
owner class and farness to the master objects tadr ot . — — = — .

images x; and X, : X, = Xy, % OV, %, Ov;,v, Zv., ie.
classes. ! !

If classes of images have intersections the algorit patterns with same attribute values belong to wiffe
for making decisions about whether an object bedaing classes in the initial training set. In a situatishen this
the class or not plays a big role. Previously, gorithm  attribute is a part of classification goal somessés will
based on fuzzy portraits of classes of images w&§ nonseparable and their intersection can be laegg,
proposed [3]. These fuzzy portraits describe hjects to a point where one class is absorbed by andthsuch
belonging to a certain class of images in genefalzzy cases when the researcher fails to find a nevbattrithat
portraits accumulate the information about elemafts would allow to divide the classes, the problem bees
the class such as frequency of object popularigree of unsolvable.
objects "concentration" and number of objects iergv ~ Such problems are common in quality control
class. The suggestion is to use these portraits flboratories. In these cases a "source” is auatod
representing the results of algorithm in the forinfazzy ~manufacturer that needs to be identified. Many |emois
sets. This approach to a certain degree solvegrti®@em in chemical and food industries can be reducedhi® t
of ambiguous results in the case of intersectimgsgs. Mmodification of the pattern recognition problem.
Information about an object’s distance from otHesses For such training samples a recognition algorithm

based on the use of fuzzy portraits was proposd8]in

Pairs (x(i),v(i))set the correspondence between object

the input of the algorithm,x‘ O X — the set of possible
input data that depends on the problem domain.



k
The result of the algorithm is a fuzzy sgt= Z'uv. v,
i=1

where 4, - object's membership degree for pattern class
tprojection of class with numbgron attribute R, .

v; . The notation used here and below correspondseto
one introduced in classical theory of fuzzy seis [4

Algorithm creates a knowledge base of fuzz;se

productions where every pattern class has its rmenof

inference. The fuzzy inference algorithm works wit

knowledge base.

We consider a modification of the proposed algarith
The analysis of empirical data often shows thatettsee
subclasses (i.e. clusters) present in patterneda3hat is
why it is useful to perform clustering for objecttated to
class to obtain a more precise fuzzy portrait.

3. ANALYSIS OF INITIAL SET

A necessary step in solving problems of patter

recognition is a preliminary analysis of initialtdavhich
is often called exploratory analysis of data. Tlesib
aims of this analysis were formulated by J. Tukey:

- maximum penetration of data;

- the basic structures detection;

- selection of the more important attributes;

- discovering deviations and anomalies;

- testing the basic hypotheses;

- the construction of the initial model.

The study of initial data structure allowed to cke
an algorithm for solving the problem. Generally gve
pattern recognition algorithm works well with céntaata
structure. For example, linear classifiers weraiae for
linearly separable classes. The EM-algorithm [Bfks
with intersecting classes and implies the existeoica
hidden variable. There is a number of algorithmgecimg
similar situation that produce the result in thenfoof a
fuzzy set.

In practice there are samples with one or moreselas

that consist of several clusters. Let us considease of

coverage isYs ={V;,...Vj,.. Vi } .

(i) .
Let the setDj = prquj ={xjq li; =1..t;} be a
The basic principle of discriminant analysis ike't

ffect of essential multidimensionality”". Accorditmthis
principle it is necessary to take into account the

H’nformation about all attributes and to solve thelglem

in the m-dimensional space [6]. There are at |¢ast
reasons to avoid multiple dimensions. Firstly, datth
small training samples gives us a sparse set daiftpoi
which most pattern recognition algorithms do naigaiss
correctly. In this case a clustering by one or ssve
attributes may be not worse than general clustering
Secondly, there are difficulties in substantiatitige
selection of distance measure which is used
ultidimensional clustering. That is why it is poged in
is paper to extract main information about disksirity
of classes component-wise using projection onbaiteis.
Thus, we have two strategies for finding clustéise
first one is to perform clustering in the m-dimemsil
space taking into account the previously described
shortcomings of this approach. The second apprizaith
perform  fuzzy clustering for each projection

D{.q =1m,j =1k. Let us consider the second strategy.

in

Most commonly fuzzy clustering algorithms produce a
fuzzy partition or fuzzy coverage as a result. et

consider a family of fuzzy set®(X) ={A' || =1...¢,
where A ={(x 4 (X)) 44 (x)0O[0]1],xO X} are fuzzy
sets andcis the number of clusters described by fuzzy
sets A . R(X) is a fuzzyc-partition when the following
condition is satisfied:

D () =1i =10 0[01].

1=1

1)

strongly intersecting clusters that have pronounced

centers (typical points) but have no clear bordstwben
them. It is possible, for example, to get this kifddata
by changing some parameters of industrial techncébg

R(X) is a fuzzy coverage when the condition of
fuzzy coverage is satisfied:

process. A number of attributes changes which eseat

new clusters. It is reasonable to use fuzzy clusder
approach for such models [1].
Let a coveragers be definedon the set of imageX,

that is a part of training samples sef. Let

P={R,....R;,....Pn} be a named set of attributes, Wher%et Vi,

m is the number of attributes. The attributes ariindd
on sets of values)(pq OX, P,OP. Similarly to the

D ()21 =10, 0[01].

1=1

)

The fuzzy clustering procedure is performed forrgve
j=1...k giving a fuzzy partition or a fuzzy

coverage R(V;) as a result. It establishes a

correspondence between partitiofy and set of fuzzy

class V;, let us denote the set of images of trai”i”%artitions or coverageBs ={R; (X)|j = 1....k} .

samples corresponding to this class

9. . .
V;={x;" li; =1...t;}, j=1..k, where k is the
number of classes represented in training santples
the number of objects in the class with numberand

(i) (i) (i) (i)
where x;'" = (xj{ ... Xjd e Xjm ), G =1..,m. So the

8S The result of such analysis of training samplehis t

transformed data that is used in the algorithm #nd
described by the following data model:

Ms ={(V.,R(V))IVOYs,RORs}. ®3)

Thus we receive special data structure where ayfuzz
coverage corresponds to every el Yg .



every class j. The best fuzzy coverageR;(X)is
4. DATA REPRESENTATION THROUGH FUzzZY

PORTRAITS OF CLASSES OF IMAGES AND determined through solving the equation
KNOWLEDGE BASE GENERATION R; (X) = arg max F(R?(X)), where F(R?(X))is the

A number of pattern recognition algorithms uses the DR?(X)
information about pattern classes structute. these
algorithms the distance function is used to cateuthe
typical points or build probability distributiond points

criterion of fuzzy allotment quality:

in classes. [7]. } 18
It is suggested to present the proposed data steuct F(R?(X)) = Z—z,uﬁv(xi )y-a e, (5)
M g as fuzzy portraits. wa w2

Let us introduce certain notions before giving the ]
definition of a fuzzy portrait. Let the quintuplé abjects Where n,, is the number of elements on the fuzzy cluster
{name(Pq),Tq,Xp ,G,M} be called the linguistic w. The D-AFC(c) algorithm is described in [8].

) “ 3. If there are adequate fuzzy coverages they s&d u
variable L by the attributeR, , wherename(F,) denotes g adjust fuzzy portraits.
the name of linguistic variable, The fuzzy inference is carried out using the geteera
knowledge base of fuzzy productions. For every yuzz

T ={xM™ O[01|w=1...r} is term-set of linguistic
a =K (o]l ! g portrait S; one fuzzy inference rule is formed in case of

variable values,wis the cluster numberr is the total

number of clusters for all pattern classes. Syitalctule no clusters or several fuzzy inference rules foerg

G that generates variable names is trivial in this Casg,luster in case of successful clgsterlng. The I'.m
because all terms are atomic and it simply givessehe variables values are calculated with fuzzy podrégtrms

name of a class or a subclass. Semantic Mlds Tq: " (X) = (" (x,) on fuzzification stage of fuzzy

represented as an algorithm for forming term-sghference algorithm. The aggregation stage is edrdut

membership functions. using the operation "and" proposed in [3] that is
Let a first-order fuzzy portrai; of classV; be the defined by the function:

group of linguistic variables corresponding to tdus

R;:

f(ay,a,,...,a,) =log,((ay +Y(a, +YI...[(a, +D)/n, (6)
S; ={Lgla=1..nw= acrgRj( X} 4 wherea 0[01], f(@)0[01]. The discrete fuzzy sej

' defined on the set of classes of images is theltre$u

It_et_t USFCOHStI‘LlJ(Ct ﬂI]ed knovt\)/Iedge ba:j;e tusmg futzﬁf)ﬁzzy inference algorithm. On it a defuzzification
portraits. Fuzzy Knowiedge base predicate are 6rocedure can be carried out to obtain a distiestilt if
elements of fuzzy portraits, i.e. terms of lingiagist need be

variables that describe the pattern classes oclaisises
(clusters) through their attributes. To make a sleni 5. ILLUSTRATIVE EXAMPLE

_about whether an object l_aelon_gs to a class theyfuzz Let us consider the algorithm’s performance on rhode
inference mechanism described in [3] is used.

The advantage of this approach is having gata n Fig. 1.
meaningful interpretation of the result which ist be . . . & . . .
case with neural networks, for example. Arl+ 7 = o ]
In pattern recognition problems it is often sufici glle m ” i
to have the answer: "This image does not beloniso N ©
class". In such cases it is enough to use onlgetiales e ' ]
from the knowledge base that relate to particulasses - o |
to receive the necessary answer. This approach * - Z o B
important for the situation when the system can nc#16f g Fat o 7 o @ e 1
answer the question "What class does this imagengel 15k v o axs 1 oot |
to?" either because of the intersection of sevelesses, & ot g:f.s***f** *#70 F Opp
or, in a situation when this class of images is nc 14 5 * . * 3
described in the knowledge base. Bl LR s |
The algorithm of knowledge base building has th + *4 :* *
following major stages. 12F ¥ * oy N 1
1. Fuzzy portraits for every class of training séenp .| . . . . . + L
are created without clustering. A semantic ruleebdasn 13 14 15 B, 17 18 19 20
the frequency of object occurrence for every attebis !
used for term-set forming [3]. Figl. — Model data
2. The fuzzy clustering of pattern classes is cotetl ] o ] .
using D-AFC(c) algorithm of fuzzy clustering for ey In this example the training set consists of objects

attributeq which produces fuzzy coveragE?(X) for from two pattern classes,;,v,. The objects form two-

dimensional spacex!) O R?,i = 1...120. The initial data



is presented as points of two- dimensional spadeerev The algorithm gave good results on model data with

abscissas and ordinates are attributesrror not more than 2% by leader defined by maxinadm
P, andP, correspondingly. The classes of images argembership degree. Algorithm was tested on "wine"
linearly inseparable. problem from UCI data repository [9] with the ermate

The algorithm without clustering proposed inof 4%.
produced about 6% of errors on the model data with
distinct interpretation of result. After clustering every 7. REFERENCES
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