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Abstract In this paper, a problem of MIMO object
identification expressed mathematically in terms of fuzzy
relational equations is considered. We use the multivariable
relational structure based on the modular fuzzy relational
equations with the multilevel composition law. The
identification problem consists of extraction of an unknown
relational matrix and also of parameters of membership
functions included in the fuzzy knowledge base, which can
be translated as a set of fuzzy IF-THEN rules. In fuzzy
relational calculus this type of the problem relates to inverse
problem and requires resolution for the composite fuzzy
relational equations. The search for solution amounts to
solving an optimization problem using the hybrid genetic
and neural approach. The genetic algorithm uses all the
available experimental information for the optimization, i.e.,
operates off-line. The essence of the approach is in
constructing and training a special neuro-fuzzy network,
which allows on-line correction of the extracted relations if
the new experimental data is obtained. The resulting solution
is linguistically interpreted as a set of possible rules bases.
The approach proposed is illustrated by the computer
experiment and the example from medical diagnosis.

Keywords Knowledge Extraction, Fuzzy Relational
Identification, Composite Fuzzy Relational Equations,
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1. Introduction

Fuzzy relational calculus [1, 2] provides a powerful
theoretical background for knowledge extraction from data.
Some fuzzy rule base is modelled by a fuzzy relational
matrix, discovering the structure of the data set [3 —5]. Fuzzy
relational equations, which connect membership functions of
input and output variables, are built on the basis of a fuzzy
relational matrix and Zadeh’s compositional rule of

inference [6, 7]. The identification problem consists of
extraction of an unknown relational matrix, which can be
translated as a set of fuzzy IF-THEN rules. In fuzzy
relational calculus this type of problem relates to inverse
problem resolution for the composite fuzzy relational
equations [2].

Inverse problem resolution is of interest to both simplified
relational models and multivariable ones. Solvability and
approximate solvability conditions of the simplified
composite fuzzy relational equations are considered in [2, §,
9]. The non-optimizing approach [10] is widely used for
fuzzy relational identification. Such adaptive recursive
techniques are of interest for the most of on-line applications
[11 — 13]. Under general conditions, an optimization
environment is the convenient tool for fuzzy relational
identification [14]. An approach for identification of fuzzy
relational models by fuzzy neural networks is proposed in
[15-17].

In the case of multiple variable linguistic model, the inputs
- outputs dependency is extended to the multidimensional
fuzzy relational structure and requires modularization of the
system of fuzzy relational equations [7, 18]. The insufficient
use of the modular structures is stipulated through the lack of
effective algorithms for solving fuzzy relational equations
with multilevel composition law. When dealing with the
multilevel structure, it is necessary to apply the optimization
schemes rather than to make attempts to develop analytical
solutions [18 — 21].

An approach for fuzzy relational identification expressed
mathematically in terms of composite fuzzy relational
equations is proposed in [22, 23]. We use two main types of
relational structures built with the aid of simplified and
modular multilevel fuzzy relational equations for MIMO
object identification. In [22, 23], the genetic algorithm [24,
25] as a tool to solve the simplified composite fuzzy
relational equations is adapted to identify the relational
matrix of rules weights. In [26], we suggest some procedures
of numerical solution of the modular multilevel relational
equations using genetic algorithms. The procedures envisage



Computer Science and Information Technology 2(1): 10-29, 2014 11

the optimal solution growing from a set of primary variants
by extending the simplified solution set to the case of
multidimensional fuzzy relational equations. In this paper,
we use the genetic algorithm [26] as a tool to solve the
modular composite fuzzy relational equations to identify the
relational matrix of terms weights for the given
inputs-outputs data set.

Following [22, 23], the algorithm for fuzzy relation matrix
identification is accomplished in two stages. At the first stage,
parameters of membership functions included in the fuzzy
knowledge base and elements of the relational matrix are
defined using the genetic algorithm. In this case, proximity
of linguistic approximation results and experimental data is
the criterion of extracted relations quality. At the second
stage, the obtained null solution allows us to arrange the
genetic search for the complete solution set for the relational

matrix. After linguistic interpretation the resulting solution
can be represented as a set of possible rules collections,
discovering the structure of the given data.

The genetic algorithm [24 — 26] uses all the available
experimental information for the optimization, i.e., operates
off-line and becomes toilful and inefficient if the new
experimental data is obtained, i.e., in the on-line mode. In
this paper, the process of knowledge extraction is augmented
by a hybrid genetic and neural approach to solving
composite fuzzy relational equations [23, 27]. The essence of
the approach is in constructing and training a special
neuro-fuzzy network, which allows on-line correction of the
extracted relations.

The approach proposed is illustrated by the computer
experiment and the example of medical diagnosis.

2. «Multiple Inputs — Multiple Outputs» Object

Let us consider an object 'Y = f(X) with n inputs X = (xq,...,x,,) and m outputs Y =()4,...,),,), for which the

following is known:

® intervals of inputs and outputs change Xx; €[X;,Xi], i

® classes of decisions e i

=1n; y, E[Zj,;j], j=Lm;

for evaluation of output variable y Iz j= l,_m , formed by digitizing the range [ yj , Y F ]

into g levels: [Zj,)_/j] = [Zj’yjl Iy, p )U...U[yjqj_l,yj 1;
%/_/

—

ejl e

Jp

H—J
€jq;

® training data in the form of L pairs of “inputs-outputs” experimental data <X s> Yy > , §=1,L, where

X, =(%],....%;) and Y; =(Jj,...,V;,) are the vectors of the values of the input and output variables in the

experiment number .

It is necessary to transfer the available training data into the following system of IF-THEN rule [7]

Rule kIF xlzalk AND ... X, =Aui THEN ylzblk AND ... y

m:bmka k:LN’ (1)

where a;;, (b ik ) is the fuzzy term describing a variable x; (¥ j) inrule k;

N is the number of rules.

3. Fuzzy Rules, Relations and Relational Equations

This fuzzy rule base is modelled by the fuzzy relational matrix presented in Table 1. Inputs-outputs interconnection is

given by the system of SISO fuzzy relational matrices

Rj ceuxep =t jp

where ¢;; is the fuzzy term for a variable X; evaluation, i =

i=Ln,

l,m, l=1,kl,

aki;

J

Ln, [=

r=Lg;l

—_—

is the relation ¢;; X e;

jp > jzlama pzlﬂqj

i, jp
We shall redenote the set of input and output terms-assessments in the following way {Cj,...,Cy}
:{ cll""ﬁclkl""’Cnl""’cnkn }, {El,...,EM} :{ ell,...,elql,...,eml,...,emqm }, where N:k1+...+kn ,

M =gq, +...4+q,,. Thus, the collection of SISO fuzzy relational matrices is equivalent to the MIMO fuzzy relational
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matrix Rg C[ XEJ:[”']J, IZI,N, JZI,M]
This relational matrix can be translated as a set of MISO rules

Rule k: IF x| = ay, (with weight v, jp) ...AND x, = a,, (with weight Vnk,jp)
THEN y;=e;, (withweight wy ;,), j = I,m, p=1,qj , k=1LN, )

where v . is the weight of the term @ in the rule k interpreted as arelation a; Xe,, @i € {15 Cig } 3

s

W ip is the weight of the rule k determined as Wy jp= min

V. ..
i=Ln ik, jp

Table 1. Fuzzy knowledge base

THEN outputs
, N Ym
IF inputs
e || Car | | Cml || Cmgy
El EM
ar | G
Xy Ry Ry,
Cliy
Cnl
Xn Rnl an
Cnk,, CN

Given the matrix R, the inputs-outputs dependency can be described with the help of the extended compositional rule of
inference [7]

Rll cee le

<uA1<x1>,...,uA"(xn)>*R--- v SO O r T () ©

nl

where (A (), (3, )) = (et ™) () or p€ = (G u V) s the

vector of membership degrees of variables Xx; to fuzzy terms ¢;;, i = Ln, [=1, ki ;

WP )t (0,)) = (o gt (™) or pE = (B M) s the vector of

membership degrees of variables yj to classes €p> j=1l,m, p=1, q;;

* s the operation of (©,( ) [7].
The system of fuzzy relational equations is derived from relation (3):

pft =ptoR N..Np? R,

llB'" =HA1 °Ry, ﬂ"'ﬂuAn °R,,,. (4)

Since the operation o is associated with max-min and the operation [ is replaced by min in fuzzy set theory [7], system (4)
can be rearranged as:
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p? = min[ max (min(u ), j=1m, p=1

i=l,n I=1,k;

q; - ®)

-

Here 1“7 (x;) isa membership function of a variable X; to the fuzzy term c;;, i=1,n, [=1,k; ;

,uejp (¥;) is a membership function of a variable y; totheclass e;,, j=1,m, p=1,q;.

We use a bell-shaped membership function model of variable u to arbitrary term 7 in the form [23]:

1l ) =1/ 1+ (- B)/0)?), ©)

where [ is a coordinate of function maximum, 4 g (f)=1; o isaparameter of concentration-extension.
The operation of defuzzification is defined as follows [23]:

q; e 9j .
= zlsz'ﬂ]p(yj) Zlﬂ i) (7
p: p:

Correlations (5) - (7) define the generalized fuzzy model of the object as follows:

Y:FR(X,R,Bc,Qc), (8)

where  Be =(f G s B Cy ) and Q- = (o G ooy O N ) are the vectors of S -and O - parameters for fuzzy terms
Ci,...,Cyy membership functions;

Fp is the operator of inputs-outputs connection, corresponding to formulae (5) — (7).

4. Optimization Problem for Fuzzy Relations Extraction

Let us impose limitations on the knowledge base (2) volume in the following form: &y < k_l R n S E , where %i is

the maximum permissible total number of fuzzy terms describing a variable x;, i =1,n.
So as content and number of linguistic terms ¢;; (i = l n, =1, k ) used in fuzzy knowledge base (2) are not known

beforehand then we suggest to interpret them on the basis of membership functions (6) parameter values ( ﬂ il ,ocil ).

Therefore, knowledge base (1) synthesis is reduced to obtaining the matrix of knowledge base parameters (Table 1). This
problem can be formulated as follows. It is necessary to find such a knowledge base parameters matrix, which satisfies the
limitations imposed on knowledge base volume and provides the least distance between model and experimental outputs of
the object:

L ~ ~
FoX.,RB,Q-)-Y.]?= min . 9
SZZ:I[ R( s C C) s] R.B(,O ( )

5. Solving Composite Fuzzy Relational Equations

5.1. Optimization Problem

If Ry is a solution of the optimization problem (9), then R, is the exact solution of the composite system of fuzzy

relational equations
A A Rll cee le B

GAGED L EN* L FEE X)L (X)), (10)

R R

nl

where the experimental input and output matrices
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ACi A1 ,\Cl'l. A1l A€ A ~Cjg: &~
ANGE) o dNE | AT XY (X
L P
AN . Q & (x;7) ik X;) .. £ (X;))

are obtained for the given training data.
The problem of solving fuzzy relational equations (10) is formulated as follows [24 — 26]. Fuzzy relation matrix
R=[r;], I=1,N, J=1,M ,should be found which satisfies the constraints #;; €[0,1] and also provides the least

distance between model and experimental outputs of the object; that is, the minimum value of the criterion (9).

In the general case, system (10) has a solution set S (flA ,le) which is completely characterized by the set of upper

4GB
)=

solutions S n”, {Rk’ k=1T ,I'} and the set of lower solutions § (uA 1 B) {R,, =1 H} This implies

that the solution set S (fl ,fl ) contains the simplified subsets D), (flA ,le) k =1,T , each of which is determined
by the unique greatest solution R € S (u Nl ) and the set of lower solutions S (uA 1 B) {R,, I=1LH H}.

The solution set S (fl ,fl ) is obtained by extending the simplified solution subsets Dy (fl ,]fl ) to the case of
multidimensional composite fuzzy relational equations [26]:

SEAM- U U R | 1=LH. k=1T. (an
Rkeg B[E§

-  —k
Here Ri=[r1/] and R =[ rl[ J] are the matrices of the upper and lower bounds of the fuzzy relations 7;;, where the

union is taken over all R ES (u Nl )and R, €S (pA AB)

Following [24 — 26], formation of the intervals (11) is accomplished by way of solving a multiple optimization problem (9)

—k
and it begins with the search for its null solution R0 = [l’[?]] , where 7’1?] <ry, I=1,N, J=1,M . The lower bound

(}_’i]) for /=1 is found in the range [0, rl?]], and for />1 —in the range [0, min ;Z] , where the minimal solutions
p=Lk
—k . . 0
R, s </, are excluded from the search space. The upper bound (777 ) for k =1 is found in the range [r7;,1], and for

k>1 —in the range [max r);,1], where the maximal solutions R, p <k, are excluded from the search space.
s=1,

Let R(#) =[r;;(¢)] be some th solution of optimization problem (9), thatis F'(R(#)) = F/(R)), since forall R €
S (ﬁA,le) we have the same value of criterion (9). While searching for upper bounds (;]ICJ) it is suggested that
¥1;(t) = rp; (t — 1), and while searching for lower bounds (Kl[ ) itis suggested that 7;;(¢) < r;; (¢ —1). The definition of
the upper (lower) bounds follows the rule: if R(?) # R(z—1), then ;I;J (}_’i] y=ry (), 1= LH, k=1T.If

R(#) = R(# — 1), then the search for the interval solution [R, ,Rk] is stopped. Formation of intervals (11) will go on till

the conditions Rk # Rp and R, #R, p<k, s< [, have been satisfied.

The hybrid genetic and neural approach is proposed for solving optimization problem (9).

5.2. Genetic Algorithm for Fuzzy Relations Extraction

The chromosome needed in the genetic algorithm for solving this optimization problem includes the real codes of
parameters R, B, €. While searching for the complete solution set it is suggested that the chromosome includes only
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the codes of parameters 77, . Parameters of membership functions are defined simultaneously with the null solution. The

crossover operation is carried out by way of exchanging genes inside each variable 7y, , p €1 , O'C[ , I=1N,

J =1, M . The multi-crossover operation provides a more accurate adjusting direction for evolving offsprings that allows to

systematically reduce the size of the search region. The non-uniform mutation, the action of which depends on the age of the
population, provides generation of the non-dominated solutions. We used the roulette wheel selection procedure giving
priority to the best solutions. The greater the fitness function of some chromosome the greater is the probability for the given
chromosome to yield offsprings. The fitness function is built on the basis of criterion (9). While performing the genetic
algorithm the size of the population stays constant. That is why after crossover and mutation operations it is necessary to
remove the chromosomes having the worst values of the fitness function from the obtained population [28, 29].

5.3. Neuro-Fuzzy Network for Fuzzy Relations Extraction

Limitations on the knowledge base (2) volume allow embedding system (10) into the special neuro-fuzzy network, which
is able to extract knowledge (See Fig. 1)

Figure 1. Neuro-fuzzy network for knowledge extraction

To train the parameters of the neuro-fuzzy network, the recurrent relations

os,
@+ D) =ry () —n———:
aril,jp(t)
B+ = @) -7 o (1) = (1) - 12
oLl (1) do il (1)

are used which minimize the criterion
1 )
&y :E(yt =)

where y, and f/t are the model and the experimental outputs of the object at the #-th step of training;
Til, jp (t) are fuzzy relations at the #th step of training;
BEL(t), ol (t) are parameters for the fuzzy terms membership functions at the #-th step of training;

17 is a parameter of training [30].
The partial derivatives appearing in recurrent relations (12) can be obtained according to the results from [27].

6. Computer Experiment
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The aim of the experiment is to generate the system of IF-THEN rules for the target “two inputs ( X}, X, ) — two outputs

(Y1,Y7)” model presented in Fig. 2:

i :ﬁ(xl,xz):%(2z—0.9) (7z—=1) (172-19) (152 -2),

1
Y2 = f2(x1,x7) =5 +1,

(x; =3.0)% +(x, —2.5)°
40 '

The training data in the form of the interval values of input and output variables is presented in Table 2.

where z =

Table 2. Training data ( X 5> Ys )

Preliminary data
Inputs Outputs

s X ) N1 Y2

1 [0, 2.0] [0, 2.0] [0.16, 1.85] [0.07, 0.92]
2 [0, 2.0] [2.0, 4.0] [0.44, 1.85] [0.07, 0.78]
3 [2.0, 4.0] [0, 2.0] [0.16, 1.85] [0.07, 0.92]
4 [2.0,4.0] [2.0, 4.0] [0.44, 3.40] [-0.70, 0.78]
5 [4.0, 6.0] [0, 2.0] [0.16, 1.85] [0.07, 0.92]
6 [4.0, 6.0] [2.0,4.0] [0.44, 1.85] [0.07, 0.78]

Specified data
Inputs Outputs

s X X2 Y1 Y2

1 [0.2,1.2] [0.3, 1.6] [0, 1.0] [0.5, 1.0]
2 [0.2, 1.2] [1.3,4.0] [0, 0.8] [0.6, 1.0]
3 [0.7, 3.0] [0.3, 1.6] [0,2.3] [-0.15, 1.0]
4 [0.7,3.0] [1.3,4.0] [0, 3.4] [-0.7, 1.0]
5 [3.0,5.3] [0.3, 1.6] [0,2.3] [-0.15, 1.0]
6 [3.0,5.3] [1.3,4.0] [0, 3.4] [-0.7, 1.0]
7 [4.8,5.8] [0.3, 1.6] [0, 1.0] [0.5, 1.0]
8 [4.8,5.8] [1.3,4.0] [0, 0.8] [0.6, 1.0]

The experiment methods consist of carrying out the following steps.

1°. Given the training data, find the null matrix of fuzzy relations between the input and output fuzzy terms by solving the
optimization problem (9).

2°. For the composite system of fuzzy relational equations (10), generate the experimental input and output matrices

flA (5( ¢) and le (5( $), S= 1, L , using the obtained parameters of the membership functions.

3°. Given the null solution R, find the complete solution set for the relational matrix of terms weights.

4°. For the obtained relations between input and output fuzzy terns, generate the system of fuzzy rules.
5°. Give some linguistic interpretation of the solution set for the relational matrix of rules weights.

We shall evaluate the quality of the model using the following root mean-squared errors RMSE ; :
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1 L ~ R _ ‘
S=

The total number of fuzzy terms for input variables is limited to three.
The classes for output variables evaluation are formed as follows:

[y,>,»11=10,02)010.2,1.2)]V [1.2,3.4], [y,,¥,]1=[-0.7,0)J [0, 1.2].
— — | — S — — | — —
el €12 €13 €21 €22

Figure 2. Inputs-outputs model-generator

The null solution Rg presented in Table 3 together with the parameters of the knowledge matrix is obtained using the

genetic algorithm for the preliminary data.

Table 3. Fuzzy relational matrix (null solution) synthesized using the genetic algorithm

THEN outputs
IF inputs N %)

€1 €12 €13 €1 €2

1 (0.00, 0.70) 0.10 0.86 0.05 0.11 0.82

X1 C12 (3.03, 0.90) 0.08 0.68 0.90 0.86 0.30
C13 (5.98,0.72) 0.12 0.81 0.09 0.12 0.84

01 (0.01, 0.75) 0.12 0.74 0.10 0.14 0.76

*2 Cyy (3.00, 0.93) 0.12 0.39 0.92 0.88 0.48

The obtained null solution Rg allows us to arrange for the genetic search for the solution set of the system (10), where

the matrices ]flg (X ¢) and flg (X ) for the preliminary data take the following form:
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s 462 263 P i3
X, | oL | 008,043 0 (01211 | [0.08, 048]
X, | min | [00s 043 0 [0, 0.11] [0.46, 1]
Q- X; | 001 [0.43, 1] [0, 0.12] [0.12,1] | [0.09,0.46]
i_. 0,0.11] [0.43.1] [0,0.12] 0,0.11] [0.46. 1]
X; 0 [0.08.046] | [0.12,1.0] [012,1] | [0.09,0.46]
X, 0 [0.08,046] | [0.12,1.0] [0, 0.11] [0.46,1]
,fIE" ,EIE: },3{53 J;_}E— JE{ES
X, 0.10 [0.11,0.74] | [0.08,043] | [0.11,043] | [0.11,0.76]
X, 0.10 [0.11,0.39] | [0.08,043] | [0.11,043] | [0.11,048]
5 X; | w012 | 012,068 | [0.10,046] | [0.12,046] | [0.12,048]
He = Xo | 100121 | (011,039 | [043,090] | [043.0.88] | [0.11,048]
X; 0.12 [0.12,0.74] | [0.09,046] | [0.12,0.46] | [0.12,0.76]
X, 0.12 [0.12,0.39] | [0.09.046] | [0.12,0.48] | [0.12,048]

The complete solution set for the fuzzy relation matrix is presented in Table 4, where input X; is described by fuzzy terms
Low (L), Average (4), High (H); input X, is described by fuzzy terms Low (L), High (H); output ) is described by fuzzy
terms higher than Low (hL), lower than Average (IA), High (H); output ), is described by fuzzy terms Low (L), lower than
Average (I4).

Table 4. Fuzzy relational matrix (complete solution set) synthesized using the genetic algorithm

THEN outputs
ingzlts N1 V2
hL 1A H L 1A

Lol eng T el oae [onam | oxU T 80
X1 | A [(EJ(())II(())] 0.68 [0.12, 0.68] [(())99(()),U1] [%266}{] [0.12, 0.48] 0.48

H 0.12 [(())77iul] [(())77iul] [0, 0.46] [0.12, 0.46] [%7766U1] [%7766U1]
0 R G I e G )

H 0.12 [0.12, 0.39] 0.39 ’ 0i90 ’ 0?86 0.48 [0.12, 0.48]

The obtained solution provides the approximation of the object shown in Fig. 3.
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Figure 3. Inputs-outputs model synthesized using the genetic algorithm

The matrix of rules (terms combinations) weights, which corresponds to the preliminary solution, is presented in Table 5.
The preliminary matrix of rules weights can be linguistically interpreted as (See Table 9):

® the set of the four possible rules bases for output )y, which differ in the fuzzy terms describing output ) inrules 4

and 6 with overlapping weights;

® the set of the eight possible rules bases for output ), , which differ in the fuzzy terms describing output ), inrules 2,

4, 6 with overlapping weights.

Table 5. Matrix of rules weights for the preliminary solution

THEN outputs
IF inputs
N 2
X Xy hL 1A H L 1A
0.10U 0.74U 0.76U
L L [0, 0.10] [0.74, 1] [0,0.43] [0.11,0.43] [0.76, 1]
0.10U 0.68U
A L [0.0.10] [0.12. 0.68] [0, 0.46] [0.12, 0.46] [0.12,0.48]
0.74U 0.76 U
H L 0.12 0.74.1] [0, 0.46] [0.12, 0.46] 0.76.1]
0.10U 039U 0.48U
L H [0, 0.10] [0.12, 0.39] [0,0.43] [0.11,0.43] [0.12, 0.48]
A q 0.10U 039U 0.90U 0.86U 048U
[0, 0.10] [0.12, 0.39] [0.90, 1] [0.86, 1] [0.12, 0.48]
0391 048
H H 0.12 [0.12, 0.39] [0,0.46] [0.12, 0.46] [0.12, 0.48]

For the specified data, a neural adjustment of the null solution (Table 3) has yielded the new solution Rg presented in
Table 6 together with the parameters of the knowledge matrix.

Table 6. Fuzzy relational matrix (null solution) specified using neural adjustment

THEN outputs
IF inputs N %)

€ €12 €13 €1 €22

c (0.00,0.73) 0.86 0.83 0.10 0.08 0.84

X cp (3.00,0.91) 0.14 0.20 0.93 0.89 0.25
13 (6.00, 0.76) 0.85 0.88 0.12 0.10 0.80

C1 (0.02,0.75) 0.12 0.77 0.11 0.10 0.72

2 €y (3.00,0.90) 0.82 0.09 0.92 0.90 0.63
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The obtained null solution Rg has allowed adjustment of the bounds in the interval solution (Table 4) and generation of

the complete solution set of the system (10), where the matrices ﬁf(f( ;) and ]fl}lj(f( ) for the specified data take the

following form:

The complete solution set for the fuzzy relation matrix is presented in Table 7.

P P P G P

X | 10270931 | 1010, 020] i [0.18,0.88] | [0.10,0.29]

fi: 0.27,093] | [0.10,0.20] J 0, 0.26] [0.22,1]

X; | [0.06,0.52] 0.14,1] 0, 0.08] [0.18,0.88] | [0.10,0.29]

, X, | 1008 052 [0.14, 1] [0, 0.06] [0, 0.26] [0.22, 1]
s ‘L 0, 0.06] 0.14, 1] [0.06,0.54] | [0.18 088] | [0.10,0.29]
X 0, 0.06] [0.14, 1] [0.06, 0.54] [0, 0.26] [0.22, 1]

X- 0 [0.10,0.20] | [0.29,094] | [0.18,0.88] | [0.10,0.29]

X, 0 [0.10,0.20] | [0.29,0.94] [0, 0.26] [0.22,1]
e ~Eq et e iEs

‘L [0.12,029] | [0.18,077] | [0.10,020] | [0.10,020] | [0.18,0.72]

X, | 022,082 | 009,026 | [0.10,020] | [0.10,020] | [0.22,063]

Xy | 012,029 | [0.04,052] | [011,029] | [0.10,0.29] | [0.14,0.52]

.5 X, | [0.14,052] | [0.09,026] | [0.14.092] | [0.14,0.89] | [0.14,0.52]
) ’L [0.12,029] | [0.14,054] | [0.11,029] | [0.10,029] | [0.14,0.54]
X | 0140547 | 0090261 | [0.14,092] | [0.14,0.89] | [0.14,0.54]

X- | (012,029 | 018,077 | [0.11.020] | [0.10,020] | [0.18,0.72]

ﬁs 022,082] | [0.09,026] | [012,020] | [0.10,020] | [0.22,063]

Table 7. Fuzzy relational matrix (complete solution set) specified using neural adjustment

THEN outputs
IF inputs N b
hL 1A H L 1A
L [(L)JS()Z.,SIZ] [&707.’717] [0, 0.20] [0, 0.20] [&702.’712]
X1 A [0.12, 0.52] [0.14, 0.52] [%95.512] [(())z(;,ul] [0.14,0.52]
H [(L)jgg_’glz] [&707.’717] [0, 0.20] [0, 0.20] [&75.’712]
Y R AT AN 5
H [0..82, 1] [0.09,0.26] [0..92, 1] U 0.’89 0.63

The obtained solution provides the approximation of the object shown in Fig. 4.

For output variables )| and y,, the root mean-squared errors take the values of: RMSE;=0.82 and RMSE,=0.47
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after 10000 iterations of the genetic algorithm; RMSE[;=0.60 and RMSE, =0.35 after 3000 iterations of the

neuro-fuzzy network, respectively (100 min on Intel Core 2 Duo P7350 2.0 GHz).
The matrix of rules (terms combinations) weights, which corresponds to the resulting solution, is presented in Table 8. The
resulting matrix of rules weights can be linguistically interpreted as the unique set of IF-THEN rules (See Table 9).

Table 8. Matrix of rules weights for the specified solution

THEN outputs
IF inputs
N Y2
X Xy hL 1A H L 1A
L L [0.12,0.29] [&7(;’717] [0, 0.20] [0, 0.20] [&7(?"712]
A L [0.12,0.29] [0.14,0.52] [0, 0.29] [0, 0.29] [0.14, 0.52]
H L [0.12,0.29] [(())7777U1] [0, 0.20] [0, 0.20] [&702"712]
L H [&85%12] [0.09, 0.26] [0, 0.20] [0, 0.20] 0.63
A H [0.12,0.52] [0.09, 0.26] [%93.’912] [(())?;;Ul] [0.14, 0.52]
H H [(())?EZZUI] [0.09, 0.26] [0, 0.20] [0, 0.20] 0.63
g
RS
Vo
Figure 4. Inputs-outputs model specified using neural adjustment
Table 9. System of IF-THEN rules synthesized using the genetic and neural algorithm
IF inputs THEN outputs
Rule
X X2 N Y2
Genetic Neural Genetic Neural
1 L L 1A 1A
2 A L 1A LorlA 1A
3 H L 1A 1A
4 L H 1A or H hL LorlA 1A
5 A H H L
6 H H 1A or H hL LorlA 1A

7. Fuzzy Relations Extraction for Heart Diseases Diagnosis
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The aim is to generate the system of [F-THEN rules for diagnosis of heart diseases.
Input parameters are (variation ranges are indicated in parentheses): X; — aortic valve size (0.75 - 2.5 cm’); X, —mitral

valve size (1 — 2 cm?); X3~ tricuspid valve size (0.5 - 2.7 cm 2 X, — lung artery pressure (65 — 100 mm Hg).
Output parameters are: ), — left ventricle size (11-14 mm); ), — left auricle size (40—-70 mm); )5 — right ventricle size

(3641 mm); y, - right auricle size (38—45 mm).
The training data obtained in the Vinnitsa Clinic of Cardiology is represented in Table 10.
In current clinical practice, the valve sizes x| +Xx3 are described by fuzzy terms stenosis (S) and insufficiency (I);

pressure X, is described by fuzzy terms normal (N) and lung hypertension (H).
The classes for output variables y; evaluation are formed as follows:

[y 1=11L12)UL13,14], [y, ,1=[41,50)U[50, 701,
— —— — — — [ —

S e €1 €22
[V, 731=136,38)U [38,41], [y,,y41=138,40)U [40,45].
e31 €32 e41 eq)

In clinical practice these classes correspond to the types of diagnoses e i1 low inflation and e 72 dilation (hypertrophy)
of heart sections yj + V4. The aim of the diagnosis is to translate a set of specific parameters X) + x4 into decision e ;,

for each output )} + V4.

Table 10. Training data

Input parameters Output parameters
: X X X3 Xy N Y2 V3 Ya
Preliminary data
1 0.75-2.5 2 2 65-69 12-13 40-44 36 38
2 2.0-2.5 1-2 2 71-80 11 40-60 37-39 39-44
3 2.0-2.5 1-2 0.5-2.7 72-90 11-12 50-70 40-41 40-43
4 2.0-2.5 1-2 2-2.7 80-100 11 45-55 38-41 38-40
Specified data
1 0.75-2.0 2 2 65-69 12-14 41-44 36 38
2 2.0-2.5 2 2 65-69 11-13 40-41 36 38
3 2.0-2.5 1-2 2 71-80 11 40 38-40 40-45
4 2.0-2.5 2 2 71-80 11 50-70 37-38 38-40
5 2.0-2.5 2 0.5-2 72-90 11-12 60-70 40-41 40-45
6 2.0-2.5 1-2 2-2.7 80-90 11-12 40 40-41 38
7 2.0-2.5 2 2 80-100 11 50-60 36 38
8 2.0-2.5 1-2 2-2.7 80-100 11 40 40-41 38-40

The null solution Rg presented in Table 11 together with the parameters of the knowledge matrix is obtained using the
genetic algorithm for the preliminary data. The obtained null solution R()g allows us to arrange for the genetic search for the

solution set of the system (10), where the matrices flg (X ¢) and flg(ﬁ ) for the preliminary data take the following

form:
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J&’u J&’l: ,ff:ﬂ J&’:: gl s J&f-'l J&f-:
ﬁ. [0.29.1] [0.24, 0.99] 0.47 1 0.29 0.79 [097,1] |[0.28,0.33]
, i-. [0.292, 45] | [0.83,0.99] | [0.47,0.99] [0.38,1] 0.29 0.79 [0.58,0.921] [[0.36,0.36]
l.l::-; - i: [0.29,0.45] ) [0.83,0.99] | [047,0.99] [0.38,1] | [0.16,0.929] [[0.22,0%9]( [0.32,0.88] | [0.38,0.87]
i. [0.29,0.45] ) [0.83,0.99] | [0.47,0.99] [0.38,1] | [0.16,0.29] [[0.79,059]( [0.19,0.38] | [0.56,0.99]
J&?u J&?i: }&?Zl ,ff?:: ’5{?3; ffs: ;,-_*{?—'1 ,ff?":
i. [0.24,0.56] | [0.24,0.532] | [0.24, 0.72] 0.29 [0.24,0.73] | [0.24,032]( [0.24,0.79] | [0.24,0.33]
B i., [0.36,0.56] | [0.30,0.52] | [0.38,0.72] 0.29 [0.32,0.73] | [0.38,0.36]( [0.38,0.79] | [0.36,0.58]
l-lg - i; [0.22,0.87]) [0.22,0.52] | [0.22,0.72] | [0.1e, 0.80] | [0.22,0.75] [ [0.22,0.87]( [0.22, 0.88] | [0.22,0.73]
i- [0.47,0.92] ) [0.19,0.52] | [0.19,0.38] | [0.16, 0.29] | [0.19, 0.58] [ [0.47,020]( [0.38, 0.88] | [0.47,0.73]
Table 11. Fuzzy relational matrix (null solution) synthesized using the genetic algorithm
THEN outputs
IF inputs N by 3 Va

€n €12 €21 €2 €31 €3 | éq €42

(0.76, 1.12) 0.15 0.14 0.21 0.35 0.10 0.24 0.08 0.17

1 (2.43,0.94) 0.96 0.36 0.39 0.87 0.76 091 0.95 0.79

(1.06, 0.88) 0.93 0.58 0.84 0.90 0.22 0.98 0.17 0.82

2 (1.97,0.76) 0.48 0.19 0.32 0.26 0.89 0.30 0.93 0.12

(0.53,0.95) 0.12 0.07 0.16 0.98 0.37 0.22 0.24 0.05

*3 (2.58,1.12) 0.98 0.76 091 0.15 0.88 0.64 0.96 0.77

(65.90, 16.54) 0.34 0.58 0.83 0.72 0.39 0.48 0.61 0.24

& (97.85,20.27) 0.67 0.19 0.40 0.29 0.56 0.92 0.73 0.69

The complete solution set for the fuzzy relation matrix is presented in Table 12. The obtained solution provides the
preliminary results of diagnosis presented in Table 16 for 57 patients.
The matrix of rules (terms combinations) weights, which corresponds to the preliminary solution, is presented in Table 13.
The preliminary matrix of rules weights can be linguistically interpreted as (See Table 18):
® the set of the sixteen possible rules bases for output ¥y, which differ in the fuzzy terms describing output ) in
rules 13 — 16 with overlapping weights;
® the set of the two possible rules bases for output Y, , which differ in the fuzzy terms describing output y, inrule 9
with overlapping weights;
® the set of the four possible rules bases for output )3, which differ in the fuzzy terms describing output y5 inrules
14 and 16 with overlapping weights;
® the set of the sixteen possible rules bases for output y,4, which differ in the fuzzy terms describing output )4 in
rules 10, 12, 14, 16 with overlapping weights.

While interpreting the preliminary results in Table 13, the outputs )} + ), are described by the additional fuzzy term
Normal (N) in the rules 1 — 8 with low weights for both types of diagnoses e i1 and e 2
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Table 12. Fuzzy relational matrix (complete solution set) synthesized using the genetic algorithm

THEN outputs
IF
inputs 1 V2 3 Va
L D L D L D L D
S [0, 0.24] [0, 0.24] [0, 0.24] [0.29, 1] [0, 0.24] [0, 0.24] [0, 0.24] [0, 0.24]
X | | [0.56,092] [0.52, 11U [0.38, 0.72] [0.80, 11U [0.75, 11U [0.90, 11U [0.88, 11U [0.75, 11U
J[0.92,1] | [0.30,0.52] UJ[0.72, 1] [0.29,0.80] [0.32,0.75] | [0.56,0.90] | [0.30,0.88] | [0.56,0.75]
[0.92, 11U | {[0,0.521U | {[0,0.721U | {[0.29,0.80] | {[0.32,0.75] {[0,0.881U
S | [0.56,0.92] | [0.30,0.52]} | [0.38,0.721} | U[0,0.801} | UT[0,0.751} 8‘5&%9?] [0.30,0.88]} 8‘%6;(;'715]
X U[0.52, 1] UJro.72, 1] (J[0.80, 1] Uro, 1] 0.0, 1] Uro, 1] [0.75,1]
2 {[0.30,0.52] | {[0.38,0.72] | {[0,0.801U | [0.75, 11U [0.88, 11U 0. 11U
I [0, 0.56] Uro,0.5213 | UT0,0.721} | [0.29,0.801} | {[0,0.751U [0, 0.52] {[0.30,0.88] [0’ 0]75
U0, 0.52] U0, 0.72] Uro, 1] [0.32,0.75]} UJ [0, 0.88]} 10,0.75]
S (o, 1U [0, 1] [0, 11U [0.29, 0.80] [0, 11U [0, 1] [0, 11U [0, 11U
¥ [0,0.92] U0, 0.52] [0,0.72] U [0.80, 1] [0, 0.75] U [0, 0.90] [0, 0.88] [0, 0.75]
3 | [0.92, 11U | [0.52, 11U [0.72, 11U 0.0.29 [0.75, 11U [0.90, 11U [0.88, 11U [0.75, 11U
[0.56,0.92] | [0.30,0.52] | [0.38,0.72] 10,0.29] [0.32,0.75] | [0.56,0.90] | [0.30,0.88] | [0.56,0.75]
{[0,0.52]U
[0.72, 11U | 10.29, 11U [0.32,0.75] [0.30, 0.88]
N [0,0.56] [(Ef[oo’g';zl]]} [0.38,0.72] [0.29,0.80] Uro.7s, 11 [0.38,0.52] Uro.88, 1] [0,0.33]
X4 —
{[0.30, 0.52]
[0.92, 171U [0.80, 11U [0.56, 0.90] [0.56,0.75]
H [0.56.0.92] LLJJ[O, 0.52]} [0, 0.58] [0.29.0.80] [0, 0.58] U090, 1] [0.56, 0.88] U075, 1]
[0, 0.52]
Table 13. Matrix of rules weights for the preliminary solution
IF inputs THEN outputs
Rule
X[ Xa| X3| X4 B2 Y2 Y3 Vs
L D L D L D L D
1 [ S|S| S| N [[0024]]| [0,0.24] [0, 0.24] [0.29, 1] [0, 0.24] [0, 0.24] [0, 0.24] [0, 0.24]
2 | S|s| S| H |[0,024]| [0024] [0, 0.24] [0.29, 1] [0, 0.24] [0, 0.24] [0, 0.24] [0, 0.24]
3 0s|s|1 N | [0,0.24] | [0,0.24] [0, 0.24] [0, 0.29] [0, 0.24] [0, 0.24] [0, 0.24] [0,0.24]
4 [ s|s|1 H | [0,024] | [0,0.24] [0, 0.24] [0, 0.29] [0, 0.24] [0, 0.24] [0, 0.24] [0, 0.24]
5 1S|1]S | N |[0,024]]| [0,0.24] [0, 0.24] [0.29, 1] [0, 0.24] [0, 0.24] [0, 0.24] [0, 0.24]
6 | S| 1| S| H |[0,024] | [0,0.24] [0, 0.24] [0.29, 1] [0, 0.24] [0, 0.24] [0, 0.24] [0,0.24]
7 0S| 1|1 N | [0,0.24] | [0,0.24] [0, 0.24] [0, 0.29] [0, 0.24] [0, 0.24] [0, 0.24] [0, 0.24]
8 [ S| 1|1 H | [0,024] | [0,0.24] [0, 0.24] [0, 0.29] [0, 0.24] [0, 0.24] [0, 0.24] [0, 0.24]
9 |1|S| S| N |]I00.56] [0,1] [0,1] [0.29, 1] [0, 1] [0, 0.52] [0, 1] [0, 0.33]
0|1|s|s| H [0, 1] [0, 0.52] [0, 0.58] [0.80, 1] [0, 0.58] [0, 1] [0, 0.88] [0, 1]
1nm|r|s|iI N | [0,0.56] | [0.52,1] [0.72,1] | [0,0.29] [0.32,1] |[0.38,0.52]| 1[0.30,1] [0, 0.33]
12|1|s|1 H | [0.92,1] | [0.30,0.52] | [0,0.58] [0, 0.29] [0, 0.58] [0.90,1] | [0.30,0.88] | [0.75,1]
I3|1|(T1|S]| N |[0056]]| [00.52] [0, 0.72] [0.29, 1] [0, 1] [0, 0.52] [0, 1] [0, 0.33]
14|11 |S| H |[0056]]| [00.52] [0, 0.58] [0.29, 1] [0, 0.58] [0, 0.52] [0, 0.88] [0, 1]
15 (1|11 N | [0,0.56] | [0.30,0.52] | [0.38,0.72] | [0, 0.29] [0.32,1] [0, 0.52] [0.88, 1] [0, 0.33]
16 | 1|1 |1 H | [0,0.56] | [0.30,0.52] | [0,0.58] [0,0.29] [0, 0.58] [0,0.52] | [0.56,0.88] [0, 1]

For the specified data, a neural adjustment of the null solution (Table 11) has yielded the new solution Rg presented in

Table 14 together with the parameters of the knowledge matrix.
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Table 14. Fuzzy relational matrix (null solution) specified using neural adjustment
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THEN outputs
IF inputs 34! Y2 V3 Ya
| e €21 € €31 €33 €41 €42

(0.75, 1.08) 0.23 0.95 0.74 0.35 0.68 0.29 0.43 0.32

1 (2.46, 0.96) 0.98 0.61 0.25 0.79 0.17 0.86 0.59 0.80
(1.04, 0.83) 0.59 0.48 0.11 0.28 0.39 0.18 0.32 0.41

2 (1.95,0.78) 0.36 0.89 0.82 0.64 0.90 0.47 0.96 0.85
(0.51,0.97) 0.17 0.32 0.44 0.80 0.26 0.12 0.61 0.58

3 (2.58, 1.16) 0.89 0.94 0.63 0.47 0.85 0.91 0.87 0.14
(65.73,19.22) 0.05 0.75 0.96 0.14 0.92 0.17 0.91 0.43

4 (98.14, 20.68) 0.92 0.29 0.37 0.79 0.53 0.98 0.32 0.96

The obtained null solution Rg has allowed adjustment of the bounds in the interval solution (Table 12) and generation of

the complete solution set of the system (10), where the matrices fl,‘f (5( ¢) and flf (X ) for the specified data take the
following form:

=
4
1

W=

[ =]

b, b k [
1} 1} H:} 1} A:\'

b s L
[ =] =t

L L
fm taa

=]

L.
(=11

ME11
i

.

[043,1] [[0.24,081]] 043 0.30 0.80 [0.97,1] | [0.28, 0.33]
[0.28,0.43] | [0.81,1] 0.43 0.30 0.80 [0.97,1] | [0.28,0.33]
[0.28,0.43] | [0.81,1] | [0.43,1] | [040,1] 0.30 0.80 [0.64, 0.93] | [0.37, 0.56]
0.28,0.43] | [0.81,1] 0.43 130 0.80 [0.64, 0.93] | [0.37, 0.56]
[0.28,0.43] | [0.81,1] 0.43 [0.30,1] |[0.24, 0.80] | [0.38,0.90] | [0.38, 0.87]
[0.28,0.43] | [0.81,1] | [043,1] | [040,1] [[0.16,0.20]|[0.80,0.99] | [0.38, 0.64] | [0.56, 0.87]
[0.28,0.43] | [0.81,1] 0.43 0.30 0.80 [0.24, 0.64] | [0.56, 0.99]
0.8, 0431 | [0.81,11 | [043,17 | [040,11 |[0.16, 0307 [0.80,0.99] | [0.24, 0.64] [ [0.56, 0.99]
’&?11 ,&?13 J&?Zl ,ﬂ’?:: ﬁ?s_ },}?3: ~E41 ,ff?':
[0.28, 0.33] |[0.43,0.80]|[0.24, 0.78] | [0.24, 0.33]| [0.24, 0.80] | [0.28, 0.33] | [0.43, 0.80] .30
[0.28, 0.23] 0.61  [[0.24, 0.78] | [0.28, 0.33]| [0.24, 0.80] | [0.28, 0.33] | [0.43, 0.80] 0.30
[0.37,0.56] |[0.40,0.61]|[0.24, 0.78]| [0.37, 0.56] | [0.24, 0.80] | [0.37, 0.56] | [0.40, 0.80] .30
[0.37, 0.56] 0.61  [[0.24, 0.78][[0.37, 0.56]| [0.24, 0.80] | [0.37,0.56] | [0.43, 0.80] 0.30
[0.38, 0.87] |[0.30,0.61]|[0.24, 0.78] | [0.30, 0.65]| [0.24, 0.80] | [0.24, 0.80] | [0.24, 0.80] | [0.30, 0.80]
[0.43, 0.87] |[0.38,0.61]|[0.24, 0.64] | [0.30, 0.36]| [0.24, 0.64] | [0.38, 0.80] | [0.38, 0.64] | [0.16, 0.30]
[0.43, 0.80] |[0.24,0.61]|[0.24, 0.64]| [0.30, 0.56] | [0.24, 0.64] | [0.38, 0.80] | [0.24, 0.64] 0.30
[0.43, 0.87] |[0.24,0.61]|[0.24, 0.64] | [0.30, 0.56] | [0.24, 0.64] | [0.38, 0.80] | [0.24, 0.64] | [0.16, 0.30]

The complete solution set for the fuzzy relation matrix is presented in Table 15. The resulting solution provides the final
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results of diagnosis presented in Table 16 for 57 patients.

Table 15. Fuzzy relational matrix (complete solution set) specified using neural adjustment

THEN outputs
IF
inputs Y1 Y2 V3 Y4
L D L D L D L D
{[0.24, 0.78] {[0.24,0.80]
S [0, 1] [8?(3)58%8(1)} U0, 0.78]} [0, 0.65] U [0,0.80]} [0.28, 1] L[Joﬁ)’g(fol]] [0.30, 1]
X1 " U [0,1] U [0,0.80] 80,
{[0,0.78] U {[0, 0.80] U
I 8?3&871]] 0.61 [0.24,0.781} [?0635(’) (1)]6§J] [0.24,0.80]} [F0830é (1)]8(l)J] [0.43,0.80] [?08;)6 (1)]8(%]J
v U[0.78, 1] o U [0.80, 1] T T
S [0.87. U [0.40,0.61] [0, 0.78] [0, 0.65] [0, 0.64] [0, 0.80] [0, 0.64] [0.30, 1]
Xy [0.43,0.87] T > > > U , 0. , 0. .30,
I [0, 0.87] [0.80, 17U [0.78, 11U [0.65,11 U | [0.80,11 U | [0.80,11 U | [0.80,1]1 U | [0.80,1] U
> [0.43,0.80] [0.24, 0.78] [0.30,0.65] [0.24, 0.80] [0.38,0.80] [0.43,0.80] [0.30,0.80]
{[0,0.80] U
S [0, 1] [0.30,0.61] [0, 0.78] [0.30, 0.63] [0, 0.80] [0.24,0.80]} [0, 0.80] [0.30,0.80]
U [0.30,1] U [0.80,1]
X3 U _[0.1]
{[0.38,0.80]
| [087,1] U |r080,11 U | 10781 U [0.37. 0.56] [0.80,11 U U [0, 0.80]3 [0.80,11 U [0.030]
[0.43,0.87] [0.43,0.80] [0.24,0.78] [0.24, 0.80] U [0.80, 1] [0.43,0.80]
[0.80,11 U | r0.78,11 U [0.80,11 U [0.80,11 U
X4 N [0,033] [0.43,0.80] [0.24,0.78] [0,0.33] [0.24, 0.80] [0,0.33] [0.43,0.80] [0.30,0.80]
[0.87, 11U [0.65,11 U [0.38, 0.80] [0.80,11 U
H [0.43,0.87] [0,064] [0,064] [0.30,0.65] [0,0.64] U [0.80, 1] [0,0.64] [0.30,0.80]
Table 16. Genetic and neural algorithm efficiency characteristics
. ' Number Probability of the correct diagnosis
Output parameter Type of diagnosis
of cases Genetic algorithm Neural network
e 20 18/20=0.90 19/20=0.95
N
€1s 37 34/37=0.92 36/37=0.97
€1 26 22/26=0.84 24/26=0.92
2
€y 31 27/31=0.87 29/31=0.93
€3] 28 25/28=0.89 27/28=0.96
Y3
€39 29 26/29=0.90 28/29=0.96
€41 40 34/40=0.85 38/40=0.95
Y4
€1 17 14/17=0.82 16/17=0.94
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Table 17. Matrix of rules weights for the specified solution

IF inputs THEN outputs
Rule
X[ X2 X3 Xy bgl M2 V3 V4
L D L D L D L D
1 |S|{S|S|N [0, 0.33] [0.30,0.61] [0, 0.78] [0, 0.33] [0, 0.64] [0, 0.33] [0, 0.64] [0.30,0.80]
2 |S|{S|S|H [0, 1] [0, 0.61] [0, 0.64] [0, 0.65] [0, 0.64] [0, 0.80] [0, 0.64] [0.30, 1]
3 |S|S|I1|N [0, 0.33] [0.40,0.61] [0, 0.78] [0, 0.33] [0, 0.64] [0, 0.33] [0, 0.64] [0, 0.30]
4 |S|{S|1|H [0, 1] [0, 0.61] [0, 0.64] [0, 0.56] [0, 0.64] [0, 0.80] [0, 0.64] [0, 0.30]
S|S|I1|S|N [0, 0.33] [0.30,0.61] [0, 0.78] [0, 0.33] [0, 0.80] [0, 0.33] [0, 0.80] [0.30,0.80]
6 |[S|I1|S|H [0, 0.87] [0, 0.61] [0, 0.64] [0, 0.65] [0, 0.64] [0.24, 1] [0, 0.64] [0.30, 1]
7 1S|1|1|N [0, 0.33] [0.80, 1] [0.24, 1] [0,0.33] [0.24,0.80] [0,0.33] [0.80, 1] [0, 0.30]
8 |S|{I|I1|H [0, 0.87] [0, 0.64] [0, 0.64] [0, 0.56] [0, 0.64] [0.28, 1] [0, 0.64] [0, 0.30]
9 | I [S|S|N [0, 0.33] [0.30,0.61] [0, 0.78] [0, 0.33] [0, 0.64] [0, 0.33] [0, 0.64] [0.30,0.80]
10[I|S|S|H [0, 1] [0, 0.61] [0, 0.64] [0, 0.65] [0, 0.64] [0, 0.80] [0, 0.64] [0.30, 1]
1m[{Ir|s|1|N [0, 0.33] [0.40,0.61] [0, 0.78] [0, 0.33] [0, 0.64] [0, 0.33] [0, 0.64] [0, 0.30]
121 |S|1|H [0.87,1] [0, 0.61] [0, 0.64] [0, 0.56] [0, 0.64] [0, 0.80] [0, 0.64] [0, 0.30]
B3I |T1T|S|N [0, 0.33] [0.30,0.61] [0, 0.78] [0, 0.33] [0, 0.80] [0, 0.33] [0, 0.80] [0.30,0.80]
41| 1|S|H [0, 0.87] [0, 0.61] [0, 0.64] [0.30, 1] [0, 0.64] [0.24, 1] [0, 0.64] [0.80, 1]
51| 1|1|N [0, 0.33] [0.43,0.61] [0.78, 1] [0, 0.33] [0.80, 1] [0,0.33] | [0.43,0.80] [0, 0.30]
6|1 |1 |1|H [0, 0.87] [0, 0.61] [0,0.64] |[0.37,0.56] | [0, 0.64] [0.80, 1] [0, 0.64] [0, 0.30]
Table 18. System of IF-THEN rules synthesized using the genetic and neural algorithm
IF inputs THEN outputs
Rule
X1 | X2 | X3 | X4 1 Y2 Y3 Y4
Genetic Neural Genetic Neural Genetic Neural Genetic Neural
1 S S S N N D D L N L N D
2 S S S H N L D LorD N D N D
3 S S I N N D N L N L N L
4 S S I H N L N L N D N L
5 S I S N N D D L N L N LorD
6 S I S H N L D LorD N D N D
7 S I I N N D N L N L N L
8 S I I H N L N L N D N L
9 I S S N D LorD L L L D
10 I S S H L D LorD D LorD D
11 I S 1 N D L L L
12 I S 1 H L L D LorD L
13 I I S N LorD D D L L L LorD
14 I I S H LorD L D LorD | D LorD D
15 I I I N LorD D L L L
16 I I I H LorD L L LorD | D LorD L
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The matrix of rules (terms combinations) weights, which
corresponds to the resulting solution, is presented in Table 17.
The resulting matrix of rules weights can be linguistically
interpreted as (See Table 18):

®  the unique set of IF-THEN rules for outputs )} and

L] tﬁg set of the eight possible rules bases for output

V5 , which differ in the fuzzy terms describing
output Y, in rules 2, 6, 10 with overlapping
weights;

®  the set of the four possible rules bases for output y4,

which differ in the fuzzy terms describing output
Y4 inrules 5 and 13 with overlapping weights.

For output variables y; + V4, the root mean-squared
errors take the values of: RMSE;=0.37, RMSE,=4.82,
RMSE; =0.59, RMSE,=1.28 after 50000 iterations of
the genetic algorithm; RMSE;=0.21, RMSE, =3.17,
RMSE;=0.25, RMSE ;=0.43 after 10000 iterations of
the neuro-fuzzy network (250 min on Intel Core 2 Duo
P7350 2.0 GHz).

For heart diseases diagnosis, we obtain the average
accuracy rates of 87% and 95% after genetic and neural

training, respectively.

8. Conclusion

This paper proposes a method based on fuzzy relational
equations to identify MIMO systems. In experimental data
analysis rules generation combined with solving fuzzy
relational equations is a promising technique to restore and
identify the relational matrix together with some rules base
explanation. The method proposed is focused on generating
accurate and interpretable fuzzy rule-based systems. The
obtained results depend on the randomness of the training
data initialization, e.g., on the generation of the training
intervals during the execution. In some cases the model may
have the highest rule performance only with the special test
and training data partition, which is used to build and test the
model.

For the practical applications the initial and specified
training intervals are derived directly from the problem. In
this paper, the issue of adaptation of the resulting solution,
while the samples of experimental data (training intervals)
are changing, is considered. The genetically guided global
optimization is augmented by more refined gradient-based
adaptation mechanisms to provide the invariability of the
generated fuzzy rule-based systems. Such an adaptive
approach envisages the development of a hybrid genetic and
neural algorithm for solving composite fuzzy relational
equations. Using our new hybrid approach it is possible to
avoid random effects caused by different partitions of
training and test data by detecting a representative set of
rules bases.
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