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Preface

The identification of an object refers to the construction of its mathematical model
which determines the interrelationship between input and output variables by ex-
perimental data. The presence of the “input — output” model provides the possibil-
ity of solving two classes of problems; direct problems and inverse problems.

A direct problem is understood as a look into the future; i.e., a prediction of the
effects (outputs) as a result of the observed causes (inputs).

An inverse problem is understood as a look into the past; i.e., a renewal of the
causes (inputs) through the observed effects (outputs).

The resolution of these problems plays an important role in automatic and situ-
ational control, technical and medical diagnostics, pattern recognition, prediction,
many-factor analysis, multi-criteria estimation and other decision making tasks.

As a rule, the task of identification is performed in two stages. At the first
stage, called structural identification, some coarse model of an object is formed
which approximates the input-output interconnection and contains adjustable pa-
rameters. At the second stage, called parametric identification, parameter values
are chosen such that they minimize the distances between the model and experi-
mental outputs of the object.

The stage of parametric identification is sufficiently formalized, because it
amounts to the use of various optimization methods. The only difficulty is in finding
the global minimum of nonlinear functions with divergence of theory and experi-
mentation, and in computing complexity growth with the growth of the adjustable
parameters number.

The stage of the structural identification is perceived to be more an act of art
rather than that of science. The choice of the adjustable model considerably de-
pends upon “the starting capital of the researcher”, his/her qualifications, expertise,
object essence understanding, bias in favor of one of many mathematical appara-
tuses and upon other subjective factors. In modern theory of identification, some
quantitative relations in the form of various types of equations (algebraic, differen-
tial, difference, integral and others) are used. This apparatus is more intrinsically
applied to those objects which are described by the laws of physics, mechanics,
thermodynamics and electromagnetism. Classic theory leads to catastrophic com-
plex models while identifying dependencies in the so-called intellectual tasks
which are traditionally performed by people. Man walks, swims, does the most
complex physical exercises, drives a car, recognizes familiar objects, conceives
regularities in experimental data, solves other complicated mathematical tasks of
control and decision making without resorting to strict quantitative relations.
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Two unique qualities play fundamental role in solving the task of identification
and decision making by man. They are known as: the capability to learn defined
as the capability to minimize divergence of the actual activity result from some
desired standard, and linguistic capability, which is the capability to express
learned knowledge in a natural language.

Therefore, while simulating intellectual activity it is quite natural to employ
such a mathematical apparatus which, in contrast to classical methods, is adjusted
to employ learning and linguistic capabilities.

Fuzzy set theory, proposed by L. Zadeh in 1965, is a handy tool for natural lan-
guage statements formalization. The first works on practical application of fuzzy
logic in the direct problems of simulation and control performed in 1980 — 1990
are due to E. Mamdani, T. Takagi and M. Sugeno.

Quality of the fuzzy model directly depends on the parameters of fuzzy rules,
fuzzy relations and fuzzy terms membership functions, which are chosen by em-
ploying expert methods at the stage of structural identification. Therefore, the
stage of the fuzzy model tuning by using experimental data is required. The stage
of tuning is connected with the statement and resolution of the problem of nonlin-
ear optimization.

Investigations relative to fuzzy models tuning have been intensely developing
since the end of the last century. Some combination of the genetic algorithm and
the neural network appears to be the efficient means of solving tuning problems.
The genetic algorithm provides a quick hitting into the area of the global minimum,
while the neural network is then used for successive adjustment of the parameters
of the fuzzy model in real time mode. One of the first monographs dedicated to the
resolution of the direct problems of simulation on the basis of the complex use
of fuzzy sets, genetic algorithms and neural networks is the work “Intellectual
Technologies of Identification” by A. Rotshtein, 1999 (http:/matlab.exponenta.ru/
fuzzy_logic/book5/index.php).

Solving inverse problems of fuzzy inference is connected with the problem of
solving fuzzy logical equations. We propose a method for numerical resolution of
the system of fuzzy logical equations by reducing this problem to the search for
the minimum with the help of the genetic algorithm. A combination of the genetic
algorithm with the neuro-fuzzy network is helpful in solving the inverse problem
simultaneously with design and tuning of the fuzzy model on the basis of readily
available expert and experimental information.

This monograph is written on the basis of the author’s originally suggested in-
vestigations, devoted to the resolution of the direct and inverse problems of fuzzy
inference with the use of genetic and neural algorithms.

The book consists of nine chapters:

Chapter One is a short introduction into intellectual technologies and contains
the main knowledge of the theory of fuzzy sets, genetic algorithms and neural nets
necessary to understanding the following chapters.

Chapter Two contains nonlinear objects approximation models on the basis of
linguistic expressions joined in fuzzy knowledge bases. Some object models with
continuous and discrete outputs are considered here. The approach to the linguistic
approximation is based on the method of fuzzy logic equations suggested in the
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work “Medical Diagnosis based on Fuzzy Logic” by A. Rotshtein, 1997
(http:/matlab.exponenta.ru/fuzzy_logic/book7/index.php).

Chapter Three describes some methods of linguistic models tuning using ge-
netic algorithms and neural nets. The tasks of optimal tuning are formulated in
terms of mathematical programming for the objects with the continuous and dis-
crete output as well as for the generalized object “many inputs - many outputs”.
Membership functions forms of fuzzy terms and weights of rules are considered as
adjustable parameters.

In Chapter Four, the methods of IF-THEN rules extraction from experimental
data using genetic algorithms and neural networks are described. The problem of
linguistic knowledge extraction is formulated as the optimization problem, where
the synthesis of the knowledge base amounts to finding the matrix of membership
functions parameters interpreted as fuzzy terms.

In Chapter Five, we propose some procedures of numerical solution of the
fuzzy relational equations using genetic algorithms. The procedures envisage the
optimal solution growing from a set of primary variants using genetic cross-over,
mutation and selection operations. To serve as an illustration of the procedures
and genetic algorithm’s effectiveness we present an example of the diagnosis
problem.

In Chapter Six, we propose an approach for building fuzzy systems of diagnosis,
which enables solving fuzzy relational equations together with design and tuning of
fuzzy relations on the basis of expert and experimental information. The essence of
tuning consists of the selection of such membership functions of the fuzzy causes
and effects and such “causes-effects” fuzzy relations, which provide minimal dif-
ference between theoretical and experimental results of diagnosis. Genetic algo-
rithms and neural networks are used for solving the optimization problems.

In Chapter Seven, an approach for an inverse problem solution based on the de-
scription of the interconnection between unobserved and observed parameters of
an object with the help of fuzzy IF-THEN rules is proposed. The essence of the
proposed approach consists of formulating and solving the optimization problems,
which, on the one hand, find the roots of fuzzy logical equations, corresponding to
IF-THEN rules, and, on the other hand, tune the fuzzy model using the readily
available experimental data. The hybrid genetic — neuro approach is proposed for
solving the formulated optimization problems.

In Chapter Eight, we consider a problem of multiple inputs — multiple outputs
object identification expressed mathematically in terms of fuzzy relational equa-
tions. The identification problem consists of the 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 the problem relates to the inverse problem and requires resolu-
tion for the composite fuzzy relational equations. The resulting solution is linguisti-
cally interpreted as a set of possible rules bases discovering the structure of the given
experimental data.

The efficiency of the models and algorithms suggested in Chapters 3 — 8 is
illustrated by computer experiments with standard objects as well as real examples
of forecasting and diagnosis.
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Chapter Nine describes the results of application of intellectual technologies of
identification in system control problems, sport forecasting, automobile design,
projects creditworthiness evaluation and system reliability analysis.

The presented bibliography does not in any way reflect the overwhelming major-
ity of works in the given domain. Only the works which were used by the authors in
carrying out the investigations are referred to.

While writing this book, we used the results of investigations carried out to-
gether with Dr. Denis Katelnikov and Dr. Yuriy Mityushkin, which remained the
best reminiscences during our team work.

The first author would like to express his thanks to the colleagues from Jerusalem
College of Technology (JCT — Machon Lev) Prof. Yaakov Friedman, Prof. Usiel
Sandler, Prof. Morton Posner, Prof. Alan Stulman, Prof. Joseph M. Steiner and Mrs.
Ariella Berkowitz for many useful discussions and support. Finally, we thank the
JCT student Shaya Rubinshtein for the linguistic editing.
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Chapter 1
Fundamentals of Intellectual Technologies

Intellectual technologies which are used to do the tasks of identification and deci-
sion making in this book represent a combination of three independent theories:

- of fuzzy sets - as a means of natural language expressions and logic evidence
formalization;

- of neural nets - artificial analogs of the human brain simulating the capabili-
ty to learn;

- of genetic algorithms - as a means of optimal decision synthesis from a mul-
tiplicity of initial variants on which the operations of crossing, mutation and
selection are performed.

The concept of the linguistic variable underlies natural language expressions
formalization [1, 2]. According to Zadeh [1], such a variable whose values are
words or sentences of the natural language, that is the qualitative terms, is
called the linguistic variable. Using the notion of membership function, each
of the terms estimating a linguistic variable can be formulated in the form of a
fuzzy set defined on a corresponding universal set [2]. Fuzzy logic apparatus
does not contain learning mechanisms. That is why the results of fuzzy logic evi-
dence strongly depend on the membership functions type used to formalize fuzzy
terms: “small”, “large”, “cool”, “hot” and alike.

The main feature of neural networks is their learning ability. This is realized by
special algorithms among which the back-propagation algorithm is the most popu-
lar [3, 4]. There is no need for prior information about the structure of the sought
functional dependence to train the neural network. Only the training data in the
form of experimental “input — output” pairs are needed, and the price for it is the
fact that a trained neural network — a graph with weighted edges — doesn’t yield to
semantic interpretation.

Optimization is the most important stage in solving identification problems [5 — 7].
A task of nonlinear optimization can be solved by various methods among which the
gradient descent [8] is the most universal. However, when there is a great number of
input variables the gradient descent method requires finding the minimum from vari-
ous initial points that substantially increases computer time expenses. Genetic algo-
rithms represent the powerful apparatus of optimal decision synthesis [9, 10]. These
algorithms are analogues of random search [8], which is carried out simultaneously
from various initial points, cutting the time of search for optimal solutions.

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 1-37.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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1.1 Fuzzy Sets

This section is written on the basis of the works [1, 2, 11, 12]. The additional in-
formation relative to fuzzy sets and decision making under uncertainty can be
found in the works [13 — 21].

The concept of a set, and set theory, are powerful tools in mathematics. Unfor-
tunately, a sin qua non condition underlying set theory, i.e. that an element can
either belong to a set or not, is often not applicable in real life where many vague
terms as “large profit”, “high pressure”, “moderate temperature”, “reliable tools”,
“safe conditions”, etc. are extensively used. Unfortunately, such imprecise de-
scriptions cannot be adequately handled by conventional mathematical tools.

If we wish to maintain the very meaning of imprecise (vague) terms, a crisp dif-
ferentiation between elements (e.g., pressure values) that are either high or not
high may be artificial, and some values may be perceived high to some extent, not
fully high and not fully not high.

An attempt to develop a formal apparatus to involve a partial membership in a
set was undertaken in the mid-1960’s by Zadeh [1]. He introduced the concept of
a fuzzy set as a collection of objects which might “belong” to it to a degree, from 1
for full belongingness to 0 for full nonbelongingness, through all intermediate
values. This was done by employing the concept of a membership function, as-
signing to each element of a universe of discourse a number from the unit interval
to indicate the intensity (grade) of belongingness. The concept of a membership
function was evidently an extension of that of a characteristic function of a con-
ventional set assigning to the universe of discourse either O (nonbelongingness) or
1 (belongingness). Then, basic properties and operations on fuzzy sets were de-
fined by Zadeh (and later by his numerous followers) being essentially extensions
(in the above spirit) of their conventional counterparts.

Since its inception, fuzzy sets theory has experienced an unprecedented growth
of interest in virtually all fields of science and technology.

1.1.1 Fundamentals of Fuzzy Set Theory

Suppose that X ={x} is a universe of discourse, i.e. the set of all possible (feasi-
ble, relevant, ...) elements to be considered with respect to a fuzzy (vague) concept
(property). Then a fuzzy subset (or a fuzzy set, for short) A in X is defined as a
set of ordered pairs {(x, " (x))} , where xe X and ﬂA : X —1[0,1] is the mem-

bership function of A; u*(x)e[0,1] is the grade of membership of x in A,

from O for full nonbelongingness to 1 for full belongingness, through all interme-
diate values. In some contexts it may be expedient to view the grade of member-
ship of a particular element as its degree of compatibility with the (vague) concept
represented by the fuzzy set. Notice that the degrees of membership are clearly
subjective.
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Many authors denote ﬂA (x) by A(x). Moreover, a fuzzy set is often equated
with its membership function so that both A and x”(x) are often used interchan-
geably.

Notice that if [0, 1] is replaced by {0, 1}, this definition coincides with the cha-

racteristic function based description of an ordinary (nonfuzzy) set. Moreover, the
original Zadeh’s unit interval is chosen for simplicity, and a similar role may be
played by an ordered set, e.g., a lattice.

It is convenient to denote a fuzzy set defined in a finite universe of discourse,

say A in X ={x,x,,...,x,} as
A =,uA()cl)/)cl +/1A(x2)/x2 +...+,uA(xn)/xn = z,uA(xi)/xi ,
i=1

where “ 1* (x,) / x,” (called a singleton) is a pair “grade of membership — element”
and “+” is meant in the set-theoretic sense.

Example 1.1. If X ={1,2,...,10}, then a fuzzy set “large number” may be given as

A =" large number’=0.2/6 + 0.5/7 + 0.8/8 + 1/9 + 1/10

to be meant as: 9 and 10 are surely (to degree 1) “large numbers”, 8 is a “large
number” to degree 0.8, etc. and 1,2,...,5 are surely not “large numbers”. Notice
that the above degrees of membership are subjective (a “large number” is a sub-
jective concept!) and context-dependent, and - by convention - the singletons with

14 (®) =0 are omitted.

In practice it is usually convenient to use a piecewise linear representation of
the membership function of a fuzzy set as shown in Fig. 1.1 since only two values,

a and a, are needed.

A(x)

a

Fig. 1.1. Membership function of a fuzzy set
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1.1.2 Basic Properties of Fuzzy Sets

A fuzzy set A in X is empty, A=, if and only if ,uA(x)=O, Vxe X .

Two fuzzy sets A,B in X are equal, A= B, if and only if u*(x)=u"(x),
Vxe X .

A fuzzy set A in X is included in (is a subset of) a fuzzy set B in X,
AC B,ifand only if u”*(x)<u®(x), Vxe X .

Example 1.2. Suppose X ={1,2,3} and A=0.3/1 +0.5/2 + 1/3 and B=0.4/1 +
0.6/2 +1/3;then ACB.
An important concept is the cardinality of a fuzzy set. If X ={x,,x,,...,x,} ,and

A=t O x4 1 () 3, + ot (x) [x, =D wh (),
i=l1
then the (nonfuzzy) cardinality of A is defined as

card A=l Al=) p(x).

i=1

Example 1.3. If X ={1,2,3,4} and A=0.1/1 + 0.4/2 + 0.7/3 + 1/4, then
card A =2.2.

1.1.3 Basic Operations on Fuzzy Sets

The basic operations here are naturally the complement, intersection and union, as
in the conventional set theory.
The complement of a fuzzy set A in X, —A, is defined as

ut(x)y=1-pu*(x), Vxe X .

and it corresponds to the negation «not».
The intersection of two fuzzy sets A, B in X, AN B, is defined as

KR = () At (x), Vxe X,

where « A » is the minimum, and it corresponds to the connective «and».
The union of two fuzzy sets, A,B in X, AU B, is defined as

p 0= w0V P (), Vae X,

where «V » is the maximum, and it corresponds to the connective «or».
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Example 1.4. If X ={1,2,...,10},

A = “small number” = 1/1 + 1/2 + 0.8/3 + 0.5/4 + 0.3/5 + 0.1/6,
B =*“large number” = 0.1/5 + 0.2/6 + 0.5/7 + 0.8/8 + 1/9 + 1/10,
then —A = “not small number” = 0.2/3 + 0.5/4 + 0.7/5+0.9/6 + 1/7 + 1/8 + 1/9 +

1/10
AN B =“small number” and “large number” = 0.1/5 + 0.1/6
AU B = “small number” or “large number” = 1/1 + 1/2 + 0.8/3 + 0.5/4 + 0.3/5

+ 0.2/6 + 0.5/7 + 0.8/8 + 1/9 + 1/10.

The above definitions are classic, and have been commonly employed though
they are evidently by no means the only ones. For instance, the use of a ¢ -norm
for the intersection and an s-norm for the union has often been advocated. They

are defined as follows:
a t -norm is defined as ¢ : [0, 1]x[0, 1] — [0, 1] such that:

a) atl=a
b) atb=bta
¢) atb>ctd, ifa>c, b>d
d) atbtc=at(btc).
Some more relevant examples of ¢ -norms are:

a Ab=min(a,b) - this is the most popular ¢ -norm,
a-b,
I-[IA(=a)’ +(1A-b)")""], p=1 .

an s -norm (¢ -conorm) is defined as s :[0, 1]1x[0, 1] — [0, 1] such that:

a) asO=a
b) asb=bsa
¢c)asb>csd, ifa=>2c,b2>d
d) asbsc=as(bsc).
Some examples of more popular s-norms are:

av b=max(a,b) - this is the most popular s -norm,
atb-a-b

In(a”+67)", p=1.

1.1.4 Further Properties and Related Concepts

An o -cut (o -level set) of a fuzzy set A in X is defined as the ordinary set
A, < X such that

A ={xeX:u*M2a}, Yael0,1] .
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Example 1.5. If A = 1/1 + 0.8/2 + 0.5/3 +0.1/4, then A, ={1,2,3,4},
As=11,2,3}, Ay ={L2} A={1}.

The concept of an « -cut of a fuzzy set is crucial for the so-called decomposi-
tion theorem which states that any fuzzy set A in X may be represented as some
(equivalent) operation on conventional sets (subsets of X ).

Of fundamental importance here is the so-called extension principle [1] which
gives a formal apparatus to carry over operations (e.g., arithmetic or algebraic)
from sets to fuzzy sets. Namely, if f:X — Y is a function (operation) and A is a

fuzzy setin X ,then A induces via f afuzzyset B in Y given by

] sup u'(x) , f(y) =D
‘ll (y): y=f(x) . (11)
0 LT =0

Example 1.6. Let X ={1,2,3,4}, Y={1,2,3,4,5,6} and y=x+2. If now
A= 0.1/1+02/2+0.7/3 + 1/4, then B= 0.1/3 +0.2/4 + 0.7/5 + 1/6.

1.1.5 Fuzzy Relations

Fuzzy relations - exemplified by «much larger than», «more or less equal», etc. -
are clearly omnipresent in human discourse. Formally, if X ={x} and Y ={y} are

two universes of discourse, then a fuzzy relation R is defined as a fuzzy set in the
Cartesian product X xY, characterized by its membership function

15X xy —»[0,1]; u®(x,y)e[0,1] reflects the strength of relation between
xe X and ye?Y.

Example 1.7. Suppose that X = {horse, donkey} and ¥ = {mule, cow}. The
fuzzy relation «similar» may then be defined as

R = «similar» = 0.8/(horse, mule) + 0.4/(horse, cow) +
+ 0.9/(donkey, mule) + 0.5/(donkey, cow)

to be read that, e.g., a horse and a mule are similar to degree 0.8, a horse and a
cow to degree 0.4, etc.

Notice that for finite, small enough X and Y, a fuzzy relation may be evident-
ly shown in the matrix form.

A crucial concept related to fuzzy relations is their composition. If we have two
fuzzy relations R in X XY and S in Y XZ, then their (max-min) composition is
a fuzzy relation Ro S in X XZ defined by

1 (x,z2) = sug[ﬂR oAl (y,2)] .

ye
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Fuzzy relations play a crucial role in virtually all applications, notably in deci-
sion making and control.

1.1.6 Fuzzy Numbers

The extension principle defined by (1.1) is a very powerful tool for extending non-
fuzzy relationships to their fuzzy counterparts. It can also be used, e.g., to devise
fuzzy arithmetic.

A fuzzy number is defined as a fuzzy set in the real line, A in R, which is

normal (i.e. sup yA (x) =1) and bounded convex (i.e. whose all ¢« -cuts are con-

xeR
vex and bounded). A fuzzy number may be exemplified by «about five», «a little
more than 7», «more or less between 5 and 8», etc.
Notice that function f in (1.1) may be, say, the sum, product, difference and

quotient, and we can extend via (1.1) the four main arithmetic operations: addi-
tion, multiplication, subtraction and division to fuzzy sets, hence obtaining fuzzy
arithmetic.

Namely, for the basic four operations we obtain:

* addition

H @) = max(p (D A" (D] 5 VX y,z€ RS
* subtraction

# (@) =max[ut (A" (D], Vx,y,z€ R
* multiplication

#P @ =max(pt (D Au" (] I y,z€ R
* division

#"(@) = max [ut (At (], Vxy,ze R

Unfortunately, the use of the extension principle to define the arithmetic opera-
tions on fuzzy numbers is in general numerically inefficient, hence it is usually
assumed that a fuzzy number is given in the so-called L—R representation whose
essence is that the membership function of a fuzzy number is

L[m—xj , >0, Vx<m
(24

ut(x) =
R (m—x

9

J , B>0,Vx2m
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where function L is such that:

a) L(—x)=L(x) ,
b) L(0)=1,
¢) L isincreasing in [0, + o] ,

and similarly function R .

Here m is the mean value of the fuzzy number A, « is its left spread, and f
is its right spread; notice that when « , =0, then the fuzzy number A boils
down to a real number m .

A fuzzy number A can now be written as A=(m,, &,, B, ) , and the arith-
metic operations may be defined in terms of the m’s, @ ’s and £ ’s. For instance,

in the case of addition:
A+B=(mA’aA’ﬁA) +(mB’aB’ﬂB) = (mA+mB’aA+aB’ﬁA+ﬁB)’

and similarly for the other arithmetic operations.

In practice, however, the L—R representation is further simplified in that the
functions L and R are assumed to be linear which leads to triangular fuzzy num-
bers exemplified by the one shown in Fig. 1.2a, and whose membership function
is generally given by

(x—a')/(a—a') ,a <x<a

(a+—x)/(a+—a) ,a<x<a’ '

a1t (x) ={

4(x)

Fig. 1.2. Membership functions of triangular and trapezoid fuzzy numbers
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Notice that a triangular fuzzy number may be adequate for the formalization of
such terms as, say, around 5 or much more than 10 (in this case, evidently, a* must
be a very large number). For the representation of such fuzzy numbers as, e.g., more
or less between 5 and 7 the trapezoid fuzzy numbers may be used which are exem-
plified in Fig. 1.2b and whose membership function is generally written as

(x—a)/(a-a’), a <x<a
pt(x) =11

x<a.
(a+—x)/(a+ —a), a<x<a"

IN

a

1.1.7 Fuzziness and Probability

Novices at fuzzy set theory very often try to compare it with theory of probability.
However, both theories are hardly comparable because they treat uncertainty dif-
ferently. Some statistical uncertainty is considered in theory of probability, e.g., a
probability of hitting the target is equal to 0.9. Fuzzy set theory allows us to oper-
ate with linguistic uncertainty, e.g., good shot. These types of uncertainty can be
formalized with the help of:

e distribution functions — for theory of probability,
e membership functions — for fuzzy set theory.

The founder of fuzzy set theory L. Zadeh gives the following example to illustrate
the crucial difference between the two distributions [17].

Example 1.8. Let us consider the assertion «The author eats X eggs at break-
fast»,

X={1,2,3..}.

Some possibility and probability distributions correspond to the value of X,
which can be considered as an uncertain parameter.

The possibility distribution 7, (1) can be interpreted as a degree (a subjective
measure) of easiness, with which the author eats u eggs. To define the probability
distribution P, (1) , it is necessary to observe the author over a period of 100 days.

Both distributions are presented below.

Possibility and probability distribution

u 1 2 3 4 5 6 7 8
7, (1) 1 1 1 1 0.8 0.6 0.4 0.2

P, (u) 01 | 08 | o1 0 0 0 0 0
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It is seen, that the high degree of possibility 7, (1) does not mean in any case
the same high degree of probability P, (u). There is no doubt: if an event is im-

possible, then it is also improbable.
The crucial difference between theory of probability and theory of possibility is ap-
parent wherein the axiom of complement is treated differently in these two theories:
P(A)+ P(Z) =1 - for theory of probability,
7(A)+7m(A)#1 - for theory of possibility.

1.2 Genetic Algorithms

As mentioned in the preface, optimization is the most important stage in solving
identification problems [5 — 7]. The main difficulties in the application of the
classical methods of nonlinear functions optimization [8] are related to the prob-
lems of finding a local extremum (Fig. 1.3) and overcoming of the “dimension
curse” (Fig. 1.4).

Local minimum Time of

calculation
\\‘/—\\\ /
Y

bl

“Wall” of
complexity

Global minimum /
Dimension of
the problem
Fig. 1.3. Problem of local extremum Fig. 1.4. Problem of “dimension curse”

The attempts to overcome these problems resulted in the creation of a special
theory of genetic algorithms, which grow the optimal solution by crossing-over
the initial variants with consequent selection using some criterion (Fig. 1.5). The
general information about genetic algorithms presented in this chapter is based on
the works [9, 10, 22, 23].
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Features
inheritance

Replenishment
of the population

Fitness function

Selection of parents
from the population

Fig. 1.5. Idea of genetic algorithm
(In: Goldberg D. Genetic Algorithms in Search, Optimization and Machine Learning, Addi-
son Wesley, 1989)

1.2.1 General Structure of Genetic Algorithms

Genetic algorithms are stochastic search techniques based on the mechanism of
natural selection and natural genetics. Genetic algorithms, differing from conven-
tional search techniques, start with an initial set of random solutions called a popu-
lation. Each individual in the population is called a chromosome, representing a
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solution to the problem at hand. A chromosome is a string of symbols; it is usu-
ally, but not necessarily, a binary bit string. The chromosomes evolve through suc-
cessive iterations, called generations. During each generation, the chromosomes
are evaluated, using some measures of fitness. To create the next generation, new
chromosomes, called offsprings, are formed by either (a) merging two chromo-
somes from the current generation using a crossover operator or (b) modifying a
chromosome using a mutation operator. A new generation is formed by (a) select-
ing, according to the fitness values, some of the parents and offsprings and (b)
rejecting others so as to keep the population size constant. Fitter chromosomes
have higher probabilities of being selected. After several generations, the algo-
rithms converge to the best chromosome, which hopefully represents the optimum
or suboptimal solution to the problem. Let P(r) and C(t) be parents and off-

springs in current generation f; the general structure of genetic algorithms (see
Fig. 1.6) is described as follows:

Procedure: Genetic Algorithm

begin

t:=0;

initialize P(t) ;

evaluate P(t) by using a fitness function;

while (not termination condition) do
recombine P(¢) toyield C(¢) ;
evaluate C(¢) by using a fitness function;
select P(t+1) from P(t) and C(¢) ;
t:=t+1;

end

end.

Usually, initialization is assumed to be random. Recombination typically in-
volves crossover and mutation to yield offspring. In fact, there are only two kinds
of operations in genetic algorithms:

1. Genetic operations: crossover and mutation.
2. Evolution operation: selection.

The genetic operations mimic the process of heredity of genes to create new
offspring at each generation. The evolution operation mimics the process of Dar-
winian evolution to create populations from generation to generation.
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crossover

110010
101110G1110
) chromosomes ¢
encoding 1100101110
1100101010 1011101010
1011101110

0011011001
1100110001

mutation

0011011001

0011001001
y

selection evaluation

new O ) )

population 1100101110
1011101010
0011001001

v

decoding

roulette

hee v
heel M

fitness

computation

Fig. 1.6. The general structure of genetic algorithms

1.2.2 Genetic Operators

Crossover operator. Crossover is the main genetic operator. It operates on two
chromosomes at a time and generates offspring by combining both chromosomes’
features. A simple way to achieve crossover would be to choose a random cut-
point and generate the offspring by combining the segment of one parent to the
left of the cut-point with the segment of the other parent to the right of the cut-
point (Fig. 1.7).
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(I T s |

Fig. 1.7. Crossover operator

This method works well with the bit string representation. The performance of
genetic algorithms depends, to a great extent, on the performance of the crossover
operator used.

The crossover rate (denoted by p_ ) is defined as the ratio of the number of off-

spring produced in each generation to the population size (usually denoted by
pop_size). This ratio controls the expected number p_ X pop_size of chromo-

somes to undergo the crossover operation. A higher crossover rate allows explora-
tion of more of the solution space and reduces the chances of settling for a false
optimum. However, if this rate is too high, it results in the wastage of a lot of
computation time in exploring unpromising regions of the solution space.

Mutation operator. Mutation is a background operator which produces spontane-
ous random changes in various chromosomes. A simple way to achieve mutation
would be to alter one or more genes. In genetic algorithms, mutation serves the
crucial role of either (a) replacing the genes lost from the population during the
selection process so that they can be tried in a new context or (b) providing the
genes that were not present in the initial population.

The mutation rate (denoted by p, ) is defined as the percentage of the total

number of genes in the population. The mutation rate controls the rate at which
new genes are introduced into the population for trial. If it is too low, many genes
that would have been useful are never tried out; if it is too high, there will be much
random perturbation, the offspring will start losing their resemblance to the par-
ents, and the algorithm will lose the ability to learn from the history of the search.

1.2.3 Search Techniques

Search is one of the more universal problem-solving methods for such problems
where one cannot determine a priori the sequence of steps leading to a solution.
Search can be performed with either blind strategies or heuristic strategies. Blind
search strategies do not use information about the problem domain. Heuristic
search strategies use additional information to guide the search along with the best
search directions. There are two important issues in search strategies: exploiting
the best solution and exploring the search space. Hill-climbing is an example of a
strategy which exploits the best solution for possible improvement while ignoring
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the exploration of the search space. Random search is an example of a strategy
which explores the search space while ignoring the exploitation of the promising
regions of the search space. Genetic algorithms are a class of general-purpose
search methods combining elements of directed and stochastic search which can
make a remarkable balance between exploration and exploitation of the search
space. At the beginning of genetic search, there is a widely random and diverse
population and the crossover operator tends to perform a widespread search for
exploring the complete solution space. As the high fitness solutions develop, the
crossover operator provides exploration in the neighbourhood of each of them. In
other words, the types of searches (exploration or exploitation) a crossover per-
forms would be determined by the environment of the genetic system (the diver-
sity of population), but not by the operator itself. In addition, simple genetic op-
erators are designed as general-purpose search methods (the domain-independent
search methods); they perform essentially a blind search and could not guarantee
to yield an improved offspring.

1.2.4 Comparison of Conventional and Genetic Approaches

Generally, the algorithm for solving optimization problems is a sequence of com-
putational steps which asymptotically converge to an optimal solution. Most clas-
sical optimization methods generate a deterministic sequence of computation
based on the gradient or higher-order derivatives of the objective function. The
methods are applied to a single point in the search space. The point is then im-
proved along the deepest descending/ascending direction gradually through itera-
tions. This point-to-point approach has the danger of falling in local optima. Ge-
netic algorithms perform a multiple directional search by maintaining a population
of potential solutions. The population-to-population approach attempts to make
the search escape from local optima. Population undergoes a simulated evolution:
at each generation the relatively good solutions are reproduced, while the rela-
tively bad solutions die. Genetic algorithms use probabilistic transition rules to
select someone to be reproduced and someone to die so as to guide their search
toward regions of the search space with likely improvement.

1.2.5 Advantages of Genetic Algorithms

Genetic algorithms have received considerable attention regarding their potential
as a novel optimization technique. There are three major advantages when apply-
ing genetic algorithms to optimization problems:

1. Genetic algorithms do not have much mathematical requirements about the op-
timization problems. Due to their evolutionary nature, genetic algorithms will search
for solutions without regard to the specific inner workings of the problem. Genetic
algorithms can handle any kind of objective functions and any kind of constraints
(i.e., linear or nonlinear) defined on discrete, continuous, or mixed search spaces.



16 Chapter 1 Fundamentals of Intellectual Technologies

2. The ergodicity of evolution operators makes genetic algorithms very effec-
tive at performing a global search (in probability). The traditional approaches per-
form a local search by a convergent stepwise procedure, which compares the val-
ues of nearby points and moves to the relative optimal points. Global optima can
be found only if the problem possesses certain convexity properties that essen-
tially guarantee that any local optima is a global optima.

3. Genetic algorithms provide us with a great flexibility to hybridize with domain-
dependent heuristics to make an efficient implementation for a specific problem.

1.2.6 Genetic Algorithm Vocabulary

Because genetic algorithms are rooted in both natural genetics and computer sci-
ences, the terminology used in genetic algorithm literature is a mixture of the natu-
ral and the artificial.

In a biological organism, the structure that encodes the prescription specifying
how the organism is to be constructed is called a chromosome. One or more chro-
mosomes may be required to specify the complete organism. The complete set of
chromosomes is called a genotype, and the resulting organism is called a pheno-
type. Each chromosome comprises a number of individual structures called genes.
Each gene encodes a particular feature of the organism, and the location, or locus,
of the gene within the chromosome structure determines what particular character-
istic the gene represents. At a particular locus, a gene may encode any of several
different values of the particular characteristic it represents. The different values
of a gene are called alleles.

The correspondence of genetic algorithm terms and optimization terms is sum-
marized in Table. 1.1.

Table 1.1. Explanation of genetic algorithm terms

Genetic algorithms

Explanation

Chromosome
Gene (bits)
Locus
Alleles
Phenotype
Genotype

S e

Solution (coding)
Part of solution
Position of gene
Values of gene
Decoded solution
Encoded solution

1.2.7 Examples with Genetic Algorithms

In this section we explain in detail about how a genetic algorithm actually works,

using two simple examples.

Example 1.9. Optimization problem. The numerical example of optimization

problem is given as follows:




1.2 Genetic Algorithms 17

f(x,x,)= (—Zx; +6x§ +6x, +10)-sin(In(x, ) -e™)
05< x <111, 1.0< x, 4.6

Itis necessary to find:  max f(x,,x,) .
A%

A three-dimensional plot of the objective function is shown in Fig. 1.8.

Representation. First, we need to encode decision variables into binary strings.
The length of the string depends on the required precision. For example, the do-

main of variable x; is [aj,b_,} and the required precision is five places after the
decimal point. The precision requirements imply that the range of the domain of
each variable should be divided into at least (bj —a_].)><105 size ranges. The re-
quired bits (denoted with m ; ) for a variable is calculated as follows:
2" <(b;—a;)x10° <2" —1

The mapping from a binary string to a real number for variable x; is straight-

forward and completed as follows:
—a.

b.
x; =a;+ decimal( substring ;) x—L—7

2" -1
where decimal( substring ; ) represents the decimal value of substring ; for deci-

sion variable X;.
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1 NS 30
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0.62 X -50

Fig. 1.8. Objective function
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Suppose that the precision is set as five places after the decimal point. The re-
quired bits for variables x, and x, is calculated as follows:

(1.1-0.5) x 100,000 = 60,000
27 <60,000<2'-1, m, =16
(4.6 - 1.0) x 100,000 = 360,000

2% <360,000<2"- 1, m, =19
m=m+m,=16 + 19= 35 .

The total length of a chromosome is 35 bits which can be represented as follows:

‘ 35 bits |
v. 0100000101010010 1001101111011111110

J
\% 16 bits I I 19bits ~ —>

The corresponding values for variables x, and x, are given below:

Binary number Decimal number
x, 0100000101010010 16722
X, 1001101111011111110 319230
X =0.5+ 16722 1'2116_0'16 =0.65310 ,
x,=1.0+319230 x 46210 _ 3.19198 .

219

Initial population. Initial population is randomly generated as follows:

v, = [01000001010100101001101111011111110]
v, = [10001110101110011000000010101001000]
v, = [11111000111000001000010101001000110]
v, = [01100110110100101101000000010111001]

vy = [00000010111101100010001110001101000]
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Ve = [10111110101011011000000010110011001]
v, = [00110100010011111000100110011101101]
v, = [11001011010100001100010110011001100]
v, = [01111110001011101100011101000111101]
V= [01111101001110101010000010101101010]

The corresponding decimal values are:

v, = [x,x5]= [0.653097, 3.191983]
v, = [x,x]= [0.834511,2.809287]
v, = [x,x]= [1.083310,2.874312]
v, = [x.x]= [0.740989,3.926276]
v = [x.x]= [0.506940,1.499934]
ve = [x.x]= [0.946903,2.809843]
v, = [x,x5]= [0.622600,2.935225]
ve = [x,x]= [0.976521,3.778750]
vy = [x.x,]= [0.795738,3.802377]
V= [x,x,]= [0.793504,3.259521]

Evaluation. The process of evaluating the fitness of a chromosome consists of the
following three steps:

1°. Convert the chromosome’s genotype to its phenotype. Here, this means
converting the binary string into relative real values x‘=(x,x}),

k=12,..., pop _size .
2°. Evaluate the objective function f(x").

3°. Convert the value of the objective function into fitness. For the maximiza-
tion problem, the fitness is simply equal to the value of the objective function

eval(v,) = f(xk) , k=12,..., pop _size .

An evaluation function plays the role of the environment, and it rates chromo-
somes in terms of their fitness.
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The fitness function values of the above chromosomes are as follows:

eval(v)) = (0.653097,3.191983 ) = 20.432394
eval(v,) = f(0.834511,2.809287 ) =-4.133627
eval(vy) = f(1.083310,2.874312 ) = 28.978472
eval(v,) = (0.740989,3.926276 ) =-2.415740
eval(vy) = (0.506940,1.499934 ) = -2.496340
eval(vy) = (0.946903,2.809843 ) = -23.503709
eval(v,) = (0.622600,2.935225 ) =-13.878172
eval(vg) = f(0.976521,3.778750 ) = -8.996062
eval(vy) = f(0.795738,3.802377 ) = 6.982708
eval(vy,) = (0.793504,3.259521 ) = 6.201905

It is clear that chromosome v, is the strongest one and that chromosome v, is

the weakest one.

Selection. In most practices, a roulette wheel approach is adopted as the selection
procedure [22]; it belongs to the fitness-proportional selection and can select a
new population with respect to the probability distribution based on fitness values.
The roulette wheel can be constructed as follows:

1. Calculate the fitness value eval(v,) for each chromosome v, :

eval v,)=f x"), k =12,..., pop _size .

2. Calculate the total fitness for the population:

pop _size

F = Z (eval (v)— min {eval (v;)}

k=1 Jj=L.pop _size
3. Calculate selection probability p, for each chromosome v, :

eval(v,)— min {eval (vj)}
Jj=L pop _size

Dy = F , k=12,..., pop _size .
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4. Calculate cumulative probability g, for each chromosome v, :

k
9 :ij , k=1,2,..., pop _size .
j=l
The selection process begins by spinning the roulette wheel pop _ size times; each
time, a single chromosome is selected for a new population in the following way:

1°. Generate a random number r from the range [0,1] .

2°. If r<gq,, then select the first chromosome v, ; otherwise, select the k th
chromosome v, (2<k < pop _size)suchthat g, , <r<gq, .
The total fitness F of the population is:

10

F ZZ(eval (v,)—minfeval (vj)} =242.208919 .
j=110

k=1

The probability of a selection p, for each chromosome v, (k=1,2,..,10)is as
follows:

p, =0.181398, p, =0.079973, p, =0.216681,
p, =0.087065, ps =0.086732, Ps =0.000000,
p, =0.039741, p, =0.059897, p, =0.125868,
P =0.122645 .

The cumulative probability g, for each chromosome v, (k=12,...,10) is as

follows:
g, =0.181398, g, =0.261370, q, =0.478052,
q, =0.565117, qs =0.651849, qs =0.651849,
q, =0.691590, g, =0.751487, q, =0.877355,
q,, = 1.000000 .

Now we are ready to spin the roulette wheel 10 times, and each time we select a
single chromosome for a new population. Let us assume that a random sequence

of 10 numbers from the range [0,1] is as follows:
0.301431 0.322062 0.766503

0.350871 0.583392 0.177618
0.032685 0.197577 .

0.881893
0.343242
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The first number r =0.301431 is greater than g, and smaller than ¢, , mean-
ing that the chromosome v, is selected for the new population; the second number
r, =0.322062 is greater than ¢, and smaller than ¢g,, meaning that the chromo-
some Vv, is again selected for the new population; and so on. Finally, the new
population consists of the following chromosomes:

v/= [11111000111000001000010101001000110]  (*3)
V)= [11111000111000001000010101001000110]  (¥3)
V)= [11001011010100001100010110011001100] ()
Vi= [01111110001011101100011101000111101] ™)
V)= [11111000111000001000010101001000110] (¥
v/= [01100110110100101101000000010111001] ()
V)= [01000001010100101001101111011111110] )
V)= [11111000111000001000010101001000110]  (¥3)
V)= [01000001010100101001101111011111110] )

V;0= [10001110101110011000000010101001000] 2y

Crossover. Crossover used here is one-cut-point method, which randomly selects
one cut-point and exchanges the right parts of two parents to generate offspring.
Consider two chromosomes as follows, and the cut-point is randomly selected
after the 17" gene:

v = [11111000111000001000010101001000110]
Vy = [100011101011100110000000101010010001

The resulting offspring by exchanging the right parts of their parents would be
as follows:

v = [11111000111000001 000000010101001000]

vy —-[10001110101110011 000010101001000110]
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The probability of crossover is set as p, = 0.25, so we expect that, on average, 25%

of chromosomes undergo crossover. Crossover is performed in the following way:

Procedure: Crossover
begin
k=0
while (k£ <10) do
7, := random number from [0,1] ;
if (r, <0.25) then
select v, as one parent for crossover;
end ;
ki=k+1 ;
end ;
end.

Assume that the sequence of random numbers is:

0.625721 0.266823 0.288644
0.163274 0.567461 0.085940
0.770714 0.548656 .

0.295114
0.392865

This means that the chromosomes v, and v, were selected for crossover. We

generate a random integer number pos from the range [1, 34] (because 35 is the

total length of a chromosome) as cutting point or in other words, the position of
the crossover point. Assume that the generated number pos equals 1, the two

chromosomes are cut after the first bit, and offspring are generated by exchanging

the right parts of them as follows:

!

va_ = [11111000111000001000010101001000110]

V:7 =[01000001010100101001101111011111110]

U

v'5 = [11000001010100101001101111011111110]

v

— [01111000111000001000010101001000110]
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Mutation. Mutation alters one or more genes with a probability equal to the muta-
tion rate. Assume that the 18" gene of the chromosome v/ is selected for a muta-

tion. Since the gene is 1, it would be flipped into 0. Thus the chromosome after

mutation would be:

vi =[11111000111000001000010101001000110]

U

vi =[11111000111000001100010101001000110]

The probability of mutation is set as p, =0.01, so we expect that, on average,

1% of the total bit of the population would undergo mutation. There are
mX pop _size= =35x10=350 bits in the whole population; we expect 3.5 mu-

tations per generation. Every bit has an equal chance to be mutated. Thus we need
to generate a sequence of random numbers 7, (k =1..350) from the range [0,1].

Suppose that the following genes will go through mutation:

Position of gene Number of Position of gene | Random number |
in population chromosome in population "k
111 4 6 0.009857
172 5 32 0.003113
211 7 1 0.000946
347 10 32 0.001282

After mutation, we get the final population as follows:

11111000111000001000010101001000110]

[
v, = [11111000111000001000010101001000110]
v, = [11001011010100001100010110011001100]
v, = (01111010001011101100011101000111101]
V= [11000001010100101001101111011110110]
v, = [01100110110100101101000000010111001]
v, = [11111000111000001000010101001000110]
vy = [11111000111000001000010101001000110]
vy = [01000001010100101001101111011111110]

[

10001110101110011000000010101000000]
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The corresponding decimal values of variables x, and x, and fitness are as follows:

f(1.083310,2.874312)=28.978472
f(1.083310,2.874312)=28.978472
(0.976521,3.778750)=-8.996062
f(0.786363,3.802377)=9.366723
f(0.953101,3.191928)=-23.229745
/(0.740989,3.926276)=-2.415740
f(1.083310,2.874312)=28.978472
f(1.083310,2.874312)=28.978472
/(0.653097,3.191983)=20.432394
f(0.834511,2.809232)=-4.138564
Now we just completed one iteration of the genetic algorithm. The test run is

terminated after 1000 generations. We have obtained the best chromosome in the
419™ generation:

v’ =[01000011000100110110010011011101001]

eval (v') = (0.657208,2.418399) = 31.313555
X =0.657208  x, =2.418399
f(x/,x}) =31.313555.

Example 1.10. Word matching problem. Another nice example to show the
power of genetic algorithms, the word matching problem tries to evolve an ex-
pression of «live and learn» from the randomly-generated lists of letters with a
genetic algorithm. Since there are 26 possible letters plus space character for each
of 14 locations in the list, the probability that we get the correct phrase in a pure
random way is (1/27)"* = 9.14x 10", which is almost equal to zero.

We use a list of ASCII integers to encode the string of letters. The lowercase
letters in ASCII are represented by numbers in the range [97,122] and the space
character is 32 in the decimal number system. For example, the string
«live and learn» is converted into the following chromosome represented with
ASCII integers:

[108,105,118,101, 32, 97,110,100, 32,108,101, 97,114,110]
Generate an initial population of 10 random phrases as follows:
[115,111,113,114,100,109,119,115,118,106,108,116,112,106]
[116,111,112,122,122,119,103,106,122,100,114, 99,115,103]
[117,106,1211,102,113, 97, 32,114,114,112,117,117,103,115]
[ 32, 97,114,118,104, 99,117,105,100,118, 98,114,102, 32]
(119, 99,117,103,102,122,112, 32,114,122,101,107,101,106]
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[116,117,100,120, 32, 32, 97,122,118,121,104,103, 97,113]
[118,100,104,122,101,102,114,113,113, 98,111,114, 98,116]
[120,106,105,101, 98,110,108,116, 97,118,104,116,103,118]
[102,117,115,100,122,107,118,104,107,112, 99,109,120,109]
[100,110,100,102,115, 32,107,104,104, 32,121,109, 99,120]

Now, we convert this population to string to see what they look like:

«sogrdmwsvjltpj»
«topzzwgjzdrcsg»
«ujofga rrpuugs»
« arvhcuidvbrf »
«wcugfzp rzekej»
«tudx azvyhgag»
«vdhzefrggborbt»
«xjiebnltavhtgv»
«fusdzkvhkpcmxm»
«dndfs khh ymcx»

Fitness is calculated as the number of matched letters. For example, the fitness for
string «ujofga rrpuugs» is 1. Only mutation is used which results in a change to a given
letter with a given probability. Now, we run our genetic algorithm with 32 generations
to see how well it works. The best one of each generation is listed in Table 1.2.

Table 1.2. The best string for each generation

Gen. String Fitness func- [ Gen. String Fitness func-
tion tion
1 jujofga rrpuugs 1 17 |liie xnd leaez 10
2 [wfugfzpnrzewen 2 18 [liye xnt learn 11
3 |wiipvap ozekej 3 19 [liye xnt learn 11
4 Wi gvahdlzerej 4 20 |liye xnt learn 11
5 [liigvapt yekej 5 21 |live xnd nearn 12
6 |[liigvapt yekej 5 22 |live xnd nearn 12
7 [lgie zp zekrj 6 23 |live xnd nearn 12
8 |lgie zp =zekrj 6 24 |live xnd nearn 12
9 |lgie zp zekrj 6 25 |live gnd learn 13
10 |1jie zni yeaez 7 26 |live gnd learn 13
11 |1jie zni yeaez 7 27 |live gnd learn 13
12 [liie xnt beaez 8 28 [live gnd learn 13
13 |1liye nd yeaez 9 29 |live and learn 14
14 |liye nd yeaez 9 30 [live and learn 14
15 |liye nd yeaez 9 31 |live and learn 14
16 [liie xnd leaez 10 32 |live and learn 14
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After 29 generations, the population produced the desired phrase. The total ex-
amined chromosomes are 290. If we use pure random method to produce 290 ran-
dom phrases, could we have a match?

1.3 Neural Networks

This chapter is written on the basis of the works [3, 4, 24, 25]. The additional informa-
tion relative to artificial neural networks can be found in the works [26 — 31].

1.3.1 Neural Net Basics

The imitation of human minds in machines has inspired scientists for the last cen-
tury. About 50 years ago, researchers created the first electronic hardware models
of nerve cells. Since then, the greater scientific community has been working on
new mathematical models and training algorithms. Today, so-called neural nets
absorb most of the interest in this domain. Neural nets use a number of simple
computational units called “neurons”, of which each tries to imitate the behavior
of a single human brain cell. The brain is considered as a “biological neural net”
and implementations on computers are considered as “neural nets”. Fig. 1.9 shows
the basic structure of such a neural net.
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Input Layer 1. Hidden Layer 2. Hidden Layer Output Layer

Fig 1.9. Basic structure of an artificial neural net
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Each neuron in a neural net processes the incoming inputs to an output. The
output is then linked to other neurons. Some of the neurons form the interface of
the neural net. The neural net shown in Fig. 1.9 has a layer for the input signals
and one for the output signals. The information enters the neural net at the input
layer. All layers of the neural net process these signals through the net until they
reach the output layer.

The objective of a neural net is to process the information in a way that it is
previously trained. Training uses either sample data sets of inputs and correspond-
ing outputs or a teacher who rates the performance of the neural net. For this train-
ing, neural nets use so-called learning algorithms. Upon creation, a neural net is
dumb and does not exhibit any behavior at all. The learning algorithms then modi-
fy the individual neurons of the net and the weight of their connections in such a
way that the behavior of the net reflects the desired one.

1.3.2 Mimic of Human Nerve Cells

Researchers in the area of neural nets have analyzed various models of human
brain cells. In the following, we only describe the one most commonly used in
industrial applications.

The human brain contains about 10'' nerve cells with about 10" connections to
each other. Fig. 1.10 shows the simplified scheme of such a human neuron. The
cell itself contains a kernel, and the outside is an electrical membrane. Each neu-
ron has an activation level, which ranges between a maximum and a minimum.
Hence, in contrast to Boolean logic, more then two values exist.

To increase or decrease the activation of this neuron by other neurons, so-called
synapses exist. These synapses carry the activation level from a sending neuron to
a receiving neuron. If the synapse is an excitatory one, the activation level from
the sending neuron increases the activation of the receiving neuron. If the synapse
is an inhibiting one, the activation from the sending neuron decreases the activa-
tion of the receiving neuron. Synapses differ not only in whether they excite or
inhibit the receiving neuron, but also in the amount of this effect (synaptic
strength). The output of each neuron is transferred by the so-called axon, which
ends in as much as 10,000 synapses influencing other neurons.

The considered neuron model underlies most of today’s neural net applications.
Note that this model is only a very coarse approximation of reality. You cannot
exactly model even one single human neuron; it is beyond the ability of humans to
model. Hence, every work based on this simple neuron model is unable to exactly
copy the human brain. However, many successful applications using this tech-
nique prove the benefit of neural nets based on the simple neuron model.
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Fig. 1.10. Simplified scheme of a human neuron

1.3.3 Mathematical Model of a Neuron

Various mathematical models are based on the simple neuron concept. Fig. 1.11
shows the most common one. First, the so-called propagation function combines
all inputs X; that stem from the sending neurons. The means of combination is a
weighted sum, where the weights w; represent the synaptic strength. Exciting syn-
apses have positive weights, inhibiting synapses have negative weights. To ex-
press a background activation level of the neuron, an offset (bias) © is added to
the weighted sum.

Xi Inputs

Output
Y
X Propagation Function Activation Function
n 1
f=2wix+0O >
i=0 f

Fig. 1.11. Simple mathematical model of a neuron.
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The so-called activation function computes the output signal Y of the neuron
from the activation level f. For this, the activation function is of the sigmoid type
as plotted in the lower right box of Fig. 1.11. Other types of the activation function
are the linear function and the radial-symmetric function showed in Fig. 1.12.

Y Y

—

f

a) b)

Fig. 1.12. Activation functions of a neuron:a) linear; b) radial-symmetric

1.3.4 Training Neural Nets

There are multiple ways to build a neural net. They differ in their topology and the
learning methods they employ.

The first step in designing a neural net solution is teaching the desired behavior.
This is called the learning phase. Here, you can either use sample data sets or a
“teacher”. A teacher is either a mathematical function or a person who rates the
quality of the neural net performance. Since neural nets are mostly used for com-
plex applications where no good mathematical models exist, and rating the per-
formance of a neural net is hard in most applications, most applications use sam-
ple data training.

After completion of learning, the neural net is ready to use. This is called the
working phase. As a result of the training, the neural net will output values similar
to those in the sample data sets when the input values match one of the training
samples. For input values in between, it approximates output values. In the work-
ing phase, the behavior of the neural net is deterministic. That is, for every combi-
nation of input values, the output value will always be the same. During the work-
ing phase, the neural net does not learn. This is important in most technical appli-
cations to ensure that the system never drifts to hazardous behavior.

Pavlov’s dogs. So, how do you teach a neural net? Basically, it works like Pav-
lov’s dogs. More then hundred years ago, the researcher Pavlov experimented
with dogs. When he showed the dogs food, the dogs salivated. He also installed
bells in the dogs’ cages. When he rang the bell, the dogs did not salivate, as they
saw no link between the bell and the food. Then he trained the dogs by always
letting the bell ring when he presented the dogs food. After a while, the dogs also
salivated when just the bell rang and he showed no food.
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Fig. 1.13 shows how the simple neuron model can represent Pavlov’s experi-
ment. There are two input neurons: one represents the fact that the dog sees food,
the other one the fact that the bell rings. Both input neurons have links to the out-
put neuron. These links are the synapses. The thickness of the lines represents
synapse weights. Before learning, the dog only reacts to the food and not the bell.
Hence, the line from the left input neuron to the output neuron is thick, while the
line from the right input neuron to the output neuron is very thin.

Before Learning After Learning

Food Bell Food Bell Food Bell Food Bell

30O Qd g OQ ¢

Training Increases the Weight
of this Synapse

Dog Salivates Dog Salivates Dog Salivates Dog Salivates

Fig. 1.13. Principle of the Pavlov dog experiment

The Hebbian learning rule. Constantly letting the bell ring when food is pre-
sented creates an association between the bell and the food. Hence, the right line
also becomes thicker - the synapse weight increases. From these experiments, in
1949 a researcher by the name of Hebb deduced the following learning rule:

Increase weight to active input neuron, if the output of this neuron should
be active.

Decrease weight to active input neuron, if the output of this neuron should
be inactive.

This rule, called the Hebbian rule, is the forerunner of all learning rules, includ-
ing today’s most used neural net learning algorithm, the so-called error back prop-
agation algorithm.

1.3.5 Error Back Propagation Algorithm

The learning rule for multilayer neural nets is called the “generalized delta rule”,
or the “back propagation rule”, and was suggested in 1986 by Rumelhart, McClel-
land, and Williams. It signaled the renaissance of the entire subject. It was later
found that Parker had published similar results in 1982, and then Werbos was
shown to have done the work in 1984. Such is the nature of science; groups work-
ing in diverse fields cannot keep up with all the advances in other areas, and there
is often duplication of effort. However, the paper of Rumelhart et al. published in
“Nature” (1986) is still one of the most important works in this field.
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Learning of the net is begun by the net being shown a pattern and calculating its
response. Comparison with the desired response enables the weights to be altered
so that the network can produce a more accurate output the next time. The learn-
ing rule provides the method for adjusting the weights in the network. Information
about the output is available to units in earlier layers, so that these units can have
their weights adjusted so as to decrease the error the next time.

When we show the untrained network an input pattern, it will produce any ran-
dom output. An error function represents the difference between the network’s
current output and the correct output that we want it to produce. In order to learn
successfully we want to make the output of the net approach the designed output,
that is, we want to continually reduce the value of this error function. This is
achieved by adjusting the weights on the links between the units; the generalized
delta rule does this by calculating the value of the error function for that particular
input, and then back-propagating (hence the name!) the error from one layer to the
previous one. Each unit in the net has its weights adjusted so that it reduces the
value of the error function; for units actually on the output, their output and de-
sired output are known, so adjusting the weights is relatively simple, but for units
in the middle layer, the adjustment is not so obvious. Intuitively, we might guess
that the hidden units that are connected to outputs with a large error should have
their weights adjusted a lot, while units that feed almost correct outputs should not
be altered much. In other words, the weights for a particular node should be ad-
justed in direct proportion to the error in the units to which it is connected; that is
why back-propagating these errors through the net allows the weights between all
the layers to be correctly adjusted. In this way the error function is reduced and the
network learns.

The main formulae for the error back propagation method have been obtained
in [3, 4].

The notation used is as follows:

E ) is the error function for pattern p;

t,; is the target output for pattern p onnode j;
0,; 1s the actual output for pattern p onnode j;
w, is the weight from node i to node ;.

g

Let us define the error function to be proportional to the square of the differ-
ence between the actual and desired output, for all the patterns to be learnt:

1
E, =23 (1,0, ). (1.2)
J

The % makes the math a bit simpler, and brings this specific error function into

line with other similar measures.
The activation of each unit j, for pattern p, can be written simply as the
weighted sum:
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net, = Zwﬁom . (1.3)

The output of each unit j is the threshold function f; activated on the weighted

sum. In the multilayer networks, it is usually the sigmoid function, although any
continuously differentiable monotonic function can be used:

0p = fj (netpj) ’ (1'4)
We can write by the chain rule:

oE , oE , d net,
- A (1.5)
awi,. dnet . awi,.

Looking at the second term in (1.5), and substituting in (1.3)

onet. 9 ow,,
== _szjOpk = z = Opk = Opi > (1.6)
ow,  dw; T T oW,
w" . . . . .
since —L =0, except when k =i, and this derivative is equal to unity.
w

;
We can define the change in error as a function of the change in the net
inputs to a unit as

BEP ) (1.7
onet IR '
and so (1.5) becomes
aE” J (1.8)
- =00, . .
aWij prpt

Decreasing the value E, therefore means making the weight changes proportion-

al to Jpjopj ,l.e.,

A,w,; =100

Py

(1.9)

pi
where 7 is a learning rate.
We now need to know what é‘pj is for each of the units. Using (1.7) and the

chain rule, we can write:
oE oE, do,

. =— P —_ . 1.10
n onet do,, dnet , (1.10)

Consider the second term, and from (1.4):

P ¢ (e, . (1.11)

anetm
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Consider now the first term in (1.10). From (1.2), we can easy obtain

oE
80;; :_(tni_op.i) : (1.12)
Thus
51).1' = f.i, (netni )(tp.i _Oni) : (1'13)

This is useful for the output units, since the target and output are both available,
but not for the hidden units, since their targets are not known.

Therefore, if unit j is not an output unit, we can write, by the chain rule again,
that

z OE, onet, Z z -
- weo ., (L
Opi K an6tpk 0,;,‘ 3 anﬂpk aopj - &= pi
oE KB
Z anetp ao - z Wik (1.15)

using (1.3) and (1.7), noticing that the sum drops out since the partial differential
is non-zero for only one value, just as in (1.6). Substituting (1.15) in (1.10), we get
finally

5, =f (net,)>8,w, . (1.16)
k

Equations (1.13) and (1.16) are the basis of the multilayer network learning me-
thod.

One advantage of using the sigmoid function as the nonlinear threshold func-
tion is that it is quite like the step function, and so should demonstrate behavior of
a similar nature. The sigmoid function is defined as

f(ner) =~

e—k-net

and has the range 0 < f(net) < 1. k is a positive constant that controls the

“spread” of the function - large values of k squash the function until as k — oo
when f(net) — Heaviside function. It also acts as an automatic gain control, since
for small input signals the slope is quite steep and so the function is changing
quite rapidly, producing a large gain. For large inputs, the slope and thus the gain

is much less. This means that the network can accept large inputs and still remain
sensitive to small changes.
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A major reason for its use is that it has a simple derivative, however, and this
makes the implementation of the back-propagation system much easier. Given that
the output of unit, o,, is given by

1
01’] = f(net) :W N

the derivative with respect to that unit, f’(net), is give by

f/(net) =

ke kf(net) _ B
(1+e—k-net)2 - 1_f(l’l€t) - koni (1 OIJ.f) :

The derivative is therefore a simple function of the outputs.

1.3.6 The Multilayer Neural Network Learning Algorithm

The algorithm for the multilayer neural network learning that implements the
back-propagation training rule is shown below. It requires the units to have thre-
sholding nonlinear functions that are continuously differentiable, i.e. smooth eve-

rywhere. We have assumed the use of the sigmoid function, f(net)= 1

—k-net ’
e

since it has a simple derivative.
The multilayer neural network learning algorithm includes the following steps.

1°. Initialize weights and thresholds. Set all weights and thresholds to small
random values.
2°. Present input and desired output.

Present input X, ={x,, x,,...,x, ,} and target output 7, ={z,,¢,,....7, , }, where
n is a number of input nodes and m is a number of output nodes. Set w, = -0
the bias, and x, =1.

For classification, Tp is set to zero except for one element set to 1 that corres-
ponds to the class that X is in.

3°. Calculate actual output.
Each layer calculates

and passes that as input to the next layer. The final layer output values are o, .

4°. Adapt weights.
Start from the output layer, and work backwards

w;(t+D)=w,(t)+n6 0, ,
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where w; (¢) represents the weights from node i to node j attime 7 1 is a learn-

ing rate, and &, is an error term for pattern p on node j .

For output units
517/‘ = kopj (1 0y )(t!’/ 0 ) ’

For hidden units

8, =ko,(1-0,) Zk: S Wi

where the sum is over the k nodes in the layer above node j.
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Chapter 2
Direct Inference Based on Fuzzy Rules

This chapter is devoted to the methodology aspects of identification and decision
making on the basis of intellectual technologies. The essence of intellectuality
consists of representation of the structure of the object in the form of linguistic IF-
THEN rules, reflecting human reasoning on the common sense and practical
knowledge level. The linguistic approach to designing complex systems based on
linguistically described models was originally initiated by Zadeh [1] and devel-
oped further by Tong [2], Gupta [3], Pedrych [4 — 6], Sugeno [7], Yager [§],
Zimmermann [9], Kacprzyk [10], Kandel [11]. The main principles of fuzzy mod-
eling were formulated by Yager [8]. The linguistic model is a knowledge-based
system. The set of fuzzy IF-THEN rules takes the place of the usual set of equa-
tions used to characterize a system [12 — 14]. The fuzzy sets associated with input
and output variables are the parameters of the linguistic model [15]; the number of
the rules determines its structure. Different interpretations of the knowledge con-
tained in these rules, which are due to different reasoning mechanisms, result in
different types of models.

This monograph can be regarded as one of the possible approaches to modeling
intellectual activity on the basis of knowledge engineering. The herein proposed
intellectual technique of identification, which supports the human-system ap-
proach to the solution of the simulation tasks [16], represents some general
framework for design of fuzzy expert systems. The aim of this chapter is to intro-
duce the main formalisms necessary for the definition of fuzzy knowledge bases
being the medium of expert information. All intellectual tasks discussed above
can be considered to be the tasks of identification having the following com-
mon properties [17]:

1) the output variable is associated with the object of identification, that is
with the type of the decision made,

2) the input variables are associated with the parameters of the identifica-
tion object state,

3) output and input variables can have quantitative and qualitative estima-
tions,

4) the structure of the interconnection between output and input variables is
described by IF <inputs> THEN <outputs> rules using qualitative esti-
mations of variables and representing fuzzy knowledge bases.

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 39-53.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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A fuzzy knowledge base represents some combination of IF <inputs>, THEN
<output> rules, which reflect expert experience and the understanding of cause-
effect connections in the decision making task considered (control, diagnosis, pre-
diction and other ones). Peculiarity of the similar expressions consists in the fact
that their adequacy doesn’t change with the insignificant deviations of experiment
conditions. Therefore, formation of the fuzzy knowledge base can be treated as an
analog of the structural identification [12 — 14] stage, which involves simulation
of the rough object model. In this case, the results of fuzzy evidence depend on the
forms of fuzzy terms membership functions, which are used to estimate object
inputs and outputs. In addition, the combination of IF-THEN rules can be consi-
dered as a set of expert points in input-output space. Application of the fuzzy logic
evidence apparatus allows us to restore and identify the multidimensional surface
according to these points, which allows us to receive output values with various
combinations of input variables values available.

Work [17] is the basis of this chapter.

2.1 Formalization of Source Information

2.1.1 Inputs and Outputs of an Object

Here we consider an object with one output and » inputs of the form:
Y= 100 X,00X,) (2.1)

where y is the output variable; x,,x,,...,x, are the input variables.

Variables x,,x,,...,x, and y can be quantitative and qualitative. The examples

of quantitative variables are: VEHICLE SPEED = [0, 160] km/h, PATIENT
TEMPERATURE = [36, 41] °C, REACTOR LOAD DOZE = [6, 20]%, and other
variables, easily measured using accepted for them quantitative scales.

The example of a variable for which there is no natural scale is the LEVEL OF
OPERATOR STRESS, which can be estimated by qualitative terms (low, average,
high) or measured by artificial scales, for example, using 5-, 10- or 100- points
systems.

For quantitative variables some known intervals of change are suggested:

U =[x.x],i=ln , (2.2)

Y=[yy] . 2.3)

where x, (;;) is the lower (upper) value of input variable x, , i=lLn ;
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Y (;) is the lower (upper) value of output variable y .

It is suggested that the sets of all possible values for qualitative variables
x,+x, and y are known:

U, =V Vi), i=1n, 24

i i

Y={y, ¥y}, 2.5

where v! (v,.q" ) is the point estimation corresponding to the smallest (largest) value
of input variable x; ;

y' (y™) is the point estimation corresponding to the smallest (largest) value of
output variable y ;

q; i=1,_n and ¢, are the cardinalities of sets (2.4) and (2.5), where in the

generalcase ¢, 2¢, % ... #q, #q,, -

2.1.2 Linguistic Variables

Let X = <xl ,x;,...,x;> be some vector of the input variables fixed values of the

considered object, where xf el,,i= 1,_n . The task of decision making consists of
defining the output y" € Y on the basis of the information about the vector of in-
puts X" . The necessary condition for a formal solution of this task is the availabil-
ity of dependence (2.1). To define this dependence we consider input variables x; ,
i=1,n,and output variable y as linguistic variables [15], given on universal sets
(2.2),(2.3) or (2.4), (2.5).

To make an estimation of the linguistic variables x,, izl,_n, and y we use
qualitative terms from the following term-sets:

A ={al,a’,...,a"} is the term-set of variable x,, i=1,n,
D={d,.d,,...d,} istheterm-set of variable y,
where a is the p -th linguistic term of variable x,, p = ﬁ, i= L_n;
d; is the j -th linguistic term of variable y,
m is the number of various solutions in the considered region.
Cardinalities of term-sets A, i= L_n , in the general case can be various, that is

Ll # ... %1 .
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The names of separate terms ag,af,...,af' can also differ for various linguistic

variables x,, i=1n.

For example, VEHICLE SPEED { low, average, high, very high }, CONVER-
SION TEMPERATURE { psychrophilic, mesophilic, thermophilic }, PULSE
FREQUENCE ({ delayed, normal, increased }.

Linguistic terms a/ € A, and dj eD, p=LL, i=1n, j=1,m, are consi-

dered as fuzzy sets given on universal sets U, and Y defined by relations
(2.2)+(2.5).
In the case of quantitative variables x,, i=1,n, and y fuzzy sets a” and d_,.

are defined by relations:

u” (x)/x | (2.6)

al =fr
;
d, = j u@did 2.7
d

where y”’" (x;) is the membership function of the input variable x, € [ﬁ ,;i] value
to the term a € A, p=ﬁ, i=1,_n;

,u‘l’ (d) is the membership function of the output variable ye€ [y, ;] to the term
- solution d_,. eD, j=1,_m.

In the case of qualitative variables x; , i=1,_n and y fuzzy sets a’ and d_,. are

defined as:
g )
al =y u’ I, (2.8)
k=1
L d
d, =) o)y, (2.9)

r=l
where u* (v}) is the membership degree of the element v/ € U, to the term
al € A, pzﬁ, i=1,_n, kzg;

yd’ (y") is the membership degree of the element y" € Y to the term - solution
d,eD, j=Lm;

U, and Y are defined by relations (2.4) and (2.5).
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Note that integral and summation signs in relations (2.6) — (2.9) designate join-
ing of pairs u(u)/u .

This stage of fuzzy model construction is named fuzzification of variables in
fuzzy logic literature [9]. At this stage the linguistic estimations of variables and
the membership functions necessary for their formalization are defined.

2.1.3 Fuzzy Knowledge Base

Let us take N experimental data connecting inputs and output of the identifica-
tion object, and distribute it in the following way:

N=k+k,+..+k,,
where k; is the number of experimental data corresponding to output solution d,

j =1,_m, m is the number of output decisions where in the general case
ki #k, #.#k,.

It is supposed that N </ -1, -...-I , that is, the number of the selected experi-
mental data is smaller than the complete set of various combinations of object
input variables change levels ([,i= L_n) .

Let us number N experimental data in the following way:

11,12, ..., 1k, — numbers of input variables combinations for solution d, ;

J 1, j2, .., j k; —numbers of input variables combinations for solution d;

ml,m2, ..., m k, —numbers of input variables combinations for solution d,, .
Let us designate Table 2.1 as a knowledge matrix formed according to such rules:

1) Dimension of this matrix is equal to (n+1)xXN , where (n+1) is the number

of columns and N =k, +k, +...+k, is the number of rows.

2) The first n columns of the matrix correspond to input variables x,, i=1,n,
and the (n+1)-th column corresponds to values d; of output variable
y(j=Lm).

3) Each row of the matrix represents some combination of input variables val-
ues referred to one of possible output variable y values. In this connection: the

first k, rows correspond to output variable y =d, value, the second k, rows cor-
respond to y =d, value, ..., the last k, rows correspond to value y=4d, .
4) Element a;”, placed at the crossing of i -th column and jp -th row, corres-

ponds to the linguistic estimation of parameter x, in row number jp of the fuzzy
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knowledge base, where linguistic estimation a” is selected from a term-set cor-

responding to variable x; , that is al.”’ €A, i= L_n, j= 1,_m, p= m
Thus introduced knowledge base defines some system of logical expressions of
the type «IF - THEN, OTHERWISE», interconnecting input variables values

x, +x, with one of the possible types of solution d;, j=1,m:

Table 2.1. Knowledge base

Number of Input variables Oqtput
the input variable
combination X X e X X Y
1 2 i "
of values
11 alll a%l alll a},I
12 a2 a2 a? @ 4
1k allkl a;kl - a}kl . a}lqk]
1 af" af! Lalt a)!
J2 aljz afz e ai‘]Z e ajl? dj
ik Jkj Jkj Jkj 7k
]] al.] az'] '”aij.” an']
ml a{””l az”ﬂ ...alml... azﬂ
m2 a1’”2 aénz e almz e 0171”2 D
m a}"m ajm am aym

IF  (x,=a') AND (x,=a)') AND ...AND (x,=d!') OR
(x,=a>) AND (x,=a)’) AND ...AND (x, =a'’) OR ...
(x, =a®) AND (x,=a)) AND ...AND (x, =a'""),

THEN y =d,, OTHERWISE

IF  (x,=a"') AND (x,=a}') AND ... AND (x, =a’') OR
(x,=a”®) AND (x,=a;”) AND ... AND (x, =a’) OR ...
(x, =a’) AND (x, =a;*) AND ...AND (x, =a’®),

THEN y=d,, OTHERWISE...
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IF  (x,=a") AND (x,=a)") AND ...AND (x, =a") OR
(x,=a/”) AND (x,=a)*) AND ...AND (x,=a"’) OR ...
(x, =a™) AND (x, =a}"") AND ... AND (x, =a"™"),

THEN y=d,, (2.10)

where d,(j =1,_m) is a linguistic estimation of output variable y defined from
term-set D ;

al:fp

is a linguistic estimation of input variable x, in p-th row of j -th disjunc-
tion selected from the corresponding term-set A, , i = E , J= E ,p=1, kj ;
k; is the number of rules defining output variable value y=d, .

Let us call the system of logic statements like this one the fizzy knowledge base
system.
Using operations U (OR) and ﬂ (AND) the system of logical statements

(2.10) can be rewritten in a more compact form:

kj n
U{ﬂ(xizal:"’)} — y=d,, j=lm. (2.11)

p=1Li=1

Thus, the required relation (2.1) defining interconnection between input parame-
ters x, and output variable y , is formalized in the form of fuzzy logical statements
(2.11) system, which is based on the above introduced knowledge matrix.

2.1.4 Membership Functions

According to definition [15], membership function u"(x) characterizes some

subjective measure (in the range of [0, 1] ) of expert certainty in the fact that crisp
value x corresponds to fuzzy term 7 . The most spread in practical applications
[9] are triangle, trapezoidal and bell shape Gaussian membership functions, para-
meters of which allow us to change function shapes.

We suggest an analytical model of a variable x membership function to an ar-
bitrary fuzzy term T in the form of:

I
1+(’f"’j 2.12)

Cc

u(x) =

which is simple and convenient for tuning, where b and c are tuning parameters: b
is the function maximum coordinate, ' (b)=1; c is the function concentration-

extension ratio (Fig. 2.1). For fuzzy term 7' number b represents the most possible
value of variable x.
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ﬂT(x) 1 cp<cpy<cs
a3
/ =9)
9
0 X
b

Fig. 2.1. Membership function model
2.2 Fuzzy Approximator for System with Discrete Output

2.2.1 Problem Statement

Let us consider the following as known:

*  the set of decisions D ={d,, d,, ..., d,}, corresponding to output variable y,

*  the set of input variables X = (x,,x,,...,x,),
*  the ranges of quantitative change of each input variable x, € [x, ,;l.] L i= L_n s

*  the membership functions allowing to represent variables x,, i =17, in the

form of fuzzy sets (2.6) or (2.8),
*  the knowledge matrix defined according to the rules introduced in Section
2.1.3.

It is thus required to design such an algorithm of decision making which allows
us to bring the fixed vector of input variables X =<x1* ,x;,...,x:>, x €lx,x],
into correspondence with decision ye D.

The task of object approximation with a discrete output is shown in the form of
a diagram in Fig. 2.2, where it is emphasized that the object inputs are given by
three methods: 1- by number, 2- by linguistic term, 3- by thermometer principle.

The idea behind the method suggested below for the solution of this task con-
sists of using fuzzy logic equations. These equations are constructed on the basis
of a knowledge matrix or of some system of logical statements (2.10) which is
isomorphic to this matrix and allow us to calculate the values of membership func-
tions of various decisions (solutions) for fixed values of object input variables.
The solution with the greatest value of membership function is chosen as the re-
quired one.
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2.2.2 Fuzzy Logical Equations

Linguistic estimations a” of variables x, +x , contained in logic statements
i 1

n o

about decisions d; (2.10), are considered as fuzzy sets defined on universal sets

U =lx.x].i=Ln, j=Lm.

Let y“'m (x;) be the membership function of parameter x, [xl.,;i] to fuzzy
term a;”, i=Ln, j=Lm, p=Lk;;

4" (x,,x,,..,x,) is the membership function of input variables

X =(x,,x,,...,x,) vector to the value of output variable y = d_]. , J= I,_m

Interconnection between these functions is defined by fuzzy knowledge base
(2.11) and can be represented in the form of the following equations:

Classes of solutions

d dj
A

.

- QL
>3

o—» =

y

Fuzzy logic inference

!

Knowledge matrix

/)
|

xl o o o )Cl- e o o )Cn

minimal average maximum

Py —

— | vqi level level level
1 1 l X % —
_n *n *n

Input variables

Fig. 2.2. Approximation of a nonlinear object with discrete output
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U (X, %y X,) = /1“'” (x,) /\,u"%I (x) A .../\,u”'l’I (x,)v
v,u"‘lz (x,) /\,u”‘zz (x,) /\.../\,u”'l’Z (x)v...
VT ) AU ) Al (x)

U2 (X, X5 X)) =,u”'“ (xl)/\,u"zﬂ (xz)/\.../\,u”fl (x,)v
v,u“‘Zz ()cl)/\,u"%2 ()62)/\.../\,11"'%2 (x)V...
VT ) A ) A A ()

d ml ml ml
MO (X, Xy X, )= 1Y (X)) AU ()AL AU™ (X)V
m2 m2 m2
VU (X)AUE ()AL AU (x,)V ..

ke iy iy
VU ()AL () A AT ()

where v is the logic OR operation, A is the logic AND operation.
These fuzzy logical equations are derived from fuzzy knowledge base (2.11) by
way of replacing linguistic terms a;” and d; by corresponding membership func-

tions, and operations U and ﬂ by operations v and A.

The logical equation system can be briefly written in the following way:

k —

L (3% x,) = \/,1|:/\llu”’m (x,.)}, j=Lm . (2.13)
p=1| i=

2.2.3 Approximation Algorithm

The making of decision deD= {d,,d,,....d,}, which corresponds to the fixed
values vector of input variables X = <xf s xZ,...,xZ> , is performed in the following

sequence.

1°. Let us fix the input variables values vector

. s .
X =(x,%,..X%,) .

>n

2°. Let us assign fuzzy terms membership functions used in the fuzzy know-
ledge base (2.11) and define values of these functions for the given values of input

variables x, +x, .
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3°. Using logical equations (2.13) we calculate multidimensional membership
functions 4" (x],x,,...,x.) of vector X" for all the values d;, j=1,m of output
variable y . Logic operations AND (A ) and OR (v ) performed on membership

functions are replaced by the operations min and max.

m(a) A u(b) = min[g(a), u(b)] ,
m(a)v u(b) = max[u(a), u(b)] .

4°, Let us define value dj , the membership function of which is maximal:

ludj (xf,x;,...,x:) = I;I}la%j (‘udj (xf,x;,...,x;)) .
It is this solution that is required for the input variables values vector
X = (xl*,x;,...,x:) .

Thus, the suggested algorithm uses the idea of linguistic term identification by
membership function maximum and generalizes this idea over the entire know-
ledge base.

The computational part of the suggested algorithm is easily realized with the
membership functions values matrix derived from the knowledge matrix by way
of doing min and max operations (Fig. 2.3).

The suggested algorithm of finding discrete values {d,, d,, ..., d,, } of output

variable y by the given input variables fixed values vector X' =<x1* ,x;,...,x:>

and by the knowledge matrix allows to approximate the object
y = f,(x,X,,....x,) with a discrete output.

2.3 Fuzzy Approximator for System with Continuous Qutput

Let us break interval [ Z,;] , with which object output y changes, into m parts:

[y y1=0y.y)ULy.y) UUlyL.y) UeUly,. ]
Y Y 1> ¥2) RLSE

d, dy d

(2.14)

J

Known expert information about the object with continuous output we give in
the form of fuzzy logical expressions system:

IF [(x, =alj1) AND (x, =a2ﬂ) AND ... (x, =a,{1)]
OR [(x, =a/>) AND (x,=al’) AND ... (x, =a’*)]

. OR [(x1 =a’) AND (x,=a/) AND ... (x, =a’ )] ,

THEN  yed, =[y,,,y;) ,forall j=1Lm, (2.15)
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where a! is the linguistic term by which variable x, in the row with number

p =k; is estimated;

k; is the number of rows-conjunctions corresponding to interval d;, j=1,m.

o |t ) w1y

w2a | P ) 12 (x,)

) | M () 11 ()
oy | ) 11 (x,)

p20) | u () 12 (xy)

122 () | P2 (xp) 122 (x,)
2" | ™ () 1™ (x,)

1) | 1™ () 1" (x,)
1™ () | ™ m () 1" ()

2.3.1 Problem Statement

min

min

min

min

min

" min

min

min

min

max

max

max

Fig. 2.3. Matrix realization of decision making algorithm

Let us consider the following as known:

*  the interval of change [ y,;] of output variable y,

*  the input variables set X =(x,,x,,...,x,),

max

*  the ranges of quantitative change of each input variable x, € [, ,;i] Li=Ln,

*  the membership functions allowing to represent variables x,, i = L_n, in the

form of fuzzy sets (2.6) or (2.8),
*  the system of logical expressions of form (2.15), which can be represented in
the form of the knowledge base from Section 2.1.3.
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It is thus required to design such a decision making algorithm that allows to
bring the fixed vector of input variables X = <x1* ,x;,...,x:>, x, € [x,,x,] into cor-
respondence with decision ye€ [ y,;].

The fuzzy logic evidence algorithm presented in Section 2.2.3 allows us to cal-
culate the output value y in the form of a fuzzy set:

SR OO N Ay O R 2.16)

y= .
[y.y) Dy2) [Y,1>]

To obtain a crisp number corresponding to the fuzzy value (2.16) from interval
[y, y] it is necessary to use the defuzzification operation [9]. Defuzzification is

the operation of transforming fuzzy information into its crisp form. Let us define a
crisp number y~ which corresponds to fuzzy set (2.16) such that:

Y)Y ()t Y, " ()
LD+ )+t i ()

2.17)

Where there is probability interpretation of membership degrees, formula (2.17) can
be considered as an analog to mathematical expectation of a discrete random value.
If we break interval [y, y] into m equal parts, that is,
- y=y
W=EYFA, v, =y+2A, 0y, =y-A A=——,
m—1

then formula (2.17) is simplified and takes the form which is convenient for
calculations:

[y+(—DA] 1 (y)
y = - . (2.18)
U ()

M

2.3.2 Approximation Algorithm

To solve the stated problem of the approximation of a nonlinear object with conti-
nuous output we use the fuzzy logic evidence algorithm from Section 2.2.3 and
the defuzzification operation (2.18). Then the value of the output variable

y*e [X,;], which corresponds to the vector of input variables fixed values

* * * * . .
X = <xl ,xz,...,xn>, is found in such a sequence.
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1°. Using the fuzzy logic evidence algorithm from Section 2.2.3 we calculate
multi-dimensional membership functions #“ (x],x;,..,x.) of vector X' for all

the subintervals dj = [yj_l, yj), j =1,_m, into which interval [X’;] of output va-

riable y is broken.

2°, Using defuzzification operation (2.18) we obtain the required value y" .
Approximation of a nonlinear object with continuous output is shown in

Fig. 2.4.

2, ¥
R
—> Defuzzification |€
A\
|
dl dj dm
I . o e I .« .. I
. . .
y

Fuzzy logic inference

Knowledge matrix

N
|
xl o o o Xl- o o o )Cn
X x_ T T T minimal average maximum
—_ 1 vi v V_%‘ level level level
i * -
X
- *n *n
Input variables

Fig. 2.4. Approximation of a nonlinear object with continuous output
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Chapter 3
Fuzzy Rules Tuning for Direct Inference

The identification of an object consists of the construction of its mathematical
model, i.e., an operator of connection between input and output variables from
experimental data. Modern identification theory [1 — 3], based on modeling dy-
namical objects by equations (differential, difference, etc.), is poorly suited for the
use of information about an object in the form of expert IF-THEN statements.
Such statements are concentrated expertise and play an important role in the proc-
ess of human solution of various cybernetic problems: control of technological
processes, pattern recognition, diagnostics, forecast, etc. The formal apparatus for
processing expert information in a natural language is fuzzy set theory [4, 5]. Ac-
cording to this theory, a model of an object is given in the form of a fuzzy knowl-
edge base, which is a set of IF-THEN rules that connect linguistic estimates for
input and output object variables. The adequacy of the model is determined by the
quality of the membership functions, by means of which linguistic estimates are
transformed into a quantitative form. Since membership functions are determined
by expert methods [5], the adequacy of the fuzzy model depends on the expert
qualification.

A method for identification of nonlinear objects by fuzzy knowledge bases was
proposed in [6, 7]. Various theoretical and applied aspects of this method were
considered in [8 — 15]. Constructing the object model was realized by two-stage
tuning of fuzzy knowledge bases, which can be considered as the stages of
structural and parametric identification. The first stage is traditional for fuzzy
expert systems [16]. Rough model tuning is realized by constructing know-
ledge bases using expert information. The passage from a knowledge base to
the corresponding logical equations allows one to relate membership functions
of output and input variables of the object for identification. For rough tuning
of rules weights and membership functions forms in [6] the modified method
of Saaty’s pairwise comparisons suggested in [17] was used.

The higher the professional level of the expert the higher the adequacy of
the fuzzy model simulated at the stage of rough tuning. This model is called a
pure expert system so that only expert information is used for its construction.
Though, no one can guarantee the coincidence of the results of fuzzy logic
evidence (theory) with the experimental data. Therefore, the second stage at
which fine tuning of the fuzzy model by way of training according to experi-

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 55-117.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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mental data is necessary. The essence of the fine tuning stage consists of the
selection of such weights of fuzzy IF-THEN rules and such membership func-
tions parameters that provide the least distance between the desired (experi-
mental) and the model (theoretical) behavior of the object. The stage of fine
tuning reduces to the optimization problem, for solution of which a genetic
algorithm was used in [8]. The drawback of the method is that it is poorly
suited for taking into account new data entering the training sample.

In [10] a method of neural-linguistic identification of nonlinear dependen-
cies was proposed. Linguistic information about the object is represented in
the form of a special neural fuzzy network isomorphic to a fuzzy knowledge
base. To train the network, recursive relations obtained by the gradient method
were used. The principal advantage of the method [10] is the ability to learn
fuzzy knowledge bases in real time, i.e., in the on-line mode. The drawback of
this method lies in the danger of getting into a local extremum.

In this Chapter, we propose a two-stage tuning of the parameters of the
fuzzy model. The first off-line stage uses the training sample at hand and the
genetic algorithm for rough hitting into a neighborhood of a global minimum
of discrepancy between the model and the experimental results. The second
stage uses the neural fuzzy network for on-line tuning of the parameters and
their adaptive correction as new experimental data arrive.

This chapter is written using original work materials [6 — 15].

3.1 Problems of Fuzzy Rules Tuning

The certainty of an expert in each IF-THEN rule included in the fuzzy knowledge
base (2.1) can be of various nature (may vary from one rule to another). The ex-
pert can explicitly single out a rule as some indisputable truth and, relative to
another rule, the same expert can experience some doubt. To reflect various de-
grees of the expert’s certainty relative to the various rules we introduce the con-
cept of rules weights [6, 7] into the fuzzy knowledge base. A number on the inter-
val [0, 1] which characterizes the expert’s certainty in this rule is called the weight
of the rule.

Taking into consideration the weights of the rules, fuzzy knowledge base (2.1)

about an unknown dependence y = f, (X, X,,...,x,) takes the following form:
IF (x,=a') AND (x,=a)') AND ...AND (x, =da'') (with weight w;,)
OR (x,=a>) AND (x,=a)) AND ...AND (x, =a'’) (with weight w,,)
OR ...
OR (x,=a) AND (x,=a}") AND ...AND (x, =a") (with weight Wi, )s

THEN y=d,, OTHERWISE
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IF  (x,=qa') AND (x,=a}') AND ...AND (x, =a’') (with weight w,, )
OR (x,=a*) AND (x,=a;’) AND ...AND (x, =a.’) (with weight w,,)
OR ...

OR (x,=a*) AND (x, =a;) AND ...AND (x, =a ") (with weight Wy, ),
THEN y=d,, OTHERWISE. ..

IF (x,=a") AND (x, =a) AND ... AND (x, =a™) (with weight w_)
OR (x, =a) AND (x, =a’?) AND ...AND (x, =a"*) (with weight w,,)
OR ...

OR (x,=a™) AND (x,=a}) AND .. AND (x,=a™) (with

weight w,, ),

THEN y=4d,,, (3.1

where d_]., j =1,_m, is either one of the solution types if an object with discrete
output is meant or subinterval of output variable y values if an object with con-
tinuous output is meant;

al” is the linguistic estimation of input variable x, in the p-th row of the j-
th disjunction chosen from the corresponding term-set A, i= 1,_n, j= L_m,
p=1k;;

k; is the number of rules defining the output variable y=d; value;

w,, is the weight of the rule.

The following system of fuzzy logic equations will correspond to the modified
fuzzy knowledge base (3.1):

kj n » _
:ud, ('xl’x2""’xn) = p\/l{wjp |:i/\l,[[”i (-x,):|} s ] = 1,m . (32)

Taking into consideration the fact that in fuzzy sets theory the operations min
and max correspond to operations v and A, from (3.2) we obtain:

d; _ . a LT
y7i (xl,xQ,...,xn)—?}la}zs{wjpmm[/l (xi)J}, j=Lm. 3.3)

i=l,n
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3.1.1 Object with Continuous Output

The generalized model of the object with continuous output has the following
form:
y=FX,W,B,C) , 34

where X =(x,,x,,...,x,) is the vector of input variables;
W =(w,,w,,..,w,) is the rules weights vector from the fuzzy knowledge
base (3.1);
B:(bl,bz,...,bq) and C:(cl,cz,...,cq) are the vectors of membership
functions (2.12) tuning parameters;
N is the total number of rows in fuzzy knowledge base (3.1),
N=k+k,+..+k,;
q is the total number of terms in (3.1);

F is the inputs-output connection operator, corresponding to relations (3.3),
(2.12) and (2.18).

It is assumed that the training data is given in the form of M pairs of experi-
mental data:

X'y, [=1,M, (3.5)

where X' =(x,x},...,x') and y' are the vector of the values of the input vari-
ables and the corresponding value of the output variable y for [ -th pair “inputs —
output”, y' e [y,}] .

In accordance with the least squares method, the problem of optimal tuning of
the fuzzy model can be formulated as follows: it is required to find a vector
(W,B,C), satisfying the restrictions

woelw,wi,i=LN,belb,.bj],c elc,c;l, j=lq,

which provides
M

D IF(X',W.B,C)—y'I’ = min . (3.6)

I=1

3.1.2 Object with Discrete Output

Relations (3.3) allow us to calculate the vector of inferred membership functions
of the output variable y to the different decision classes d;:

(4" (X.W.B.C).j=1m) (3.7)

where X, W, B and C are vectors which have been defined in Section 3.1.1.
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Let us define the desirable vector of membership degrees as:

1,0,...,0) for class—decision d,
0,1,..,0 lass — decision d
( ) for class—decision d, (3.8)

0,0,...,1) for class—decision d,

It is assumed that the training data is given in the form of M pairs of experi-
mental data:

X'.d),I=1M, (3.9)

where X' =(x],x.,...,x)) and d' are the vector of the values of the input vari-
ables and the corresponding class-decision of the output variable for [ -th pair
“inputs — output”, d' e {d,.d,,...d,} .

To find the unknown parameters vector (W,B,C), which minimizes the differ-

ence between theory (3.7) and experiment (3.9), we take advantage of the least
squares method. Thus, the problem of optimal fuzzy model tuning can be formu-
lated in the following way: it is required to find a vector (W,B,C), satisfying the

restrictions
woelw,wil,i=LN,belb,.b],c elc,cl, j=Lg,

which provides the minimal distance between desirable and model membership
functions vectors

M m 2
d 1 d 1 -
X, WBCO -y’ (X)| |=min , (3.10)
SIS |- min
where
, ifd =d'
poxh= ’

0, if dj #d'

In the following sections we design a hybrid genetic-neuro algorithm to solve
the problems (3.6) and (3.10) of optimal fuzzy knowledge base tuning.

3.1.3 “Multiple Inputs — Multiple Outputs” Object

If x,x,,..,x, - object inputs and Y, Y,,..., ¥, - object outputs then “inputs —
outputs” interconnection can be assigned using a fuzzy knowledge base of the
following form:
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IF (xlell) AND (xzzAé) AND ... AND (x”:Af,),

THEN (y, =B/) AND (y,=B.) AND...AND (y, =B.),
where [ is the rule number, / :L_N, N is the number of rules, Al.l and B; are
the fuzzy terms for the input variable x;, (i :L_n) and the output variable y,

(j= L_m) estimation in [ -th rule, respectively.

Fig. 3.1. Transformation of knowledge base

After knowledge base transformation (Fig. 3.1) and fuzzy logic inference op-
eration execution we can obtain approximation models of each output variable:

yl = E(X’WaBaC) >
yz = FQ(X,W,B,C) ’

V. =F,(X,W,B,C),

where X =(x.x,,...,x,) is the vector of inputs,

W =(w,,w,,...,w,) is the vector of rules weights,

B and C are the vectors of the fuzzy terms membership functions
parameters.

It is assumed that the training data is given in the form of L pairs of experimen-
tal data:
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(X2, 50,98 0o 92) . XP = (XY !, p=1L .

Then optimal model tuning problem for the considered object can be formu-
lated in the following way:

It is required to find such a vector (B,C, W), which satisfying change range
limitations on parameters provides

L L
Y IFX",W,B,C)= 35T + Y [F,(X",W,B,C)- 7] +...

p=l p=1

L
ot D [F, (X", W,B,C)-3/T =

m
p=1

i

L
p 5P — mi
pZ:[F,(X ,W.B,C)- §/ " = min .

1

The problem of tuning, in case there are discrete outputs, is formulated by analogy.

3.1.4 Criteria of Identification Quality

Object with continuous output. Let y.(X,M) be the fuzzy model of the object

after tuning by M pairs of training data. To evaluate the quality of the fuzzy infe-
rence, the following criterion can be used:

lx

R=— \/Z Ly, (XM= 3T 3.11)
(X}

where  y,(X;,M) and y, are the inferred and experimental outputs in a point

X, =(x],x),.., X)) € [x,, x1]X[x,, x2]X...X[x,, xu ], respectively,

{X,} is a set of elements of type X,,
|{X,-} | is the power of set of {X,}.

The proposed criterion (3.11) is similar to a mean-square deviation between the
inferred and experimental outputs corresponding to one element of the input
space. The dependence of the R (M ) criterion (3.11) on the number M of train-
ing data pairs can be used to observe the dynamics of fuzzy model learning.

Object with discrete output. Let Q be the total number of situations used for

testing the fuzzy model. To evaluate the quality of fuzzy inference in our case of
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discrete output ye {d,,d,,...,d,}, it is necessary to make a distribution of Q

situations according to the tree shown in Fig. 3.2,

d,/d, 5
11
4 ,J—‘ d,/d, —
9 9y,
\_I_‘ d, /d = - -
1/ m le
e o o d d
1
i/ o,
[_| d; ’J_‘ d,/d, —
o Q,; 0.
2| ng ., )
Q./m
dm/dl
le
D ’J_‘ d, |d, EEar
Qm Qmi
| - e

Q
3
3

Fig. 3.2. Test sample points distribution tree

where Qj is the number of situations demanding the decision d i that is
0=0+0,+..+0, ,
Q,; is the number of situations demanding the decision d,, but recognized by
fuzzy inference as decision d,, thatis Q, =0, +Q,, +..+0,,, j= Lm .
According to Fig. 3.2 we can evaluate the quality of the fuzzy inference by:
9

A A . A 1 m
p="2t_ p="0 p=—N0. (3.12)
J Qj J QJ- QJZ:; J7

where P, is the probability of correct inference of decision d;

A

P, is the probability of incorrect decision d; when decisiond; was correct;

IAD is the average probability of correct decision inference.
By observing the dependence of the probabilities (3.12) from the number M of
training data, we can study the dynamics of fuzzy model learning.
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3.2 Genetic Tuning of Fuzzy Rules

3.2.1 Coding

To implement a genetic algorithm one should employ a method of fuzzy models
coding [18]. Let us put together all unknown parameters W,B,C into the string
(Fig. 3.3):

§=(W,B,C)= (W,....wy. by, ¢p500by 5 €4y 500 0,0,€,000000,, 0 (3.13)
where N is the total number of rows in fuzzy knowledge base (3.1);
[, is the number of input variable x; term-estimations,
L+b 4.+l =q,i=ln;
q is the total number of terms in (3.1);
xl xn weights of rules
b c

brafertfees (Pr (€11 [ | Pt €l eee] Tnd | Sl [ W] e W
term 11 term ll1 term n1l term nln

Fig. 3.3. Code of fuzzy model - chromosome

Solely string S defines some fuzzy model F(X,W,B,C) and, vice versa, any
model F(X,W,B,C) unambiguously defines some string S . Therefore, string
S can be accepted as a code of fuzzy model F(X,W,B,C). Here, model
F(X,W,B,C) is understood either as fuzzy model (3.7) of nonlinear object with
discrete output or as fuzzy model (3.4) of nonlinear object with continuous output.

3.2.2 Crossover

As crossover is the main operation of the genetic algorithm, its productivity first
of all depends upon the productivity of the used crossover operation [18]. Cross-
over of two chromosomes S, and §, means obtaining two chromosome-
offsprings Ch, and Ch, by way of genes exchange in parent chromosomes rela-
tive to (n+1) crossing points (Fig. 3.4).
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—

1[.1 1 1 111 bl |1 |
St Pl ...blll 0111 v 1201l €ntl obe nl cnln wi lebe (W

1 n n+l

a) parent chromosomes

11 2 [ 2 111 52 1.2 |1 5
NNt T P T AT P Lt st T e e
202 1 1 20 .2 pl 1 2 1
Chy | b1leqy ...blz1 0111 N B | I ann wilee [wy

b) chromosomes-offsprings

Fig. 3.4. Crossover operation

It should be pointed out that so as sets A ={a',a’,...,a’} of input parameters

term-estimations are ordered in an ascending manner (that is: low, average, high
and so on) the introduced crossover operation can violate the order. Therefore,
after carrying out of genes exchange sets of terms should be controlled as remain-
ing ordered. Let us introduce the following designations:

w_f' — j -thrule weight in parent chromosome S, ,

s . S
w; — j-thrule weight in parent chromosome S, ,

wi™ — j-th rule weight in chromosome-offspring Ch, ,

wS™ — j-th rule weight in chromosome-offspring Ch,, j=1N,
b,.ls,' — ip -th parameter b in parent chromosome S,
bl.ff — ip -th parameter b in parent chromosome S,,

bl.‘;h' — ip -th parameter b in chromosome-offspring Ch, ,

b,.‘;hz — ip -th parameter b in chromosome-offspring Ch, .

A crossover operation algorithm of two parent chromosomes S, and S, , which
yields offsprings Ch, and Ch, has the following form:
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1°. Generate n+1 random integer numbers z;, 1<z, <[, where [, is the num-

ber of input variable x;, i =1,n, terms-estimations; 1<z, <N, where N is the

total number of rows in fuzzy knowledge base (3.1).

2°. Exchange genes according to found values of exchange points z, by using

the following rules:

by, p<z b, P<z —
b =1 " , b= , 1<p<l,i=ln, (3.14)
by, p>z by, p>z
Ch Wfl s IS Ch W/SZ TS .
wih=1" cowth =l , 1<j<N. (3.15)
. sz > .] > Zun . W/I > ] Z Zus

3°. Control the order of terms:
(b >b)A(E<) = b, ©b,, c. ¢, 1<ENSL, i=Ln,  (3.16)

where <> is the operation of ordering.

3.2.3 Mutation

Each string S element can undergo a mutation operation with probability p, . Let

us designate the mutation of element s by Mu(s):

Mu(w,)= RANDOM ([w,w]) , j=LN , (3.17)
Mu(b,) = RANDOM ([x,,x,1) . (3.18)
Mu(c,) = RANDOM ([c,.c;]) . (3.19)

where w (v_v) is the lower (upper) interval bound of possible rule weight value,
[w, wl < [0,11;
[gi,zi] is the interval of possible values of input variable x, terms-estimations

membership function concentration-extension ratio, [c¢,,ci] < (0,+eo] , i=1,n;

RANDOM ([i, g_g]) designates the operation of finding uniformly distributed on

the interval [é, E] random number.
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Mutation operation algorithm will have this form:

1°. For each element s€ S in string (3.13) we generate random number
Z=RANDOM ([0,1]) .
If z> p, then mutation is not carried out, otherwise we go to 2°.

2°. We carry out mutation operation of element se S according to formulae
(3.17) — (3.19).
3°. We control ordering of terms according to (3.16).

3.2.4 Fitness Function

Let us designate the chromosome S fitness function using letters FF(S) . We use

optimization criterion taken with the negative sign as fitness function. The fitness
function of chromosome S (3.13) obtained from criterion (3.10) for fuzzy models

F(X,W,B,C) of discrete output objects will have the following form:
M m d : 2
FF(S)=-Y Z[y f(x’,w,B,C)—ﬂ‘/(Xl)] . (3.20)
=1 | j=1

The fitness function of chromosome S (3.13) obtained from criterion (3.6) for
fuzzy models F(X,W,B,C) of continuous output objects will have the following
form:

FF(S)= —i[F(Xl,W,B,C)— YT (321

1=1

To not change fitness function, we use the negative sign; that is, the worse the
fuzzy model describes the training sample the lesser the fitness of the model.

3.2.5 Choice of Parents

According to the principles of genetic algorithms the choice of parents for a cross-
over operation should not be carried out randomly. The greater the fitness function
of some chromosome the greater the probability for the given chromosome to
yield offsprings [18].

The method of defining parents is based on the fact that each chromosome S,

from a population must be in correspondence with a number p, such that:
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K
p,20, > p =1, FF(S)>FF(S,) = p,>p,,

i=1

where K is the number of chromosomes in the population.

The set of p, numbers can be interpreted as the law of discrete random value
distribution. A series of numbers p, is defined using the fitness function in the

following way:

pi= LACh , (3.22)

- YR

where FF(S,)=FF(S,) ~min FF(S)) .
J=LK

Using a series of numbers p,, chromosomes-parents for a crossover operation
are found according to the following algorithm:

1°. Let us mark off series p, on the horizontal axis (Fig. 3.5).

- " N pi\i/ p3\i/p4\i“j i€

0 z 1

Fig. 3.5. Choice of chromosome-parents

2°. Generate random number z (Fig. 3.5) of uniform distribution law on inter-
val [0, 1].
3°. Choose the chromosome S;, which corresponds to subinterval p, into

which number z finds itself. In Fig. 3.5 generated number z defines chromo-
some S, as the parent.

4°. Repeat steps 1°-3° to define the second chromosome-parent.
3.2.6 Population Initialization

Chromosomes of initial population can be assigned by various methods. The
best method consists of taking available zero variants of fuzzy models as initial
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chromosomes. Some hybrid decision incorporating the best features of its parents
will be derived in the genetic algorithm run.

Some part of chromosomes or all source information as a whole can be as-
signed randomly according to the formulae:

w’ = RANDOM ([w,,wi]) (3.23)
b’ = RANDOM ([x,.x;]) . (3.24)
¢/ = RANDOM ([c .ci]) | (3.25)

where RANDOM ([é, Z‘]) designates the operation of finding a uniformly distrib-

uted random number on the interval [é, E] .

After random definition of initial chromosome variants they should be sub-
jected to control (3.16) with the aim of preserving term ordering. It is supposed
that the initial population contains K parent chromosomes.

It should be noted that the random method of initial population definition con-
siderably slows down the genetic algorithm convergence process.

3.2.7 Genetic Algorithm

At each genetic algorithm iteration the size of the population will increase by
K- p, chromosomes-offsprings, where p,  is the crossover ratio. To keep the
population size K constant it is necessary to reject the worst of the K- p_ chro-

mosomes (in regard to the fitness function). Taking into consideration all above-
mentioned the genetic algorithm of fuzzy model F(X,W,B,C) optimal tuning

will have the following form:
1°. Form initial population by formulae (3.23) — (3.25).

2°. Find fitness function value for each chromosome FF(S,), i=1,K , using
relations (3.20), (3.21).

K-
3°. Define 2p & pairs of chromosome-parents using the algorithm from

section 3.2.5.
4°. Perform crossover operation of each chromosome-parents pair according to
the algorithm from section 3.2.2.
5°. Carry out mutation of obtained chromosome-offsprings with probability p

m

according to the algorithm from section 3.2.3.
6°. Reject K-p, chromosomes from the obtained population of K+ K- p,

chromosomes size as having the worst values of fitness function FF(S,) .
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7°. If we obtain chromosome S,, for which FF(S,;) =0 (optimal solution), then

it will be algorithm end otherwise go to step 8.
8°. If the preset number of iterations has not yet exhausted then go to step 2°
otherwise the chromosome having the highest value of fitness function FF(S,)

represents the found suboptimal solution.

A fuzzy model which is defined by the chromosome obtained by the genetic al-
gorithm can be further optimized using usual optimization methods, the most uni-
versal of which is the quickest descent algorithm. The use of the given genetic
algorithm is described in consequent sections.

3.3 Neural Tuning of Fuzzy Rules

3.3.1 Structure of the Network

In this section, we propose a method of representation of linguistic information
about object (3.1) in the form of the specific neuro-fuzzy network which is iso-
morphic to knowledge base (3.2) [10]. The structure of such a neural fuzzy net-
work is represented in Fig. 3.6, and the elements functions are shown in Table 3.1.

Fig. 3.6. Structure of neuro-fuzzy network
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As we can see from Fig. 3.6, the neuro-fuzzy network has five layers:

layer I — for object identification inputs;
layer 2 — for fuzzy terms used in knowledge base (3.2);
layer 3 — for strings-conjunctions of the fuzzy knowledge base (3.2);

layer 4 — for fuzzy rules making classes d;, j= I,_m ;

layer 5 — for defuzzification operation (2.18), that is, transformation of the
fuzzy logical inference results into some crisp number.

The number of elements of the neuro-fuzzy network is defined in this way:

layer I — accordingly to the number of the object identification inputs;

layer 2 — accordingly to the number of fuzzy terms in knowledge base (3.2);

layer 3 — accordingly to the number of strings-conjunctions in knowledge base;

layer 4 — accordingly to the number of classes dividing the output variable
range.

Table 3.1. Elements of neuro-fuzzy network

Element Name Function
u C v Input V=u
% v o
—» Fuzzy term v=u"(u)
“1
\»Q_v> 1
Fuzzy rule V= Al
T g 2
[
“
T \Y ,
s Class of rules V=V
l/t i=1
[
u
1. \%
u Defuzzification P et / Z::u']
m J=1 Jj=1
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We use the following weights in the proposed neuro-fuzzy network:

- unity for arcs between the first and the second layers;

- input membership functions of fuzzy terms for arcs between the second
and the third layers;

- rules weights for arcs between the third and the forth layers;

- unity for arcs between the forth and the fifth layers.

In Table 3.1 we denote:

4" (1) is the membership function of variable u relative to fuzzy term T;

Jj is a centre of class d; € [y, y] .

For determination of the “fuzzy rule” and the “class of rules” elements shown
in Table 3.1 the fuzzy-logical operations min and max from (3.2) are changed for
arithmetical operations of multiplication and addition, respectively. The possibility
of such change is given foundation in [5]. It allows us to obtain analytical expres-
sions convenient to differentiation.

3.3.2 Recursive Relations

The essence of the tuning is in such arcs weights selection which minimizes the
difference between the results of the neuro-fuzzy approximation and real object
behavior. The system of recurrent relations

wy, (t+D) =w, (1) = U ) (3.26)
,p(f)
cft+)=c"(t 3.27
(+D=c"(O-n3750s (3.27)
b”(t+1)=b" (1) ﬂab”’(t) j=lm,i=ln, p=k,, (3.28)
minimizing criterion
LIPN 2
E =50y, (3.29)

applied in the neural networks theory, is used for training, where:
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9, and y, are the experimental and the theoretical outputs of object (3.1) at the
t -th step of training;

w, ), c,:”’ ®, bl.-”’ (t) are rules weights (w ) and membership functions para-
meters (b, c) at the ¢ -th step of training;

n is a tuning parameter which is selected accordingly to the recommendations
in [2].

Partial derivatives making the part of the relations (3.26) — (3.28), characterize
the sensitivity of the error ( E,) relative to the change of the neuro-fuzzy network

parameters and are calculated in the following way:

IE _ .o o 4" (y)
awjp e awjp ’
0E ou”(x) OE 9 1" (x,
— L =E£E8E, #—(x’) , L= £E,6E, #—(x’)
CIP a C:IP a biJP a bi.lp

i i
where

m

4, 1 )= du ()
j=1

E, :—a Et = y -9 E, = a y = J=1
1 t t? 2 s
Jy 9 1" (y) (Z/‘ (y)jz
j=1
__ Mty

i

a(H lu.ip(xi)j
d (H #" (x,-)j
g =—t
! o u”(x,)

8/1 () Hﬂ]p(x)

/

,,,( )H# (x)

9 1’ (x,) B 2¢” (x, —b")’ a1’ (x,) B 2(¢/”) (x, —b/")
(" +(x b)Y T 9b”  (¢”) +(x,—b"))

In analogy to the back-propagation rule, the neuro-fuzzy network tuning algo-
rithm is made of two phases. The first phase involves the computation of an output
model value of object (y) which corresponds to the given network structure. The
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second phase involves the computation of error value (E,) and the interneuron
connections weights are recalculated according to (3.26) — (3.28).

3.4 Computer Simulations

3.4.1 Computer Experiment Methods

In this section we describe the results of computer experiments directed at testing
the possibility of identification of nonlinear objects with continuous and discrete
output using models and algorithms simulated and designed in Chapters 2 and 3.
Experiment methods consist of carrying out the following steps.

1°. Nonlinear object was given by some standard model in the form of analyti-
cal formulae.

2°. Expert knowledge base was generated from the given standard model.

3°. Identification of nonlinear object was carried out over expert knowledge
base using models and algorithms developed in Chapters 2 and 3.

4°. The results of identification carried out using fuzzy knowledge base ob-
tained at step 3° were compared with standard models chosen at step 1°. In this
case curves of training dynamics were traced showing identification quality with
the increase of training sample volume.

Two pairs of objects with continuous and discrete outputs, respectively, with
parametric assignment of membership functions were investigated in sections
3.4.2 and 3.4.3.

3.4.2 Objects with Continuous QOutput

Experiment 1. Let us consider an object with one input x€ [0,1] and one output

ye [0.05, 0.417] . Model-standard has this form:

Gx-1.1)(4x-2.9)3x-2.1)11x-11)(3x-0.05) +10

y=f(x)= 20

This formula was chosen with the aim of studying the possibility of modeling
the fifth order object the behavior of which is shown in Fig. 3.7.
Let us divide the interval of change of output variable y into four subintervals:

[0.05,0.417]1=[0.05, 0.14) U[0.14, 0.23) U[0.23,0.32) U[0.32,0.417] .
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Then the behavior of the investigated object can be described using the follow-
ing rules:

IF x= P, THEN ye[0.14, 0.23] (with weight w,),
IF x=P,, THEN ye[0.32, 0.42] (with weight w,),
IF x=P,, THEN ye[0.05, 0.14] (with weight w;),
IF x=P, , THEN ye[0.14, 0.23] (with weight w,),
IF x=P, , THEN ye[0.05, 0.14] (with weight w;),
IF x=P, , THEN ye[0.23, 0.32] (with weight w,),

where P = about 0, P,= about 0.09, P,= about 0.4, P,= about 0.71,
P. = about 0.92, B, = about 1.0 are fuzzy terms of input variable x with member-
ship functions shown in Fig. 3.8b.

0,5

0,25 1

Fig. 3.7. Model-standard for one input — one output object

Before tuning all the rules weights w, were alike, that is w = 1, j=1,_6. It
provided fuzzy model shown in Fig. 3.8a. After genetic and neuro tuning, which
consisted of solving optimization task (3.6), the new fuzzy models shown in Fig.
3.9, 3.10 were obtained. Fuzzy terms membership functions parameters as well as
rules weights before and after tuning are presented in Tables 3.2 and 3.3. The dy-
namics of object y = f(x) fuzzy model learning obtained using formula (3.11) is

shown in Fig. 3.11.
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Y
05 | — fuzzy model
iy standard
0 I I I Iy
0 0.5 1.0
(a) comparison of standard with fuzzy model
P, P P;3 P, Ps Ps
1
0
0 o 0.5 10
(b) fuzzy terms membership functions
Fig. 3.8. One input — one output object fuzzy model before tuning
y
0.5 — fuzzy model
Pl
—————————— standard
0 . X

0 0.5 1.0

(a) comparison of standard with fuzzy model

Fig. 3.9. One input - one output object fuzzy model after genetic tuning
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P 1 P 2 P 3 P 4 P 5 P 6
1T
0 . n
0 0.5 1.0
(b) fuzzy terms membership functions
Fig. 3.9. (continued)
y
05 T
1 fuzzy model
1/ O\ —— standard
0 | | | | X
0 0.5 1.0
(a) comparison of standard with fuzzy model
P i F 2 P 3 PJ F ] P &
1
|
_ X
09 0.5 1.0

(b) fuzzy terms membership functions

Fig. 3.10. One input - one output object fuzzy model after neural tuning
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Table 3.2. Linguistic terms membership functions parameters for object y = f(x) fuzzy
model

Parameters
Term before tuning genetic neural
tuning tuning
8 c 8 c 8 c
P, 0 0.1 0 0.021 0 0.006
P, 0.09 0.1 0.08 0.030 0.10 0.020
P; 0.4 0.1 0.43 0.040 0.40 0.030
P, 0.71 0.1 0.88 0.012 0.85 0.007
Ps 0.92 0.1 0.91 0.030 0.93 0.034
Ps 1.0 0.1 1.0 0.092 1.0 0.090

Table 3.3. Rules weights for object y = f(x) fuzzy model

Rules weights w, w, w, w, A W
Before tuning 1 1 1 1 1 1
Genetic tuning 1 0.90 0.92 1 0.89 0.78
Neural tuning 1 0.72 0.71 1 0.68 0.70
R
0.02 +
0.015 +
0.01 +
0.005 +
0 1 1 1 1 M
10 30 50 70 90

Fig. 3.11. One input - one output object fuzzy model learning dynamics
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Experiment 2. We consider an object with two inputs x, € [0,6] , x, € [0,6] and

one output y e [-5.08, 0.855] , having standard analytical model of this form:
1

y=f(x,x,) =E(22—0.9) (7z-1) (17z-19) (15z-2),

(x,=3)" +(x, -3)

18
The target model is shown in Fig. 3.12

where z=

1
e e T S e
0. NNt e
e G
e gty
Ty

Fig. 3.12. Target model for “two inputs — one output” object

Rough knowledge base formed on the basis of object y = f(x,,x,) behavior

observation in Fig. 3.12 consists of 49 rules of the following form:

IFx,=P AND x,=Q, , THEN y=B,,i=17, j=L5,

i

which can be depicted in the following matrix 7x7 form:
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Py Py Py P, Ps Pe P;
Q, B, B, B, B, By B, B,
Q, B, By B, B, B, B, B,
Q, B, B, B, B, B, B, B,
Q4 [ By By B, B, B, B, B,
Qs B, B, B, B, B, B, By
Q¢ B, B, B, B B, B, B,
Q, B, B, B, B, By B, B,

where P =Q =about 0, P,=Q,=abour 0.5, P =0Q,=about 1.5,
P, =Q, =about 3, P, =Q; = about 4.5, P, =Q, = about 5.5, P, =Q, = about 6
are fuzzy terms of input variables x, and x, with membership functions shown in
Fig. 3.13b;

B, =[-5.08, —-4.5), B,=[-45, -3.0), B,=[-3.0, -0.5), B, =[-0.5, 0),
B, =[0, 0.855] are the classes of the output variable y .

Weights of all rules before tuning were considered to be identical and were
equal to 1. This provided the fuzzy model shown in Fig. 3.13a.

(a) fuzzy model

Fig. 3.13. Fuzzy model of two inputs - one output object before tuning
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PP P P P, P, P

0 1.5 3 45 6
(b) fuzzy terms membership functions

Fig. 3.13. (continued)

Table 3.4. Fuzzy model y = f(x,,x,) linguistic terms membership functions parameters
b and c before tuning

Function ‘UPI (x), :upz (%), /lp} (%), :u& (%), ,u% (x), ,upﬁ (x), ,UP7 (x),
'UQI (x,) 'uQZ (x,) ;uQ3 (x,) 'uQ4 (x;) ,UQS (x,) ,UQ6 (x,) ,UQ7 (x,)
0 0.5 1.5 3 4.5 5.5 6
c 2 2 2 2 2 2 2

Membership functions parameters before tuning are shown in Table. 3.4.

As the result of genetic and neuro tuning, an improved fuzzy model is shown in
Fig. 3.14 and 3.15. The change of rules weights in the process of tuning can be
represented in the form of the following matrix:

P P Ps Py Ps P P

0.01/0.01]0.50/0.42]0.05/0.03 {0.75/0.640.07/0.05|0.50/0.42 { 0.05/0.03

—_—

0.73/0.610.02/0.03|0.30/0.27{0.31/0.26 | 0.36/0.270.05/0.05| 0.70/0.61

[\

0.04/0.05]0.52/0.4410.88/0.71 {0.04/0.030.78/0.71{0.56/0.44 | 0.12/0.09

w

0.92/0.87]0.40/0.34{0.02/0.01 {0.95/0.90|0.05/0.02 | 0.40/0.34 | 0.92/0.87

0.02/0.03]0.55/0.4310.82/0.70(0.05/0.050.78/0.70{0.55/0.43 | 0.03/0.01

(9}

0.71/0.60|0.02/0.03|0.44/0.30{0.41/0.29{0.38/0.30| 0.05/0.05|0.71/0.60

(@)}

0.01/0.03]0.55/0.48{0.06/0.05 [ 0.87/0.8310.12/0.09{0.61/0.48 | 0.03/0.01

lOlQlQ#(QlO(QlO

J
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where numerators are weights after genetic tuning, and denominators are weights
after neural tuning. Fuzzy terms membership functions parameters b and c¢ val-
ues are shown in Table 3.5.

The dynamics of fuzzy model learning is shown in Fig. 3.16.

Table 3.5. Fuzzy model y = f(x,,x,) linguistic terms membership functions parameters
b and c after genetic and neural tuning

o Klpprez ‘..‘:“ ;:3\\\“ g
i, SRy _
) /’ll»,'iim"; R ‘3:.‘::.‘.«“\\\ -
N ‘\\ “ '\\\

(a) fuzzy model

Funetion 1407 () | 4" (q) | " o) | 45 | ™ ) | ) | 0 ()
b 0 0.15 2.37 3.0 3.72 5.86 5.99
0.07) | (0.00) | (2.39) | (3.00) | (3.63) | (5.99) | (5.92)

c 0.35 1.26 0.61 0.88 0.47 1.34 0.28
(0.09) | (0.81) | (0.32) | (0.65) | (0.29) | (0.83) | (0.09)

Function | 4% (ey) | 4% () | 1% () | 4% 00) | 1% () | 1% () | 1 ()
b 0 0.17 2.32 3.0 3.85 5.89 5.99
(0.00) | (0.17) | (2.06) | (2.99) | (3.94) | (5.82) | (5.99)

c 0.22 1.35 0.77 0.97 0.65 1.25 0.36
(0.09) | (1.10) | (0.49) | (0.72) | (0.49) | (1.10) | (0.09)

y

Fig. 3.14. Fuzzy model of two inputs - one output object after genetic tuning
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P,

(b) fuzzy terms membership functions

Fig. 3.14. (continued)

olose =
R ST
et i
SRS
Ty

L

¥

T N T U

(a) fuzzy model

RS UR ; 9 0,
I
Jé:r_;_\g o 1 . "2
(b) fuzzy terms membership functions
Fig. 3.15. Fuzzy model of two inputs - one output object after neural tuning

0.006 R

0.004 T s

0,002

9 25 49 81 121 169 225

Fig. 3.16. Two inputs - one output object fuzzy model learning dynamics
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3.4.3 Objects with Discrete Output

Experiment 1. An object with two inputs x, € [0,1] , x,€[0,1] and one output
v 1is considered where there can occur 5 values: {d,,d,,d,,d,,d;}. The investi-

gated object represents itself two-dimensional space divided into 5 regions-classes
of decision (Fig. 3.17a). The target bounds of the region-classes have the follow-

ing form:
®: x,€[0.5,0.625], x,=32(x,—0.5)>+0.5;
@:x,€[0,025], x, =—16(x, —0.25)" +0.8125;
:x, €[0.25,0.5], x, =—80(x, —0.25)* +0.8125;
:x,€[0,0.5] x, = (0.5-x,)(2—x,)(~0.1-x,)+0.5;
:x, €[0.25,05], x =4/(05-x,)+0.5;

:x, €[0.75,1.0], x, =—80(x, —1)* +0.75

®©@ © ® @

1A 4 h4 H

® s
4 \5 5.5 5 L

X t t 1 x

0 0.25 0.5 075 10 ' !
a) b)

Fig. 3.17. Two inputs - one output object - 1: a) five decision classes, b) fuzzy IF-THEN
rules acquisition

In Fig. 3.17b it is shown the way fuzzy IF-THEN rules were obtained and used
to form a fuzzy knowledge base in Table 3.6, where L — low, /A — lower than aver-
age, A — average, hA — higher than average, H — High.
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Fuzzy terms membership functions from knowledge base (Table 3.6) are shown

in Fig. 3.18b, and corresponding parameters are presented in Table 3.7. Rules
weights before tuning were considered identical and equal to 1 that provided the

rough fuzzy model depicted in Fig. 3.18a.

Table 3.6. Knowledge matrix and corresponding rules weights after genetic (w,) and
neural (W, ) tuning

N\|xi|xp|d||N We | Wy Nix|x|d||N We | Wy
11| L | H 11 |0.943/0.997 45 | IA | hA | d, || 45 [0.984]0.994
12|IA| H | d,; 12 10.987/0.995 46 | IA | A 46 (1.000{0.994
13|A| H 13 |0.935/0.995 51|IA| IA 51 10.978(0.995
21 |hA | H 21 {1.000{0.995 S2(IA| L 52 10.988(0.996
22 |hA | hA | d, | | 22 {1.000/0.993 531A | A 53 10.965(0.993
23| H| H 23 11.000(0.997 541 A IA 54 10.986(0.994
31| H | hA | d;|]|31(0.909[0.996| |55 A | L |ds||55|1.000{0.996
NI H]| A 32 10.984]0.996 56 |hA | IA 56 10.977(0.995
41 L1 hA 41 11.000/0.995 57T |hA | L 57 11.000{0.996
2L A [d,]]42109990.995 S8| H| IA 58 10.982(0.997
3 L|IA 43710.998[0.996| || H | L 59 [1.000)0.997
44| L | L 44 10.998(0.997

Table 3.7. Parameters b and cof the fuzzy model y= f(x,x,) linguistic terms
membership functions before tuning

Function | 4/ (x,) 1 (x) a4 (x) 1M (x) u1 (x)
b 0.100 0.375 0.550 0.650 0.950
c 0.250 0.250 0.250 0.250 0.250
Function | 4" (x,) H" (x,) w1 (xy) H" (xy) u" (xy)
b 0.100 0.375 0.460 0.620 0.900
c 0.250 0.250 0.250 0.250 0.250
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b) fuzzy terms membership functions

Fig. 3.18. Two inputs - one output object-1 fuzzy model before tuning

a) results of decision making (& -d;, W-d,, +-d;, X -dy, 0-ds)

Fig. 3.19. Two inputs - one output object-1 fuzzy model after genetic tuning
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b) fuzzy terms membership functions

Fig. 3.19. (continued)

a) results of decision making (& -d;, W-d,, +-d;, X -dy, 0-ds)

L 1A A hA H L IA A hA H
1 1
0 1 0 1

b) fuzzy terms membership functions
Fig. 3.20. Two inputs - one output object-1 fuzzy model after neural tuning
After genetic and neuro tuning, which consisted of solving optimization prob-

lem (3.10), the new fuzzy models were obtained which are shown in Fig. 3.19a,
3.20a.
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Membership functions, obtained as the result of tuning, are shown in
Fig. 3.19b, 3.20b, and their parameters are presented in Table. 3.8.

Table 3.8. Parameters b and cof the fuzzy model y= f(x,,x,) linguistic terms
membership functions after genetic (neuro) tuning

Function | 4/ (x,) M () u(x) MM (x,) u (x)
b [0.156 (0.100)[0.423 (0.375)[0.528 (0.550)[0.699 (0.650)|0.931 (0.950)
c 0.201 (0.122)]0.056 (0.025)[0.085 (0.098)10.081 (0.098)|0.117 (0.107)
Function 4 (x,) 1" (x,) 1 (x,) 4" (xy) 1" (x,)
b [0.130(0.100)[0.305 (0.375)[0.472 (0.460)[0.612 (0.620)] 0.893 (0.901)
¢ 10.210(0.109)[0.135 (0.025)[ 0.050 (0.092)[0.115 (0.100)[0.143 (0.089)

Tuned rules weights are shown in Table. 3.6. Object y = f(x,,x,) fuzzy model

learning dynamics can be seen in Fig. 3.21, where é @i= 1,_5) and P are criteria
of identification quality (3.12).

Fig. 3.21. Two inputs - one output object-1 fuzzy model learning dynamics

Experiment 2. Another object with two inputs x, € [0,1] , x,€[0,1] and one
discrete output y is considered here. Let number of classes - decisions be equal to
five as before. Let us change standard models of region bounds (Fig. 3.22a):
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: x,€[05,0.75], x, =13/4(0.75-x,) +0.25

: x,€[0.25,0.75], x, = (x, —0.5)> +0.1875

: x,€[0.25,0.75], x, =0.5-0.0625(4(0.75-x,))’
: x,€[0.25,0.5], x, = 0.25(4(x, —0.25))*° +0.75
: x,€[0,0.1875], x, =0.25(1-x,)"* +0.5

: x,€[0.25,0.5], x, =0.25-0.125,/x, —0.25

Q © © ® @ ® ©

: %,€[0.5,0.8125], x, =0.1875+025(1-0.0625" "7

®

: x,€[0.5,1.0], x, =0.3125+0.125((x, —0.8125)) .

Obtaining of fuzzy IF-THEN rules describing the object behavior is depicted in
Fig. 3.22b. These rules are brought together in fuzzy knowledge base (Table 3.9).

Fuzzy terms membership functions parameters which are used in knowledge
base in Table 3.9 before tuning are shown in Table 3.10.

) “ A na H
377 2 ) | H
R 2
\

0.25 0.5 0.75 1

a) b)

Fig. 3.22. Two inputs - one output object - 2: a) five classes-decisions, b) fuzzy IF-THEN
rules acquisition
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Table 3.9. Knowledge matrix and corresponding rules weights after genetic (w, ) and
neural (W, ) tuning

Ni|x|x|d w, w, N|x|x|d w, w,

11 | IA | hA 0.998 | 0.999 32 | hA | IA | d; 0.995 | 0.999
12| A | hA 0.998 | 0.998 41 | L | hA 0.998 | 0.999
13 | hA | hA | d; 0.997 | 0.999 2L A 1.000 | 0.998
141A] A 1.000 | 0.997 43 [ L | IA 1.000 | 0.998
15/A 1] A 0.997 | 0.995 4 | L | L 1.000 | 0.999
211 A | H 1.000 | 0.996 45 [ IA | L | d, 1.000 | 0.998
22 |hA | H 1.000 | 0.999 46 | A | L 1.000 | 0.997
23 | H| H | d; 1.000 | 0.998 47 |hA | L 1.000 | 0.999
24 | H | hA 1.000 | 0.999 48 | H | L 1.000 | 0.998
25 (hA | A 1.000 | 0.999 49 H|IA 0.998 | 0.999
26 H| A 1.000 | 0.997 51| L | H|ds 1.000 | 0.998
31| A |IA | d; 0.999 | 0.997 52| IA| H 0.998 | 0.998

Table 3.10. Parameters b and cof the fuzzy model y= f(x,,x,) linguistic terms

membership functions before tuning

Function 4 (x) 1 (x) ut(x) 1" (x) U (x)
b 0.00 0.25 0.50 0.75 1.00
c 0.10 0.10 0.10 0.10 0.10
Function - (x,) 1" (x,) wh(x,) 1 (xy) 4" (x,)
b 0.00 0.25 0.50 0.75 1.00
0.10 0.10 0.10 0.10 0.10

Fuzzy terms membership functions from knowledge base (Table 3.9) are shown
in Fig. 3.23b, and corresponding parameters are presented in Table 3.10. Rules
weights before tuning were considered identical and equal to 1. The described
fuzzy model is shown in Fig. 3.23a.

After genetic and neuro tuning, which consisted of solving optimization prob-
lem (3.10), the new fuzzy models were obtained which are shown in Fig. 3.24a,
3.25a. Tuned membership functions are depicted in Fig. 3.24b, 3.25b.

Fuzzy model membership functions parameters, obtained as the result of tun-
ing, are shown in Table 3.11
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Table 3.11. Parameters b and cof the fuzzy model y= f(x,,x,) linguistic terms
membership functions after genetic (neural) tuning

Function| 4" (x,) H (%) H() M () H" (x)
b 0.033 (0.025)]0.275 (0.273)[0.503 (0.492)(0.735 (0.743)(0.960 (0.972)
¢ 10.149 (0.114)[0.073 (0.078)[0.139 (0.118){0.010 (0.014)[0.313 (0.119)
Function| 4" (x,) 1 (x,) 1(x,) 1" (x,) u (x,)
b 0.031 (0.035)]0.275 (0.275)[0.529 (0.515)(0.733 (0.725)[0.967 (0.977)
¢ 10.188(0.139)[0.062 (0.069)[0.136 (0.118)[0.010 (0.017)[0.243 (0.202)

Rules weights after tuning are shown in Table 3.9. Object y = f(x,,x,) fuzzy

model learning dynamics can be seen in Fig. 3.26.

a) results of decision making (& -d;, W-d,, +-d;, X -d,, 0-ds)

1 L 14 A h4 H | L 14 A hA H
M M
X
1 X
0 1 0 2

b) fuzzy terms membership functions

Fig. 3.23. Two inputs - one output object-2 fuzzy model before tuning
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b) fuzzy terms membership functions

Fig. 3.24. Two inputs - one output object-2 fuzzy model after genetic tuning

a) results of decision making (¢ -d;, W-d,, +-d;, X -dy, 0-ds)

Fig. 3.25. Two inputs - one output object-2 fuzzy model after neural tuning
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L 1A A hA H L A A hA H

~ 1 -~ -

b) fuzzy terms membership functions

Fig. 3.25. (continued)

o>

o> U5 0> JU> 0>

Fig. 3.26. Two inputs — one output object-2 fuzzy model learning dynamics

3.5 Example 1: Differential Diagnosis of Heart Disease

Ischemia heart disease (IHD) is one of the most widespread sources of disability,
and it has a high death rate among adults. The success of IHD treatment is defined
by the achievement of some differential diagnosis, that is, a classification as one
of the complication levels accepted in clinical practice [6]: cardiac neurocircula-
tory dystonia or stenocardia. The quality of medical diagnosis strongly depends on
the qualification of the diagnostician. Therefore, a computer support system for
diagnostic decision making in such conditions is of particular significance.

3.5.1 Diagnosis Types and Parameters of Patient’s State

According to current clinical practice, the complication of IHD will be defined at
the levels as follows (from the lowest to the highest):
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d, — neurocirculatory dystonia (NCD) of light complication;
d, —NCD of average complication;

d, — NCD of heavy complication;

d, — stenocardia of the first functional disability degree;

d, — stenocardia of the second functional disability degree;

d, — stenocardia of the third functional disability degree.

The above mentioned levels d, +d, are considered the types of diagnoses

which should be identified. While making the diagnosis of IHD of a specific pa-
tient, we should take into consideration the next main parameters defined by labo-
ratory tests (possible variation ranges are indicated in round brackets where c. u. is
a conventional unit):

x, is the age of the patient (31-57 years),

x, is the double product (DP) of pulse and blood pressure (147405 c.u.),
, is the tolerance to physical loads (90-1200 kgm/min),

x, is the increase of DP per kg of the patient body weight (0.6-3.9 c.u.),
x is the increase of DP per kg of load (0.1-0.4 c.u.),

X 1s the adenosine-triphosphoric acid - ATP (34.5-66.2 mmol/l),

, 1is the adenosine-diphosphoric acid - ADP (11.9-29.2 mmol/l),

X, is the adenosine-monophosphoric acid - AMP (3.6-27.1 mmol/l),

x, is the coefficient of phosphorylation (1-5.7 c.u.),

X, 1s the max. oxygen consumption per kg of patient weight (10.5 — 40.9
mlitre/min X kg),
x,, is the increase of DP in response to submaximal load ( 46-312 c.u.),

X,, is the ratio factor of milk and pyruvic acid (3.9-22.8 c.u.).
The aim of the diagnosis is to translate a set of specific parameters x, +x,, into

adecision d; (j=16).

3.5.2 Fuzzy Rules

The structure of the model for differential diagnosis of IHD is shown in Fig. 3.27,
which corresponds to the following hierarchical tree of logic inference:

d=f,(x,y.2) , (3.30)

y=fy(xz,xz,x4,x5,x10,xll) , (3.31)



94 Fuzzy Rules Tuning for Direct Inference

7= (X0 X5 Xy Xou X)) (3.32)

where d is the danger of IHD measured by levels d, +d, ; y is the instrumental
danger depending on parameters {x,, x;,X,,Xs,X,,,%,}; 2 is the biochemical dan-

ger depending on parameters {x,,X,,Xs, Xy, X, } -

d | |dy| |dy| |dal | ds| |ds

© @@@@0@@@@

Fig. 3.27. Tree of logic inference

The expert fuzzy if-then rules which correspond to the relations (3.30) — (3.32)
are represented in Tables 3.12-3.14 using fuzzy terms as: L — low, /A — lower than
average, A — average, hA — higer than average, H — high. These rules were pre-
sented by the therapist of Vinnitsa Cardiology Clinic V. M. Sheverda.

Table 3.12. Knowledge about relation (3.30)

X y z d
L L
L 1A 1A d,
IA IA L
IA IA IA
A 1A 1A d,
IA IA A
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Table 3.12. (continued)

A 1A A
hA hA 1A d,
hA A A
hA A hA
A hA hA d,
A hA hA
A H A
hA hA H d,
H hA hA
H H H
hA H hA d,
A H hA

Table 3.13. Knowledge about relation (3.31)

‘x2 'x3 'x4 ‘xS 'xl 0 ‘xll y
H H H L H H
H hA H IA H H L
hA H hA L H H
hA hA H IA H hA
H H hA A H H IA
hA hA H IA hA hA
A A A A A A
hA hA A IA hA A A
A hA hA A hA hA
IA A IA hA IA IA
IA IA A A L IA hA
A IA IA hA IA A
L L L hA L L
IA L IA H L IA H
L IA IA hA L L
Table 3.14. Knowledge about relation (3.32)
Xg X, Xg Xy X, Z
H H H H H
hA H hA hA hA L
H hA H A hA
hA hA A A hA
A hA A hA H IA
A H hA hA hA




96 Fuzzy Rules Tuning for Direct Inference

Table 3.14. (continued)

A A A hA hA
hA hA A A A A
hA A hA hA A
1A A IA A A
hA IA A 1A IA hA
L A A IA A
L L L L IA
1A L IA L L H
L IA IA L IA

3.5.3 Fuzzy Logic Equations

Using Tables 3.12-3.14 and operations e (AND - min ) and v (OR - max), it is
easy to write the system of fuzzy logic equations which connect the membership
functions of diagnosis and parameters of the patient state as:

() =" () 1 () 1 @IV L () - 1 () 1 @IV I 0)- 1 () 1 ()]
L@ =" () 1 ) i DIV [ () 1 () - i @1V [ () 1 () 4 (2)]
o (d) =" (x)- " (9)- 1 @IV I ) - 1™ () (™ @IV [ () 1 () - 1 (2],
w1 (d) =" (o) 1 ) 1 @IV L ) () 1 (D] VI () 1" () 1 (2)]
pO () =" (x)- 1" () " @IV () -t () " DIV I () - 1 (3)- 1" (2)]
w1 (d) =" (q)- ™ (9)- " @IV () " () " @IV I () - () - 1 (2)] .
(3.33)
w1y = " () ™ Oey) - ™ () - 1 () - 1" (x) - 1" () v
vt ) ) o) () () () v
VM ) ™ () - M () () - 1 () - 1 ()

,U[A()’) :ﬂhA(xz)'ﬂhA(x3)'ﬂH (x4)'ﬂ[A(x5)'/4H (xlo)',uhA(xn) Vv
V,UH (xz)',UH(x3)'luhA(x4)':uA(x5)':uH (xlo)',uH(xll) v
vluhA(xz)',uhA()%)',uH (x4)'/um(x5)',uhA(xlo)'/uhA(x“) 5

IUA()’) :,UA(xz)',UA()%)',UA(x4)',UA(x5)',UA(x10)',UA(xll) Vv
VﬂhA(xz)'ﬂhA(x3)'ﬂA(x4)',U[A(xs)',uhA(xw)',UA(xll) v
VIUA(xz)'/uhA(x3)'/uhA(x4)',UA(xs)',uhA(xlo)'/uhA(x“) s
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/UhA(Y) :,UIA(xz)',UA(x3)',UIA(x4)',UhA(xs)',UIA(xm)':ulA(xn) Vv
VﬂlA(xz)'ﬂlA(x3)'ﬂA(x4)',UA(XS)',UL(xw)':ulA(xn) v
vﬂA(xz)'/u[A(x3)'/u[A(x4)',uhA(xs)',ulA(xlo)',UA(XH) 5

ﬂH(y) =;uL(-XQ)';uL(x3)';uL(x4)';uhA(xs)';uL(xlo)';uL(xl]) v
V;u[A(xz)':uL(xz)'/lm(xa,)':uH (xs)-ﬂL(x10)~/l[A(x“) v
V;uL(xz) 'lulA (x3) 'lulA (x4)':uhA (x5)~,uL(xm)~,uL(x”) . (3.34)

IUL(Z) :,uH(-xe,)',uH(-x7)'/uH (xg)',uH(-xg)'/uH (xlz)
v/uhA(xs)':uH (x7)'/uhA(xs)'/uhA(xg)':uhA(xlz)
v/uH(xs)'/uhA(x7)',uH(xg)',UA(xg)',uhA(x]z) 5

U1 (2) = M (xg) - ™ () -t (x) - 1 () - 1™ ()
V;uA(xe)':uhA(x7)'luA(x8)':uhA(x9)':uH (x12)
V;uA(xs)';uH (x7)'ﬂhA(xs)'#hA(xt;)':uhA(xlz) >

IUA(Z):IUA(xe,)'/uA(-x7)'/uA(-xg)',uhA(-xg)'/uhA(xlz)
v/uhA(xs)':uhA(x7)'/uA(xs)':uA(x9)'IUA(xlz)
v/uhA(xs)'/uA(x7)',uhA(xg)'/uhA(xg)',uA(x]z) 5

luhA ()= ;u[A (xe)':uA ()67)'#[A (xg)':uA (x) 'luA (x,)
V/lhA (xs)':u[A (x7)':uA (xg)':u[A (x9)~/llA(x12)
V,uL(xs)'ﬂA(x7)'ﬂA(x8)'/llA(x9)'#A(xlz) >

IUH (Z) = IUL(-X(-,) 'IUL(X7)'/UL(-X3) '/uL(-xg) '/ulA (xlz)
VIUIA (xs) '/UL(x7)':ulA (xs)'ﬂL(xg) '/UL(xlz)
\4 ,UL ('x6) ',UIA (X7) : ,u[A (xg) : ,UL (xg) ',UIA (xlz) (335)

The total number of fuzzy logic equations (3.33) — (3.35) is 16. Note that we do

not use the weights of rules in (3.33) — (3.35) because all weights before tuning
are equal to one.

3.5.4 Rough Membership Functions

Generally, all parameters x, +x, have their own membership functions of the

fuzzy terms (L, IA, A, hA, H), used in equations (3.33) - (3.35). To simplify the
modeling, we can use only one shape of the membership functions for all parame-
ters x, +x,,, as shown in Fig. 3.28:
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W)=/ ) , u=4=—, j=LIA A hAH ,

where [xl.,x_,.] is an interval of parameter x, changing, i=1,12 .

Analytical expressions of the functions in Fig. 3.28 are of the form:

1

=, 3.36
1+ (42 (3:39)

& ()

where the parameters b and c are given in Table 3.15. Selection of such curves is
stipulated by the fact that they are approximations of membership functions
gained by the expert method of pairwise comparison [17].

Table 3.15. Parameters of rough membership functions

Term L IA A hA H
b 0 1 2 3 4
c 0.923 0.923 0.923 0.923 0.923

Fig. 3.28. Rough membership functions

3.5.5 Algorithm of Decision Making

Fuzzy logic equations (3.33) — (3.35) with membership functions of fuzzy terms
(3.36) allow us to make the decision about the level of IHD according to this
algorithm:
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1°. Registration of parameters X' = (x,,x,,...,X,,) values for a specific patient.
2°. Using the model (3.36) and parameters » and ¢ from Table 3.15, we define
the values of the membership functions #’(x;) when parameters values x; ,

i= m , are fixed.
3°. Using fuzzy logic equations (3.33) - (3.35), we calculate membership func-
tions 4" (X, X,,...,X;,) for all diagnoses d,,d,,...,d,. In doing so, according to

[4], the logic operations AND (A) and OR (v ) are substituted for min and
max :

m(a) A u(b) = min[g(a), u(b)] ,
m(a)v u(b) = max[u(a), u(b)] .

4°, Let us define the decision d; , for which:

4 * * * d * * *
M (XX, X,) = mzll%([,u N ]
Jj=1,

Example 1. Let us represent the next values of the parameters of a patient corre-
sponding to her/his state:

x, =53 years, x,=175cu, x, = 507 kg/min,
x, =24cu., x, = 0.25cuu,, x, =60.7 mmol/l,
x, = 26.14 mmol/l, x, = 10.4 mmol/l, x, = 39cu,
X, = 22.4 mlitre/minx kg, x;, = 172 c.u, x, =26.1 cu..

Using model (3.36) and parameters values b and ¢ from Table 3.15, we find
the membership functions values at points x; , i=1,12 for all fuzzy terms and

represent them in Table 3.16.
Substituting the membership functions obtained from equation (3.34), we find:

4" (y)=0.072-0.120-0.205-0.315-0.149-0.133
v 0.072-0.275-0.205-0.867-0.149-0.133
v0.137-0.120-0.560-0.315-0.149-0.133 = 0.120 .



100 Fuzzy Rules Tuning for Direct Inference

Similarly, we find: #"(y)=0.137, u*(y)=0.328, 4" (y)=0.241,
1" (y)=0.210.

According to equation (3.35), we find:

1" (2)=0.458-0.635-0.095-0.266-0.687
v1.000-0.635-0.201-0.751-0.857
v 0.458-0.911-0.095-0.795-0.857 =0.201 .

Similarly: 1" (z) =0.545, u*(z)=0.343, 4" (z)=0.176, u" (z)=0.087.

Table 3.16 Membership functions values ,uj (xl.* )

Ny W) | ) | o) | M) | e )
ER 3259 | 0074 |0.143 0349 |0927 | 0.608
2 | 175 0679 |0.649 |0892 [0328 |0.136 |0.072
3| 507 1503 | 0274 |0771 |0775 |0275 |o0.120
4 |24 2182 | 0152 |0379 [0963 |0560 |0.205
5 |o2s  |1362 |0315 |0867 |0676 |0241 |0.109
6 |607 |299 |0087 |0.176 |0462 |1.000 |0.458
7 26.14 3.255 0.074 0.142 0.343 0911 0.635
8§ |104 |1157 |0389 [0972 |0545 |0201 | 0.095
9 |39 2468 | 0123 |0283 |0795 |0751 | 0.266
10 22.4 1.791 0.210 0.576 0.951 0.368 0.149
11 172 1.647 0.239 0.670 0.872 0.318 0.133
12 [261  |3376 0070 |0131 |0310 |0857 0687

According to equation (3.33) we ultimately find that:

4% (d)=0.074-0.120-0.201 v 0.074-0.137-0.545
v0.143-0.137-0.201 =0.137 .

Finally, we find:
4" (d)=0.137, ,ud~‘ (d)=0.328, 1" (d)=0.176, ,ud5 (d)=0.210,
,ud6 (d)=0.176

Because the largest membership value corresponds to decision d,, we select

3
NCD with heavy complication as the patient’s diagnosis.
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3.5.6 Fine Tuning of the Fuzzy Rules

We used real data related to diseases with verified diagnoses as the training data
for the fine tuning of fuzzy rules for differential diagnosis of IHD. The optimiza-
tion problem was solved by the combination of a genetic algorithm and gradient
descent. The parameters b and c of the linguistic terms used in the fuzzy rules
and the weights of rules w after tuning are presented in Tables 3.17-3.20. Mem-
bership functions after tuning are shown in Fig. 3.29.

The comparison of the inferred and correct diagnosis for 65 patients is shown in
Table 3.21. There is only one case (**) in which the inferred decision (d, ) is too

far from the real decision (d,). In 8 cases (*) we have the real and inferred deci-

sions on a boundary between classes of diagnoses. For the rest of the patients,
there is full matching of real and inferred decisions. These results are quite satis-
factory from a practical point of view, and thus the expert system can be used as a
decision support system for the differential diagnosis of IHD.

Table 3.17. Parameters b and ¢ of the membership functions after tuning

L IA A hA H

b ¢ b ¢ b c b ¢ b c

X, 32.58( 23.33| 38.21] 9.80] 43.39| 11.92| 51.07| 16.01] 56.74| 22.62
x, |128.00[ 57.31| 186.39] 87.84|235.24 80.39/332.76|109.61| 389.33|162.75
x, | 182.46/807.90| 509.02|242.91)648.08| 575.61922.18|261.01{1105.75| 568.27
X, 0.600] 0.761 1.288| 0.985| 1.847| 0.386| 2.852 1.421] 3.900] 0.064
X 0.117] 0.055] 0.217| 0.026| 0.322] 0.179| 0.422 0.079| 0.530 0.066
x, | 34.48/ 7.83 47.34] 40.20| 51.94] 8.90| 59.48 21.90] 69.49 8.08
X 11.90[ 4.04) 16.28] 4.04] 21.56[ 11.31| 25.03] 4.04] 27.99| 13.19
X, 3.60 5.42) 8.61| 10.79| 15.93] 0.24| 19.03| 25.09| 27.10 5.42
X, 1.00 1.08 2.18 1.08 3.18 3.37] 4.02] 1.20f 5.70[ 1.08
X 9.01| 18.62] 16.69] 8.50| 21.63| 17.92| 32.44| 8.88| 36.24 10.14
X, 46.00] 30.15(144.32157.80|200.10] 147.95(270.43| 5.96| 335.18|193.27
X, 390, 6.07] 1048 6.07] 19.47] 24.04| 22.81| 10.87| 30.20[ 6.07
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Table 3.18 Weights of the rules before Table 3.19 Weights of the rules before
(Wb) and after (Wa) tuning in Table (Wb) and after (Wa) tuning in Table

3.13 3.14

y wp, w, < wp W,
1.000 0.500 1.000 0.500

L 1.000 0.500 L 1.000 0.744
1.000 0.734 1.000 0.500
1.000 0.500 1.000 0.500

IA 1.000 0.632 IA 1.000 0.500
1.000 0.500 1.000 0.400
1.000 0.757 1.000 0.500

A 1.000 0.470 A 1.000 0.500
1.000 0.473 1.000 0.565
1.000 0.527 1.000 0.771

hA 1.000 0.480 hA 1.000 0.500
1.000 0.664 1.000 0.500
1.000 0.499 1.000 0.500

H 1.000 0.806 H 1.000 0.500
1.000 0.499 1.000 0.500

Table 3.20. Weights of the rules before ( Wb ) and after ( Wa ) tuning in Table 3.12

d wp, w, d wp, w,
1.000 0.934 1.000 0.663
dl 1.000 0.500 d4 1.000 0.449
1.000 0.419 1.000 0.449
1.000 0.500 1.000 0.499
d2 1.000 0.500 dS 1.000 0.500
1.000 0.764 1.000 0.770
1.000 0.428 1.000 0.500
d3 1.000 0.500 d6 1.000 0.524
1.000 0.724 1.000 0.915
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0 t X1 0 t X2
31 445 58 128 266.5 405
1 1
\ >
0 t X3 0 t X4
90 645 1200 0.6 2.25 3.9
1
N s
X5 0 t X6
0.09 0.325 0.56 34.48 51.985 69.49
1 g 1 =
> ~J N e
0 t X770 t xXg
11.9 20.65 29.4 3.6 15.35 27.1
1 1 P
. 7\?\
\\ \
\\
0 t X9 0 t X10
1 3.35 5.7 7.4 24.15 40.9
1 1
P pd
0 f X110 t X12
46 199 352 3.9 17.05 30.2

Fig. 3.29. Membership functions of the patient’s state parameters after tuning
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Table 3.21. Comparison of real and inferred decisions for 65 patients

Parameters of state Diagnosis
Nt o [ | x| x| % | % | % [%| X |5 | % Real | Model
1| 31] 324 980 2.8 0.12(50.07|22.76| 8.05| 3.7| 34.2| 266 19.3 d1 dl
2] 36| 3301 900[ 2.9 0.14{56.52|24.33| 9.02 4.1 29.7| 242 21.0[ d1 dl
3] 39| 2601 800 2.3 0.18]51.73]|25.62| 8.53 4.2| 28.5| 194 23.8| d2 | d2
4 42| 272 867 2.5 0.28(59.31|28.44( 8.53| 4.0[ 28.7| 198| 19.4{ d2 | d2
5| 48[ 287 491 2.2| 0.24{52.77|121.61| 8.53| 3.5 25.3| 156 20.5| d3 d3
6] 53| 175| 507 2.4| 0.25|60.70{26.14{10.40| 3.9 22.4{ 172| 26.1| d3 d3
| 45 247 728] 2.0 0.34{62.06|26.14] 5.55 2.3| 26.5| 144 22.9| d4 | d4
8| 52| 231| 768 1.5] 0.36/62.77|123.01| 6.83| 2.5 20.0[ 158 23.8 d4 | d4
9 32| 151f 610] 1.3 0.42(54.49]123.91| 5.55| 2.4 19.8| 104{ 25.7[ d5 ds
101 45| 177) 542 1.6 0.48|62.06(26.14| 5.55 2.3 21.7] 120 28.1| d5 d6 *
11 38| 128] 349 1.4 0.48|67.03(24.46] 5.20[ 1.9] 13.9] 92 30.2| d6 | dob
12| 38| 145] 304 1.2| 0.56|64.15(25.62| 7.11 2.6 14.4] 74 25.5| d6 | do6
13( 40] 327 930 2.2[ 0.24|59.31{25.62| 7.56| 3.3| 35.4| 347| 18.9| dl d2 *
14 38| 348 952 1.8 0.20|34.48(20.79| 9.56| 5.7 34.2| 352| 21.6| dl dl
15[ 34| 307[ 800 1.9 0.21|57.90[{25.08| 6.83| 2.9 30.1| 304| 19.3| d2 d4
16| 48| 284 738 2.0[ 0.26/62.06(25.08| 8.53| 3.4 29.7| 339| 20.4| d2 | d2
17 35| 174] 600 1.7 0.32|55.18(24.46| 8.56 3.8 27.2| 312 22.0| d3 d3
18] 49| 229] 515 2.1 0.30|61.34{22.20] 6.83| 2.4 22.4] 300 23.4| d3 d4 *
19 58| 265| 421 2.0] 0.26/60.07(22.76] 4.08 1.8 17.7| 258 23.8| d4 | d4
20| 49 330] 650 1.5| 0.25|69.49(25.08] 6.83| 2.5 20.3| 244| 22.0] d4 | d4
21| 48| 187 475 1.4] 0.34|160.39(23.31| 5.55| 2.1| 21.4] 204| 22.7| d5 d5
22 42| 224 400| 1.5 0.39(55.18(21.05| 7.11| 2.7| 20.4| 215| 22.5| d5 d5
23( 32| 195 100 1.2 0.48]60.70(21.61| 7.52| 2.7) 22.6| 191| 25.9| d6 | d6
24( 51| 192 292| 1.3| 0.45|62.77(23.70| 5.55| 1.6 19.2| 188| 24.4| d6 | d6
25 36| 347 952 2.9 0.10[62.40[23.70|12.50] 4.3| 35.7| 298| 19.6] d1 dl
26| 48[ 314| 902 3.2| 0.14/59.40(24.20|10.50| 4.2| 33.5|] 287| 18.8| dl1 dl
27| 42| 352| 875 3.2| 0.16/52.30{22.70] 9.50| 3.9 38.2] 322| 19.0] d1 dl
28| 40 323| 1040 2.7 0.20|59.60(25.20] 8.80| 3.2 30.4] 290 18.2| dl d2 =
29| 41 377 988 2.9 0.09|60.40(24.30|10.20| 3.4| 32.5| 275| 17.7] d1 dl
30( 34| 309 932 3.2 0.15[60.80[25.40| 9.40| 4.4| 31.5| 312 18.5| dl dl
31 52| 279( 1056| 2.7 0.09(59.90[21.30| 8.80| 3.7| 33.4] 334| 18.7] d1 dl
32 44| 376[ 895| 2.7 0.1861.50[{23.60| 9.50| 3.6 30.4| 312| 20.1| d2 | d2
33( 46| 304{ 929 2.6 0.22[58.20(25.10[10.70] 3.8| 32.5| 346| 19.2| d2 d2
34] 46 292| 904{ 2.2| 0.24/56.00(27.90]10.10| 4.0] 29.3| 290| 18.5| d2 d2
35| 42 276] 885 2.4] 0.25|61.40(29.40]111.20| 3.6] 27.8] 226| 20.8] d2 d2
36| 31 311 930 2.7 0.19162.50(23.80] 9.80[ 2.9 25.6] 249 21.0| d2 | dl *
37| 44{ 335] 992 2.4| 0.22|61.60[{24.70] 9.90| 3.3] 24.6] 255| 20.3] d2 | d2
38 47| 346 873| 2.3 0.18]57.70(22.50|10.60| 3.7| 28.7| 267| 18.8| d2 d2
39 48| 288 804| 2.4 0.27[60.00[(22.20|11.50| 3.5| 20.9| 275| 19.5| d3 d3
40| 50| 316| 875 2.1{ 0.31|61.40{24.00[ 9.30] 2.8| 22.5| 302| 21.2| d3 d4 *
41| 51) 292 774{ 2.0[ 0.28|62.50{25.90 8.80| 3.0| 26.7| 277| 22.5| d3 d4 *
42 54 315 766 2.2| 0.22|53.70{26.20] 8.70[ 2.7 21.4] 265 20.5| d3 d4 *
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Table 3.21. (continued)

Parameters of state Diagnosis

Nl Lo [ | x| x| % | % | X | % | % | % | x, |Rea Model
43] 40[ 300| 865| 2.1| 0.25(59.40(25.80(9.30( 3.5| 21.9 303| 21.4| d3 d3
441 36| 270| 777| 2.1| 0.28(61.00(26.10(9.70( 4.1| 22.3| 316 21.3| d3 d3
45| 34| 275] 859| 2.3| 0.30(62.50(27.00({9.60( 4.2| 24.0[ 295| 22.5| d3 d3
46| 52| 261| 776] 1.7 0.36/65.00(22.50| 8.40( 2.7| 20.4| 204| 23.8| d4 d4
47| 41| 258 785| 1.5| 0.36]/62.70(23.80( 7.60( 2.5| 19.8| 225| 24.0| d4 d4
48| 53[ 290| 845| 1.8| 0.39(57.10(24.00(7.20( 2.5| 18.7| 268| 22.5| d4 d4
49| 39( 203| 723| 2.0] 0.40(58.50(23.70(6.20 2.8| 17.1| 209| 24.7| d4 d4
50( 45| 244] 802 1.7] 0.35/62.00/25.30| 6.30| 3.0| 18.5| 212| 24.9| d4 d4
51 46| 233 795( 1.9] 0.39(57.90(24.90|5.20| 2.4| 17.4| 251| 23.5| d4 d4
52 54| 262] 805( 1.8] 0.38(57.90(24.50|7.70| 2.2| 19.2| 244| 22.1| d4 d4
53 51| 245| 595 1.3] 0.44|64.20(26.40|5.60| 2.1| 16.5| 204| 24.7| d5 ds
54( 40 209| 772 1.5] 0.45/60.20(27.80|5.90| 2.4| 14.7] 195 25.0| d5 ds
55( 42| 198] 621 1.4] 0.42|58.80[25.20| 6.10| 2.6| 12.2| 225| 24.5| d5 ds
56| 44| 245| 523 1.5] 0.39(57.50(23.30| 6.50| 2.2| 14.1|] 207 26.9| d5 ds
57 50 237| 652 1.6] 0.45(63.70(24.70| 6.40| 2.1] 11.9| 262| 24.2| d5 ds
58 56| 202| 744 1.3] 0.45(61.80(25.70|5.70| 2.4| 12.3| 226| 22.6] d5 ds
59 51| 247| 723| 1.2] 0.38/62.50[26.90|5.60| 2.3] 10.4| 230 25.8| d5 ds
60 48| 192] 516( 1.1] 0.52(60.10[22.70|5.50| 2.0] 9.9| 200 22.9| d6 dé
61 39| 188] 446 1.2] 0.48(59.00(23.50|5.20| 2.4| 9.5| 212| 26.7| d6 dé
62 49| 212] 406( 0.9] 0.56/61.70[26.00|5.30| 1.9] 8.2| 225| 29.4| d6 dé
63[ 45| 247| 527 0.7] 0.51/62.60(27.40|5.10| 2.0] 7.4| 197| 28.5| d6 d6
64| 44| 206| 448 0.8] 0.55(57.40(22.10|6.30| 2.1| 7.4| 188| 30.1| d6 d6
65( 42| 228] 512 1.0] 0.52(53.90(25.60]|5.40| 2.3| 7.8| 204| 29.5| d6 d6

3.6 Example 2: Prediction of Disease Rate Evolution

The prediction of the number of diseases of some type or other at the level of a
region is a necessary element of organization of medical-preventive measures.
From a formal viewpoint, this problem is related to a wide class of problems of
predicting discrete sequences (collections of values at some fixed time points [19,
20]) originating not only in medicine but also in engineering, economics, etc. The
nontrivial nature of the prediction of discrete sequences is due to the fact that, in
contrast to well-algorithmisized interpolation procedures, the prediction requires
the extrapolation of data on the past to data on the future. In this case, it is neces-
sary to take into account an unknown law governing a process generating discrete
sequences.

A great number of papers deal with the development of mathematical models of
prediction [19]. The methods based on probabilistic-statistical means are most
widely used; however, their use requires a considerable amount of experimental
data, which are not always available under the conditions of even recent events
(for example, the Chernobyl accident).

Interest has recently been revived [21] on the use of artificial neural networks for
the solution of prediction problems. The networks are considered as universal mod-
els akin to the human brain, which are trained to recognize unknown regularities.
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However, a large sample of experimental data is required in the case of training
neural networks, as well as in the case of using probabilistic-statistical methods.
Moreover, a trained neural network does not permit one to explicitly interpret the
weights of arcs.

In this section, we propose an approach to the prediction of disease evolution,
which combines experimental data of disease numbers with expert-linguistic infor-
mation on regularities that can be revealed in available experimental data. The use of
expert information in the form of the natural language IF-THEN rules formalized by
means of fuzzy logic allows us to construct models of prediction in the case of rela-
tively small (in comparison with statistical methods) samples of experimental data.
The proposed approach is sufficiently close to the neuro-fuzzy approach [22], which
combines learning ability of neural networks with transparency and invariability of
fuzzy IF-THEN rules. However, we do not use the neural network for training the
fuzzy predictive model. In comparison with [22], we directly train fuzzy IF-THEN
rules with the help of the available experimental data [9, 13].

3.6.1 Linguistic Model of Prediction

We consider information on the incidence of appendicular peritonitis disease ac-
cording to the data of the Vinnitsa Clinic of Children’s Surgery in 1982-2001 that
are presented in Table. 3.22.

Table 3.22. Distribution of the diseases number

Year 1982 | 1983 | 1984 | 1985 | 1986 | 1987 | 1988 | 1989
Number of 109 | 143 | 161 | 136 | 161 | 163 | 213 | 220
diseases
Year 1990 | 1991 | 1992 | 1993 | 1994 | 1995 | 1996 | 1997
Number of diseases | 162 | 194 | 164 | 196 | 245 | 252 | 240 | 225
Year 1998 | 1999 | 2000 | 2001
Number of diseases | 160 | 185 174 | 207

Analyzing the disease dynamics in Fig. 3.30, it is easy to observe the presence
of four-year cycles the third position of which is occupied by the leap year. These
cycles will be denoted as follows:

L7 X @ X 3ot
N Leap year
where i is the number of a four-year cycle,
x| is the number of diseases during two years prior to a leap year,
x} is the number of diseases during one year prior to a leap year,

x; is the number of diseases during a leap year,

x, is the diseases number during the year following the leap year.
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Sickness rate:

260
High
232 Higher than
210 average
Average
180 Lower than
average
140
Low
100

1982 1986 1990 1994 1998 2001
Fig. 3.30. Disease dynamics

The regularities that can be seen in Fig. 3.30 are easily written in the form of
four expert opinions in a natural language. These opinions are IF-THEN rules that
relate the sickness rates in the i-th and (i+1)-th cycles [9]:

. IF x/ = 1
IF xf = low g o

AND xé = lower than average,

AND xé = lower than average, )
THEN xi = low

THEN xé = lower than average

i
IF xf = lower than average IF x) = lower than average

i AND x! = lower than average
o 2 >
F: AND Xy = lower than average, F:

: THEN x, = higher th
THEN xé = higher than average 4 igher fan average

[ —
IF xf = lower than average IE x = lower than average

i
AND xé = average, AND x, .= average,
THEN xf‘ = qverage

AND x}, = high,

THEN xé = lower than average
IF xf =high
AND x5 = high,

THEN x! = high THEN xi = higher than average
3=
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IF xf‘ = low,

THEN x{‘” = lower than average
IF xf‘ = higher than average,
THEN x{ﬂ = lower than average
IF xf‘ = qverage,

THEN x/*! = high

IF xi = low

AND x{” = lower than average,
THEN xi+21= lower than average
IF xf‘ = higher than average
AND xf” = lower than average,
THEN xi+21= average

IF xZ = average

AND xi*! = high,

THEN x'*)= high

The network of relations in Fig. 3.31 shows that it is possible to predict the
situation for the next four years: for the last two years of the i-th cycle and for the
first two years of the succeeding (#1)th cycle using the data of the first two years
of the i-th cycle.

Y

H

Iy

Fig. 3.31. A network of relations for prediction

To use the expert-linguistic opinions F, +F,, we apply the methods of fuzzy

sets theory. According to this theory the linguistic estimates “low”, “lower than
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average”, “average”, and others are formalized with the help of membership func-
tions. The parameters b and ¢ chosen by an expert for various linguistic esti-
mates used in rules F, +F,, are presented in Table. 3.23. The membership func-

tions obtained in this case are shown in Fig. 3.32.

Table 3.23. Membership functions parameters before training

Linguistic estimates of variables Parameter
X+ X, b c
low (L) 100 50
lower than average (IA) 160 30
average (A) 195 25
higher than average (hA) 222 20
high (H) 260 30
| L A A hA H
1., 1
0 1 1 1 T
100 140 180 220 260

Fig. 3.32. Membership functions of linguistic estimates before training

In addition to the two-parameter membership functions chosen above, other
functions can also be used, for example, triangular or trapezoidal ones [5], con-
taining three and four adjustable parameters, respectively.

We denote by [lc,;] the range of all possible values of the number of diseases.

Let us subdivide this range into the following five parts:

L IA A hA H

f xl XZ X3 X4

%
X

associated with the following linguistic estimations: low (L), lower than average
(IA), average (A), higher than average (hA), high (H). Then, using the fuzzy-logic
operations min (AND) and max (OR), and the principle of weighted sum for trans-
formation of a membership function into a precise number, we can write a model
of prediction in the following explicit form:
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O+ () + x " (35)
3 IA i hA i H i
)+ ™ () + 1 (xy)

ne [mi“(ut(xf%“m(x;))’j
Fu (x3) =max| A i A
min(u” (x)), 4" (x3))

(" (o) = min(u” (x)), 1 (x3))
w1 (xy) = min(u" (), 1" (x,))

¥ = X /lL (xzit) + xz:uA (xzit) + x3/lhA (xzit)
Y )t () (X))

) = min(at (), 47 ()
|t () = min(u" (), 1 (%))

ﬂhA (x)) = max (min(y“ (xf )’#IA (x; ))’J
) min(” (x), 1" (x))

IA i+1 H i+1
NN SCIRLE N C D)
(I i+l

‘lllA(x1 )+ﬂH(x:'+l)

i+l

() = max(u” (x), 1M (%))

i+1

M = )

A, i+l Ay i+l H i+l
Pt = X5+ xut (57 + x4 ()
2 T i+l

,UlA(xz )+,L1A(x£+l)+,uH (x;“)

Fod g (™) = min(u® (), 1 ()

i+l

w4 (5™ = min(u" (), 1 (™)
M () = min(u” (x), 1" (™)

(3.37)

(3.38)

(3.39)

(3.40)
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Using the obtained model we can receive some rough diseases number predic-
tion as shown in Fig. 3.33.

260

-

o

: T : : T )

1 i 1 ,.'r 1 U o | experimment
H H H I

oA Mol

100

1982 1986 1990 1994 1998 2002 2005

Fig. 3.33. Comparison of the experimental data and the prediction model before training

To increase the precision of prediction, it is necessary to train the model by
available experimental data.

3.6.2 Neuro-fuzzy Model of Prediction

A neuro-fuzzy model of prediction based on the elements from Table 3.1 is pre-

sented in Fig. 3.34.
As is seen from Fig. 3.34 the neuro-fuzzy network has the following five lay-

€rs:

(1) - the inputs of the model of prediction;
(2) - the fuzzy terms used in knowledge bases F, + F, ;

(3) — the conjunctions rows of knowledge bases F, +F,;

(4) — the rules united in the classes [x, x;, xz,..,x_] ;
(5) — the operation of defuzzification, i. e. transformation of the results of fuzzy
logic inference into the crisp number.

The following weights are assigned to the edges of the graph: unity (the edges
between the first and second layers, fourth and fifth layers); the membership func-
tion specifying the grade of membership of an input in a fuzzy term (the edges
between the second and third layers); the weights of rules (the edges between the
third and fourth layers).
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Fig. 3.34. Neuro-fuzzy model of prediction
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3.6.3 On-Line Training of the Neuro-fuzzy Model of Prediction

The essence of training consists of the selection of such rules weights (w-) and
such parameters of the membership functions (b-, c-) for the linguistic estimates,
which provide the least distance between theoretical and experimental numbers of
diseases:

Z(-x;_-xg) +Z(x4_x4) +z(xt+l AH—I) +z(xt+l A1+l) _mln ,

w.b,c

where  xi,x),x", x)" are predicted numbers of diseases depending on the pa-

rameters b and c of the membership functions and rules weights;

&, & & are experimental numbers of diseases;

N is the number of cycles used to train the model.
To train the parameters of the neuro-fuzzy network, the following system of re-
cursive relations is used:

t+1 t 3.41
wy(t+)=w, ()— 77 ,k(f) (3.41)
L+ =l -n =5 oF, (3.42)

NON
; OE,
bP,(t+1)=b",(t 3.43
L= 0-n s (3.43)
that minimize the criterion
1 . )
E =—(x —
t z(xt 'xt)

applied in the theory of neural networks, where
X and x, are the experimental and the theoretical number of diseases at the ¢-

th step of training;
Wi (#) is the weight of k-th rule, combined data about diseases numbers in rela-

tion Fj, j=L4;
¢/, (@), b",(t) are parameters of the membership function of variable x/ , to
p-th fuzzy term at the #-th step of training;

7] is the parameter of training which can be chosen in accordance with the rec-
ommendations of [2].
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3.6.4 Results of Prediction

After training of the prediction model for N =4, which means using the data ob-
tained over the years 1982-1997, the weights of expert-linguistic regularities
F, + F, presented in Table 3.24 were evaluated. It was supposed before training
that rules weights were equal to 1. Parameters of membership functions after train-
ing are presented in Table. 3.25.

Table 3.24. Weights of the expert-linguistic regularities after training

Rules weights in F, Rules weights in F,
Wll W12 W13 Wl4 W31 W32 W33
1.000 0.999 0.564 0.885 1.000 1.000 0.668
Rules weights in F, Rules weights in F,
Wa Wa Was W4 Wi Wa Wi
1.000 1.000 1.000 1.000 1.000 0.992 0.965

Table 3.25. Parameters of membership functions after training

Linguistic estimates Parameters
of variables x| + b ¢
low (L) 99.944 8.194
lower than average (IA) 145.813 19.504
average (A) 194.949 6.999
higher than average (hA) 234.001 10.636
high (H) 249.134 42742

As is seen from Tables 3.23 and 3.25, after training the neuro-fuzzy network
we have the greatest changes in the parameters ¢ of membership functions. This
can be explained by the fact that in forming the fuzzy knowledge base the expert
has specified sufficiently exact positions of the maxima of membership functions
(the parameters b) and weights of the rules (parameters w). The choice of large
values of the parameters ¢ by the expert testifies to a considerable uncertainty in
estimating fuzzy terms. A decrease in the values of the parameters ¢ in the course
of training has resulted in a “concentration” (compression) of membership func-
tions which testifies to the removal of the uncertainty in estimating fuzzy terms.
Membership functions after training are presented in Fig. 3.35. The following
values were taken into consideration: x=95, x =150, x, =190, x, =220,

x, =242, x=260.
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L A4 A hA H
1 —]
v -
0 M X +Xy
100 140 180 220 260

Fig. 3.35. Membership functions of linguistic estimates after training

The training was performed until the prognosis produced by the neuro-fuzzy
network was sufficiently close to experimental data. The application of tuned
membership functions allows one to obtain a prediction model that is sufficiently
close to the experimental data (See Fig. 3.36).

260

' / .
\§ H i experiment

180 E
\ friats
AYi

100

1982 1986 1990 1994 1998 2002 2005
Fig. 3.36. Comparison of the experimental data and the prediction model after training

Since experimental values of the numbers of appendicular peritonitis diseases
in 1998-2001 have not been used for fuzzy rules extraction, the proximity of the
theoretical and experimental results for these years demonstrates the sufficient
quality of the constructed prediction model from the practical viewpoint. A com-
parison of the results of simulation with the experimental data and also a predic-
tion of the number of appendicular peritonitis diseases until 2005 is presented in
Table 3.26.
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Table 3.26. Experimental and model number of diseases

Year 1982 | 1983 | 1984 | 1985 | 1986 | 1987 | 1988 | 1989
Experiment 109 143 161 136 161 163 213 220
Theory 167 138 165 167 214 216
Error 6 2 4 4 1 4
Year 1990 | 1991 | 1992 | 1993 | 1994 [ 1995 | 1996 | 1997
Experiment 162 194 | 164 196 245 252 240 225
Theory 173 204 | 165 197 240 250 250 220
Error 11 10 1 1 5 2 10 5
Year 1998 | 1999 | 2000 | 2001 | 2002 [ 2003 | 2004 | 2005
Experiment 160 185 | 174 | 207

Theory 162 193 180 203 223 249 250 220
Error 2 8 6 4
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Chapter 4

Fuzzy Rules Extraction from Experimental
Data

The necessary condition for nonlinear object identification on the basis of fuzzy logic
is the availability of IF-THEN rules interconnecting linguistic estimations of input and
output variables. Earlier we assumed that IF-THEN rules are generated by an expert
who knows the object very well. What is to be done when there is no expert? In this
case the generation of IF-THEN rules becomes of interest because it means the
generation of fuzzy knowledge base from accessible experimental data [1].

Transformation of experimental information into fuzzy knowledge bases may turn
out to be a useful method of data processing in medicine, banking, management and
in other fields where persons making decisions instead of strict quantitative relations
give preference to the use of transparent easily interpreted verbal rules [2, 3]. In this
case proximity of linguistic approximation results and corresponding experimental
data is the criterion for the quality of extracted regularities.

Fuzzy-neural networks and genetic algorithms are traditionally used for
knowledge extraction from experimental data [4]. Fuzzy-neural network is an
excellent approach for automatic rules formation and adjustment due to the
mechanisms of pruning redundant membership functions and rules [5 — 7].
However, convergence of the training depends on the initial structure of the fuzzy
model. On the other hand, genetic algorithms grow the appropriate structure of
fuzzy inference automatically [8, 9]. In this case, the restriction of the total
number of fuzzy terms and fuzzy rules prevents the construction of more compact
structure of the fuzzy model. Combinations of both paradigms stipulated for the
development of a new hybrid approach, which consists of automatic generation of
fuzzy-neural network based on the genetic algorithm [10 — 13].

The extraction of fuzzy IF-THEN rules has two phases. In the first phase we
define the fuzzy model structure by using the generalized fuzzy approximator
proposed in [3, 14]. The second phase consists of finding optimal parameters of
rules which provide the least distance between the model and experimental
outputs of the object. For solving the optimization problem we use a combination
of genetic algorithm and neural network. The genetic algorithm provides a rough
finding of the appropriate structure of the fuzzy inference [15, 16]. We use the
neural network for fine adjustment and adaptive correction of approximating rules
by pruning the redundant membership functions and rules [17].

This chapter is written using original work materials [15 — 17].

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 119-148.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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4.1 Fuzzy Rules for “Multiple Inputs — Single Output” Object

Let us consider an object of this form
y=f(x,%,....%,) 4.1
with n inputs and one output for which the following is known:

e intervals of inputs and output change:

e classes of decisions d, (j =1,m) in case of discrete output:

[Z’y] = [X’yl )U---U[)’_,-_p)’_,- )U---U[)’m,py] .
—

[——

—
d, d d,
j

e training sample in the form of M pairs of experimental data “inputs-output”:

{X,,y,} -forobjects with continuous output,

{X,.d,} -forobjects with discrete output,

where X ={x/,x],....x;'} - input vector in p -th pair, p=1,M .

It is required: to synthesize knowledge about object (4.1) in the form of fuzzy
logical expressions system:

IF { (x,=a/") AND (x,=al') AND ... (x, =a’) } (with weight w,, )

OR { (x,=a/*) AND (x, =aj®) AND... (x, =a’?) } (with weight w, ) ...

n

..OR { (x,=4") AND (x,=4}") AND ... (x, =a") } (with weight W), ),

THEN yedjz[yj_l,yj],forall j=1m, 4.2)

Jr

where @ is the linguistic term for variable x; evaluation in the row with number

p=Lk;,

k; is the number of conjunction rows corresponding to the class d;, j = Lm,

w,, is a number in the range [0,1] , which characterizes the weight of the

expression with number jp .
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4.2 Rules Extraction as Optimization Problem

It was shown that object (4.1) model in the form of the following calculation
relations corresponds to knowledge base (4.2):

S AR (D) ety 7 ()

Y =TT G et () ’ (43)
w' () =maxfo, mint” ()lf (44
p=LK; oi=lkn
§ 1 o - —
()= L il p=Lk, . j=lm. @S5

x;—bj"
1+ ( o )

where ,tldf () is the membership function of the output y to the class d,,
47 (x;) is the membership function of the input x, to the term a”,

b” and ¢” are the tuning parameters for the input variables x,

1
membership functions.

Relations (4.3) - (4.5) define the model of the object (4.1) which is written
down in this form:

y=F(X,W,B,C) - for continuous output,
17 ()= 4" (X, W,B,C) - for discrete output,

where X =(x,,x,,...,x,) is the input vector, W = (w,,w,,...,w, ) is the vector of
rules-rows in the fuzzy knowledge base (4.2), B=(b1,b2,...,bq) and
C=(cl,c2,...,cq) are the vectors of fuzzy terms membership functions tuning
parameters in (4.5), N is the total number of rules-rows, ¢ is the total number of

terms, F is the operator of inputs-output connection corresponding to relations
(4.3) - (4.5).

Let us impose limitations on the knowledge base (4.2) volume in one of the
following forms:

a) N:k1+k2+...+kmsﬁ,
b) k <k .k <k, ... k, <k,

m

where N is the maximum permissible total number of conjunction rows in (4.2),

k; is the maximum permissible number of conjunction rows in rules of j-th
decision class, j=1,m.
So as the content and number of linguistic terms al.”’ (i :L_n, p=1, k_].,

Jj =1,_m), used in the knowledge base (4.2), are not known beforehand then it is
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suggested to interpret them on the basis of membership functions (4.5) parameter
values (bls”’ , cl:’” ). Therefore, knowledge base (4.2) synthesis is reduced to
obtaining the parameter matrix shown in Table 4.1.

Table 4.1. Knowledge base parameters matrix

IF THEN
Rule X, - X X, Weight | Y
11 (blllvclll (billvcill (b,lllsc,lll) Wll
12 ") 7. ¢ "o | g,
Lk B",e") b",e") B¢, Wi,
Jj1 (CANCS /"¢l ®cl) L
j2 (b, ¢l ®/.c") . W)z
d.i
j k_j (bljkj , Cljk] ) (bijkj , C[-jk] ) (b’-lfkl , C;fkj ) \/ijf
m 1 (blmlaclml) (b[mlac,'ml) (b:,nl’c:,nl) Wml
m 2 (blnzZ’ClmZ) (bimZ’CimZ) (b’ran,C’anZ) sz
' dm
m km (bl’nk'" , Clmk," ) (b;nk'" , C;nk'" ) (b:lk'" ,C:lk'" ) M/mkm

In terms of mathematical programming this problem can be formulated in the
following way. It is required to find such matrix (Table 4.1) which satisfying
limitations imposed on parameters (W,B,C) change ranges and number of rows

provides for:

M
2 _ .
D IF(X,, W.B,C)-y,I" = min , (4.6)

p=1

for the object with continuous output,

p=l (Jj=1

Z{i[u”/ (X,.W.B,C)— 1y (y)]z} = min . (4.7)

for the object with discrete output, where
ul = Ly d,=d,
? 0, if d,#d,
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To solve these optimization problems it is appropriate to use a hybrid genetic
and neuro approach.

4.3 Genetic Algorithm for Rules Extraction

The chromosome describing desired parameter matrix (Table 4.1), we define by
the row shown in Fig. 4.1, where r;, 1is the code of IF-THEN rule with number

jps p=Lk;, j=Lm.
The operation of chromosomes crossover is defined in Fig. 4.2. It consists of

exchanging parts of chromosomes in each rule r,, ( J =1,_m) and rules weights

vector. The total number of exchange points makes k, +k, +...+k +1: one for

each rule and one for rules weights vector.
The operation of mutation (Mu ) consists in random change (with some
probability) of chromosome elements:

Mu(w,,) = RANDOM ([0,1])
Mu (b”) = RANDOM ([x,,x:]),

Mu (c”) = RANDOM ([c¢” ¢! 1) ,

where RANDOM ([ic,;c]) is the operation of finding random number which is

uniformly distributed on the interval [x, ;C] .

If rules weights can take values 1 (rule available) or O (rule not available), then
weights mutation can take place by way of random choice of 1 or 0.

Fitness function of chromosomes - solutions is calculated on the basis of (4.6)
and (4.7) criteria.

If P(t) - parent chromosomes, and C(f) - offspring chromosomes on f-th
iteration then genetic procedure of optimization will be carried out according to
the following algorithm [18, 19]:

begin
t:=0;
assign initial value P(¢);
estimate P(t) using criteria (4.6) and (4.7);
while (not condition for completion) do
Crossover P(t¢) to obtain C(t);
Estimate C(¢) using criteria (4.6) and (4.7);
Choose P(t+1) from P(t) and C(¢);
t:=t+1;
end
end
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"1 rlkl rjp "m1 rmkm 11 ij . kam
| .p Jp | .Jp Jp | oJp
bl 1 bi i bn “n

Fig. 4.1. Coding of parameter matrix
r w
’111 ... VjpT . mk,n 11 Y jp mk,ﬂ
/ .
P Jp Jp| P /2
PP T
bjp cjp bjp c.jp »IP c/P Cut points
1 1 i i n n
L
. r ) w
il el | SR R et Yip |
r w
L. e L. me, 1 YL Y e mk,,

7 el

/2
n n

Jp Jp Jjp| .Jp Jp Jjp
by “ bi™ | ¢ by 1 n 1

4 4 r ”»
A 0 R L RO O 2 DO R

Fig. 4.2. Crossover operation ( ., I:‘ - parents symbols, E, . offspring symbols)

4.4 Neuro-fuzzy Network for Rules Extraction from Data

Let us impose limitations on the knowledge base (4.2) volume in the following

form:

4$<4,%5q, . q,5q,,
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where ¢; is the maximum permissible total number of fuzzy terms describing a
variable x, , i = L_n ;

This allows embedding system (4.2) into the special neuro-fuzzy network, which
is able to extract knowledge [7, 17]. The neuro-fuzzy network for knowledge
extraction is shown in Fig. 4.3, and the nodes are presented in Table 3.1.

As is seen from Fig. 4.3 the neuro-fuzzy network has the following structure:

layer 1 for object identification inputs (the number of nodes is equal to n),
layer 2 for fuzzy terms used in knowledge base (the number of nodes is equal
to g, +q,+...+q,),

layer 3 for strings-conjunctions (the number of nodes is equal to 6_]1 'le Z]n ),

layer 4 for fuzzy rules making classes (the layer is fully connected, the number
of nodes is equal to the number of output classes m),

layer 5 for a defuzzification operation.

Fig. 4.3. Neuro-fuzzy network for knowledge extraction
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To train the parameters of the neuro-fuzzy network, the recurrent relations

JE
S+ =w, (t)- —,
WD =, @ 77aw,-,;(t)
¢ (t+1)=cj"(t)—77—aE’ , BT+l =b"t)-7n IE,

dc” (1)

are used which minimize the criterion

aby” (1)

E =5 (-0,
applied in the neural network theory, where J,(y,) are experimental and model
outputs of the object at the #-th step of training;
w,, (1), cl.j” ®, bf” (t) are rules weights and parameters for the fuzzy terms
membership functions at the #-th step of training;

7] is a parameter of training [20].
The partial derivatives appearing in recurrent relations can be obtained
according to the results from Section 3.3.

4.5 Computer Simulations

Example 1

Experimental data about the object was generated using the model “one input —
one output”

y=f(x)=e" -sin(Zx), xe [0, 10], ye[-0.47, 0.79], (4.8)

which is represented in Fig. 4.4.

y o1

02 1 | -

0 2,5 5 7,5 10

Fig. 4.4. “One input — one output” object behavior
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The object output was divided into seven classes:

ye [-0.47,-0.30) U[-0.30,—-0.05) U[-0.05,0.15) U[0.15,0.30) U
d d; ds A
w[0.30,0.45) L[0.45,0.65) U[0.65,0.78]

ds dg ds

The goal was to synthesize 5 rules for every class describing the object (4.8).

Rules weights were accepted as equal to 0 and 1. As the result of using the
genetic and neuro algorithm of optimization we obtained the parameters matrix
represented in Table 4.2.

Table 4.2. Rules parameters matrix

IF x THEN
Genetic algorithm Neuro-fuzzy network y
Term parameters (b, ¢) Weight | Term parameters (b, ¢) Weight

(2.85, 0.96) 1 (2.81,1.12) 1
(2.77, 1.05) 1 (2.72,0.70) 1 dl
(2.90, 0.88) 1 (2.93, 0.85) 1
(0.25, 0.85) 0 (0.13, 0.64) 0
(2.88, 1.24) 1 (.81, 1.17) 1
(6.85, 1.94) 1 (6.11, 1.13) 1
(8.74, 1.26) 1 (3.71, 0.25) 0
(8.91,2.17) 1 (6.91, 2.05) 1 d2
(6.92, 1.83) 1 (6.83,0.72) 1
(0.93,1.21) 0 (1.13,0.92) 0
(0.06, 0.74) 1 (0.13,0.87) 1
(8.91, 2.53) 0 (9.10, 1.25) 0
9.72,2.12) 1 (8.62,2.20) 1 d3
(9.90, 1.30) 1 9.92,1.12) 1
(8.25,1.15) 0 (8.7, 1.33) 1
(4.85,0.11) 1 (4.91,0.21) 1
(5.33,1.72) 1 (5.20, 1.50) 1 d4
(5.10, 1.08) 1 (5.01, 0.90) 1
(6.54, 0.70) 0 (5.12,0.83) 0
(9.48,2.31) 0 9.17,1.19) 0
(2.00, 0.94) 0 (2.13,0.72) 0
(0.64, 2.46) 0 (0.70, 1.25) 0 d
(0.88, 0.76) 1 (0.92, 0.70) 1 7
(1.25, 0.67) 0 (0.93, 1.12) 0
(0.97, 2.18) 1 (1.01, 1.90) 1
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After linguistic interpretation the genetically generated rules look like this:

IF x = about 2.8 THEN ye d,

IF x = about 6.9 OR x = about 8.8 THEN ye d,
IF x = about 0 OR x = about 10 THEN ye d,
IF x = about 5 THEN ye d,

IF x = about 0.9 THEN ye d,

Rules specified using neural adjustment after linguistic interpretation look like
this:

IF x = about 2.8 THEN ye d,

IF x = about 6.9 THEN ye d,

IF x = about 0 OR x = about 8.8 OR x = about 10 THEN ye d,
IF x = about 5 THEN ye d,

IF x = about 0.9 THEN ye d,

The model derived according to synthesized rules in comparison with the target
one is shown in Fig. 4.5, 4.6.

1 T T T T
—————————— target .
model 1
,-"'"-‘\"\. _
F LY
I LY
F ™~ df"-‘-h“-!,“
1'; \ J'l’ \\h x
[ ' td
b I \\\‘-.—"d #'
0.2+ 1“ / —
Y o
* F
0.4 F \"\_,-" —
0.6 1 1 1 1
] 2 4 =1 a8 10

Fig. 4.5. Comparison of the genetically synthesized linguistic model with the standard
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0 25 5 7.5 10

Fig. 4.6. Comparison of the linguistic model specified using neural adjustment with the
standard

Further increase of linguistic model precision is possible on the account of its
fine tuning.

Example 2

Experimental data about the object was generated using the model “two inputs —
one output”:

y=f(x1,x2)=%(2z—o.9) (Tz—1) (17z-19) (15z-2), 4.9)

(x, —3.0)° +(x, —=3.0)’
where z = )
40
which is represented in Fig. 4.7.

The object output was divided into five classes:

ye [-5.08,-4.50)U[-4.50,-3.0) U[-3.0,-0.5) U[-0.5,0) U[0,0.855) .

d, d, d; d, ds

The goal was to synthesize 20 rules for every class describing the object (4.9).
Rules weights were accepted as equal to 0 and 1. As the result of using the genetic
and neuro algorithm of optimization we obtained the parameters matrix
represented in Table 4.3.
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%)

S
N
St SN

e Al

.

o

Fig. 4.7. “Two inputs — one output” object behaviour

Table 4.3. Rules parameters (b , ¢) matrix

Genetic algorithm Neuro-fuzzy network

X, X, weight X, X, weight d
(0.05,0.12) | (1.10, 0.99) 1 (0.15,0.08) | (1.16, 0.83) 1
(0.39,0.98) | (0.02, 0.17) 1 (0.32,0.75) | (0.09, 0.06) 1
(4.83,0.86) | (0.20,0.11) 1 (4.72,1.14) | (0.18, 0.09) 1
(5.99,0.15) | (1.33,0.84) 1 (5.97,0.12) | (1.48,1.17) 1 d
(0.20, 0.15) | (5.08, 0.92) 1 (0.17,0.09) | (5.62,0.79) 1 !
(0.77,0.96) | (5.92, 0.14) 1 (0.92,0.81) | (5.99, 0.06) 1
(5.95,0.17) | (4.91, 0.83) 1 (5.85,0.10) | (4.69, 0.72) 1
(4.93,1.36) | (5.90, 0.17) 1 (5.24,1.17) | (5.99, 0.07) 1
(0.08, 0.12) | (0.16, 0.08) 1 (0.04, 0.06) | (0.05,0.11) 1
(5.99,0.20) | (0.19, 0.18) 1 (5.98,0.11) | (0.17, 0.04) 1
(0.13,0.17) | (5.92,0.12) 1 (0.10, 0.09) | (5.97, 0.08) 1
(5.97,0.11) | (5.90, 0.20) 1 (5.87,0.09) | (6.00, 0.10) 1 d
(0.44,0.96) | (0.87,0.91) 1 (0.56, 1.17) | (1.28, 0.99) 0 :
(4.06, 0.52) | (0.03, 0.08) 1 (5.88,0.14) | (0.12,0.14) 1
(0.58,1.07) | (5.71, 1.20) 1 (0.82,1.34) | (5.86, 0.92) 0
(4.91,0.78) | (1.48,0.77) 1 (5.32,0.89) | (1.54, 0.65) 0
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Table 4.3.(continued)
(0.09, 0.15) | (2.04, 0.56) 1 (0.10, 0.12) | (2.17, 0.45) 1
(3.65,0.74) | (1.52,0.73) 1 (0.44, 0.96) | (0.87,0.91) 1
(5.91,0.08)| (3.71, 0.67) 1 (1.86, 0.37) | (0.16, 0.09) 1
(0.16,0.07) | (3.94, 0.64) 1 (4.06, 0.52) | (0.03, 0.08) 1
(0.04, 0.20)| (3.05, 0.86) 1 (4.91,0.78) | (1.48,0.77) 1
(4.88,0.84) | (5.32,0.98) 1 (5.94,0.09) | (2.11, 0.56) 1
(3.02,0.77) | (5.94,0.13) 1 (0.06, 0.15) | (3.67, 0.39) 1 d;
(5.91,0.34) | (0.12,0.19) 0 (0.58,1.07) | (5.71, 1.20) 1
(5.34,0.76) | (4.18, 0.56) 0 (5.96, 0.04) | (3.94, 0.65) 1
(0.16, 0.25) | (3.44, 0.95) 0 (5.17,0.88) | (4.98, 0.70) 1
(4.97,0.56) | (5.11, 0.93) 0 (2.02, 0.60) | (5.99, 0.06) 1
(3.22,0.91) | (5.99, 0.32) 0 (3.74,0.49) | (5.87,0.09) 1
(0.22,1.17) | (3.07, 0.85) 1 (0.16, 0.09) | (2.86, 0.59) 1
(1.25,0.93) | (1.96, 0.53) 1 (1.07,1.15) | (2.25,0.35) 1
(2.17,0.75) | (0.74, 0.72) 1 (1.96, 0.54) | (0.37, 0.88) 1
(3.00, 0.92) | (0.04, 0.26) 1 (3.04,0.79) | (0.09, 0.16) 1
(1.08, 0.54) | (3.45, 0.65) 1 (1.06, 0.94) | (3.75, 0.49) 1
(5.93,0.18) | (2.16,0.78) 1 (4.07,0.52) | (0.42, 0.30) 1
(1.85,0.46) | (0.06, 0.15) 1 (1.92,0.33) | (1.96, 0.51) 1
(3.03,0.88) | (2.03,0.47) 1 (2.96, 0.81) | (2.40, 0.38) 1
(5.92,0.20) | (2.34,0.67) 1 (3.61,0.42) | (2.08, 0.44) 1
(2.03,0.68) | (3.00, 0.91) 1 (4.75,0.79) | (1.96, 0.50) 1 d
(5.99,0.08) | (2.92,0.79) 1 (2.17,0.38) | (3.08,0.72) 1 4
(1.98,0.93) | (5.74,1.17) 1 (3.81,0.54) | (2.99, 0.85) 1
(3.81,0.69) | (3.66, 0.61) 1 (5.96,0.11) | (3.06, 0.69) 1
(4.82,1.45) | (3.52,0.93) 1 (1.77,0.42) | (3.68, 0.47) 1
(2.26,0.74) | (4.65, 1.14) 1 (3.07,0.68) | (4.05,0.32) 1
(3.67,0.81) | (5.86, 0.26) 1 (3.91, 0.53) | (3.89, 0.37) 1
(4.55,1.34) | (3.22,0.96) 0 (4.78,1.15) | (3.61, 0.45) 1
(1.87,0.72) | (5.08, 0.33) 0 (2.18,0.39) | (5.67, 0.95) 1
(3.77,0.21) | (4.26,1.91) 0 (3.65,0.47) | (4.86,0.71) 1
(3.08, 0.83) | (5.07,2.36) 0 (2.97,0.75) | (5.96, 0.11) 1
(3.68,1.31) | (4.78, 1.56) 1 (0.26, 0.81) | (3.02, 0.75) 1
(2.97,0.93)| (0.52, 0.09) 1 (3.02,0.70) | (0.56, 0.15) 1
(2.92,0.55) | (3.02, 0.98) 1 (2.96, 0.64) | (3.09, 0.66) 1
(5.64,0.97) | (3.00, 1.17) 1 (5.41,0.79) | (3.03, 0.82) 1
(3.02,1.26) | (5.44,0.97) 1 (3.06, 0.67) | (5.56, 1.13) 1 d
(2.33,0.85) | (2.07,0.46) 1 (2.17,1.68) | (1.74,0.61) 0 5
(3.92,1.45) | (1.89, 0.92) 1 (3.12,2.65) | (1.28,1.12) 0
(3.90, 1.58) | (3.02, 0.77) 1 (3.18,0.54) | (3.00, 0.38) 0
(1.82,0.23) | (3.48,0.82) 1 (1.89,0.74) | (3.91, 0.60) 0
(3.06, 1.72) | (4.01, 2.12) 1 (3.00, 2.16) | (4.871, 0.53) 0
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The generated rules after linguistic interpretation are presented in Table 4.4,
where the parameters of fuzzy terms for variables x, and x,evaluation are
interpreted as follows: about 0 — Low (L), about 0.5 — higher than Low (hL), about
1.5 — lower than Average (IA), about 3 — Average (A), about 4.5 — higher than
Average (hA), about 5.5 — lower than High (IH), about 6 — High (H).

Table 4.4. Fuzzy knowledge base

Genetic Neuro-fuzzy Genetic Neuro-fuzzy
algorithm network d algorithm network d
X1 X2 X1 X2 X1 R%) X1 X2
L hL L hL hL A L A
hL L hL L hL 1A hL 1A
IH L IH L 1A hL 14 hL
H hL H hL d A L A L
L IH L IH ! hL hA | hL | hd
hL H hL H H 14 hA hL
H IH H IH A L 1A 1A
I[H H IH H A 14 A A4
L L L L IH 4 hA 14
H L H L 1A A IH 14
L H L H H A 14 A4 | da
H H H H d 1A H hA A
hL | L 2 hA hA H A

hA L IH hA 1A hA
hL IH A IH A hA
IH hL hA H hA hA
L 14 L 1A IH hA
hA hL hL hL 1A IH
H hA 1A L hA IH
L hA hA L
F I I WA | H | WL | 4
ds A hL A hlL
A H L hA 4 4 4 4
}}]i ;Z IH A IH A
A IH A IH
IH IH A Iy ds
M| | Ud
IA hA
A hA

The model of the object derived according to synthesized rules is shown in Fig.
4.8,4.9.
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Fig. 4.8. Linguistic model synthesized using the genetic algorithm
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Fig. 4.9. Linguistic model specified using neural adjustment
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Further increase of linguistic model precision is possible on the account of its
fine tuning.

4.6 Example 3: Rules Extraction for Differential Diagnosis
of Heart Disease

In a lot of areas of medicine there are huge experimental data collections and it is
necessary to convert these data into the form convenient for decision making.
Several well-known methods like mathematical statistics, regression analyses etc.
are usually used for data processing [21]. Decision makers in medicine, however,
are typically not statisticians or mathematicians. It is therefore important to
present the results of data processing in an easily understandable form for decision
makers without special mathematical backgrounds.

Fuzzy information granulation in the form of fuzzy IF-THEN rules [1] allows
making the results of data analysis easily understandable and well interpretable.
But during the development of fuzzy expert systems it is supposed that an initial
knowledge base is generated by an expert from the given area of medicine [2, 3].
That is why the quality of these systems depends on the skill of a medical expert.

The aim of this section is (1) to propose the formal procedure of fuzzy IF-
THEN rules extraction from histories of diseases and (2) to compare the results of
medical diagnosis using extracted IF-THEN rules and the similar rules proposed
by an expert [3].

A specific feature of fuzzy rules bases for medical diagnosis consists of their
hierarchical character. In this section we propose the formal procedure for
extraction of a hierarchical system of fuzzy rules for medical diagnosis from real
histories of diseases. The suggested procedure is based on the optimal solution
growing from a set of primary IF-THEN rules variants using the genetic cross-
over, mutation and selection operations [18, 19]. The neural approach is used for
adaptive correction of the diagnostic rules by pruning redundant membership
functions and rules.

The efficiency of proposed genetic and neuro algorithms is illustrated by an
example of ischemia heart disease (IHD) diagnosis [3].

4.6.1 Hierarchical System of IF-THEN Rules

Let us consider the object (3.30) - (3.32) for which the following is known:

- intervals of inputs (parameters of the patient state) change x, € [x, ,;[] ,i=Ln,

- classes of decisions d; (j = I,_m) (types of diagnoses),
- training data (histories of diseases) in the form of M pairs of experimental

data “parameters of patient state - type of diagnose” {X,.d,} , where
X, ={x,x],...,x,} - input vector in p -th pair, p=1,M .

It is necessary to transfer the available training data into the following systems
of the fuzzy IF-THEN rules:
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1) for the instrumental danger y depending on parameters {x,, x;, X, X5, X,5, X, }

IF { (x,=al') AND (x,=a!') AND ... (x,=a/ } (with weight W)

OR { (x2 =al" ) AND (x3 =a§k’) AND ... (x“ =aly ) } (with weight wy, ),
THEN ye y,,forall j=15; 4.10)

2) ) for the biochemical danger z depending on parameters {x,,x,,X;, Xy, X, }

IF { (x,=a’) AND (x,=al') AND ... (x,=a) } (with weight w’,)

Jk

OR{ (x,=a.") AND (x, =a") AND.. (x, =a},’) } (with weight W, ),
THEN ze z,, forall j=15; @.11)

3) for the danger of IHD d depending on parameters {x,,y,z}:

IF { (x,=a/") AND (y=a]') AND (z=a’") } (with weight w,)

OR { (xl = aljk") AND (y =a}’:k’) AND (z =a§k’) } (with weight w; ),

THEN d e d,,forall j=Lm, @.12)

where a” is the linguistic term for the estimation of variable x, in the row with
number p = ,_kj,

a;"’ (af’ ) is the linguistic term for the estimation of variable y (z) in the row
with number p =1,_kj, and it is supposed that term a;"’ (a) should be chosen

from estimates y; (z;), j=1,_5;

k; is the number of conjunction rows corresponding to the classes d;, y;, z;;
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W};, w;‘p,wjp the weights of the expressions with number jp in (4.10) -
(4.12).

4.6.2 Hierarchical System of Parameter Matrices

The problem of fuzzy IF-THEN rules (4.10) - (4.12) extraction can be considered
as finding three matrices presented in Tables 4.5 - 4.7. Each element (5" , ¢/ ) of
these matrices corresponds to the membership function parameters and can be
interpreted as a fuzzy term (low, average, high, etc.). Each element a}’:” (af’ ) in

Table 4.7 is chosen from the decision classes y; (z;) in Table 4.5, 4.6.

Table 4.5. Matrix of IF-THEN rules parameters for model (3.31)

Rule IF Weight THEN
Ne X, ... X y
1 by e3) By iy Wi
N
Lk B ,e") CHNEHD! Wi
51 (bfl,C?) (b1511’61511) Wsyl
. Vs
Sks b,c%) (e Wa,

Table 4.6. Matrix of IF-THEN rules parameters for model (3.32)

Rule IF THEN
N . — xlz Weight Z
11 (b, (byy.c1) W
Zl
1k, B (b, cy') Wi
51 (AN by scn) w5,
s
Sk, (b .c™) (B3 .e) Wk,
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Table 4.7. Matrix of IF-THEN rules parameters for model (3.30)

Rule IF ) THEN
N . y Z Weight d
11 (blll s clll ) a;l all wy

d,
1k, (b, a;k ! al’ Wik,
ml (bl'”1 , cl'”l) a;"l a;"' W
dm
m km (bl” o . Cl” o ) Cl;nk"' a:’k”’ M}mkm

4.6.3 Computer Experiment

The total number of patients with IHD in our study was 65. The aim of computer
experiment was to generate three rules for each class of decision (y-, z-, d-)
according to the models (3.30) - (3.32). The results of this optimization problem
solving using genetic and neuro algorithm are presented in Tables 4.8 - 4.13.
According to these tables it is easy to make interpretation of each pairs of
parameters using fuzzy terms: L — Low, [A — lower than Average, A — Average, hA
— higher than Average, H — High. For example, the pairs (176.5, 87.8), (256.1,
25.1), (368.3, 49.8) correspond to the membership functions shown in Fig. 4.10,
which can be interpreted as lower than Average (IA), Average (A), High (H).

After linguistic interpretation we can describe the optimal solutions (Tables
4.8 -4.13) in the form of fuzzy IF-THEN rules matrices (Tables 4.14 - 4.16),
where

GA - genetic algorithm;
NN - neuro-fuzzy network.

Fig. 4.10. Example of linguistic interpretation
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Table 4.8. Parameters of rules for model (3.31) synthesized using the genetic algorithm

X2

X3

X4

x5

10

11

y

(366.22, 83.44)
(176.48, 206.91)
(145.31, 50.27)

(941.93, 251.67)
(667.20, 120.90)
(109.43, 1350.49)

(3.22, 5.24)
(1.84,5.63)
(0.81,0.41)

(0.43, 0.08)
(0.25,0.02)
(0.09,0.11)

(34.28, 11.42)
(17.79, 41.88)
(24.23,3.10)

(275.50, 535.50)
(298.45, 135.26)
(65.13,21.18)

(368.30, 102.18)
(256.11, 90.71)
(128.00, 48.30)

(955.80, 842.19)
(128.85, 408.26)
(92.78, 180.36)

(1.31,2.48)
(2.14,0.46)
(0.60, 0.58)

(0.17, 0.15)
(0.32,0.59)
(0.10, 0.05)

(11.42, 12.05)
(40.57,25.13)
(7.40, 3.86)

(251.02, 7.03)
(179.88, 160.36)
(199.77, 52.74)

1A

(184.79, 350.26)
(130.77, 80.12)
(162.63, 45.64)

(914.18, 1942.50)
(808.73, 224.63)
(306.45, 1406.27)

(2.41,5.78)
(0.62, 2.60)
(0.66, 0.39)

(0.23,0.18)
(0.40, 0.23)
(0.12,0.35)

(26.33, 18.37)
(8.91, 10.84)
(8.41, 4.69)

(227.31, 229.50)
(140.10, 200.05)
(290.80, 150.46)

(315.67, 50.92)
(188.94, 346.25)
(128.00, 74.17)

(123.30, 917.02)
(142.73, 268.38)
(645.00, 138.73)

(0.88,5.78)
(1.89,2.05)
(0.76, 0.49)

(0.28,0.27)
(0.36,0.07)
(0.10, 0.03)

(33.53,7.18)
(8.91,9.04)
(8.49, 16.79)

(191.35, 688.50)
(325.23, 116.83)
(208.95, 10.25)

hA

(202.79, 120.62)
(290.74, 80.56)
(128.00, 60.04)

(597.83, 340.36)
(434.10, 380.95)
(114.98, 570.30)

(147, 1.42)
(1.06,7.02)
(0.61,0.78)

(0.11, 0.35)
(0.46,0.21)
(0.09, 0.08)

(16.53,8.17)
(39.90, 18.37)
(7.74, 5.28)

(185.23, 137.25)
(277.80, 155.48)
(46.00, 40.34)

Table 4.9. Parameters of rules for model (3.31) specified using the neuro-fuzzy network

29 X3 X4 X5 X10 X1 wo|y
(330.21, 207.75)| (539.55, 260.85)| (1.76, 5.78)| (0.26, 0.03)| (18.12, 6.20)| (75.84, 688.50)| 0.98
(314.28, 42.24)| (114.98, 238.65)| (0.7, 5.78)| (0.20, 0.35)| (33.20, 25.13)| (59.77, 535.50)| 0.51 | L
(205.56, 623.25)| (711.60, 185.93)| (3.64, 5.78)| (0.35, 0.06)| (26.83, 25.46)| (114.09, 688.50)| 0.99
(179.25, 484.75)| (575.63, 2497.50)| (2.68, 0.82)| (0.46, 0.11)| (38.30, 4.69)| (216.60, 688.50)| 0.54
(206.95, 346.25)| (950.25, 1387.50)| (3.49, 0.83)| (0.19, 0.35)| (40.73, 8.29)| (176.82, 229.50)| 0.59 | 1A
(397.38, 623.25)| (1197.23, 1942.50)| (1.37, 7.43)| (0.20, 1.06)| (37.22, 7.04)| (205.12, 688.50)| 0.88
(140.47, 58.86)| (797.63, 1942.50)| (3.19, 0.59)| (0.49, 0.59)| (23.40, 8.38)| (296.16, 69.62)| 0.51
(215.95, 195.29)| (794.85,  8.33)| (3.26, 7.43)| (0.15, 0.59)| (19.21, 41.88)| (259.44, 231.03)| 0.70 | A
(299.74, 346.25)| (1086.23, 1387.50)| (1.81, 5.78)| (0.22, 0.04)| (24.65, 41.88)| (301.51, 95.63)| 0.95
(22634, 484.75)| (395.25, 832.50)| (1.59, 2.48)[ (0.49, 0.10)| (38.14, 8.12)| (155.40, 74.21)| 0.50
(20071, 346.25)| (425.78, 2497.50)| (2.14, 2.48)| (0.27, 0.12)| (38.89, 7.79)| (62.07, 65.79)| 0.53 |hA
(202.10, 74.79)| (1039.05, 563.33)| (0.90, 0.54)| (0.26, 0.20)| (14.10, 25.13)| (332.88, 387.09)| 0.97
(32121, 623.25)| (14828, 122.10)| (0.81, 0.43)[ (0.33, 0.59)| (36.88, 5.53)| (262.50, 229.50)| 0.50
(146.70, 46.40)| (106125 230.33)| (1.44, 4.13)| (0.17, 0.09)| (11.59, 3.10)| (86.55, 45.14)| 0.50 | H
(232.57, 346.25)| (237.08, 740.93)| (2.49, 4.21)| (0.53, 0.06)| (20.72, 58.63)| (152.34, 382.50)| 1.00
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Table 4.10. Parameters of rules for model (3.32) synthesized using the genetic algorithm

X6 X A3 X9 X2 <

(50.32,26.25) | (20.56, 11.28) | (13.41, 4.45) (4.50, 5.06) (21.92, 30.85)
(49.71, 9.16) (22.53,4.17) | (15.47,41.13) (3.82,0.72) (16.59, 28.14) L
(35.09,8.75) | (22.84,2.75) | (4.42,057) | (1.01,3.58) | (3.90,10.52)
(62.31,7.80) | (26.91,20.48) | (15.88,25.16) (2.33,7.95) (23.56,41.17)
(61.70, 15.03) | (20.87,3.37) | (24.69, 12.04) (2.75,5.98) (24.74,27.44) | 1A
(35.01,8.75) | (11.90,8.51) | (3.66,528) | (1.01,1.05) | (4.29,7.20)
(49.10, 6.11) | (28.09, 39.38) | (16.94, 27.06) (5.32,1.41) (21.85, 15.22)
(65.38, 12.34) | (27.74, 21.88) | (7.30, 12.65) (3.80, 5.00) (20.60, 5.17) A
(56.45,9.72) (15.71, 4.76) (3.66, 5.88) (2.48, 0.88) (4.10, 3.24)
(58.64,43.75) | (16.84,890) | (4.60,4.18) | (4.71,627) | (24.94, 15.83)
(47.35,20.85) | (22.36,5.03) (5.95,1.03) (3.77, 8.16) (791, 11.07) hA
(34.66, 78.75) | (11.90, 4.55) (5.07,13.18) (1.00, 0.93) (3.97,5.43)
(58.72,26.25) | (28.83,30.63) | (24.40,9.47) (5.32,10.29) (16.79, 6.29)
(34.57,8.75) | (15.27,20.15) | (9.24,22.94) (4.88,9.84) (6.67, 30.15) H
(34.57, 6.28) (11.90, 4.74) (3.84,16.32) (1.01, 4.40) (18.76, 3.65)

Table 4.11. Parameters of rules for model (3.32) specified using the neuro-fuzzy network

X6

X7

X3

X9

12

w

z

(52.79, 43.75)
(55.68, 78.75)
(63.90, 78.75)

(27.96, 4.38)
(24.02, 2.71)
(12.82, 30.63)

(9.59, 17.63)
(8.12, 52.88)
(19.29,

17.63)

@77,
(1.72,
.75,

3.40)
3.53)
0.88)

(29.48,
(10.61,
(16.46, 5.65)

3.48)
33.53)

0.57
0.98
0.69

(47.54, 78.75)

(20.08, 21.88)

(25.28, 29.38)

(2.30,

5.88)

(21.85, 32.88)

0.97

1.00 | 1A
0.99

(39.84, 8.75)
(35.90, 44.63)

(17.24, 30.63)
(24.11, 21.88)

(11.77, 52.88)
(23.05, 41.13)

(.42,
(4.30,

1.18)
3.53)

(25.86, 46.03)
(17.64, 32.88)

(56.73, 43.75)
(40.98, 78.75)
(56.29, 6.74)

(15.49, 4.33)
(28.00, 13.13)
(28.35, 9.23)

(17.41, 52.88)
(26.63, 5.76)
(8.12, 41.13)

(445,
(1.95,
(4.63,

10.58)
5.88)
1.32)

(7.38, 5.33)
(20.86, 6.58)
(25.33, 19.73)

0.61
0.78 A
0.93

0.60
0.70 | hA
0.50

(68.19, 26.25)
(37.48, 8.75)
(61.10, 78.75)

(13.08, 4.38)
(14.96, 30.63)
(27.13, 3.98)

(19.87, 29.38)
(5.72, 5.88)
(6.07, 52.88)

478,
(2.54,
(2.36,

8.23)
5.88)
3.53)

(2691, 6.58)
(20.27, 32.88)
(26.52,  6.05)

(66.18, 43.75)
(4491, 8.75)
(49.73, 61.25)

(20.30, 30.63)
(26.12, 39.38)
(16.41, 39.38)

(21.87, 29.38)
(3.78, 5.88)
(13.59, 52.88)

(2.35,
(4.81,
(1.99,

3.53)
10.58)
10.58)

(19.94, 59.18)
(18.43, 32.88)
(27.37, 32.88)

0.80
1.00 H
1.00
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Table 4.12. Parameters of rules for model Table 4.13. Parameters of rules for model
(3.30) synthesized using the genetic (3.30) specified using the neuro-fuzzy

algorithm network

x| y oz |d b yoloz | w | d
(3856,2519) | H | L (3890, 60.75)] hA | L | 093
(54.83,4020) | A | H |d;| | (147, 37)| L | H [ 070 4
(31.07,1004) | H | H (5105, 3375)| hA | H | 070
(55.30,6.74) | hA | A (5746, 1985 H | A | 050
(51.25,10.57) | A | H \dy| | @s9, 9%9) | A | H |09
(31.00,436) | A | 1A (5004, B75)| L | bA 050 | 2
(5591, 12.11) | 1A | A (5152, 6075) ) A | A | 1.00
(49.83,467) | 1A | 1A | dy| | @815 3375)| A | hA | 070 i
(3438,5.12) | 1A | IA (5240, 3375)| A | BA 050 |
(56.04, 12.20) L | A (5206, 6.62) | 1A | A | 050
(31.14,37.21) | 1A | hA | dy| | 4038, 4725)| A | 1A | 083 J
(3201,423) | L | L @00, 025 1| L oo |
(4234,1145) | L | 1A (5753, 4125 | 1A | hA | 072
(46.80, 5.17) hA | hA d5 (34.85, 60.75)| H 1A | 050 J
(32.96,482) | L | hA @iie, Byl A | [ogr| O
(33.30,6.31) A | hA (36.54, 60.75)| L | hA | 1.00
(45.78, 16.70) hA | hA | dg (44.84, 2025 H | 1A | 060 d
(31.07, 4.48) L | IA G147, 3590 | 1A | bA | 100 0
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Table 4.14. Fuzzy knowledge base for the instrumental danger y

X X Xy Xs “10 Xiy y
GA / NN [GA / NN|GA / NN |GA / NN |GA / NN |GA / NN
hA hA/ A hA/ 1A hA / 1A hA/ 1A hA / L
1A/ hA A/ 1A A/ L 1A IA/ hA |hA /L L
L/ 1A L/ A 1A/ H L/ A A 1A
hA/ 1A hA/ A IA/hA |1A/hA |IA/ H hA / A
A/ 1A L/ hA| A/ H A/ 1A H A 1A
L/ H L/ H L/ 1A L/ 1A L/ H A
1A /L hA A/ hA | 1A/ hA A A/ hA
L/ 1A hA L/ hA | hA/ 1A L/ 1A 1A/ hA A
1A/ A 1A/ H L/ 1A 1A L/ A hA
hA/ 1A L/ 1A 1A A/ hA | hA/ H A/ 1A
1A L/ 1A A A L/ H H/ L hA
L 1A A/ hA L L/ 1A L/ 1A A/ H
1A/ hA A/ L 1A/ L L/ A IA / hA A/ hA
A/ L 1A / hA 1A hA/ 1A H/ L hA / L H
L/ A L/ 1A L/ A L /H L/ 1A L/ 1A
Table 4.15. Fuzzy knowledge base for the biochemical danger z
X6 % g Xy 1 z
GA/ NN | GA/ NN |GA / NN GA/ NN |GA / NN
A A/ H A/ 1A hA hA/ H
A A/ hA A/ 1A A/l 1A A/ 1A L
L/ hA hA/ L L/ hA L/ 1A L/ A
hA/ 1A hA/ A A/ H 1A hA
hA/ 1A A/ 1A H/ 1A 1A hA 1A
L L/ hA L/ hA L/ hA L/ A
A H/ 1A A H/ hA hA/ 1A
H/ 1A H 1A/ H A/l 1A hA A
hA/ A 1A/ H L/ 1A 1A/ hA L/ hA
hA 1A/ L L/ A hA hA
1A A/l 1A 1A/ L A/l 1A 1A/ A hA
L hA L/ hA 1A/ L L/ 1A L/ hA
hA/ H H/ A H / hA H/ 1A
L/ 1A 1A / hA 1A/ L hA 1A / H
L/ A L/ 1A L/ A L/ 1A A/
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Table 4.16. Fuzzy knowledge base for IHD danger d

X, y z
d
GA / NN GA / NN [ GA/ NN
1A H/ L
H/ L A/ H d,
L/ hA H/ H
H hA / A
hA / A 1A/ H d,
L/ hA A/ 1A / hA
H/ hA 1A/ A

hA / A 1A / 1A/ hA d,

ool e S L e e o [l | S ol

A/  hA | 1A/ 1A/ hA
H/ hA L/ A
L/ 1A 1A / hA/ 1A d,
L/ A L/ L
A/ H L/ 1A/ hA
A/l 1A hA / hA/ 1A d,
A/ A L/ hA/ 1A
1A A/ hA
A hA / hA/ 1A d,
L L/ 1A | 1A/ hA

4.6.4 Comparison of the Expert and Extracted from Histories
of Diseases IF-THEN Rules

Comparison of the expert [3] and extracted from the real histories of diseases IF-
THEN rules is presented in Tables 4.17 —4.19. As can be seen

- fuzzy terms marked by H L 14 A hd

(1) fully coincide; 1 - 4(232.5,346.2)

- instead of terms marked e
by (+) the adjacent terms
were extracted;

- instead of terms marked
by (-), the terms which are
too far from the expert ones
were extracted. X1

No coincidences of the
terms are due to the 128 405

parameters ¢- of membership Fig. 4.11. Comparison of fuzzy terms
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functions compression-extension. For example, the pair (232.5, 346.2) in the first
column of Table 4.9, to which term Average (A) corresponds in Fig. 4.11, can be
presented by a term set: L — Low, IA — lower than Average, A — Average, hA —
higher than Average. If some expert rule contains the term from this set, then this
rule is not at variance with the rule extracted from data.

Table 4.17. Comparison of the extracted and expert rules for instrumental danger y

Number of thg Expert rules
extracted rule y
in Table 4.14 % % X4 s Mo et
Rule 3 H () H () H® LG | HF |HO
Rule 1 H () | hA (+) H () 1A (D) HG |HG | L
Rule 2 hA (1) H (-) hA (-) L& |H& | HG
Rule 3 hA (+) | hA (+) H (-) 1A () H () |hA (+)
Rule 2 H (-) H (+) hA (+) | A (+) HO |HG | 1A
Rule 1 hA (-) | hA (+) H (+) 1A (-) | hA (+) |hA (+)
Rule 3 A () A () A (+) A (+) A | AM)
Rule 2 hA (-) | hA () A (+) IAMD | hA G |AM® | A
Rule 1 A () hA (1) hA (1) A (+) | hA (+) | hA ()
Rule 1 1A (D) A (+) IAM |hA M| 1A () | 1A ()
Rule 2 1A (D) 1A (D) A (D A () LG |l1A (+) | hA
Rule 3 A (+) 1A (-) IAM |[hBA G | 1AM | A (G
Rule 1 L () L L hA (+) | L (-) L (0
Rule 3 1A (+) L (+) 1A (+) H () L&) |[IA( | H
Rule 2 L () 1A () IA(M |hA ()| L L ()

Table 4.18. Comparison of the extracted and expert rules for biochemical danger z

Number of the Expert rules
extracted rule z
in Table 4.15 X6 4 X X iz
Rule 1 H (-) H () H (-) H (+) H ()
Rule 2 hA (+) H (+) hA (-) hA () hA (-) L
Rule 3 H +) hA (-) H +) A (+) hA (+)
Rule 1 hA (-) | hA (+) A () A (+) hA (1)
Rule 2 A (+) hA () A (+) hA (-) H +) 1A
Rule 3 A () H (+) hA (1) hA () hA (+)
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Table 4.18. (continued)

Rule 1 A () A (+) A () hA (V) hA (-)
Rule 3 hA (+) hA (+) A (+) A (+) A (+) A
Rule 2 hA (-) A (-) hA (+) hA (-) A+
Rule 2 1A (1) A (+) 1A (+) A (+) A ()
Rule 1 hA (1) 1A (+) A (D 1A () 1A (-) hA
Rule 3 L () A (+) A () 1A (D) A (+)
Rule 1 L (- L (- L (- L +#) 1A (+)
Rule 2 1A (1) L (- 1A (+) L (- L (- H
Rule 3 L () 1A (1) 1A (+) L (#) 1A (-)
Table 4.19. Comparison of the extracted and expert rules for IHD danger d
Number of the Expert rules
extracted rule d
in Table 4.16 X Y z
Rule 1 L (+) L () L ()
Rule 2 1A (+) L () 1A () d,
Rule 3 1A (-) 1A (-) H ()
Rule 3 1A (-) 1A (+) 1A ()
Rule 2 1A (+) A (D 1A (-) d,
Rule 1 1A (-) 1A (-) A ()
Rule 2 1A (+) A () A+
Rule 3 hA (1) hA (+) 1A (-) d,
Rule 1 A (+) hA (+) A ()
Rule 3 A () hA (-) hA (-)
Rule 2 hA (-) A (D hA (-) d,
Rule 1 hA (1) 1A (D) hA (+)
Rule 1 H () A (+) A+
Rule 3 hA (+) hA (-) H (- d;
Rule 2 hA (-) H® hA (-)
Rule 2 H () H® H ()
Rule 3 H () hA (-) hA (1) dg
Rule 1 H () A (-) hA (V)

4.6.5 Comparison of the Results of Medical Diagnosis

The separate aim of our study was to compare the results of medical diagnosis
obtained by formally extracted IF-THEN rules (using a genetic and neuro
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algorithm) and the same rules proposed by a medical expert in the field of
ischemia heart disease [3]. The fragment of data sample is presented in Table 4.20.

Comparison of diagnoses for 65 patients shows the following (See Table 4.21).
As a result of the genetic algorithm operation, there are full coincidences of all
types of diagnoses for 54 patients. In 9 cases we can observe decisions on a
boundary between classes of diagnoses (these cases are marked by *). In 2 cases
the results of computer decision were too far from the real medical doctor
diagnosis (these cases are marked by **). After neural correction of diagnostic
rules there are full coincidences of all types of diagnoses for 57 patients. In 8 cases
we can observe decisions on a boundary between classes of diagnoses (these cases
are marked by *).

These results (obtained by extracted IF-THEN rules) are close enough to
similar results obtained by the fuzzy expert system described in [3]. Future quality
improvement of extracted fuzzy IF-THEN rules can be reached by increasing the
number of tuning parameters.

The number of unknown parameters in our computer experiment was 486, and
for the optimization problem solving we spent about 3 hours (Intel Core 2 Duo
P7350 2.0 GHz).

Table 4.20. Comparison of the diagnosis results

IF-THEN rules
Extracted from histories of diseases

Expert ]
b Genetic algorithm Neuro-fuzzy
network
IFull coincidences s o -

of all types of diagnoses
Decisions on a boundary|
between classes off 8 9 8
diagnoses (*)

Computer decision is too|
far from the real medical 1 2 0
doctor diagnosis (**)

Table 4.21. Fragment of the data sample and diagnosis results

Patient state parameters Diagnosis

Ne 7
a5 x| x| X% || XX X | X | X |d|d|ds]|dy

324 980| 2.8 0.12] 34.2[ 266|50.07[22.76] 8.05 3.7| 19.3] 31| dl dlI (1 dl
3301 900] 2.9 0.14] 29.7| 242|56.52(24.33] 9.02[ 4.1 21.0{ 36/ dl dlI (d1 dl
260 800| 2.3 0.18] 28.5| 194|51.73(25.62| 8.53] 4.2| 23.8[ 39| d2 d2 (d2 d2
272 867| 2.5 0.28] 28.7| 198|59.31(28.44| 8.53] 4.0 19.4( 42 d2 d2 (d2 | d3*
287 4911 2.2 0.24] 25.3| 156(52.77)21.61| 8.53| 3.5 20.5| 48 d3 |d3 |d3 d3
175 507 2.4 0.25| 22.4[ 172|60.70{26.14] 10.40] 3.9 26.1f 53| d3 d3 (d3 d3

[« N9, I S OSI S I
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Table 4.21. (continued)

247 728 2.0[ 0.34] 26.5| 144|62.06(26.14| 5.55| 2.3| 229 45| d4 d4 |(d4 d4
231 768| 1.5 0.36] 20.0f 158|62.77(23.01f 6.83] 2.5 23.8| 52| d4 d4 |d5* | d4
151] 610] 1.3 0.42] 19.8[ 104|54.49(23.91| 5.55| 2.4| 257 32/ d5 d5 (d5 ds
100 177 542 1.6] 048] 21.7| 120[62.06|26.14| 5.55| 2.3 28.1] 45| d5 |d6* |d6* | d6*
11] 128 349 1.4 048 13.9] 92(67.03]24.46| 5.20[ 1.9 30.2] 38 d6 |d6 |d6 doé
12 145 304/ 1.2| 0.56 14.4] 74(64.15|25.62| 7.11| 2.6[ 25.5 38 d6 |d6 |d6 dé
13| 327 930 2.2| 0.24| 35.4] 347(59.31|25.62| 7.56| 3.3[ 18.9] 40 dl |d2* (d1 dl
14 348 952 1.8] 0.20| 34.2| 352(34.48/20.79] 9.56| 5.7 21.6] 38 dl |dl [dl dl
15| 307[ 800] 1.9] 0.21] 30.1] 304({57.90|25.08| 6.83| 2.9 19.3] 34{ d2 |d4**d2 | d1*
16] 284 738 2.0] 0.26] 29.7| 339(62.06|25.08] 8.53| 3.4 20.4| 48 d2 |d2 |d2 d2
17) 174[ 600] 1.7 0.32| 27.2[ 312(55.18/24.46] 8.56| 3.8 22.0| 35[d3 |d3 [([d1**% d3
18 229 515 2.1f 0.30] 22.4] 300[{61.34|22.20] 6.83| 2.4{ 23.4] 49| d3 |d4* |d3 | d4*
19] 265 4211 2.0] 0.26| 17.7] 258(60.07)22.76| 4.08| 1.8 23.8] 58 d4 |d4 |d4 d4
200 330[ 650 1.5 0.25] 20.3| 244/69.49(25.08] 6.83] 2.5 22.0 49 d4 d4 |(d4 d4
21| 187 475 1.4 0.34] 21.4] 204(/60.39|23.31| 5.55| 2.1 22.7) 48[ d5 |d5 |d5 ds
22| 224 4001 1.5 0.39] 20.4| 215[55.18|21.05| 7.11| 2.7 22.5| 42[d5 d5 |d5 ds

BN

O

23| 195 1001 1.2[ 0.48] 22.6| 191/60.70|21.61] 7.52| 2.7| 259 32[d6 |d6 (d5* | d6
24 192 292 1.3 0.45) 19.2( 188|62.77|23.70] 5.55| 1.6 24.4{ S51f d6 d6 |(d6 dé
25| 347 9521 2.9 0.10] 35.7| 298|62.40|23.70|12.50| 4.3 19.6] 36 dl |d1 [dl dl
26 314f 902 3.2( 0.14] 33.5| 287|59.40|24.20|10.50| 4.2 18.8] 48 d1 |dl |[dl dl

27| 352 875 3.2[ 0.16] 38.2[ 322(52.30[22.70] 9.50| 3.9 19.0] 42 dl dl |[dl dl
28] 323[ 1040] 2.7[ 0.20] 30.4] 290[59.60|25.20] 8.80| 3.2[ 18.2] 40 d1 |d2* |d1 | d2*
29 377 988 2.9 0.09] 32.5| 275/60.40|24.30|10.20| 3.4[ 17.7] 41 dl d1 [dl dl
300 309 9321 3.2( 0.15| 31.5| 312/60.80|25.40] 9.40| 4.4 18.5| 34{dl |dI (dl dl
31| 279( 1056] 2.7| 0.09] 33.4] 334/59.90|21.30] 8.80| 3.7 18.7] 52 dl |dI (dl dl
321 376 895 2.7 0.18] 30.4{ 312/61.50{23.60] 9.50| 3.6| 20.1f 44{d2 d2 (d2 d2
33| 304 929 2.6 0.22] 32.5| 346|/58.20{25.10]10.70] 3.8| 19.2[ 46[ d2 d2 |(d2 d2
34 292( 904 2.2 0.24] 29.3| 290/56.00[27.90]10.10] 4.0[ 18.5( 46 d2 |d2 (d1* | d2
35| 276 885 2.4 0.25| 27.8| 226/61.40{29.40|11.20] 3.6| 20.8[ 42(d2 d2 |(d2 d2
36 311f 9301 2.7[ 0.19] 25.6( 249|62.50{23.80] 9.80] 2.9 21.0{ 31f d2 dI* ([d2 d2
37 335 992 2.4{ 0.22] 24.6( 255/61.60{24.70] 9.90| 3.3| 203 44{d2 d2 (d2 d2
38| 346 873 23| 0.18] 28.7| 267|57.70[22.50]10.60] 3.7| 18.8] 47 d2 |d2 (dI1* | d2
39 288 804) 2.4 0.27] 20.9| 275/60.00[22.20]11.50] 3.5 19.5( 48[ d3 |d3 [d1*¥ d3
401 316| 875 2.1} 0.31f 22.5| 302(61.40/24.00] 9.30[ 2.8 21.2] 50| d3 |d4* |d3 | d4*
41 292 774 2.0] 0.28 26.7] 277[62.50]25.90| 8.80[ 3.0[ 22.5| S51f d3 |d4* |d3 d3
420 315 766 2.2 022 21.4{ 265/53.70,26.20| 8.70| 2.7 20.5 54| d3 |d4* |d3 | d2*
431 300[ 865 2.1 0.25( 21.9] 303[59.40/25.80| 9.30[ 3.5 21.4/ 40[ d3 |d3 |d3 | d2*
44 270( 777 2.1] 0.28 22.3] 316(61.00|26.10| 9.70( 4.1f 21.3] 36 d3 |d3 |d3 d3
45 275 859 2.3| 0.30[ 24.0] 295[62.50]27.00] 9.60[ 4.2 22.5| 34 d3 |d3 |d3 d3
461 261 776 1.7] 0.36[ 20.4] 204{65.00|22.50| 8.40[ 2.7| 23.8] 52| d4 [d4 |d5* | d4
47 258 785 1.5] 0.36[ 19.8] 225[62.70|23.80| 7.60[ 2.5| 24.0] 41| d4 |d4 |d5* | d4
48 290 845 1.8] 0.39 18.7] 268(57.10124.00] 7.20[ 2.5 22.5| 53| d4 |d4 |d4 d4
491 203 723] 2.0] 0.40f 17.1] 209(58.50|23.70| 6.20( 2.8 24.7) 39| d4 |d4 |d4 d4
50 244 802 1.7 0.35| 18.5| 212/62.00[25.30] 6.30] 3.0[ 24.9( 45 d4 |d4 |(d5* | d4
51| 233 795 1.9 0.39] 17.4[ 251|57.90{24.90] 5.20| 2.4| 23.5| 46 d4 d4 |(d4 d4
521 262 805 1.8 0.38] 19.2[ 244|57.90{24.50] 7.70| 2.2| 22.1f 54 d4 d4 |(d4 d4
53| 245 595 1.3 0.44| 16.5| 204/64.20]26.40] 5.60| 2.1f 24.7) 51{ d5 |d5 |d5 ds
54 209 7721 1.5 0.45| 14.7| 195/60.20]27.80] 5.90| 2.4 25.0] 40[ d5 |d5 |d5 ds
55| 198 621 1.4{ 042 12.2| 225/58.80|25.20] 6.10| 2.6[ 24.5| 42( d5 d5 |d5 d5
56 245 5231 1.5 0.39] 14.1] 207(57.50]23.30] 6.50| 2.2[ 26.9] 44{d5 d5 |d5 d5
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Table 4.21. (continued

57,
58]
59
60)
61
62]
63
64

65

237 652 1.6] 045 11.9] 262(63.7024.70| 6.40| 2.1f 24.2] 50[ d5 d5 |d5 ds
202 744 13| 045 12.3] 226(61.80]25.70] 5.70| 2.4 22.6] 56 d5 d5 |d5 ds
247 723| 1.2 0.38] 10.4f 230162.50{26.90[ 5.60] 2.3 25.8 51| d5 d5 |d6* | d5
192| 516| 1.1f 0.52] 9.9 200/60.10{22.70] 5.50] 2.0 22.9( 48 d6 d6 (d6 dé
188 446| 1.2[ 048 9.5 212/59.00{23.50] 5.20] 2.4| 26.7( 39| d6 d6 (d6 dé
212 406 0.9 0.56] 8.2| 225[61.70]26.00] 5.30f 1.9 29.4] 49| d6 |d6 |d6 d6
247 527) 0.7] 0.51) 7.4 197[62.60]27.40| 5.10f 2.0[ 28.5| 45 d6 |d6 |d6 d6
206 448 0.8] 0.55| 7.4 188(57.40]122.10] 6.30[ 2.1f 30.1] 44{ d6 |d6 |d6 d6
228 512| 1.0f 0.52] 7.8 204|53.90[25.60] 5.40] 2.3| 29.5 42| d6 d6 (d6 dé

d - diagnosis obtained by medical doctor.
d, - computer diagnosis obtained by the expert IF-THEN rules.

d, - computer diagnosis obtained by the genetically grown rules.

d, - computer diagnosis specified using the neural network.
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Chapter 5

Inverse Inference Based on Fuzzy Relational
Equations

Application of a fuzzy methodology in system failure engineering encompasses
the fault diagnosis problem [1, 2]. According to Cai [1] by fault we mean a system
state which deviates from the desired system state. The task of fault diagnosing
may include detecting whether a fault has occurred, diagnosing where the fault
occurred, determining the type of fault, assessing the fault damage, and
reconfiguring the system to accommodate the fault. Fault diagnosis partially
answers one of the basic issues in system failure engineering: why does it fail.

Cause and effect analysis is an important part of fault diagnosis [3, 4].
Obviously, various symptoms of a system during its operation are essential to
implement tasks of fault diagnosis. However, vague symptoms frequently emerge
[5, 6].

Fuzzy abduction is a promising approach to fault detection [7, 8]. Simulation of
the cause-effect connections is done by way of interpreting Zadeh’s compositional
rule of inference which connects input and output variables of an object (causes
and effects) using a fuzzy relational matrix [9]. The problem of inputs restoration
and identification is formulated in the form of inverse fuzzy logical inference and
requires solution of a system of fuzzy relational equations [10]. In this case some
renewal of causes takes place according to observable effects. Thus fault causes
diagnosis implies (1) fuzzy relations construction and (2) fuzzy relational
equations solution.

Precise relationships between causes and effects are rarely documented in the
literature. To determine the fuzzy relational matrix, either linguistically
documented or statistically acquired from databases assessments are used [11, 12].
However, experts often establish the cause-effect connections using the
comparisons like “Cause A has obvious advantage in comparison with cause B
while effect C is occurring”. Such paired comparisons can be used for fuzzy
relational matrix construction. In this case, effects can be considered as fuzzy sets
given on the universal set of causes. The definition of membership degree is
accomplished on the basis of expert information regarding cause paired
comparisons with the help of a 9-mark Saaty’s scale [13].

The insufficient use of the inverse logical inference is stipulated through the
lack of effective algorithms for solving fuzzy relational equations. In this chapter,
the search for a system solution amounts to the solution of an optimization

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 149-162.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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problem. It has to be emphasized that the identification of a fuzzy relational
equation solution is a complex optimization task with many local minima. Another
difficulty comes from the exponential growth of the solution search space with the
increase in the number of causes and effects considered in the diagnosis process.
Generally, this problem is identified as being among NP-hard ones [14 — 16].

Genetic programming [17] provides a way to solve such complex optimization
problems. We suggest some procedures of numerical solution of the fuzzy
relational equations using genetic algorithms. The procedures envisage the optimal
solution growing from a set of primary variants using genetic cross-over, mutation
and selection operations. To serve the illustration of the procedures and genetic
algorithm effectiveness study we present an example of technical diagnosis.

This chapter is written using original work materials [18 — 20].

5.1 Fuzzy Relational Equations in Diagnostic Problems
The diagnosis object is treated as a black box with n inputs and m outputs:

X=(x,,X,,..., x,) is the set of inputs;

Y =(y.y,,....,,)1s the set of outputs.

Simulation of the cause-effect “input-output” connections is done by way of
interpreting Zadeh’s compositional rule of inference [9]

B=A o R, 5.1
where:
A = (a,,a,,..,a,) is the fuzzy causes vector with elements a, < [0, 1],

interpreted as some significance measures of X; causes;

B =(b,.b,,....,b,) is the fuzzy effects vector with elements bj € [0, 1],
interpreted as some significance measures of y, effects;

R is the fuzzy relational matrix with elements T i = G , ] = I,_m , Where 7.

ij
is the number in the range of [0,1] characterizing the degree to which cause X,

influences upon the rise of effect y;

o is the operation of max-min composition [9].

The diagnostic problem is set in the following way. According to the known
matrix R and fuzzy effects vector B, it is necessary to find some fuzzy causes
vector A. It is suggested that matrix R and fuzzy effects vector B are formed on
the basis of expert assessments, for example, by way of Saaty’s paired
comparisons [13].
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Finding vector A amounts to the solution of the fuzzy relational equations:

b =(a, Ar,)Vv(a, Any)...v(a, AT,)

b, =(a, A1)V (a, ATy)...vV(a, AT,,) 5.2)

b,=(a rn,)Vv(a,Ar,)..v(a, T, ),

which is derived from relation (5.1). Taking into account the fact that operations v
and A are replaced by max and min in fuzzy set theory [9], system (5.2) is
rewritten in the form

b, =max(min(a,r,)), j =lm. (5.3)
i=l,n

5.2 Solving Fuzzy Relational Equations as an Optimization
Problem

The problem of solving fuzzy relational equations (5.3) is formulated as follows.
Vector A =(q,,a,,...,a,) should be found which satisfies limitations of

a.cl0,1], i =1ln,

and also provides the least distance between expert and analytical measures of
effects significances, that is between the left and the right parts of each system
equation (5.3):
F(A)= ;[bj —max(min(a,,r; )" =min . (5:4)
In the general case, system (5.3) can have no unique solution but rather a set of
them. Therefore, according to [8] we find the fuzzy relational equations (5.3)
solution in the form of intervals:

a =la,a] <[0,1], i = 1.n, (5.5)

where 4@, (Zi) is the lower (upper) bound of cause x; significance measure.

Formation of intervals (5.5) is accomplished by way of solving a multiple
optimization problem (5.4) and it begins with the search for its null solution. As
the null solution of optimization problem (54) we  designate

0 0 0 0 0 - .
A” =@",d,..,a”), where a” €la,,ail,i = 1.
The upper bound ( a; ) is found in range [a'”,1], and the lower bound (g, ) - in

range [0,a”].
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Let A =(a",al",...,a"”") be some k-th solution of optimization problem
(5.4), that is F(A™)=F(A"), since for the all values of parameter a, in the

range [g,-,Ei] we have the same value of criterion (5.4). While searching for

upper bounds (a; ) it is suggested that a > a*" | and while searching for lower
bounds (g, ) it is suggested that a* <a*™" (Fig. 5.1).
The definition of the upper (lower) bounds follows the rule: if A = A%*™" |

then a; (g)=a,i = Ln.If A® = A% | then the search is stopped.

v

OO

| r- r- r- |

0 L Ly

a)

40 () )
l l

DR |
T S i

b)

Fig. 5.1. Search for upper (a) and lower (b) bounds of the interval

5.3 Genetic Algorithm for Solving Fuzzy Relational Equations

To realize the genetic algorithm for solving the optimization problem (5.4) it is
necessary to define the following main notions and operations [17]: chromosome
— coded solution variant; gene — solution element; population — original set of
solution variants; fitness function — criterion of variants selection; cross over —
operation of providing variants-offsprings from variants-parents; mutation —
random change of chromosome elements

Let P(t) be chromosome-parents, and C(f) — chromosome-offsprings of the ¢-th
iteration. The general structure of the genetic algorithm will have this form:
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begin
t:=0;
set the initial set P(¢);
assess P(¢) using fitness function;
while (no condition of completion) do
generate C(f) by way of crossing over P(f);
perform mutation C(¢);
assess C(?) using fitness function;
select P(t+1) from P(¢) and C(¢);
t:=t+1;
end;
end.

We define the chromosome as the vector-line of binary solution codes a,, i =

|
=
N

The number of bits g, for variable a, coding is defined according to formula
247 < (di —d,)-107 <2% —1,
where [d i,gi] is the range of changes of variable @, ;

q is the required precision, that is the number of digits after the decimal
point in @, solution.

For example, if there is a solution in the range [0,1] with set precision ¢=3, and
a,=0.593, a,=0.814, a,=0.141, a,=0.970, a;=0.300,

then the following chromosome will fit this solution

v= 1001010001 {1100101110 |0010001101 |1111001010 0100101100

The chromosomes of the initial population will be defined by
a; =RANDOM((0,1)), i = L,

where RANDOM([0,1]) denotes a random number within the interval [0,1].
We choose a fitness function as the negative of criterion (5.4) so that:

f)=-Fv). (5.6)

Thus, the higher the degree of adaptability of the chromosome to perform the
criteria of optimization, the greater is the fitness function.
Let p, be some cross-over factor, that is the share of the offsprings of the each

iteration performed, and let K be the population dimension. Then it is necessary to

select pairs of chromosome-parents at the each iteration.



154 Chapter 5 Inverse Inference Based on Fuzzy Relational Equations

Selection of chromosome-parents for the cross-over operation should not be
performed randomly. The greater the fitness function of some chromosome the
greater is the probability for the given chromosome to yield offsprings. The

probability of selection p,, corresponding to chromosome v,, k = 1K, is

calculated according to formula [17]:

F ) =minl £ (v,)]

M=

D =% p.=1. (5.7

(£ min £, ) ’

k=1

Using these probabilities we define chromosome-parents in the following way.
Let us mark row p, on the horizontal axis (Fig.5.2), and generate uniform random

number z on interval [0,1].

D1 P2 Ps3 P4 e Pk
( A A S—— S
0 T z 1

Fig. 5.2. Selection of chromosome-parent

We select chromosome v, as the parent, this chromosome corresponding to
subinterval p,, within which number z finds itself. For example, in Fig.5.2
generated number z defines chromosome v, as the parent.

Selection of the second chromosome-parent is carried out in similar way.
The cross-over operation is shown in Fig. 5.3. It is carried out by way of

exchanging genes inside each variable a,, i = H The cross-over points shown
as dotted lines are selected randomly.

Vi

|
V2 E
j
'

V1

V2

ap a asz ay as

Fig. 5.3. Example of cross-over operation performance with n=5.

The mutation operation (Mu) implies random change (with some probability
p,, ) of chromosome elements

Mu(a,) = RANDOM ([d,.d:]).
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So as this solution is coded by binary line then the mutation is reduced to
inversion of some separate bits.

While performing the genetic algorithm the dimension of the population stays
constant at K. That is why after cross-over and mutation operations it is necessary
to remove K-p  chromosomes having the fitness function of the worst

significance from the obtained population.

5.4 Example 4: Car Engine Diagnosis

Let us consider the algorithm performance having the recourse to the example of
the car engine faults causes diagnosis.

Engine fault effects are: y, —engine power insufficiency; y, — difficulties with
engine starting; y, —smoky exhaust; y, — oil pressure too low.

Fault causes to be identified: x, — wear out of crank gear; x, — valve timing
gear wear out; x, — carburetor fault; x, — battery fault; x, — oil pump fault.

Let the expert matrix of fuzzy relations has this form:

Vi Y, Y3 Vs

X 0.8 0.4 0.8 0.3

R = X, 0.7 0.3 0.6 0.1
X 0.9 0.7 0.3 0.1

x, 0.1 0.9 0.1 0.1

X5 0.5 0.6 0.4 0.9

As the result of the examination the expert defined the following measures of
significance for the engine fault criteria:

b,=08, b,=0.6, b,=0.2, b,=0.1.

It means that engine power insufficiency and difficulties in starting the engine
with the smoky exhaust and oil pressure being normal were identified.
The system of fuzzy logical equations in this case will appear in this form:

b =(a, A0.8)Vv(a, A0.T)v (a; A0.9) v (a, AO.1) v (a5 A0.5),
b, =(a, A0.4)v (a, n0.3) Vv (a; A0.T) v (a, AO.9) Vv (a3 A0.6),
b, =(a, A0.8) v (a, A0.6)V (a; A0.3) v (a, AO.1) v (a; A0.4),

b, = (a, AO3)V (a, AO.D)V (a3 AO.D)V (a, AO.D)V (a, A0.9) . (5.8)
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5.4.1 Genetic Search for the Null Solution

To implement the genetic algorithm the initial population was formed as
consisting of seven solutions:

v, =(0.343, 0.257, 0.489, 0.136, 0.967),
v,=(0.345, 0.415, 0.848, 0.724, 0.261),
v, =(0.536, 0.134, 0.677, 0.869, 0.880),
v,=(0.791, 0.010, 0.411, 0.245, 0.279),
vs =(0.665, 0.315, 0.631, 0.199, 0.456),
v, =(0.400, 0.652, 0.943, 0.673, 0.551),
v,=(0.622, 0.284, 0.992, 0.933, 0.072);

Fitness functions of these solutions found using formulae (5.4) and (5.6) made
up this representation:

fiv)=-0.770; f(v,)=-0.104;  flv,)=-0.809; f(v,)=-0.425;
fivs)=-0362; flv,)=-0383;  f(v,)=-03I8.

K- .
Let the cross-over probability be p, =0.3. So that Tp‘ =m

— =1, then one

pair of chromosomes must be selected to realize the cross-over operation. On the
basis of formula (5.7) the probability distribution for chromosome selection is
given by:

p,=0.01558; p,=0.28306;  p,=0.00000;  p,=0.15409;
p,=0.17936; p,=0.17082;  p,=0.19705.

Let us assume that for the chromosomes-parents two random numbers
7,=0.18320 and z,=0.50780 were generated. Then according to the algorithm of
chromosome-parents selection, chromosomes v, and v, must be subjected to the
Cross-over.

To realize cross-over operation, we used 5 points of exchange which were
generated randomly in range [1,10] what corresponds to solutions g,

representation using 10 digits. These random numbers made up 4, 3, 5, 4, 1 and
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defined points of chromosome exchange shown in Fig. 5.4, where v,, v, are
chromosomes-parents, v',, v's are chromosomes-offsprings.

The same figure depicts mutation operation which implied inversion of the 49-
th gene of v'; chromosome-offspring. The mutation ratio ( p, ) was set at the
level of 0.01.

v, | 0101:011001 | 0110011111 | 11010 EIOOOO 10111010100 Oi 100000101
vs | 1010 :011001 [010:0111011 | 10011 : 10111 | 0011 : 000111 |[0: 111001000

g

v, | 0101 | 011001 | 011 0111011 | 11010 | 10111 | 1011 | 000111 | 0| 111001000
vs 11010 | 011001 {010 | 0011111 | 10011 | 10000 {0011 | 010100 | O 100000101
v
\ J \ J \ J \ AN 'y
a az as ay as
Fig. 5.4. Cross-over and mutation operations performance
Fitness function of chromosomes-offsprings

v',=(0.345,0.443,0.855,0.711,0.456), v's=(0.665,0.287,0.624,0.212,0.263)

made up this representation:

fiv,)=-0201, f(v's)=-0275.

To maintain the same total population, let us exempt 2 chromosomes with the
worst fitness functions, that is v, and v, . Then, the new population will include
also chromosomes: v,, Vv,, Vs, Vs, V,, V', V's.

This operation completes one iteration of the genetic algorithm.

Sequential application of genetic cross-over, mutation and selection operations
to the initial set of variants provides for the growth of the fitness function of the
solutions being obtained. The dynamics of change of the optimization criterion (F)
relative to the number of iterations () are shown in Fig. 5.5. Table 5.1 shows the
list of chromosomes which were the best in carrying out some definite iterations
of the genetic algorithm.
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Fig. 5.5. Relationship between optimization criterion (¥) and number of iterations (V)
(crossover p. =0.3, mutation p, =0.01)

Table 5.1. The best solutions of various iterations of the genetic algorithm
Iteration Solution Optimization
number criterion

1 (0.345,0.415,0.848,0.724,0.261) 0.10390

4 (0.345,0.415,0.848,0.660,0.261) 0.09853

6 (0.320,0.031,0.784,0.724,0.256) 0.07003

7 (0.320,0.031,0.785,0.724,0.256) 0.07000

24 (0.320,0.287,0.789,0.724,0.256) 0.06990
27 (0.256,0.287,0.789,0.724,0.256) 0.04983
35 (0.256,0.287,0.789,0.708,0.256) 0.04612
43 (0.256,0.279,0.797,0.708,0.256) 0.04601
54 (0.075,0.162,0.808,0.256,0.024) 0.02006
61 (0.075,0.162,0.800,0.256,0.024) 0.02000
100 (0.075,0.162,0.800,0.256,0.024) 0.02000

It is seen from Fig. 5.5 and Table 5.1 that as the number of iterations increases,
the resulting optimization criterion decreases, finally converging to 0.02000
approximately.

5.4.2 Genetic Search for the Complete Solution Set

The obtained null solution

A© =(a® =0.075,a)” = 0.162,a” =0.800,a” =0.256,a"" = 0.024)

allows us to arrange for the genetic search for a, variables significances intervals.
Search dynamics of upper and lower solutions bounds is depicted in Tables 5.2

and 5.3.
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Table 5.2. Genetic search for upper bounds of intervals
Iteration 51 a as as as

1 0.075 0.162 0.800 0.256 0.024
10 0.084 0.178 0.800 0.359 0.054
20 0.088 0.251 0.800 0.420 0.078
30 0.095 0.275 0.800 0.573 0.095
40 0.098 0.287 0.800 0.585 0.100
50 0.099 0.298 0.800 0.640 0.100
60 0.100 0.299 0.800 0.688 0.100
70 0.100 0.300 0.800 0.695 0.100
80 0.100 0.300 0.800 0.699 0.100
90 0.100 0.300 0.800 0.700 0.100
100 0.100 0.300 0.800 0.700 0.100

Table 5.3. Genetic search for lower bounds of intervals
Iteration 4 a a; a, as

1 0.075 0.162 0.800 0.256 0.024
10 0.039 0.151 0.800 0.173 0.010
20 0.022 0.085 0.800 0.159 0.004
30 0.017 0.043 0.800 0.084 0.001
40 0.011 0.028 0.800 0.047 0.000
50 0.005 0.016 0.800 0.038 0.000
60 0.001 0.008 0.800 0.020 0.000
70 0.000 0.003 0.800 0.007 0.000
80 0.000 0.000 0.800 0.002 0.000
90 0.000 0.000 0.800 0.000 0.000
100 0.000 0.000 0.800 0.000 0.000
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These tables show that the fuzzy relational equations (5.8) solution can be
represented in the form of intervals:

a, € [0,0.1]; a, € [0,0.3]; a,=0.8; a, € [0,0.7]; a5 € [0,0.1].

5.4.3 Solution Interpretation and Model Testing

The resulting solution allows the analyst to make the following conclusions. The
cause of the observed engine state should be located and identified as the
carburetor fault (x,), so that the measure of significance of this fault is maximal.

In addition, the observed state can be the effect of the battery fault (x, ), since the

significance measure of this cause is sufficiently high. Insufficient wear-out of the
valve timing gear ( x, ) can also tell on engine proper functioning, the significance
measure of which is indicative of the cause. Crank gear (x, ) and oil pump (x;)
functionate properly and have practically no influence on engine fault, so that the

significance measures of the given causes are small.

The genetic algorithm’s accuracy was measured using the 250 test instances,
obtained from the expert at car engine fault diagnosis domain. The goal was to
identify one of five possible car engine fault causes x, +x; by observed effects
¥, +¥,. The 250 cases acted as input events to test the fuzzy model diagnosis

results, and the percentage of correct predictions was recorded. The results are
shown in Fig. 5.6 which shows the relationship between average accuracy of the
fault causes diagnosis and number of iterations. The fault causes diagnosis
obtained an accuracy rate of 95.2 % after 1000 iterations (120 seconds on Intel
Core 2 Duo P7350 2.0 GHz).

P 100 4

90 -
80 1
70 A

N
60 + T ™ o T T T T -r .

100 200 300 400 500 600 700 800 900 1000

Fig. 5.6. Relationship between average accuracy (P) and number of iterations (V)

(crossover p. =0.3, mutation p,, =0.01)
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5.4.4 Assessment of Genetic Algorithm Effectiveness

Dependence of the number of iterations, which is necessary to obtain an optimal

solution, on the population volume (K), frequency of cross-over ( p.) and

mutation ( p, ) was studied in the course of computer experiment. Dependence of

optimization criterion (F) on iteration number (N) under conditions of various
parameters of the genetic algorithm is shown in Fig. 5.7.

It was determined that a population volume of K=7 is sufficient for fuzzy
logical equations system (5.8) resolution. To exclude hitting the local minimum

the experiment was carried out for large values of p_ and p, . Fig. 5.7,a shows

that under conditions of p_ =0.6 and p,k =0.02 about 100 iterations were

required to grow an optimal solution.

To cut time losses in unpromising fields studies, some parameters of the main
genetic operations were experimentally selected. Fig. 5.7,b shows that setting of
cross-over frequency at the level of 0.3 allowed to cut the number of iterations on
the average to 75. Reduction of the mutation number to 0.01 allowed to cut
iteration number to 50 (Fig. 5.7,c).

0.5 0.5 0.5

0 50 100 0 50 100 0 50 100
a) b) ¢)

Fig. 5.7. Dependence of optimization criterion (F) on iteration number (V) under conditions
of various parameters of genetic algorithm a) K=7, p. =06, p,  =0.02; b) K=7, p. =03,
p, =0.02;¢)K=7, p, =03, p, =0.01.
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Chapter 6
Inverse Inference with Fuzzy Relations Tuning

Diagnosis, i.e. determination of the identity of the observed phenomena, is the
most important stage of decision making in different domains of human activity:
medicine, engineering, economics, military affairs, and others. In the case of the
diagnosis of problems where physical mechanisms are not well known due to high
complexity and nonlinearity, a fuzzy relational model may be useful. A fuzzy
relational model for simulating cause and effect connections in diagnosing
problems has been introduced by Sanchez [1, 2]. A model for diagnosis can be
built on the basis of Zadeh’s compositional rule of inference [3], in which the
fuzzy matrix of “causes-effects” relations serves as the support of the diagnostic
information. In this case, the problem of diagnosis amounts to solving fuzzy
relational equations.

Inverse problem resolution is of interest to both exact methods and approximate
ones. The complete bibliographical notes are presented in [4]. Analytically exact
methods for fuzzy relational equations on various lattices and with different kinds
of composition laws for fuzzy relations are given in [4 — 8]. There exist tasks in
which approximate solutions instead of exact ones are reasonable [9]. Solvability
and approximate solvability conditions of fuzzy relational equations are
considered in [10 — 14]. In the general case, an optimization environment is a
convenient tool for decomposing fuzzy relations. Solving fuzzy relational
equations by neural networks is described in [15, 16]. The use of genetic
optimization for decomposition of fuzzy relations is proposed in [17].

The necessary condition of diagnostic problem solving is to ascertain the cause-
effect relationship. A general methodological scheme envisages structure
determination, parameter identification and model validation [18, 19]. An
approach of integrated genetic and gradient-based learning in construction of
fuzzy relational models is proposed in [20]. An approach of identification of fuzzy
relational models by fuzzy neural networks is proposed in [21, 22].

In those cases, when domain experts are involved in developing fuzzy models,
construction of the cause-effect connections can be considered as rough tuning of
the fuzzy relational model [23]. The observed (output) and diagnosed (input)
parameters of a system are considered as linguistic variables [3]. Fuzzy terms, e.g.

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 163-192.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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“temperature rise”, “pressure drop” etc., associated with causes and effects are
used for these variables evaluation. The use of the expert relational matrix cannot
guarantee the coincidence of theoretical results of diagnosis and real data. In other
words, the “quality” of the model strongly depends on the “quality” of the expert
forming the diagnostic matrix. In addition, the problem of solving fuzzy relational
equations is still relevant — as of yet there does not exist a satisfactory answer for
computing a complete solution set [4].

In chapter 5, a pure expert system using a genetic algorithm [24, 25] as a tool to
solve the diagnosis problem was proposed. In this chapter, we propose an
approach for building fuzzy systems of diagnosis, which enables solving fuzzy
relational equations together with design and tuning of fuzzy relations on the basis
of expert and experimental information [26, 27]. The essence of tuning consists of
the selection of such membership functions of the fuzzy terms for the input and
output variables (causes and effects) and such ‘“causes-effects” fuzzy relations,
which provide minimal difference between theoretical and experimental results of
diagnosis.

To overcome the NP-hardness, chapter 5 used the ideology of genetic
optimization [24, 25], which quickly established the domain of global minimum of
the discrepancy between the left and right sides of the system of equations
followed by a fine adjustment of the solution by search methods available. The
genetic algorithm uses all the available experimental information for the
optimization, i.e., operates off-line and becomes toilful and inefficient if new
experimental data are obtained, i.e., in the on-line mode. The process of diagnosis
should be augmented by a hybrid genetic and neuro approach to designing
adaptive diagnostic systems [28]. The essence of the approach is in constructing
and training a special neuro-fuzzy network isomorphic to the diagnostic equations,
which allows on-line correction of decisions.

This chapter is written using original work materials [26 — 28].

6.1 Diagnostic Approximator Based on Fuzzy Relations

The diagnosis object is treated as a black box with n inputs and m outputs
(Fig. 6.1). Outputs of the object are associated with the observed effects
(symptoms). Inputs correspond to the causes of the observed effects (diagnoses).
The problem of diagnosis consists of restoration and identification of the causes
(inputs) through the observed effects (outputs). Inputs and outputs can be
considered as linguistic variables given on the corresponding universal sets. Fuzzy
terms are used for these linguistic variables evaluation.
We shall denote:

{x,,x,,...,x,} is the set of input parameters, x, € [x,,xi], i=Ln;

{»¥5- ¥, } is the set of output parameters, y; € [Xj,;].], J =1m;

{€i1:€ipsenescy, } 18 the set of linguistic terms for parameter x; evaluation, i =1,n;

{e;,€5-v€,, } is the set of linguistic terms for parameter y; evaluation, j =1,m.
1€ Ja;
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Fig. 6.1. The object of diagnosis

Each term-assessment is described with the help of a fuzzy set:
¢y = {Cpu™ ()Y, i=Ln, I =1k ;

e, ={(y 4" (YN}, j =Lm, p =1g, .
where 4% (x,) is a membership function of variable x, to the term-assessment c, ,
i= I,_n , 1= E ;
4" (y;) is a membership function of variable y, to the term-assessment e,
j=lm.p=lg,.

We shall redenote the set of input and output terms-assessments in the
following way:
{CLCohs Oyl =6, Crpens € 50y €415 Cpses € ) S the set of terms for input

parameters evaluation, where N =k +k, +...+k_;

{E.E,,...E }={e.e,,.0,...6,,.¢€ e, } is the set of terms for

> ml® T m22° Vg,

output parameters evaluation, where M =¢q, +¢q, +...+q,, .

Set {C,,I = I,_N } is called fuzzy causes (diagnoses), and set { E,, J =1,M }
is called fuzzy effects (symptoms).
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The diagnostic problem is set in the following way: it is necessary to restore
and identify the values of the input parameters (x,,x,,...,x,) through the values of
the observed output parameters (y;, y,,--» ¥, ) -

“Causes-effects” interconnection is given by the matrix of fuzzy relations

RcC xE,=[r,, 1 =N, J =1M].

An element of this matrix is a number 7, € [0, 1], characterizing the degree to

which cause C, influences upon the rise of effect E, .

In the presence of matrix R the “causes-effects” dependency can be described
with the help of Zadeh’s compositional rule of inference [3]

n® =pc oR, ©.1)

where p¢=u,u",...,u®) is the fuzzy causes vector with elements
,UC’ € [0, 1], interpreted as some significance measures of C, causes;

W=, u ..., 1) is the fuzzy effects vector with elements #™ [0, 1],
interpreted as some significance measures of E, effects;

o is the operation of max-min composition [3].
Finding vector p¢ amounts to the solution of the fuzzy relational equations:

U= (U AR (S ATV (U ATy

1= ATV (U ARV (U™ ATyy)

O = (U ATy )Y U ATy ) (S ATy s 6.2)

which is derived from relation (6.1). Taking into account the fact that operations v
and A are replaced by max and min in fuzzy set theory [3], system (6.2) is
rewritten in the form:

p* = max(min(u,r,)), J =1M . (6.3)
1=1.N

In order to translate the specific values of the input and output variables into the
measures of the causes and effects significances it is necessary to define a membership

function of fuzzy terms C, and E,, [ :1,_N, J :1,_M. We use a bell-shaped
membership function model of variable u to arbitrary term 7 in the form:

1

IE)

M )= (6.4)
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where f is a coordinate of function maximum, u'(f)=1; o is a parameter of
concentration-extension (Fig. 6.2).

T
p (u)
0<02< 03

Fig. 6.2. Model of the bell-shaped membership function

This function was determined in [23] and was used for nonlinear dependencies
identification by fuzzy IF-THEN rules [29, 30].

Correlations (6.3) and (6.4) define the generalized fuzzy model of diagnosis as
follows:

nf(Y,B,.Q,)=F,(X,R,B_,Q_), (6.5)

where B, =(8,8%,...8%) and Q. =(c69,0%,..,0%) are the vectors of f3 -
and o - parameters for fuzzy causes C,, C,,..., C,, membership functions;

B, =(8",p",..™) and Q, =(c",0",..,0") are the vectors of f -
and o - parameters for fuzzy effects E,, E,,..., E,, membership functions;

Fr is the operator of inputs-outputs connection, corresponding to formulae
(6.3), (6.4).

6.2 Optimization Problem for Fuzzy Relations Based Inverse
Inference

Following the approach proposed in [24, 25], the problem of solving fuzzy
relational equations (6.3) is formulated as follows. Fuzzy causes vector

ne =, u,..,u) should be found which satisfies the constraints

,uC’ e[0,1], I = 1,_N , and also provides the least distance between observed and

model measures of effects significances, that is between the left and the right parts
of each system equation (6.3):

M
D (4" —max(min(4“ 1, )l = min . (6.6)
I=I,N u€

J=1
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Following [4], in the general case, system (6.3) has a solution set S(R,p”),

S . . .=
which is completely characterized by the unique greatest solution p and the set

of lower solutions S*(R,p®) ={EIC’ I=1T}:

—C
sRat) = U [wn]. (67)
wes’
Here |_1C = (ﬁc' ,ﬁCZ ,...,ﬁc” ) and uIC = (EICI ,EICZ ,...,EIC“' ) are the vectors of the
upper and lower bounds of causes C, significance measures, where the union is
taken over all EIC e S"(R,n").

Following [24, 25], formation of intervals (6.7) is accomplished by way of
solving a multiple optimization problem (6.6) and it begins with the search for its
null solution. As the null solution of optimization problem (6.6) we designate

c_/,¢ ,,6 Cy ¢ G Y —C .
W = ()" oo iy~ ), where  py" <p°, 1 =1,N . The upper bound (u ) is
found in the range [#Oc, , 1] . The lower bound ( EICI ) for [ =1 is found in the

range [O, #Oc,} , and for / >1 — in the range [O,;q} , where the minimal

solutions Ef , k <1, are excluded from the search space.

Let pn€(t) =" (), 4% (),....,u" (t)) be some t-th solution of optimization
problem (6.6), that is F(u€ (1)) = F(pg) , since for all p€ e S(R,p”) we have the
same value of criterion (6.6). While searching for upper bounds (;C' ) it is
suggested that u“ (t) = u“ (t—1), and while searching for lower bounds ( EICI ) it
is suggested that ,uC’ )< #c, (t—1) (Fig. 6.3).

The definition of the upper (lower) bounds follows the rule: if
nC (@) #pS (-1, then u" (L)=p (). 1 =LN .If p°()=p(r—1), then the

search for the interval solution [p[c,rf} is stopped. Formation of intervals (6.7)

will go on until the condition EIC # Ef , k <1, has been satisfied.

The hybrid genetic and neuro approach is proposed for solving optimization
problem (6.6).
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Fig. 6.3. Search for the upper (a) and lower bounds of the intervals for [ =1 (b)and [ >1 (c)

6.3 Genetic Algorithm for Fuzzy Relations Based Inverse

Inference

The chromosome needed in the genetic algorithm for solving the optimization
problem (6.6) is defined as the vector-line of binary codes of the lower and upper

bounds of the solutions #< , I = 1,N (Fig. 6.4) [31].

C

E

—C —C
ol u?

Ecz EC/\/

M

Fig. 6.4. Structure of the chromosome

The crossover operation is defined in Fig. 6.5, and is carried out by way of

exchanging genes inside each solution x“ . The points of cross-over shown in

dotted lines are selected randomly. Upper symbols (1 and 2) in the vectors of
parameters correspond to the first and second chromosomes-parents.
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Fig. 6.5. Structure of the crossover operation

A mutation operation implies random change (with some probability) of
chromosome elements

Mu (u) = RANDOM ([ 11" 1)

where RANDOM ([lc,;]) denotes a random number within the interval [ 1,;] .
We choose a fitness function as the negative of criterion (6.6).

6.4 Neuro-fuzzy Network for Fuzzy Relations Based Inverse
Inference

A neuro-fuzzy network isomorphic to the system of fuzzy logic equations (6.3) is
presented in Fig. 6.6. Table 3.1 shows elements of the neuro-fuzzy network [28].

C
I"L] >C) /J 1
C
o—*H" > :
rj—» > ﬂEJ
C
rNJ N

Fig. 6.6. Neuro-fuzzy model of diagnostic equations

The network is designed so that the adjusted weights of arcs are the unknown
significance measures of C,C,,...,C, causes.
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Network inputs are elements of the matrix of fuzzy relations. As follows from
the system of fuzzy logic equations (6.3), the fuzzy relation r, is the significance
measure of the effect 4™ provided that the significance measure £ is equal to
unity, and the significance measures of other causes are equal to zero, i.e.
ry=u1" (u =1, u*=0), K =1,N, K#I. At the network outputs, actual

significance measures of the effects m@[min(ycl ,1;;)] obtained with allowance
1=1,N

for the actual weights of arcs £ are united.

Thus, the problem of solving the system of fuzzy logic equations (6.3) is
reduced to the problem of training of a neuro fuzzy network (see Fig. 6.6) with the
use of points

(5T 5y sees Ty s 1) 5 T =1.M .

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

o€,
Ct+1)=u" (t)- — 6.8
W+ =pu (1) "a;ﬂ(t) (6.8)

that minimize the criterion

e, =%(ﬁE(t)—uE(t))2, 6.9)

applied in the neural network theory, where

() and p*(r) are the experimental and the model fuzzy effects vectors at
the #-th step of training;

4 (t) are the significance measures of causes C, at the t-th step of training;

7] is a parameter of training, which can be selected according to the results from
[32].

The partial derivatives appearing in recurrent relations (6.8) characterize the
sensitivity of the error (&, ) to variations in parameters of the neuro-fuzzy network

and can be calculated as follows:

Since determining the element “fuzzy output” from Table 3.1 involves the min
and max fuzzy-logic operations, the relations for training are obtained using finite
differences.

6.5 Expert Method of Fuzzy Relations Construction

To obtain matrix R between causes C|,C,,...,C, and effects E,E,,...E,,
included in correlation (6.1), we shall use the method of membership functions
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construction proposed in [33] on the basis of the 9-mark scale of Saaty’s paired
comparisons [34].
We consider an effect E, as a fuzzy set, which is given on the universal set of

causes as follows:

n, T 7, —
E =1 2 M, J =M 6.10
) -
where 1,, r,,., 1, represent the degrees of membership of causes

C,,C,,...,C, to fuzzy set E,, and correspond to the J-th column of the fuzzy

relational matrix.
Following [33], to obtain membership degrees 7, , included in (6.10), it is

necessary to form the matrix of paired comparisons for each effect E,, which
reflects the influence of causes C,,C,,...,C, upon the rise of effect E,,
J =1M.

For an effect E, the matrix of paired comparisons looks as follows:

¢ C ... C,
J J J

Cla, a, .. ay

Cla, d al —_—

_ 21 2 e 2N _

A, = _ , J =1M, (6.11)

J J J

Cylay, ay, - ay

where the element a;, is evaluated by an expert according to the 9-mark Saaty’s

scale:
1 —if cause C, has no advantage over cause C,;

3 —if C, has a weak advantage over C,;
5 —if C; has an essential advantage over C, ;
7—1if C, has an obvious advantage over C, ;

9—if C, has an absolute advantage over C, .

Values of 2, 4, 6, 8 correspond to intermediate comparative assessments
In accordance with [33], we assume that matrix (6.11) has the following
properties:

- elements placed symmetrically relative to the main diagonal are connected by
correlation aj, =1/ay, ;

- transitivity, i. e., a a;, =aj ;

- diagonality, i.e., a',’, =1, I=1,N, as the consequence from symmetry and

transitivity.
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These properties allow us to define all elements of matrix (6.11) by using

J

elements of only a single row. If the L-th row is known, i. e. the elements a;, ,

K= 1,_N, then an arbitrary element a','K is defined as follows:

J
a}]K:%’ I,K,L=1,N, J=1,M.

After defining matrix (6.11), the degrees of membership needed for
constructing fuzzy set (6.10) are calculated by formula [33]:

1 _ _

y, =———_ I=1,N, J=1M. 6.12
Yoal vadl, vval,’ ’ (6.12)

Obtained membership degrees (6.12) are to be normalized by way of dividing into
the highest degree of membership.

6.6 Problem of Fuzzy Relations Tuning

It is assumed that the training data which is given in the form of L pairs of
experimental data is known:

where f(p =(x/,XJ,....,x") and ?p =(3",97,....,9") are the vectors of the values
of the input and output variables in the experiment number p.

Let A=(A,4,..,4,) be the vector of concentration parameters for fuzzy sets
of effects (6.10), such as:

)" ) ()™
Ro| )" @) ()™
()" ()™ e ()™

The essence of tuning of the fuzzy model (6.5) consists of finding such null
ap o

solutions ug (%7,%7,...,X7) of the inverse problem, which minimize criterion (6.6)
for all the points of the training data:

L
D F (g @85 e RO =R (37, 35 enrs §2OT = min.

p=l
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In other words, the essence of tuning of the fuzzy model (6.5) consists of
finding such a vector of concentration parameters A and such vectors of
membership functions parameters B., Q., B,, ., which provide the least

distance between model and experimental fuzzy effects vectors:

L A A
DIFX, A B, Q)-p"(Y,.B.2) = min - (6.13)

p=1 A,Bc Q¢ ,Bg Qp

6.7 Genetic Algorithm of Fuzzy Relations Tuning

The chromosome needed in the genetic algorithm for solving the optimization
problem (6.13) is defined as the vector-line of binary codes of parameters A, B,

Q., B,, Q, (Fig.6.7) [31].

A Bc Qc Bg Qp

Fig. 6.7. Structure of the chromosome

The crossover operation is defined in Fig. 6.8, and is carried out by way of
exchanging genes inside the vector of concentration parameters ( A ) and each of the
vectors of membership functions parameters B., Q., B,, Q.. The points of
cross-over shown in dotted lines are selected randomly. Upper symbols (1 and 2) in
the vectors of parameters correspond to the first and second chromosomes-parents.

At Be et Bk Qf |
ECIECINCIC
Al {A® IBc (BC |QC Q¢ |Bp Bp @ QF
A* IA" |BE {Br |QF ior B (B |QF ok

Fig. 6.8. Structure of the crossover operation
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A mutation operation implies random change (with some probability) of
chromosome elements:

Mu (5 )=RANDOM( [ gc'ﬁﬂ ); Mu (aC')=RAND0M( [ gc',EC’} );
Mu (ﬁEf)=RANDOM( [ B ,BE’J ); Mu(O'E’)=RANDOM( [gEf ,EE’J );
Mu (4,) = RANDOM ((,. A1) ,

where RANDOM ([lc,;]) denotes a random number within the interval [ 5,; 1.

We choose criterion (6.13) with the negative sign as the fitness function; that is,
the higher the degree of adaptability of the chromosome to perform the criterion of
optimization the greater is the fitness function.

6.8 Adaptive Tuning of Fuzzy Relations

The neuro-fuzzy model of the object of diagnostics (6.5) is represented in Fig. 6.9,
and the nodes are in Table. 3.1. The neuro-fuzzy model is obtained by embedding
the matrix of fuzzy relations into the neural network so that the weights of arcs
subject to tuning are fuzzy relations and membership functions for causes and
effects fuzzy terms [28, 30].

Fig. 6.9. Neuro-fuzzy model of the object of diagnostics
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To train the parameters of the neuro-fuzzy network, the recurrent relations:

n @+ =r,@)-n aa,f(t) ;

B+ =p71)-n ; o+ =0%(t)-7n

3 I3
9p (1) o (t)

oF (1 +1) = 0" (1) -n—25— , (6.14)

o€,
B+ =B ()-n 3 -
o ( )’ o (1)

minimizing criterion (6.9) are used, where

r, (t) are fuzzy relations at the #-th step of training;

B (), o (1), B (1), o (¢) are the parameters of the membership functions
for causes and effects fuzzy terms at the 7-th step of training.

The partial derivatives appearing in recurrent relations (6.14) characterize the
sensitivity of the error (&, ) to variations in parameters of the neuro-fuzzy network

and can be calculated as follows:

% 95w,
ar” a:uE'/ (X) aru ’

n & o€, AU (x,) OU " (x;)

TSm0 (x) oM (x) OB
ZZ{ de, ™ (x) ,ayfwx,-)}.
Toalou (k) oui(x) 9o |

o€, de,  ouT(y) . g o,  OUT(y))
B WGy 0BT T a0t aut(y) o

80’

Since determining the element “fuzzy output” (see Table 3.1) involves the min
and max fuzzy-logic operations, the relations for training are obtained using finite
differences.

6.9 Computer Simulations

The aim of the experiment consists of checking the performance of the above
proposed models and algorithms of diagnosis with the help of the target “input-
output” model. The target model was some analytical function y =f{x). This

function was approximated by the rule of inference (6.1), and served
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simultaneously as training and testing data generator. The input values (x)
restored for each output ( y ) were compared with the target values.

The target model is given by the formula:

y= 1.8x+0.8)(5x—1.1)(4x-2.9)(3x—2.1)(9.5x-9.5)(3x - 0.05) + 20
80

which is represented in Fig. 6.10 together with the fuzzy terms of causes C,=low
(L), C,=lower than average (IA), C,=average (A), C,=higher than average (hA),
C,=lower than high, C,=high (H) and effects E =lower than average (lA),
E,=average (A), E,=higher than average (hA), E,=high (H).

y
0.35 — " : . Effects
o3 b B
025 __________ ________ L g
02f | | i
A S N e . - — £,
otsg i ]
| VST . T > E
a1kt g SR x 1
g i 0z 0.4 06 & 08 o1
L
Causes Cl CZ C3 C4 C5 C6

Fig. 6.10. “Input-output” model-generator

A fuzzy relational matrix was formed on the basis of expert assessments. For
example, the procedure of fuzzy relations construction for effect E, consists of the

following. Cause C, is the least important for effect E,, so that the visual
difference between the output values y=E, and y(x=C,), i.e. |El —-y(x= C2)| ,
is maximal. Therefore, we start forming the matrix of paired comparisons A,

(6.11) from the 2nd row. This row is formed by an expert and contains the
assessments, which define the degree of advantage of the rest causes C,,
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K =1,6, over C,. The advantage of cause C, over cause C, is defined by the
fact, how much the distance |El -y(x=Cy )| is less than the distance

|El —y(x= C2)| .Matrix A, (6.11) is defined by the known 2nd row as follows:

C c, G C, C, C,
o 1 113 3 1 8/3 1
C, 3 1 9 3 8 3
A= G | 13| 1w 1 13 8/9 13
C, 1 113 3 1 8/3 1
C, | 38 | 18 | o8 | 38 1 3/8
C, 1 113 3 1 8/3 1

Matrix A, allows us to construct fuzzy set E, (6.10) using formula (6.12). The

degrees of membership r,, of causes C, to fuzzy set E, are defined as follows:

r, =(1+1/3+3+1+8/3+1)"' =0.11;

r =B+1+49+3+8+3)" =0.04;

1 =(/3+1/9+1+1/3+8/9+1/3)" =0.33;
o =(1+1/3+3+1+8/3+D)"' =0.11;

I, =(3/8+1/8+9/8+3/8+1+3/8)"=0.30;
r,=(1+1/343+1+8/3+1)"' =0.11.

The obtained membership degrees should be normalized, ie. #,=0.11/0.33=0.33;
r,,=0.04/0.33 = 0.12; r,=0.33/0.33=1.00; r,,=0.11/0.33=0.33; r,=0.30/0.33=091;
1,,=0.11/0.33=0.33.

Thus, fuzzy set E,, whose elements correspond to the 1st column of the fuzzy
relational matrix, takes the form:

E:

1

s > s > s

0.33 0.12 1.00 0.33 0.91 0.33
c’'c ¢ e e |
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The resulting expert fuzzy relational matrix takes the form:

E, E, E, E,
C 0.33 1.00 0.67 0.21
C, 0.12 0.10 0.33 1.00
R= C, 1.00 0.23 0.11 0.11
C, 0.33 0.33 1.00 0.21
C, 0.91 0.77 0.22 0.34
C, 0.33 0.90 0.67 0.21

The results of the fuzzy model tuning are given in Tables 6.1, 6.2.

Table 6.1. Parameters of the membership functions for the causes fuzzy terms before (after)

tuning

Fuzzy Parameters (5 -, 0 -)

terms Before tuning Genetic algorithm Neural net
G (0, 0.17) (0,0.114) (0,0.114)
C, 0.1,0.17) (0.091, 0.121) (0.091, 0.121)
C, 0.4,0.17) (0.430, 0.115) (0.446, 0.115)
C, 0.7,0.17) (0.703, 0.100) (0.711, 0.118)
C, 0.9,0.17) (0.919, 0.112) (0.919, 0.112)
C, (1.0, 0.08) (1.0, 0.041) (1.0, 0.041)

Table 6.2. Parameters of the membership functions for the effects fuzzy terms before

(after) tuning

Fuzzy Parameters (5 -, 0 -)

terms Before tuning Genetic algorithm Neural net
E, (0.15, 0.05) (0.171, 0.032) (0.172, 0.037)
E, (0.2, 0.05) (0.209, 0.040) (0.209, 0.040)
E, (0.25, 0.05) (0.257, 0.039) (0.259, 0.041)
E, (0.3, 0.05) (0.350, 0.037) (0.352, 0.040)
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Fuzzy relational equations after tuning take the form:

15 =S A02T)v (U© A0.13) v (1S A09T)v (1S A0.20) v (US A0.86) v (1% A0.21)
15 = (U A0.93) v (1 A0.09)v (1™ A0.28)v (1 A0.A4) v (1S A0T5)v (U ~0.82)
15 = (U A0.63)v (1 A4V (U AOIS)V (™ A0.95) v (1S A0.26) v (1™ A0.67)
15 = A012)v (U A0.88) v (1S AD.0T)v (U A0.08) v (1™ A0.32) v (1S A0.12) (6.15)

The results of solving the problem of inverse inference before and after tuning
are shown in Fig. 6.11 and 6.12. The same figure depicts the membership
functions of the fuzzy terms for the causes and effects before and after tuning.

Y
0.35
i
8
LS
&
-— [

Fig. 6.11. Solution to the problem of inverse fuzzy inference before tuning
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0.23; (b)

*

Fig. 6.12. Solution to the problem of inverse fuzzy inference after tuning:(a) y

0.24

*

y:
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Let a specific value of the output variable consists of y"=0.23. The measures of

the effects significances for this value can be defined with the help of the
membership functions in Fig. 6.12,a:

nt(y) =(u" =029; u* =0.78; u™=0.67; 4" =0.10).
The genetic algorithm yields a null solution

S = (uS =0.78, & =0.10, 1& =0.29, 4 =0.67, & =0.07, 4iS =0.45), (6.16)

for which the value of the optimization criterion (6.6) is F=0.0004.
The obtained null solution allows us to arrange for the genetic search for the

solution set S(R,p”), which is completely determined by the greatest solution
—C -G —G —G -G —Gs —G
p=( ¢ =078, ¢4 =0.12, x4 =029, 4 =0.67, u =0.12, u =0.78)
and the three lower solutions S° = {EIC, Ej , ESC}

po=(u =078, p* =0, u =029, u =0, u* =0, u* =0.67);
W =(p=0.78, w2 =0, u=0.29, u* =0.67, 4" =0, u'* =0);

n = =0, 4% =0, 4 =029, 1 =0, u =0, u =0.78).

Thus, the solution of fuzzy relational equations (6.15) can be represented in the
form of intervals:

SR, p") ={ 1 =078, 14 € [0,012]; 1 =029, 1 € [0,067; 1 e [0,012; 1 e [067,078]}

U {u=0.78; u© €1[0,0.12]; 1= =0.29; u“ =0.67; u< € [0,0.12]; < € [0,0.78]}

U{u“ €[0,078]; u© € [0,0.12]; 1 =029; u“ e [0,067]; 1 € [0,0.12]; x =0.78}.
(6.17)

The intervals of the values of the input variable for each interval in solution
(6.17) can be defined with the help of the membership functions in Fig. 6.12,a:

- x =0.060 or x" e [0.060, 1.0] for C,;

- x €[0.418, 1.0] for C,;

- x =0.264 or x =0.628 for C,;

- X' =0.628, x" € [0, 0.628], x" =0.794 or x" & [0.794, 1.0] for C, ;
- X" €[0,0.610] for C, ;

- x €[0.971,0.978], x € [0,0.978] or x =0.978 for C,.
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The restoration of the input set for y=0.23, i.e. points (0.264, 0.230), (0.628,

0.230), (0.794, 0.230) and (0.978, 0.230), is shown by the continuous line in Fig.
6.12, a, in which the values of the causes and effects significances measures are
marked. The rest of the found input values correspond to other values of the
output variable with the same measures of effects significances. The restoration of
these points is shown by the dotted line in Fig. 6.12,a.

Assume the value of the output variable has changed from y =0.23 to y =0.24
(Fig. 6.12,b). For the new value, the fuzzy effects vector is

o (y) =(u" =0.23; 4™ =0.62; u"=0.82; 4™ =0.11).

A neural adjustment of the null solution (6.16) has yielded a fuzzy causes
vector

S = (S =0.17, & =0.04, u& =0.23, u& = 0.82, 4& =0.09, & = 0.62)

for which the value of the optimization criterion (6.6) has constituted F=0.0001.
The resulting null solution has allowed adjustment of the bounds in the solution

(6.17) and generation of the set of solutions S(R,p”) determined by the greatest
solution

(& Cs

—C —C —G - —C, - —Cs
p = x4 =023, x4 =0.12, 4 =023, u =0.82, 4 =0.12, u  =0.62)
and the two lower solutions S* = { EIC , Ej}

po=(p =023, u® =0, u =0, u =0.82, u~ =0, u=0.62);
W =(u =0, 5 =0, p=0.23, u =0.82, u" =0, p* =0.62).

Thus, the solution of fuzzy relational equations (6.15) for the new value can be
represented in the form of intervals:

SR,p")={ 1 =023; 11 € [0,012% 14 € [0, 023} 1% =082, ™ € [0, 0.12}; 1 =062}
UL & e[0,023 1< e [0,0.12] 1 =023; 1 =082; 4% e [0,0.12]; 1 =062}
(6.18)

Solution (6.18) differs from (6.17) in the significance measures of the causes
C., C,, C, and C,, for which the ranges of the input variable have been

determined using the membership functions in Fig. 6.12,b:

- x =0.208 or x" € [0.208, 1.0] for C,;
- x =0.236, x" €0, 0.236], x =0.656 or x € [0.656, 1.0] for C;;
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- x =0.656 or x =0.766 for C,;
- x =0.968 for C,.

The restoration of the input set for y*=0.24, i.e., points (0.236, 0.240), (0.656,
0.240), (0.766, 0.240), is shown in Fig. 6.12,b.

6.10 Example 5: Oil Pump Diagnosis

Let us consider the algorithm’s performance having the recourse to the example of
the fuel pump faults causes diagnosis.
Input parameters are (variation ranges are indicated in parentheses):

x, —engine speed (2600 — 3200 rpm);
x, — filter clear area (30 — 45 cmz/kw);
X, = throat ring side clearance (0.1 — 0.3 mm);
x, —suction conduit leakage (0.5 — 2.0 cm 3/h);

X~ force main resistance (1.2-3.4 kg/cmz).

The fault causes to be identified (input term-assessments) are: ¢, — engine
speed x, drop; c, — decrease of clear area x,, i.e. filter clogging; ¢, (ci,) —
decrease (increase) of side clearance x,, i.e. assembling defect (throat ring wear-
out); ¢, — increase of leakage x,, i.e. fuel escape; c,, — high resistance of the
force main x;.

Output parameters are (variation ranges are indicated in parentheses):

y, — productivity (20-45 m’/h);
y, — force main pressure (3.7-5.5 kg/cm?);
v, —consumed power (15-30 kw);

¥, — suction conduit pressure (0.5-1.0 kg/em?®).

The observed effects (output term-assessments) are: e, — productivity y, fall;
e, (e, ) — force main pressure y, drop (rise); e, (e,, ) — consumed power Yy,
drop (rise); e,, — pressure in suction conduit y, rise.

We shall define the set of causes and effects in the following way:

{Cl’Cz’CwaCs’Cs}:{cu’ Cors G315 Ciay Cyy s 051}’

{El’Ez’EwEwEs’Es}:{en’ €1y €xny Gy €3 641}'
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“Causes-effects” relations were formed on the basis of expert assessments. For
example, the procedure of fuzzy relations construction for effect E, consists of the

following. Cause C, is the least important for effect E,. Therefore, we start
forming the matrix of paired comparisons A, (6.11) from the 3rd row. This row is

formed by an expert and contains the assessments, which define the degree of
advantage of the rest of the causes over C,. Not a single cause has an absolute

advantage over C,. Therefore, matrix A, contains a fictitious cause C,, where

C, has absolute advantage over C,. Matrix A, (6.11) is defined by the known
3rd row as follows:

ol C, C, C, C, C, c,
ol 1 PR 4 3 1 9/2
c, | 277 1 177 | 817 6/7 27 /7

A= G, 2 7 1 8 6 2 9
c, | 4 |8 | 1 1 3/4 1/4 9/8
o, | 13| w6 | 16 | 43 1 173 312
C, 1 7| 1n 4 3 1 92
c, |29 [ 9 [ 1o | 89 213 2/9 1

Matrix A, allows us to construct fuzzy set E, (6.10) using formula (6.12). The

degrees of membership r,, of causes C, to fuzzy set E, are defined as follows:

n,=0+7/2+41/2+4+43+1+9/2)™" =0.06;

1y =2/ T+141/7+8/7+6/7+2/7+9/7)" =0.20;
ry=Q+7+1+8+6+2+9)" =0.03;
ry=(/4+7/8+1/8+1+3/4+1/4+9/8)" =0.23;
ry=(/3+7/6+1/6+4/3+1+1/3+3/2)" =0.17;
r,=0+7/2+1/2+4+3+1+9/2)" =0.06;

7y, =(2/9+7/9+1/9+8/9+2/3+2/9+1)" = 0.26.
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The obtained membership degrees should be normalized, ie. #,=0.06/0.26 ~0.23;
1,,=0.20/026=0.77; r,=0.03/0.26=0.11; r,,=0.23/0.26=0.88; r,,=0.17/0.26=0.65;
r,, =0.06/0.26=0.23.

Thus, fuzzy set E,, whose elements correspond to the 1st column of the fuzzy

relational matrix, takes the form:

1

s s s > s

0.23 0.77 0.11 0.88 0.65 0.23
c’'c¢c’¢c e

The resulting expert fuzzy relational matrix takes the form:

E, E, E, E, E, E,
C, 0.23 090 | 044 | 088 | 011 | 076
c, 0.77 021 | 089 | 023 | 022 | 032
R= G 0.11 045 | 022 | 069 | 089 | 024
C, 0.88 021 | 067 | 012 | 011 | 068
C, 0.65 010 | 033 | 012 | 011 | 088
C, 0.23 055 | 011 | 081 | 040 | 0.12

For the fuzzy model tuning we used the results of diagnosis for 340 pumps. The
results of the fuzzy model tuning are given in Tables 6.3, 6.4 and in Fig. 6.13.

Table 6.3. Parameters of the membership functions for the causes and effects fuzzy terms
after genetic tuning

Fuzzy terms
Parameter , C, C, C, C. .
B- 2700 34.75 0.11 0.26 1.84 3.15
o - 107.12 3.18 0.04 0.05 0.33 0.65
Fuzzy terms
Parameter E E, E, E, E. E,
B- 22.79 3.84 5.32 15.94 28.84 0.89
o - 5.02 0.92 0.35 3.76 1.85 0.16
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Fig. 6.13. Membership functions of the causes (a) and effects (b) fuzzy terms after tuning

Table 6.4. Parameters of the membership functions for the causes and effects fuzzy terms

after neural tuning

Parameter

Fuzzy terms

o C, C, C, C, C,
B - 2700 32.27 0.11 0.28 1.82 3.19
o- 104.57 2.94 0.03 0.06 0.31 0.54
Fuzzy terms
Parameter E E, E, E, E, E,
B - 22.98 3.86 5.37 16.45 28.92 0.89
o - 4.93 0.87 0.38 3.54 1.82 0.17
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Diagnostic equations after tuning take the form:
15 =S A021) v (1S A0.T8) v (U A0.15)v (1S A0.84)v (1S A0.73)v (1S A0.18)
12 = A0.97)v (U= A020)v (1S A0.43)v (1 A018) v (1™ A0.14) v (1 A0.58)
15 = (U A0.48) v (US A0.59) v (1S A0.85)v (1 A0.63)v (4 A0.34) v (1 A0.12)
U5 = (U A0.94)v (1S A021) v (U A0.64) v (U AO.18) v (4 A0.16) v (4 A0.74)
15 = (U A0.16)v (1S A0.14)v (1S A0.92)v (11 A0.08) v (11 A0.10)v (11 A0.41)

15 = (U A0.64)v (U= A082)v (1S AD2D) v (1S A0.72) v (1S A0.99) v (1 A0.09)

(6.19)
Let us represent the vector of the observed parameters for a specific pump:

Y =(y =26.12m’h; y,=5.08 kg/em®; y;=24 kw; y,=0.781 kg/cm?).

The measures of the effects significances for these values can be defined with
the help of the membership functions in Fig. 6.13,b:

nf(Y)=(u® =0.71; 4™ =0.34; u*=0.63; u™ =0.18; u*=0.12; 1" =0.71).
The genetic algorithm yields a null solution
pe = (U =026, 4 =0.54, 4 =0.14, u$* =0.69, 15> =0.71, u5* =0.08) ,(6.20)
for which the value of the optimization criterion (6.6) is F=0.0144.
The obtained null solution allows us to arrange for the genetic search for the
solution set S(R,p”), which is completely determined by the greatest solution
—C —G —G, —G —C, —Cs —Ce
p-=(u =026, u =0.71, u "=0.16, 4 =0.71, 4 =0.71, u =0.16)
and the three lower solutions S° = {EIC, Ej , ESC}
po=(p =026, @ =071, = =0, u =0.63, u° =0, u =0);
B =7 =026, 4 =0, =0, i =0.T1, =0, p* =0);

B =(4 =026, 42 =0, u =0, u7 =0.63, u=0.71, u* =0).
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Thus, the solution of fuzzy relational equations (6.19) can be represented in the
form of intervals:

SR, p”) ={ 1& =006, & =071, 1 € 0016} 1 e PBOTLE 1 € POTIL 1S e [0016]}

U {1 =026; & e [0,071]; 1 e [0,0.16]; & =071; 4 e [0,071]; 4% e [0,0.16]}

U { S =026; 4 € [0,071]; 1© e [0,0.16]; 1 e [063,071]; 1 =071; 1 e [0,0.16]}.
6.21)

The intervals of the values of the input variables for each interval in solution
(6.21) can be defined with the help of the membership functions in Fig. 6.13,b:

xl =2877 rpm for C,;

- x;=34.15or x, € [34.15, 45] cm’/kw for C,;
- x, €[0.178,0.300] mm for C,;

- x,=0.242 or x; € [0.234, 0.242] mm for C,;
- x,=1.62 or x, €[0.5, 1.62] cm*/h for C,;

- x; €[1.2,1.95] kg/em® for C,.

The obtained solution allows the analyst to make the preliminary conclusions.
The cause of the observed pump state should be located and identified as the filter
clogging, the throat ring wear-out or fuel escape in the suction conduit (clear area
decreased up to 34.15-45 cmz/kw, side clearance increased up to 0.234-0.242 mm,
and leakage increased up to 0.5-1.62 cm’/h), since the significance measures of the
causes C,, C, and C; are sufficiently high. An assembly defect of the throat ring
for the side clearance within 0.178-0.300 mm should be excluded since the
significance measure of the cause C, is small. The engine speed reduced to 2877
rpm can also tell on the pump’s proper functioning, the significance measure of
which is indicative of the cause C;. Resistance of the force main increased up to
1.2-1.95 kg/cm® practically has no influence on the pump fault, so that the
significance measure of cause C; is small.

Assume a repeated measurement has revealed a decrease in the pump delivery
up to y, =24.97 m’/h and an increase in the suction pressure up to y,=0.792

kg/cm’, the values of 4" increasing up to 0.86, u" up to 0.75, and the values of

other parameters remaining unchanged.
A neural adjustment of the null solution (6.20) has yielded a fuzzy causes
vector

pS = =026, 4> =0.17, 48 =0.10, g5+ =0.93, 45 =0.75, u5° =0.05) ,

for which the value of the optimization criterion (6.6) has constituted F=0.0148.
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The resulting null solution has allowed adjustment of the bounds in the solution
(6.21) and generation of the set of solutions S(R,p”) determined by the greatest
solution

—C —G —G —G —C —Cs —GCs
R =(u =026, 4 =0.75, 4 =0.16, 4 =1.00, u =0.75, 4 " =0.16)
and the two lower solutions S* = { EIC , Ej}

po=(p =026, u* =075, = =0, u =0.84, u==0, u =0);
W =(p51 =026, 4> =0, u =0, ' =0.84, 1 =075, > =0).

Thus, the solution of fuzzy relational equations (6.19) can be represented in the
form of intervals:

SR, 1) ={ 4 =026 u =075, 4 € [0016} 1= € 08100} £ € 0075} 1 e DOI6]}
U{u =026; 4 € [0,075]; u© € [0,016]; 1 e [084,1.00]; 1 =075; 1 e [0,0.16]}.
(6.22)

Solution (6.22) differs from (6.21) in the significance measures of the causes
C,, C, and C;. The ranges of input variables have been determined for these

causes using the membership functions in Fig. 6.13,a:

- x,=33.97 or x, € [33.97, 45] cm’/kw for C,;
- x, €[0.254,0.300] mm for C,;
- x,=1.64 or x, € [0.5, 1.64] cm’/h for C,.

The solution obtained allows for the final conclusions. The state of the pump
being observed is due to the throat ring wear-out (the side clearance increased to
0.254-0.300 mm), since the significance measure of the cause C, is maximal. The

causes of the pump failure are still the filter clogging and fuel escape in the
suction conduit (the flow area decreased to 33.97-45 cm’kw and the leakage
increased to 0.5-1.64 cm3/h), since the significance measures of the causes C, and

C, are reasonably high. The values of other parameters have not changed.

To test the fuzzy model we used the results of diagnosis for 250 pumps with
different kinds of faults. The tuning algorithm efficiency characteristics for the
testing data are given in Table 6.5. Attaining an average accuracy rate of 95%
required 30 min of the operation of a genetic algorithm and 4 min of the operation
of a neural network (Intel Core 2 Duo P7350 2.0 GHz).
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Table 6.5. Tuning algorithm efficiency characteristics

Probability of the correct diagnosis
Number . .
.| Before tuning After tuning
Causes |of cases in
(diagnoses)| the data Refined
sample Null solution .
b (genetic algorithm) diagnoses
£ lcalg (neural network)
G 105 83/105=0.79 | 99/105=0.94 103 /105 =0.98
C, 203 164 /203 =0.81| 186/203=0.92 197 /203 =0.97
G, 59 52/59=0.88 54/59=091 57/59=0.97
C, 187 154 /187 =0.82| 174/187 =0.93 178 / 187 =0.95
C 94 85/94=0.90 90/94 =0.96 93/94 =0.99
C, 75 64/75=0.85 69/75=0.92 73/75=0.97
References
1. Sanchez, E.: Medical diagnosis and composite fuzzy relations. In: Gupta, M.M.,

10.

11.

12.

Yager, R.R. (eds.) Advances in Fuzzy Set Theory and Applications, pp. 437-444.
North-Holland, Amsterdam (1979)

Sanchez, E.: Inverses of fuzzy relations. Applications to possibility distributions and
medical diagnosis. Fuzzy Sets and Systems 2(1), 75-86 (1979)

Zadeh, L.: The Concept of Linguistic Variable and It’s Application to Approximate
Decision Making, p. 176. Mir, Moscow (1976)

Peeva, K., Kyosev, Y.: Fuzzy Relational Calculus Theory, Applications and Software,
CD-ROM, p. 292. World Scientific Publishing Company (2004), http://mathworks.net

. Sanchez, E.: Resolution of composite fuzzy relation equations. Information and

Control 30(1), 38-48 (1976)

Miyakoshi, M., Shimbo, M.: Lower solutions of systems of fuzzy equations. Fuzzy
Sets and Systems 19, 3746 (1986)

Di Nola, A., Sessa, S., Pedrycz, W., Sanchez, E.: Fuzzy Relation Equations and Their
Applications to Knowledge Engineering. Kluwer Academic Press, Dordrecht (1989)
De Baets, B.: Analytical solution methods for fuzzy relational equations. In: Dubois,
D., Prade, H. (eds.) Fundamentals of Fuzzy Sets. The Handbooks of Fuzzy Sets Series,
vol. 1, pp. 291-340. Kluwer Academic Publishers (2000)

Pedrycz, W.: Processing in relational structures: fuzzy relational equations. Fuzzy Sets
and Systems 40(1), 77-106 (1991)

Gottwald, S., Pedrycz, W.: Solvability of fuzzy relational equations and manipulation
of fuzzy data. Fuzzy Sets and Systems 18(1), 45-65 (1986)

Neundorf, D., Bohm, R.: Solvability criteria for systems of fuzzy relation equations.
Fuzzy Sets and Systems 80(3), 345-352 (1996)

Gottwald, S., Perfilieva, I.: Solvability and approximate solvability of fuzzy relation
equations. Intern. J. General Systems 32(4), 361-372 (2003)



192 Chapter 6 Inverse Inference with Fuzzy Relations Tuning

13. Pedrycz, W.: Inverse problem in fuzzy relational equations. Fuzzy Sets and
Systems 36(2), 277-291 (1990)

14. Pedrycz, W.: Approximate solutions of fuzzy relational equations. Fuzzy Sets and
Systems 28(2), 183-202 (1988)

15. Pedrycz, W.: Neurocomputations in relational systems. IEEE Trans. Pattern Analysis
and Machine Intelligence 13, 289-297 (1991)

16. Pedrycz, W.: Optimization schemes for decomposition of fuzzy relations. Fuzzy Sets
and Systems 100(1-3), 301-325 (1998)

17. Sanchez, E.: Fuzzy genetic algorithms in soft computing environment. In: Proc. Fifth
IFSA World Congress, XLIV-L (1993)

18. Pedrycz, W.: Fuzzy models and relational equations. Mathematical Modelling 9(6),
427-434 (1987)

19. Pedrycz, W.: Fuzzy modelling: fundamentals, construction and evaluation. Fuzzy Sets
and Systems 41, 1-15 (1991)

20. Pedrycz, W.: Genetic algorithms for learning in fuzzy relational structures. Fuzzy Sets
and Systems 69(1), 37-52 (1995)

21. Blanco, A., Delgado, M., Requena, J.: Identification of fuzzy relational equations by
fuzzy neural networks. Fuzzy Sets and Systems 71(2), 215-226 (1995)

22. Ciaramella, A., Tagliaferri, R., Pedrycz, W., Di Nola, A.: Fuzzy relational neural
network. International Journal of Approximate Reasoning 41(2), 146-163 (2006)

23. Rotshtein, A.: Design and tuning of fuzzy rule-based systems for medical diagnosis.
In: Teodorescu, N.-H., Kandel, A., Gain, L. (eds.) Fuzzy and Neuro-Fuzzy Systems in
Medicine, pp. 243-289. CRC Press (1998)

24. Rotshtein, A., Posner, M., Rakytyanska, H.: Cause and effect analysis by fuzzy
relational equations and a genetic algorithm. Reliability Engineering and System
Safety 91(9), 1095-1101 (2006)

25. Rotshtein, A., Rakytyanska, H.: Genetic Algorithm for Fuzzy Logical Equations
Solving in Diagnostic Expert Systems. In: Monostori, L., Véancza, J., Ali, M. (eds.)
IEA/AIE 2001. LNCS (LNAI), vol. 2070, pp. 349-358. Springer, Heidelberg (2001)

26. Rotshtein, A.P., Rakytyanska, H.B.: Fuzzy Relation-based Diagnosis. Automation and
Remote Control 68(12), 2198-2213 (2007)

27. Rotshtein, A.P., Rakytyanska, H.B.: Diagnosis Problem Solving using Fuzzy
Relations. IEEE Transactions on Fuzzy Systems 16(3), 664—675 (2008)

28. Rotshtein, A.P., Rakytyanska, H.B.: Adaptive Diagnostic System based on Fuzzy
Relations. Cybernetics and Systems Analysis 45(4), 623-637 (2009)

29. Rotshtein, A., Katel’nikov, D.: Identification of non-linear objects by fuzzy knowledge
bases. Cybernetics and Systems Analysis 34(5), 676-683 (1998)

30. Rotshtein, A., Mityushkin, Y.: Neurolinguistic identification of nonlinear
dependencies. Cybernetics and Systems Analysis 36(2), 179-187 (2000)

31. Gen, M., Cheng, R.: Genetic Algorithms and Engineering Design. John Wiley & Sons
(1997)

32. Tsypkin, Y.Z.: Information Theory of Identification, p. 320. Nauka, Moscow (1984)
(in Russian)

33. Rotshtein, A.: Modification of Saaty method for the construction of fuzzy set
membership functions. In: Proc. FUZZY 1997, Intern. Conf. on Fuzzy Logic and Its
Applications, Zichron Yaakov, Israel, pp. 125-130 (1997)

34. Saaty, T.L.: Mathematical Models of Arms Control and Disarmament. John Wiley &
Sons (1968)



Chapter 7
Inverse Inference Based on Fuzzy Rules

The wide class of the problems, arising from engineering, medicine, economics and
other domains, belongs to the class of inverse problems [1]. The typical
representative of the inverse problem is the problem of medical and technical
diagnosis, which amounts to the restoration and the identification of the unknown
causes of the disease or the failure through the observed effects, i.e. the symptoms or
the external signs of the failure. The diagnosis problem, which is based on a cause
and effect analysis and abductive reasoning can be formally described by neural
networks [2] or Bayesian networks [3, 4]. In the cases, when domain experts are
involved in developing cause-effect connections, the dependency between
unobserved and observed parameters can be modelled using the means of fuzzy sets
theory [5, 6]: fuzzy relations and fuzzy IF-THEN rules. Fuzzy relational calculus
plays the central role as a uniform platform for inverse problem resolution on
various fuzzy approximation operators [7, 8]. In the case of a multiple variable
linguistic model, the cause-effect dependency is extended to the multidimensional
fuzzy relational structure [6], and the problem of inputs restoration and identification
amounts to solving a system of multidimensional fuzzy relational equations [9, 10].
Fuzzy IF-THEN rules enable us to consider complex combinations in cause-effect
connections as being simpler and more natural, which are difficult to model with
fuzzy relations. In rule-based models, an inputs-outputs connection is described by a
hierarchical system of simplified fuzzy relational equations with max-min and dual
min-max laws of composition [11 — 13].

In works [14 — 16], an expert system using a genetic algorithm [17] as a tool to
solve the diagnosis problem was proposed. The diagnosis problem based on a
cause and effect analysis was formally described by the single input single output
fuzzy relation approximator [18 — 20]. This chapter proposes an approach for
inverse problem solution based on the description of the interconnection between
unobserved and observed parameters of an object (causes and effects) with the
help of fuzzy IF-THEN rules. The problem consists of not only solving a system
of fuzzy logical equations, which correspond to IF-THEN rules, but also in
selection of such forms of the fuzzy terms membership functions and such weights
of the fuzzy IF-THEN rules, which provide maximal proximity between model
and real results of diagnosis [21].

The essence of the proposed approach consists of formulating and solving the
optimization problems, which, on the one hand, find the roots of fuzzy logical
equations, corresponding to IF-THEN rules, and, on the other hand, tune the fuzzy

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 193 -233.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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model using the readily available experimental data. The hybrid genetic and neuro
approach is proposed for solving the formulated optimization problems.
This chapter is written on the basis of [11 — 13].

7.1 Diagnostic Approximator Based on Fuzzy Rules

The diagnosis object is treated as a black box with n inputs and m outputs (Fig. 7.1).
Outputs of the object are associated with the observed effects (symptoms). Inputs
correspond to the causes of the observed effects (diagnoses). The problem of
diagnosis consists of restoration and identification of the causes (inputs) through the
observed effects (outputs). Inputs and outputs can be considered as linguistic
variables given on the corresponding universal sets. Fuzzy terms are used for these
linguistic variables evaluation.

Rule 1: IF xj=term 11 AND ...x,=termnl  THEN y;=term 11 AND ...y, = term ml

A LA, LA,

Rule K: IF xy=term 1K AND ...x,=term nK THEN y|=term IK AND ...y, = term mK

VAN Vi I VAT AN
I P

Fig. 7.1. Object of diagnosis

N
3

We shall denote the following:

{x,,x,,...,x,} is the set of input parameters, x, € [)_c,.,;c,-] , izl,_n ;
{»:¥,-,} is the set of output parameters, y; € [Xj,;j] s J :l,_m;
{ci,¢is,-.0rCy ) 1s the set of linguistic terms for parameter x; evaluation, i = L_n ;

{e,.€;5,-r¢;, } is the setof linguistic terms for parameter y, evaluation, j = Lm.
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Each term-assessment is described with the help of a fuzzy set:

= G u ()Y, i=ln, 1 =1k ;
e, =y, 7 (Y D}s J =Lm, p =1g; .
where ¢ (x;) is a membership function of variable x, to the term-assessment c, ,
i= I,_n , 1= E ;
4" (y;) is a membership function of variable y, to the term-assessment e,

J=lm, p=1lg,.

We shall redenote the set of input and output terms-assessments in the
following way:

{C,Cohs Oyl =6, Cpens € 5oy €415 Cpses €, ) S the set of terms for input

parameters evaluation, where N =k +k, +...+k_;

{EI,EZ,...,EM}z{ell,elz,...,elql,...,eml,e e} is the set of terms for

m2°°°*2 “mgq,,

output parameters evaluation, where M =g, +¢q, +...+q,, .

Set{C,,I = I,_N } is called fuzzy causes (diagnoses), and set { E,, J =1,M }

is called fuzzy effects (symptoms).
Causes - effects interconnection can be represented using the expert matrix of
knowledge (Table 7.1).

Table 7.1. Fuzzy knowledge base

Inputs Outputs
Ne rule . : .
X, X, | ... X, y, | Weight| ¥, | Weight Y, | Weight
1 all a21 s anl bll Wll b21 W21 ml Wml
2 a12 a22 e anZ blZ W12 b22 W22 m?2 Wm2
K alK a2K e anK blK WIK bZK WZK o me WmK

The fuzzy knowledge base below corresponds to this matrix:
Rule 7:1F x,=a, AND x,=a,, ... AND x, =aqa,
THEN y,=b, (with weight w;,)
AND y,=b,, (with weight w,, ) ...
AND y =b  (with weight w, ), [=1K; (7.1
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where a, is a fuzzy term for variable x, evaluation in the rule with number /;
bﬂ is a fuzzy term for variable \ evaluation in the rule with number [ ;
W, is a rule weight, i.e. a number in the range [0, 1], characterizing the

measure of confidence of an expert relative to the statement with number I ;

K is the number of fuzzy rules.
The problem of diagnosis is set in the following way: it is necessary to restore

and identify the values of the input parameters (x,,x,,...,x,) through the values of

the observed output parameters (Y, , y,,--., Y, ) -

7.2 Interconnection of Fuzzy Rules and Relations

This fuzzy rules base is modelled by the fuzzy relational matrices presented in
Table 7.2. These relational matrices can be translated as a set of fuzzy IF-THEN
rules
IF X=A4,
(i.e., x,=C, (with weight v, )
AND ... x,=C, (with weight v, ) ...
AND x,= Cy (with weight vy;) )
THEN y,=E, (with weight r,,) (7.2)

Here A, is the combination of input termsinrule L, L=1K .

Table 7.2. Fuzzy relational matrices

IF inputs THEN outputs
X, X, Y oo Yioobd oo
|| Gty e |Cit| oee | Gk |oo| Cat |- | Gk, | €11 |-+ | G1g, €ql ... equ A€l - | €mg,,
G G Cy | E E, E,
Ay Vi Vv | hi hy Iim
A lvy, Vi Vi | T "y Tm
Ay |Vix Vik Vi | i Txs Tkm
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“Causes — rules — effects” interconnection is given by the hierarchical system of
relational matrices V< C, xA, =[v, , =I,N,L=1,K]and RC A XE =[r,,
L= I,_K, J= I,_M]. An element of binary matrix V is the weight of term
v, €{0,1}, where v, =1(0) if term C, is present (absent) in the causes
combination A, . An element of fuzzy relational matrix R is the weight of rule
r,, € [0, 1], characterizing the degree to which causes combination A, influences
upon the rise of effect E, .

Given the matrices R and V, the “causes-effects” dependency can be described

with the help of Zadeh’s compositional rule of inference [5]

p"=p'oR, (7.3)
where

pt=pcev., (7.4)
Here V is the complement of the matrix of terms weights V ;

nE =, u>,..., u) is the fuzzy causes vector with elements u“ € [0, 1],
interpreted as some significance measures of C, causes;

W=, u ..., ") is the fuzzy effects vector with elements 4™ € [0, 1],
interpreted as some significance measures of E, effects;

W=, u™,..., 1u™) is the fuzzy causes combinations vector with elements
u* €10, 1], interpreted as some significance measures of A, causes
combinations;

e (o) is the operation of min-max (max-min) composition [5].

Finding vector p® amounts to the solution of the hierarchical system of

simplified fuzzy relational equations with max-min and dual min-max laws of
composition

uh = (ut /\r”)\/(,uA2 /\r21)\/...v(,uA" ATyy)

U= ARV (U ATV (U AT)

M= (U ARV (WS AT )V v (U AT (7.5
where

1t =S V) AU V) A AT V)

1= (UG V) AU NV Yn) A AUV Nn)

w1 = (U Vi) AUS Vi) A AU V) (7.6)
which is derived from relations (7.3) and (7.4).
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Since the operations v and A are replaced by max and min in fuzzy set theory
[5], systems (7.5) and (7.6) can be rearranged as:

yE-’ :ng((min(y ), J =1L.M, (7.7)
L=1.K
where
p* = min(max(u” i), L =LK (7.8)
or
U = m@((min(mm(max(yc’,;,L)),ru)j, J :I,_M. (7.9)
L=1.K I=1,N

To translate the specific values of the input and output variables into the
measures of the causes and effects significances it is necessary to define a

membership function of linguistic terms C, and E,, I =1,_N, J =1,_M, used in

the fuzzy rules (7.1). We use a bell-shaped membership function model of variable
u to arbitrary term 7 in the form:

1
7T

where A is a coordinate of function maximum, 4" (f)=1; o is a parameter of

M )= (7.10)

concentration-extension.
Correlations (7.9), (7.10) define the generalized fuzzy model of diagnosis as
follows:

n“(Y.B,.Q,)=F,(X,R,B..Q.), (7.11)

where R=(1,,5,,....1; T

(PN S P
B, =(5°, 8% ,...,ﬂc” ) and Q. =(0“,0%,...,0) are the vectors of /3 - and
o - parameters for fuzzy causes C,, C,,..., C,, membership functions;
=85, B%,...p") and Q,=(c",0",...,0") are the vectors of [ -
and o - parameters for fuzzy effects E,, E,,..., E,, membership functions;
F, is the operator of inputs-outputs connection, corresponding to formulae

(7.9), (7.10).

1) 1s the vector of rules weights;

7.3 Optimization Problem for Fuzzy Rules Based Inverse
Inference

Following the approach, proposed in [14 — 16], the problem of solving fuzzy logic

equations (7.9) is formulated as follows. Fuzzy causes vector p¢=(x“,u,....u )
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should be found which satisfies the constraints ,uC’ e[0,1], I = I,_N, and also
provides the least distance between observed and model fuzzy effects vectors:

M _ 2
F :;[ﬂEj —E%((min(£u£(max(ﬂc’ Vi), 1y, )H = m"in . (7.12)

1

Solving hierarchical system of fuzzy relational equations (7.9) is accomplished
by way of consequent solving system (7.7) with max-min law of composition and
system (7.8) with min-max law of composition.

The problem of solving fuzzy logic equations (7.7) is formulated as follows.

Fuzzy causes combinations vector p* =( u#*,u™ ..., 1" ) should be found which

satisfies the constraints yAL e[0,1], L = 1,_K, and also provides the least
distance between observed and model fuzzy effects vectors:

2

M
P =3[ —pagminta [ < min 019

The problem of solving fuzzy logic equations (7.8) is formulated as follows.

Fuzzy causes vector p¢=(u“,u%,...,u ), should be found which satisfies the

constraints #c, e[0,1], I = I,_N , and also provides the least distance between
observed and model fuzzy causes combinations vectors:

F, :i[ﬂAL _{T:H%(max(/lc' 7\:IL))j| =min (7.14)

Following [8], in the general case, system (7.7) has a solution set S(R,p"),

—A
which is completely characterized by the unique greatest solution p and the set

of lower solutions S*(R,pE) ={ p:, k= L_T} :

—A
sRat) = [ulw']. (1.15)
E?ES»
—A —A —A —A A A A, Ag
Here p =(u™,u™,....a" ) and " :(ﬁk Ml ) are the vectors of the
upper and lower bounds of causes combinations A, significance measures, where

the union is taken over all u: e S R,n").
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For the greatest solution l_LA , system (7.8) has a solution set E(EA) , which is

completely characterized by the unique least solution uc and the set of upper

o) = U o |

Here EC =( EC', ECZ,..., EC”) and ;_L,C =(@’,4c,....,m™ ) are the vectors of the

lower and upper bounds of causes C, significance measures, where the union is
taken overall p, € D (u )

For each lower solution u: , k= 1,_T , system (7.8) has a solution set D, (p?) R

which is completely characterized by the unique least solution uf and the set of

}:

p.whH = [gfﬁﬂ (7.17)

—C_
My €Dy

upper solutions QZ (p?) = {l_lz J=1LH,

—c _

Here E;f =( g:‘ ’ﬁfl ,...,gf“’ )y and p,=(4,HZ,....[A," ) are the vectors of the
lower and upper bounds of causes C, significance measures, where the union is
taken over all I—chl € QZ (p?) .

Following [14 — 16], formation of diagnostic results begins with the search for
the null solution p§ = (', 42 ,....,4c") of optimization problem (7.12).
Formation of intervals (7.15) begins with the search for the null vector of the
causes combinations significances measures . (n)= (g, 4" ..., 45 ), which
corresponds to the obtained null solution p{ . The upper bound (ZAL ) is found in

the range [4,",1]. The lower bound (EfL) for k =1 is found in the range

[0,4," ], and for k >1 — in the range [O,;AL 1, where the minimal solutions p*,

p <k , are excluded from the search space.

Let p*(t)=(u" (t), 1™ t),...., 4™ (1)) be some t-th solution of optimization

problem (7.13). While searching for upper bounds (;AL) it is suggested that
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U (1) = u™ (t—1), and while searching for lower bounds ( E:L ) it is suggested
that ™ (1)< u™ (t—1) (Fig. 7.2a). The definition of the upper (lower) bounds
follows the rule: if p'()#p"(r—1), then u™ (p*)=u"@), L = LK. If
n'(t)=p"(t—1), then the search for the interval solution [Ei,;_LA] is stopped.

Formation of intervals (7.15) will go on until the condition E: # Ei’ p <k, has

been satisfied.
Formation of intervals (7.16) begins with the search for the null solution

1_15 = (;OC' ,;gz ,...,;OCN) for the greatest solution |_1A . The lower bound ( gcl ) of
solution set (7.16) is found in the range [O, Z(f' 1. The upper bound (ZIC' ) for

! =1 is found in the range [;g’ ,1], and for [ >1 — in the range [EC’ , 1], where

—C,
the maximal solutions p' , p <l ,are excluded from the search space.

Formation of intervals (7.17) begins with the search for the null solutions
psk = (EOCIL’EOCZ’EOCI:) for each of the lower solutions u: , k=1,T . The lower

bound ( EZ’ ) of solution set (7.17) is found in the range [O, Eg;] . The upper bound
(;2’ ) for [ =1 is found in the range [Eoci’l]’ and for / >1 - in the range

[Ef’ , 1], where the maximal solutions ;Z , p<l, are excluded from the search
space.

Let pc (t):(yc' (1), ycz ),..., ,uCN (1)) be some ¢-th solution of optimization
problem (7.14). While searching for upper bounds (ZIC' or ;Z’ ) it is suggested
that 4 (t)> u“ (t—1), and while searching for lower bounds ( EC’ or Ef’ ) it is
suggested that u (1)< u“ (t—1) (Fig. 7.2b,c). The definition of the upper
(lower) bounds follows the rule: if p(t) #p°(t—1), then ZIC' ( EC’ )= (t) or
;ZI (E? )=ﬂc’ @, I = I,_N If uc(t) = uc (t—1), then the search for the
interval solution [EIC,;_LC] or [EZ’EE] is stopped. Formation of intervals (7.16)

and (7.17) will go on until the conditions |_11C ;t;i and |_1,f, ¢|_1kc,p, p<l, have

been satisfied.
The hybrid genetic and neuro approach is proposed for solving optimization
problems (7.12) — (7.14).
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Fig. 7.2. Search for the solution sets (7.15) (a), (7.16) (b), (7.17) (c)
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7.4 Genetic Algorithm for Fuzzy Rules Based Inverse Inference

The chromosome needed in the genetic algorithm [14 —16] for solving
optimization problems (7.12) — (7.14) includes the binary codes of parameters

u“, 1 =1,N,and u*, L = 1,K (Fig.7.3).

;:Cl pC2 ;:CN ;:Al pAz #AK

Fig. 7.3. Structure of the chromosome

The crossover operation is defined in Fig. 7.4, and is carried out by way of
exchanging genes inside each of the solutions £ and u* . The points of cross-

over shown in dotted lines are selected randomly. Upper symbols (1 and 2) in the
vectors of parameters correspond to the first and second chromosomes-parents.

C Cyi Cyt A Ay ! A

Hy li :”12i ‘ o ot ; uypt ‘ ]
Gl % T A Ay | Ag
/“215 ”22: ﬂ2NE pzl: ui? uik
Q| Gie CyiCn| 4l a4 [ 4] 4 Al A
iy ;:12‘;122‘ R S . 1“22‘ ‘ "
a:. ¢l 6 c Cy: Cn| a4t 4| 4] 4 Ag| 4
My |y N Nt Ty IV

Fig. 7.4. Structure of the crossover operation

A mutation operation implies random change (with some probability) of
chromosome elements

C C, —C .
Mu (u '):RANDOM([E LU }),

A AL —AL
Mu (u L):RANDOM([E U ])

where RANDOM ([lc,;]) denotes a random number within the interval [x, ;c] .
Fitness function is built on the basis of criteria (7.12) — (7.14).



204 Chapter 7 Inverse Inference Based on Fuzzy Rules

7.5 Neuro-fuzzy Network for Fuzzy Rules Based Inverse
Inference

The neuro-fuzzy networks isomorphic to the systems of fuzzy logical equations
(7.7)-(7.9), are presented in Fig. 7.5, a-c, respectively, and the elements of the
neuro-fuzzy networks are shown in Table 3.1 [16].

The network in Fig. 7.5,a is designed so that the adjusted weights of arcs are

the unknown significance measures of causes combinations uAL , L = R The
network in Fig. 7.5b is designed so that the adjusted weights of arcs are the
unknown significance measures of causes ,UC’ , 1 = 1,_N

Network inputs in Fig. 7.5a are elements of the matrix of rules weights. As
follows from the system of fuzzy relational equations (7.7), the rule weight 7, is
the significance measure of the effect #* provided that the significance measure
of the causes combination x* is equal to unity, and the significance measures of
other combinations are equal to zero, i. €., r,, =4 (u™ =1, u* =0), P = 1K,
P# L. At the network outputs, actual significance measures of the effects
ILnf%([min(ﬂAL ,7,,)] obtained for the actual weights of arcs " are united.

Network inputs in Fig. 7.5,b are elements of the matrix of terms weights. As
follows from the system of fuzzy relational equations (7.8), the term weight v,, is
the maximal possible significance measure of the cause £ in the combination

AL
u
min(#“,v, ) obtained for the actual weights of arcs ©“ are united.

. At the network outputs, actual significance measures of the causes

The neuro-fuzzy model in Fig. 7.5¢ is obtained by embedding the matrix of
fuzzy relations into the neural network so that the adjusted weights of arcs are the

unknown significance measures of the causes ,UC’ , 1 = 1,_N Network inputs in
Fig. 7.5,c are elements of the matrix of terms weights. At the network outputs,

actual significance measures of the effects max (min (mm(ﬂc’ Vst )) obtained
L=1,K I=1,N

for the actual weights of arcs 4 and r,, are united.

Thus, the problem of solving the system of fuzzy logic equations (7.9) is
reduced to the problem of training of a neuro fuzzy network (see Fig. 7.5¢) with
the use of points

(VIL,VZL,...,VNL,,UE’), L=1K,J =1.M.

The problem of solving the system of fuzzy logic equations (7.7) is reduced to
the problem of training of a neuro fuzzy network (see Fig. 7.5a) with the use of
points

(r,,r T ,uE’), J =1M .

1>7 2722 "KJ >
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Fig. 7.5. Neuro-fuzzy models of diagnostic equations
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The problem of solving the system of fuzzy logic equations (7.8) is reduced to
the problem of training of a neuro fuzzy network (see Fig. 7.5b) with the use of
points

(VIL’VZL""’VNL’IUAL )? L =1’_K .

The adjustment of parameters of the neuro-fuzzy networks employs the
recurrent relations
1) = 4 (1) -
lll lll aﬂcl (t) b

E

o€
L+l =pt ()~ L 7.18
M+ =1 (1) ”aw(r) (7.18)

A

Je
S+ =u"(1)- L,
L@+ = 1 (1) Uy

that minimize the criteria

g = %(ﬁE(t) -nf @), (7.19)

A 1 ~A
& =20 O-p' ), (7.20)

where fi(¢) and p”(r) are the experimental and the model fuzzy effects vectors
at the #-th step of training;

fi*(¢) and p”(r) are the experimental and the model fuzzy causes combinations
vectors at the #-th step of training;

ycl (t) and yAL (t) are the significance measures of causes C, and causes
combinations A, at the #-th step of training;

7 is a parameter of training, which can be selected according to the results

from [22].
The partial derivatives appearing in recurrent relations (7.18) characterize the

sensitivity of the error (&° or £*) to variations in parameters of the neuro-fuzzy

network and can be calculated as follows:

agtE _ il: aglE i|:a;qu a‘uAL :|:|
C, >

ws Slou" Sl o™ s
degf i dgf ou” | 0! _ i dg!  ut
aﬂAL = a/lEj a/lAL > a‘llcl ~ alLlAL a/lc’ :

Since determining the element “fuzzy output” from Table 3.1 involves the min and
max fuzzy-logic operations, the relations for training are obtained using finite
differences.
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7.6 Problem of Fuzzy Rules Tuning

It is assumed that the training data which is given in the form of L pairs of

experimental data is known: <)A(p,?p>, p=1L, where f(p =(x/,X},....,x") and

?p =(3',9),....,9") are the vectors of the values of the input and output variables
in the experiment number p.

The essence of tuning of the fuzzy model (7.11) consists of finding such null
solutions p(%”,%7,...,%”) of the inverse problem, which minimize criterion
(7.12) for all the points of the training data:

L
DE G G AL R =5 (57, 52, 300 = min:

p=1

In other words, the essence of tuning of the fuzzy model (7.11) consists of
finding such a vector of rules weights R and such vectors of membership
functions parameters B., Q., B,, ., which provide the least distance

between model and experimental fuzzy effects vectors:
L
YIFX, R B, Q)-A" (Y, B.Q)F = min - (7.21)

p=1 R.Bc.Qc By, .2

7.7 Genetic Algorithm for Fuzzy Rules Tuning

The chromosome needed in the genetic algorithm [23, 24] for solving the
optimization problem (7.21) is defined as the vector-line of binary codes of
parameters R, B., Q., B,, Q, (Fig. 7.6).

R B¢ Qc Bp Qp

Fig. 7.6. Structure of the chromosome

The crossover operation is defined in Fig. 7.7, and is carried out by way of
exchanging genes inside the vector of rules weights (R ) and each of the vectors
of membership functions parameters B., Q., B,, .. The points of cross-over
shown in dotted lines are selected randomly. Upper symbols (1 and 2) in the
vectors of parameters correspond to the first and second chromosomes-parents.
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R' | Be | Qe | Bl | Qj |
R? | BZ | Q7 | B ! o |
R R (s B2 [of a2 [sh (8} [0l o2
R> /R' |BZ B |@% (ol |[Bf B (@7 ol

Fig. 7.7. Structure of the crossover operation

A mutation operation implies random change (with some probability) of
chromosome elements:

Mu (ﬂc')=RANDOM( [ B ,BC’J ) S Mu (6C1)=RANDOM( [ o“ ,EC’] );
Mu (B%) = RANDOM( [ B3 } ) ; Mu(c")= RANDOM( [g‘?/ o } ) ;
Mu (r,,) = RANDOM ([r,,, rus 1) 5

where RANDOM ([lc,;]) denotes a random number within the interval [x, ;c] .
The fitness function is built on the basis of criterion (7.21).

7.8 Adaptive Tuning of Fuzzy Rules

The neuro-fuzzy model of the object of diagnostics is shown in Fig. 7.8, and the
nodes are represented in Table 3.1. The neuro-fuzzy model in Fig. 7.8 is obtained
by embedding the matrices of fuzzy relations into the neural network so that the
weights of arcs subject to tuning are rules weights (fuzzy relations) and the
membership functions for causes and effects fuzzy terms [16, 25].
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C A
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Fig. 7.8. Neuro-fuzzy model of the object of diagnostics

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

og, .
r,+)=r,t)-n o, () 5

¢,
9f“ (1)
o€ o€

% sE ) =0 (1) - ' 722
g O = Omna s U0

minimizing criterion (7.19) are used, where
r,,(t) are fuzzy relations (rules weights) at the 7-th step of training;

;o (t+)=0()-n %2,

C; — C; _
B+l =" 0)-n 360

BYa+)=p"1)-n

B (1), o (), B (), o™ (f) are parameters of the membership functions for
causes and effects fuzzy terms at the #-th step of training.

The partial derivatives appearing in recurrent relations (7.22) characterize the
sensitivity of the error (&, ) to variations in parameters of the neuro-fuzzy network
and can be calculated as follows:

dg, _ dg  ou"(X),

t
9

a,  ou(X) on,
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o€, M 0€, Kl ou®™ (x) ou™(x,) ou (x,)
= Sl S e )

Sl o (x) Fout () W (x) B

% _ [ oe oo o) ut ]|
aGC’ - J=1 a,UE'/ (X,-) L=1 aﬂAL(xi) a;uc’ (xi) aGCl ,

de,  dg U (y). e de,  ou"(y)

0B ouF(yy  op" T 090" P (y) 00"

Since determining the element “fuzzy output” (see Table 3.1) involves the min
and max fuzzy-logic operations, the relations for training are obtained using finite
differences.

7.9 Computer Simulations

The aim of the experiment consists of checking the performance of the above
proposed models and algorithms with the help of the target “two inputs (x,,x,) —

two outputs (y,,y,)” model. Some analytical functions y=f, (x,x,) and
v,=f,(x,,x,) were approximated by the combined fuzzy knowledge base, and

served simultaneously as training and testing data generator. The input values
(x,,x,) restored for each output combination (y,,y,) were compared with the

target level lines.
The target model is given by the formulae:

Y, =fl(x1,x2)=%(2z—0.9) (Tz-1) (17z-19) (15z-2),  (7.23)

1
Yo = fr(x,%,) :_E)ﬁ +1,

(%, =3.0% +(x, —2.5)°
40 '
The target model is represented in Fig. 7.9.

where z
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Fig. 7.9. “Inputs-outputs” model-generator

The fuzzy IF-THEN rules correspond to this model:

Rule 1: IF x, =L AND x,=L THEN y,=hA AND y,=IA;

Rule 2: IF x,=A AND x,=L THEN y,=hL AND y,=A;

Rule 3: IF x,=H AND x, =L THEN y,=hA AND y,=IA;

Rule 4: IF x, =L AND x,=H THEN y =hL AND Yy, =A;

Rule 5: IF x,=A AND x,=H THEN y,=H AND y,=L;

Rule 6: IF x,=H AND x,=H THEN y,=hL AND y,=A.

where the total number of the input and output terms-assessments consists of:
¢, Low (L), c,, Average (A), c,, High (H) for x,, ¢, (Low), c,, (High) for x,;
e,, higher than Low (hL), e, higher than Average (hA), e, High (H) for y,; e,
Low (L), e,, lower than Average (IA), e,, Average (A) for y,.
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We shall define the set of causes and effects in the following way:

{Cncz’---’cs }:{611,612,613,621,622 };

{EI’EZ”"’EG}_{ €1y €y €35 €y €y €y

This fuzzy rule base is modelled by the fuzzy relational matrix presented in
Table 7.3.

Table 7.3. Fuzzy knowledge matrix

IF inputs THEN outputs
M Y2
X X2

hL hA H L IA A
A L L 0 1 0 0 1
A, A L 1 0 0 0 0 1
A; H L 0 1 0 0 1 0
Ay L H 1 0 0 0 0 1
As A H 0 0 1 1 0 0
Ag H H 1 0 0 0 0 1

The results of the fuzzy model tuning are given in Tables 7.4, 7.5.

Table 7.4. Parameters of the membership functions for the causes fuzzy terms before (after)
tuning

Fuzzy terms
G C, C, C, C,
B - 0(0.03) | 3.0(3.03) | 6.0(5.98) | 0(0.02) | 3.0(3.05)
o - 1.0 (0.71) | 2.0(0.62) | 1.0(0.69) | 1.0(0.73) | 2.0 (0.60)

Parameter
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Table 7.5. Parameters of the membership functions for the effects fuzzy terms before
(after) tuning

Fuzzy terms
Parameter E, E, E, E, E, E,
B - 0(0.02) | 1.0(1.10) | 3.5(3.36) |-0.7 (-0.67)| 0.5 (0.44) | 0.8 (0.89)
o - 0.5(0.27) |1 0.5(0.29) | 2.0 (1.91) | 2.0 (1.70) | 0.5 (0.31) | 0.5 (0.25)

Fuzzy logic equations after tuning take the form:
U5 =™ A0.T5)v (1™ A0.78) v (1™ A0.86)
U= =" A0.80)v (u™ A0.92)
U =" ~0.97)
U =t A0.50)v (1™ A0.48) v (1™ A0.77)

U5 =t A0.76)v (1™ A0.72)

1 =(u™ A0.96)v (1™ A0.82)v (1™ A0.87) , (7.24)
where
1t =4 A U
1= A
1= 4 Ay
1= 4 Ay
1= A U
phE=pe A s (7.25)

The results of solving the problem of inverse inference before and after tuning
are shown in Fig. 7.10, 7.11. The same figure depicts the membership functions of
the fuzzy terms for the causes and effects before and after tuning.
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E;

E,E EsEs E,

X2 X
Fig. 7.10. Solution to the problem of inverse fuzzy inference before tuning

Let the specific values of the output variables consist of y, =0.20 and y,=0.80.
The fuzzy effects vector for these values can be defined with the help of the
membership functions in Fig. 7.11:

p =4 (y))=0.69; u™ (y,)=0.09; u" (y;)=0.27;
15 (3)=0.57; 1" (y,)=0.43; u" (y,)=0.89).

The genetic algorithm yields a null solution of the optimization problem (7.12)
nS = =026, 45> =093, u =0.20, 45+ =0.89, 4 =0.42) , (7.26)

for which the value of the optimization criterion (7.12) is F=0.1064.
The null vector of the causes combinations significances measures

p =t =0.26, 1> =0.89, 1> =0.20, 4 =0.26, ui* =0.42, u =0.20)
corresponds to the obtained null solution.
The obtained null solution allows us to arrange for the genetic search for the

solution set S(R,pn”), which is completely determined by the greatest solution

—A —A4 —4A —A —A —As —A
pt=( 1" =026, 4" =0.89, " =026, 1" =0.75, u" =0.42, u"*=0.75)
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and the two lower solutions S* = { EIA’ E?}

p'=(ut =026, =089, u" =0, u* =0, u*=0.42, u'*=0y;

W= =0, p*=0.89, u* =026, " =0, > =0.42, u’* =0).
Thus, the solution of fuzzy relational equations (7.24) can be represented in the
form of intervals:

SR, p") ={ u™ =026, u™ =089, 1™ € [0,026], u™ € [0,075), u™ =042, ™ e [0,075]}
U{u* €[0,026], u*=0.89, u™ =026, u™ € [0,0.75], u* =042, u’ € [0,0.75]}.
(7.27)

We next apply the genetic algorithm for solving the optimization problem
(7.14) for the greatest solution i* and the two lower solutions plA and p? .

For the greatest solution i*, the genetic algorithm yields a null solution of the
optimization problem (7.14)

—c  —q —C, — —c, —C;
m, = (i, =049, 11," =0.96, 1, =049, 1,' =0.90, 1,” =049),  (7.28)

for which the value of the optimization criterion (7.14) is F=0.2459.
The obtained null solution allows us to arrange for the genetic search for the

solution set D (p"), which is completely determined by the least solution

pe=( u" =049, u* =089, =049, u“ =089, u“=0.49)

and the two upper solutions D = {;f»ﬁf}

no=(u =049, u* =0.89, 1 =049, 1" =1.0, . =0.49);
- —q —, —C; —c, —C;s
w, =(u, =049, u,” =1.0, u, =0.49, u, =0.89, u, =0.49).
Thus, the solution of fuzzy relational equations (7.25) for the greatest solution f*
can be represented in the form of intervals:
D (m*)={ 4 =0.49, u“=0.89, u“=0.49, u“ €1[0.89, 1.0], u==0.49}
U{ u% =049, 4= €[0.89, 1.0], £“=0.49, u“ =0.89, ==0.49}. (7.29)

For the first lower solution Ef , the genetic algorithm yields a null solution of

the optimization problem (7.14)

R o= (=013, 4 =089, 4 =0, 4t =094, 4% =0.42),  (7.30)

—01 —01 —01 —01 —01

for which the value of the optimization criterion (7.14) is F=0.0338.
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The obtained null solution allows us to arrange for the genetic search for the

solution set D, (ElA) , which is completely determined by the least solution

pe=( p“=0.13, u®=0.89, 4= =0, u“ =0.89, u*=0.42)

and the two upper solutions QT = {Elc,ﬁf}

- —q —C, —G, —c, —C;
w, =(u, =0.13, 11," =0.89, 1, =0, 1, =1.0, 11," =0.42);
- —q —C, —, —c, —C;

W, =(u, =0.13, 11," =1.0, 1, =0, 1, =0.89, 1, =0.42).

Thus, the solution of fuzzy relational equations (7.25) for the first lower

solution plA can be represented in the form of intervals:

Dy(n")={ 4 =0.13, 4= =0.89, u“ =0, u* €[0.89, 1.0], u=0.42}
U{u“=013, u“ €[0.89,1.0], £ =0, u“ =0.89, u==0.42}. (7.31)

For the second lower solution u? , the genetic algorithm yields a null solution

of the optimization problem (7.14)
poo= (=0, 47 =097,y =0.13, u' =0.89, 4~ =0.42), (7.32)

for which the value of the optimization criterion (7.14) is F=0.0338.
The obtained null solution allows us to arrange for the genetic search for the

solution set D, (E;‘) , which is completely determined by the least solution

C

pe=( u"=0, 4= =089, 4= =0.13, u™ =0.89, u~=0.42)

and the two upper solutions QZ = {l_hc l_lj}

—c  —q —c, —c —c, —Cs
w=(u,' =0, 11,” =0.89, 1, =0.13, 1, =1.0, 11," =0.42);
- —q —C, —, —c, —C;

W, =(u, =0, 11, =1.0, 11, =0.13, 1, =0.89, 1, =0.42).

Thus, the solution of fuzzy relational equations (7.25) for the second lower

solution E; can be represented in the form of intervals:
D, (E?):{ 1 =0, 4= =0.89, u“=0.13, u“ €[0.89, 1.0], 4= =0.42}
U{u% =0, u= €[0.89, 1.0], £ =0.13, 1 =0.89, u“=0.42}. (7.33)
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The intervals of the values of the input variable for each interval in solutions
(7.29), (7.31), (7.33) can be defined with the help of the membership functions in
Fig. 7.11:

- x, =0.75 or x; =1.85 or x, =6.00 for C,;
- x, €[2.81,3.25] for C,;
- x,=5.27 or x, =420 or x, =0 for C,;
- x, €[0,0.27] for C,;
- x,=2.44 and x,=3.66 or x,=2.35and x,=3.75 for C,.
The restoration of the input set for y, =0.20 and y,=0.80 is shown in Fig. 7.11,

in which the values of the causes C,+C; and effects E, +E, significances

measures are marked. The comparison of the target and restored level lines for
y,=0.20 and y,=0.80 is shown in Fig. 7.12.

EsEEs EqE;

X

0 1 2 3 4 0 1 2 3 4 5 6

Fig. 7.11. Solution to the problem of inverse fuzzy inference for yl* =0.20 and y; =0.80
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X2 X2

a) b)

Fig. 7.12. Comparison of the target (a) and restored (b) level linesfor yl* =0.20 and
¥,=0.80

Let the values of the output variables have changed with y; =0.20 and y,=0.80
to y, =1.00 and y,=0.60 (Fig. 7.13). For the new values, the fuzzy effects vector is

nE =( b (y)) =0.07; 1" (y,)=0.89; 1" (y)=0.40;
M5 (33) =0.64; ™ (y7)=0.79; 1™ (y,)=0.43).

A neural adjustment of the null solution (7.26) of the optimization problem
(7.12) has yielded a fuzzy causes vector

S = (uS =0.84, u& =032, u& =0.89, u& =0.95, u& =0.32),

for which the value of the optimization criterion (7.12) has constituted F=0.1015.
The null vector of the causes combinations significances measures

n = (ut =0.84, 4 =032, 1 =0.89, y =032, 4 =032, u* =0.32),

corresponds to the obtained null solution.
The resultant null solution has allowed adjusting the bounds in the solution
(7.27) and generating the set of solutions S(R,p”) determined by the greatest

solution
—A —A —4 —A —A —4 —4
pt=( u=1.0, =032, 11" =0.89, 1" =0.32, 1" =0.32, 1 =0.32)

and the three lower solutions S* = {EIA’ E?’ E?}

p'=(u" =076, 12 =0.32, 4 =0.89, u* =0, =032, u™=0);

=1

Wo=(u) =0.76, 12 =0, u"=0.89, 1 =0.32, u’* =032, u’* =0);

W =(u) =076, p =0, ' =0.89, u =0, uy=0.32, u*=0.32).
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Thus, the solution of fuzzy relational equations (7.24) for the new values can be
represented in the form of intervals:

SR, ) ={ u* € [076,10), 1™ =032, 1™ =089, u™ € [0,032), 1™ =032, i’ € [0,032])
U{u® €[076,10], 1™ e [0,032], 1™ =0.89, 1™ =032, i’ =032, u* e [0,032]}
Ufu* € [076,10], 1™ e [0,032], 1 =089, 1™ e [0,032], 1 =032, 1’ =032]).

For the greatest solution ", a neural adjustment of the null solution (7.28) has
yielded a fuzzy causes vector

—c  —q —c, —C; —c, —C;
w, =y, =1.0, 11, =0.32, 11, =0.89, i1, =1.0, u,” =0.32),

for which the value of the optimization criterion (7.14) has constituted F=0.0.
The resultant null solution has allowed adjusting the bounds in the solution

(7.29) and generating the set of solutions D (p") determined by the unique (null)
solution
D (r)={ u“=1.0, u©= =0.32, 1 =0.89, u“ =1.0, u==0.32}. (7.34)

For the first lower solution ElA , a neural adjustment of the null solution (7.30)

has yielded a fuzzy causes vector
poo= (U =076, 4t =0.32, 4 =0.89, 4 =092, u =0.11),

for which the value of the optimization criterion (7.14) has constituted F=0.0683.
The resulting null solution has allowed adjusting the bounds in the solution

(7.31) and generating the set of solutions D, (plA), which is completely

determined by the least solution
pe=( u"=0.76, u =032, u“=0.89, 4 =0.89, u==0.11)
* —C —C
and the two upper solutions D, ={p, ,p, }
- —q —C, —, —c, —C;
n, =(u, =0.76, u," =032, u,” =0.89, u, =10, u,” =0.11);

- —q —C, —, —c, —C;
W, =(u, =0.76, 11, =0.32, 1, =1.0, 11," =0.89, 11," =0.11).

Thus, the solution of fuzzy relational equations (7.24) for the first lower

solution plA can be represented in the form of intervals:

D, (") ={ 4 =0.76, 1 =0.32, u“ =089, u“ €[0.89, 1.0], 4 =0.11}
U{ &% =0.76, u© =0.32, 1% € [0.89, 1.0], £ =0.89, u%=0.11}.  (7.35)
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For the second lower solution uQA, a neural adjustment of the null solution

(7.32) has yielded a fuzzy causes vector

C CI — CZ — C3 J— C4 J— C5 j—
Ry = (£02 =0.76, 4y, = 0.16, “y, = 0.89, H“y, = L0, Hy = 0.16),

and for the third lower solution E: , a neural adjustment of the null solution (7.32)

has yielded a fuzzy causes vector

c ¢ _ [ c [ Cs _
B =l =076, 4 =0.16, 4 =0.96, 4 =0.89, 4 =0.16),

for which the value of the optimization criterion (7.14) has constituted F=0.1024.
The resulting null solutions have allowed adjusting the bounds in the solution

(7.33) and generating the sets of solutions Qz(“?) and Q3(u:), which are

completely determined by the least solution

pe=( u" =076, u=0.16, u“=0.89, u“ =0.89, u=0.16)
. « * —Cc —C
and the two upper solutions D, =D, ={p, ,p, }
- —q —C, —, —c, —C;
w, =y, =0.76, u,” =0.16, u, =0.89, u, =1.0, y, =0.16);
- —q —C, —, —c, —C;
w, =(u, =0.76, u, =0.16, u, =1.0, u, =0.89, u, =0.16).

Thus, the solution of fuzzy relational equations (7.24) for the second and third

lower solutions u? and u: can be represented in the form of intervals:

D,(n)) =D, (n) = { u =076, u“ =0.16, 1 =089, u € [0.89,1.0], £ =0.16}
U{u©=0.76, u==0.16, 4 €[0.89, 1.0], u“ =0.89, ==0.16}.  (7.36)
The intervals of the values of the input variable for each interval in solutions
(7.34), (7.35), (7.36) can be defined with the help of the membership functions in
Fig. 7.13:
- x, =043 or x, =0 for C,;
- x,=2.12 and x; =3.93 or x; =1.60 and x, =4.45 for C,;
- x, €[5.74,6.0] for C;;
- x, €[0,0.27] for C,;
- x,=2.17 and x,=3.92 or x,=1.68 or x,=1.35 for C;.
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The restoration of the input set for y, =1.00 and y;=0.60 is shown in Fig. 7.13,
in which the values of the causes C,+C, and effects E, +E, significances

measures are marked. The comparison of the target and restored level lines for
y,=1.00 and y,=0.60 is shown in Fig. 7.14.

.“
= 35 L

AL7 e
] R AT, ;
e SN vrrenstorodl SRR

x

2 L 2 3 i 0 i 2 3 4 5 6

a) b)

Fig. 7.14. Comparison of the target (a) and restored (b) level lines for yl* =1.00 ( ) and
¥,=0.60 (___)
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7.10 Example 6: Hydro Elevator Diagnosis

Let us consider the algorithm’s performance having the recourse to the example of
the hydraulic elevator faults causes diagnosis. Input parameters of the hydro
elevator are (variation ranges are indicated in parentheses):

x, —engine speed (30 — 50 1.p.s);

x, — inlet pressure (0.02 - 0.15 kg/em?);

x, — feed change gear clearance (0.1 — 0.3 mm).
Output parameters of the elevator are:

¥, — productivity (13 — 24 1/min);

v, consumed power (2.1 — 3.0 kw);

¥, — suction conduit pressure (0.5 — 1 kg/em?).

“Causes-effects” interconnection is described with the help of the following
system of fuzzy IF-THEN rules:
Rule 1: IF x, = AND x,=/ AND x,=I THEN y =D AND y,=I AND y,=D;
Rule 2: IF x, =D AND x,=D AND x,=D THEN y, =D AND y,=D AND y, =1,
Rule 3: IF x,=I AND x,=I AND x,=D THEN y, =D AND y,=D AND y,=D;
Rule 4: IF x, = AND x,=D AND x,=D THEN y,=I AND y,=D AND y,=D;
Rule 5: IF x, =D AND x,=/ AND x,=D THEN y,=I AND y,=D AND y,=L

where the total number of the causes and effects consists of: ¢,, Decrease (D) and
¢, Increase (I) for x,; ¢, (D)and ¢, (I)for x,; ¢;, (D) and c;, (I) for x,; ¢,
(D) and e, (D) for y,; e, (D)and e, () for y,; e;, (D)and e,, (I)for y,.

We shall define the set of causes and effects in the following way:

{CI’CZ”"’CG}_{ Ciis Cas Cops Cypy G319 C3p f»

{EI’EZ”"’EG}_{ €1y €y €15 €y €31y €y

This fuzzy rule base is modelled by the fuzzy relational matrix presented in
Table 7.6.
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Table 7.6. Fuzzy knowledge matrix

IF inputs THEN outputs
X %, x, N Y Y3
D 1 D I D
A 1 1 1 1 0 0 1 1 0
A, D D D 1 0 1 0 0 1
A, I 1 D 1 0 1 0 1 0
A, I D D 0 1 1 0 1 0
A D 1 D 0 1 1 0 0 1

For the fuzzy model tuning we used the results of diagnosis for 200 hydraulic
elevators. The results of the fuzzy model tuning are given in Tables 7.7, 7.8 and in
Fig. 7.15.

Table 7.7. Parameters of the membership functions for the causes fuzzy terms after tuning

Fuzzy terms
Parameter C, C, C, C, C. C,
B - 32.15 48.65 0.021 0.144 0.11 0.27
o - 7.75 6.27 0.054 0.048 0.06 0.08

Table 7.8. Parameters of the membership functions for the effects fuzzy terms after tuning

Fuzzy terms

Parameter E, E, E, E, E, E,
B - 13.58 21.43 2.24 2.85 0.53 0.98
o - 4.76 4.58 0.35 0.17 0.31 0.22
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1, G G 1 B Ey

o X1 o N
30 50 13 24

1 Cy; Cy 1 Ey Eq

0 X2 o Y2
0.02 0.15 2.1 3.0

) Cs G 1 Es Eg

X

o 3 0 Y3

0.1 0.3 0.5 1.0
a) b)

Fig. 7.15. Membership functions of the causes (a) and effects (b) fuzzy terms after tuning

Diagnostic equations after tuning take the form:

15 =t A097) v (u™ A0.65)v (u™ A0.77)
15 =™ A1.00)v (1™ A0.46)
u =" ~A0.99) v (u™ A0.80)v (1™ A0.69)v (u’s A0.93)
1 =" ~0.96)
15 =(u* ~0.72)v (u™ A0.47)v (1™ A0.76)
15 =(u™ A092)v (u™ ~0.87), (7.37)
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where
U= U A g A
’quzluC, A ﬂq A ’ucs
WS = A A
I
HE= TN U AU (7.38)

Let us represent the vector of the observed parameters for a specific elevator:
Y =(y, =17.10 Umin; y,=2.45kw; y,=0.87 kg/cm?).

The measures of the effects significances for these values can be defined with
the help of the membership functions in Fig. 7.15,b:

no=(u® () =0.65; ™ (y,)=0.53;
15 (y3)=0.74; ™ (y,)=0.15;
15 (y7) =0.45; 1" (y;)=0.80).

The genetic algorithm yields a null solution of the optimization problem
(7.12)

p = =0.77, 4> =0.49, 48 =0.77, 4t =0.62, u =0.77, us = 0.15) (739)

for which the value of the optimization criterion (7.12) takes the value of
F=0.0050.

The null vector of the causes combinations significances measures
pe = =0.15, 1> =0.77, 1> =0.49, u =0.49, 1" =0.62)

corresponds to the obtained null solution.
The obtained null solution allows us to arrange for the genetic search for the

solution set S(R,p”), which is completely determined by the greatest solution
—A —A —4 —A —A 4
p'=( ¢ =0.15, x4 =0.77, 4 =0.65, u =0.49, u =0.77)

and the two lower solutions S* = { EIA’ E?}

EIA =( E:" =015’ E:‘Z =077, ElAi =0’ EIAA =0.49’ E:‘s =0)’

W =(u) =0.15, p> =0, =065, ' =0.49, > =0.77).
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Thus, the solution of fuzzy relational equations (7.37) can be represented in the
form of intervals:

S(R,p")={ " =0.15, u™=0.77, u* €0, 0.65], u™ =0.49, u”* €0, 0.77]}
U{u*=0.15, u™ €0,0.77], u* =0.65, u*=0.49, u*=0.77}.  (7.40)
We next apply the genetic algorithm for solving optimization problem (7.14)
for the greatest solution §* and the two lower solutions Ef and E? .

For the greatest solution i*, the genetic algorithm yields a null solution of the
optimization problem (7.14)

—C —q —c, —c —c, —Cs —G;
n, =, =0.77, 11, =0.57, 1, =0.94, 11," =0.80, 1,” =0.79, u,* = 0.15) (741)

for which the value of the optimization criterion (7.14) is F=0.0128.
The obtained null solution allows us to arrange for the genetic search for the

solution set D (p"), which is completely determined by the least solution
pe=(u"=0.77, 4 =0.57, 4= =077, 4= =077, = =0.77, u =0.15)

—C —C —C —C

and the four upper solutions D = {p, , s, s .11, }

Co

—c  —q —c, —G —c, —Cs —
wo=(u, =077, 1, =057, 11,°=1.0, p1," =1.0, u," =1.0, u,* =0.15);

—C —C, —G —G -G —G —C
n, =(u, =1.0, 4, =0.57, u, =0.77, u, =10, u, =1.0, u, =0.15);
Ce

—C —G —G —G —C, —GCs —Ce
n, =(u, =10, g, =0.57, ;" =1.0, u, =0.77, u, =1.0, y, =0.15);

—c  —q —c, —c —c, —C —C
W, =(u, =1.0, 11, =057, 1, =1.0, u,' =1.0, u," =0.77, u," =0.15).

Thus, the solution of fuzzy relational equations (7.38) for the greatest solution j*
can be represented in the form of intervals:

D (= 1S =077, 14 =057, u e [077,10], 1 e [077,10], 4 e [077,10], & =0.15}
U{u" €[077,10], u© =057, 4= =077, u“ € [077,10], 4 € [077,10], 1 =015}
U{u" €[077,10], u© =057, 4= € [077,10], 1< =077, 1 € [077,10], 1 =0.15)

U{u €[077,10], u© =057, u© € [077,10], £ € [077,10], = =077, 1 =0.15}.
(7.42)
For the first lower solution Ef , the genetic algorithm yields a null solution of

the optimization problem (7.14)

poo= (e =077, 1t =0.49, u =084, 4 =0, u* =0.92,u =0), (7.43)

01 —01 —01 —01
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for which the value of the optimization criterion (7.14) is F=0.0225.
The obtained null solution allows us to arrange for the genetic search for the

solution set D, (ElA) , which is completely determined by the least solution

ne=( u" =077, =049, =077, u= =0, u“=0.77, u =0)

and the three upper solutions QT = {Ef,ﬁf,ﬁf}

—c —q —c, —G —C, —C; —Cs
w, =(u, =077, u,” =049, u," =10, 4, =0, x4, =1.0, x4, =0);
—C —q —C, —GC —Cy —Cs —Cs
n, =(u, =1.0, g, =0.49, u, =0.77, u, =0, u, =1.0, u, =0);
—Cc  —C —, —C —C, —C;s —Cs
n, =y =1.0, u,° =049, u, =1.0, u, =0, u, =0.77, u, =0).

Thus, the solution of fuzzy relational equations (7.38) for the first lower solution

ulA can be represented in the form of intervals:

D, (EIA) ={ 9 =077, 4 =049, u“ € [0.77,10], u“ =0, u € [0.77,1.0], u* =0}
U{u“ €[0.77,1.0], 4% =0.49, u©=0.77, u“ =0, 4= €[0.77, 1.0], x =0}
U{u“ €[077,1.0], u© =049, u© € [0.77,1.0], £ =0, u© =077, u =0}. (7.44)

For the second lower solution E? , the genetic algorithm yields a null solution

of the optimization problem (7.14)

c CI_ CZ_ C3_ C4_ CS_ Cﬁ_
B = (U =077, 45 =065, 4 =025, 4 =097, 45 =085, 4 =0.15) ,745)

for which the value of the optimization criterion (7.14) is F=0.1201.
The obtained null solution allows us to arrange for the genetic search for the

solution set D, (p:) , Which is completely determined by the least solution

pe=( =077, u°=0.65, u= =025, u“ =077, u=0.77, u =0.15)

—C —C —C

and the three upper solutions Qz ={n, .p1,,0;}
—C —C —C, —C, —C, —Cs —Cs
w, =(u, =0.77, p,” =0.65, u,” =0.25, 4, =10, x4, =1.0, x,” =0.15);
—c  —q —c, —c —c, —C —Cq
n, =(u, =1.0, 4, =0.65, u, =0.25, u, =0.77, u, =1.0, u, =0.15);
—C —C —C, —C, —C, —Cs —Cs
n, =(u, =1.0, g, =0.65, u, =0.25, u, =1.0, u,” =0.77, u, =0.15).
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Thus, the solution of fuzzy relational equations (7.38) for the second lower

solution u? can be represented in the form of intervals:

D, (Ej) ={ 1 =077, u© =065, u© =025, 1 € [077,10], u© € [077,10], 1 =015}
U{u €[0.77,1.0], 4© =0.65, u© =025, u“=0.77, u= € [0.77,1.0], u“ =0.15}
U{u €[077,10], & =065, u© =025, u“ € [077,10], & =077, u“ =0.15}. (746)

Following the solutions (7.42), (7.44), (7.46), the causes C,, C;, C, and C;
are the causes of the observed elevator state, so that x>y, u®=u“,

1S > 1% . The intervals of the values of the input variables for these causes can
be defined with the help of the membership functions in Fig. 7.15,a:

- x, €[30.0,36.4] r.p.s for C,;
- x, €[0.020, 0.050] kg/cm® for C, and x, € [0.118, 0.150] kg/em® for C,;

- x, €[0.100, 0.143] mm for C,.

The obtained solution allows the analyst to make the preliminary conclusions.
The elevator failure may be because of the engine speed reduced to 30 — 36 r.p.s,
the inlet pressure decreased to 0.020 — 0.050 kg/cm® or increased to 0.118 — 0.150

kg/cm® , and the feed change gear clearance decreased to 100 — 143 mkm.
Assume a repeated measurement has revealed an increase in the elevator

productivity up to y, =18.80 I/min, an increase of the consumed power up to

¥,=2.51 kw, and a decrease in the suction pressure up to y, =0.75 kg/em’.
For the new values, the fuzzy effects vector is

pe=( " (y;)=0.45; u* (y;)=0.75;
15 (37)=0.63; 1™ (y,)=0.20;
15 (y3)=0.67; u™ (y;)=0.48).

A neural adjustment of the null solution (7.39) of the optimization problem
(7.12) has yielded a fuzzy causes vector

n = (e =0.46, 4> =0.69, u- =0.75, 5 =0.25, u& =0.92, x5 =0.20) ,

for which the value of the optimization criterion (7.12) has constituted F=0.0094.
The null vector of the causes combinations significances measures

n = (ut =020, 4 =046, u> =025, u =0.69, u’ =0.25),

corresponds to the obtained null solution.
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The resulting null solution has allowed adjusting the bounds in the solution
(7.40) and generating the set of solutions S(R,p”) determined by the greatest
solution

—A —A —A, —A, —A, — A
p = 4 =0.20, u =0.46, u =0.46, u =0.69, u =0.46)

and the two lower solutions S* = { EIA’ E?}

p'=(u* =020, g =0.46, u =0, " =0.69, u" =0);
W= =020, @ =0, ¥ =0.46, ' =0.69, 1 =0.46).

Thus, the solution of fuzzy relational equations (7.37) for the new values can be
represented in the form of intervals:

S(R,p")={ " =0.20, u™=0.46, u™ €0, 0.46], u™ =0.69, u* € [0, 0.46]}

U{ " =0.20, 4™ €[0,0.46], u*=0.46, u*=0.69, u’* =0.46}.

For the greatest solution ", a neural adjustment of the null solution (7.41) has
yielded a fuzzy causes vector

—C —C —C, —C, —C, —Cs —Cs

w, =(u, =046, 1, =0.78, u, =0.69, uu, =0.46, u, =091, u, =0.20),

for which the value of the optimization criterion (7.14) has constituted F=0.
The resultant null solution has allowed adjusting the bounds in the solution

(7.42) and generating the set of solutions D (@), which is completely determined
by the least solution

ne=( u" =046, u°=0.69, u“=0.69, u =046, u“=0.69, 1 =0.20)
and the three upper solutions D = {Ef,ﬁf,ﬁf }
—C —C —C, —C, —C, —Cs —Cs
w, =(u,' =0.46, 1" =0.69, 1, =1.0, u,* =0.46, 1" =1.0, u," =0.20);
—c —C —C, —C —c, —Cs —C
n, =(u, =0.46, 4, =1.0, 4, =0.69, u, =0.46, u, =1.0, u, =0.20);
—C —C —C, —C, —C, —Cs —Cs
W, =( 1, =0.46, ;" =1.0, 1, =1.0, u,' =046, 11,’ =0.69, u,’ =0.20).
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Thus, the solution of fuzzy relational equations (7.38) for the greatest solution fi*
can be represented in the form of intervals:

D (5" )={ 1€ =046, u© =069, u° e [069,10], 11 =046, 1 e [069, 10], 1 =020}
U { 1S =046, u© e [069,10], 1 =069, 1" =046, u= e [069,10], 1 =020}

U{ u“ =046, 1 €[0.69,10], u© € [0.69,1.0], £ =046, 1= =069, 1 =0.20}
(7.47)
For the first lower solution ElA , a neural adjustment of the null solution (7.43)

has yielded a fuzzy causes vector

poo= (o =046, 40t =0.92, 4 =0.86, 4 =0.10, 47 =0.69, " =0.10),

—01 —01 —01 —01

for which the value of the optimization criterion (7.14) has constituted £=0.0300.
The resulting null solution has allowed adjusting the bounds in the solution

(7.44) and generating the set of solutions D, (plA), which is completely

determined by the least solution

pe=( u =046, u°=0.69, 4= =0.69, 4= =0.10, u°=0.69, u“ =0.10)

—C —C —C

and the three upper solutions D ={mny.ny )

—Cc  —C —C, —C, —C, —C; —Cs
p, =(u, =046, 4, =0.69, u," =10, 4, =0.10, x," =1.0, x, =0.10);
—C —C —C, —C, —C, —Cs —Cs
n, =(u, =0.46, 1, =1.0, u, =0.69, 1, =0.10, 1, =1.0, 1," =0.10);
—C —C —C, —C, —C, —Cs —Cs
w, =(u, =0.46, 1, =1.0, 1, =1.0, 1, =0.10, 1, =0.69, u," =0.10).

Thus, the solution of fuzzy relational equations (7.38) for the first lower

solution uf can be represented in the form of intervals:

D, (") ={ 4 =046, 11 =069, 4 € [069,10}, 4 =0.10, 1 € [069, 10}, 2 =0.10}
U { 1S =046, 4% € [0.69, 1.0, 4 =0.69, 1 =0.10, 1 € [0.69, 1.0], £ =0.10}

U { 1S =046, 4% € [0.69,1.0], 4 € [0.69, 1.0], 1 =0.10, 1 =0.69, u =0.10}.
(7.48)
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For the second lower solution u?, a neural adjustment of the null solution

(7.45) has yielded a fuzzy causes vector

c Cl — CZ — C] — C4 — CS —_ C(v p—
S = (S =023, 47 =069, 45 =0.83, 4 =046, 1S =097, 4 =0.20),

02

for which the value of the optimization criterion (7.14) has constituted F=0.1058.
The resulting null solution has allowed adjusting the bounds in the solution

(7.46) and generating the sets of solutions Qz(p:), which is completely

determined by the least solution

pe=( =023, u°=0.69, 4= =0.69, u“ =0.46, u°=0.69, u“ =0.20)

and the three upper solutions Q; = {l_LlC ,l_Lj ,l_L}C}

—Cc —Cq —C, —C; —C, —Cs —C
p, =(u, =023, x4, =0.69, u," =1.0, 4, =0.46, u," =1.0, u, =0.20);
—Cc —C —C, —C; —C, —Cs —C
n, =(u, =023, u, =1.0, u, =0.69, u, =0.46, u, =1.0, u, =0.20);
—C —C —C, —C, —C, —Cs —Cs
n, =(u, =023, 1y =1.0, y; =1.0, u, =0.46, 1, =0.69, u, =0.20).

Thus, the solution of fuzzy relational equations (7.38) for the second lower

solution p? can be represented in the form of intervals:

D, (p) ={ 4 =023, 1% =069, 4 € [069, 10}, 4 =046, 1 € [069, 10}, 1 =020}
U {46 =023, 4% € [069, 1.0}, 4% =0.69, 1 =0.46, 1 € [0.69, 1.0}, 1 =020}

U{u© =023, u% € [069,1.0], £“ € [0.69,1.0], u“ =046, = =0.69, u“ =0.20}.
(7.49)
Following the resultant solutions (7.47), (7.48), (7.49), the causes C,, C, and

C, are the causes of the observed elevator state, since 4<>u%, u®>u“,

1< > 1 . The intervals of the values of the input variables for these causes can
be defined with the help of the membership functions in Fig. 7.15,a:

- x, €[44.4,50.0] r.p.sfor C,;
- x, €[0.020, 0.057] kg/cm® for C,;
- x, €[0.100, 0.150] mm for C,.
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The solution obtained allows the final conclusions. Thus, the causes of the
observed elevator state should be located and identified as the increase of the
engine speed to 45-50 r.p.s, the decrease of the inlet pressure to 0.020 — 0.057
kg/cm’, and the decrease of the feed change gear clearance to 100-150 mk.

To test the fuzzy model we used the results of diagnosis for 192 elevators with
different kinds of faults. The tuning algorithm efficiency characteristics for the
testing data are given in Table 7.9. Attaining a 96% correctness of the diagnostics
required 30 min of operation of the genetic algorithm and 7 min of operation of
the neural network (Intel Core 2 Duo P7350 2.0 GHz).

Table 7.9. Tuning algorithm efficiency characteristics

Probability of the correct diagnosis

Number . .
Before tuning After tuning
Causes of cases
(diagnoses)| in the data
sample Null solution | Refined diagnoses
(genetic algorithm)| (neural network)
G 104 86/104=0.82 96 / 104=0.92 101/ 104=0.97
G, 88 67/ 88=0.76 80/88=0.91 84 7/ 88=0.95
C, 92 74/ 92=0.80 82/92=0.89 88/792=0.95
C, 100 70/ 100=0.70 93 /100=0.93 97/ 100=0.97
C 122 103 /122=0.84 | 109/ 122=0.89 117/ 122=0.96
C, 70 51/70=0.73 61/70=0.87 68 /70=0.97
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Chapter 8

Fuzzy Relations Extraction from Experimental
Data

In this chapter, a problem of fuzzy genetic object identification expressed
mathematically in terms of fuzzy relational equations is considered.

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]. Solvability and approximate
solvability conditions of the composite fuzzy relational equations are considered
in [2, 8, 9]. While the theoretical foundations of fuzzy relational equations are well
developed, they call for more efficient use of their potential in system modeling.
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].

The genetic algorithm as a tool to solve the fuzzy relational equations was
proposed in [18]. The genetic algorithm [19 — 21] allows us to solve the inverse
problem which consists of the restoration of the unknown values of the vector of
the unobserved parameters through the known values of the vector of the observed
parameters and the known fuzzy relational matrix. In this chapter, the genetic
algorithm [19 — 21] is adapted to identify the relational matrix for the given
inputs-outputs data set. 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 rules weights are defined
using the genetic algorithm [22]. In this case, proximity of linguistic
approximation results and experimental data is the criterion of extracted relations
quality. It is shown here that in comparison with [22] the non-unique set of IF-
THEN rules can be extracted from the given data. Following [18 — 21], at the

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 235-258.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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second stage the obtained null solution allows us to arrange the genetic search for
the complete solution set, which is determined by the unique maximum matrix and
a set of minimum matrices. After linguistic interpretation the resulting solution
can be represented as a set of possible rules collections, discovering the structure
of the given data.

The approach proposed is illustrated by the computer experiment and the
example of medical diagnosis. This chapter is written on the basis of [23].

8.1 “Multiple Inputs — Multiple Outputs” Object

Let us consider an object

Y = £(X) (8.1)

with n inputs X = (x,,x,,...,x,) and m outputs Y =(y,,¥,,....»,,) , for which the
following is known:

- intervals of inputs and outputs change

xie[éi’xi]’ l:Ln; yje[zlayj]’ J:Lm;

- classes of decisions e, for evaluation of output variable Vs j= I,_m, formed

by digitizing the range [ y ,y;]into g, levels
J

[y, 3,1=1y,.7,)0.Uly .y, ULy 5,
—

——

e e e
i1 i €ja;

- training data in the form of L pairs of “inputs-outputs” experimental data

(K1), s=iL,

s> 75

where X =(&',%,..,%) and Y, =(§!,95,... ) are the vectors of the values of

the input and output variables in the experiment number s.
It is necessary to transfer the available training data into the following system
of IF-THEN rules [7]:

Rule /: IF x=qg, AND... x,=a, AND...x, =a,

I=LN, (82

ml

THEN y,=b, AND... y,=b, AND... y, =b

where a, is the fuzzy term describing a variable x; inrule /, i=1,n;

b_]., is the fuzzy term describing a variable y; inrule [, j=1,m;

N is the number of rules.
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8.2 Fuzzy Rules, Relations and Relational Equations

This fuzzy rule base is modelled by the fuzzy relational matrix presented in Table 8.1.

Table 8.1. Fuzzy knowledge base

IF inputs THEN outputs
Vi Y, Vo

X X X € lg, € Jjl e.iq, v | Gt | e emqm

E, E, E,

G| ay a; A | T ur fim
Gl oay |...]a|..| a |n Tk T
Cy | ay Aiy Ay | Twi Pk Tym

This relational matrix can be translated as a set of fuzzy IF-THEN rules
Rule /:IF X=C, THEN y ,=e, with weight 1, , , (8.3)

where C, is the combination of input terms inrule /, [ =1,N ;

n.,, 1s the relation C, Xxe, , j= Lm, p =1,q; , interpreted as the rule weight.
We shall redenote the set of classes of output variables as
{E.E,,..E,}={ €115 € eer €y 3er €3 €pnsenns € }, where M =¢q, +q, +..+q,, .

In the presence of relational matrix
RCCXE =[r,,I=,N, k=1,M]

the “inputs-outputs” dependency can be described with the help of Zadeh’s
compositional rule of inference [6]

p ()= p(X) o R, (8.4
where p¢(X) =(u,u,...,u“) is the vector of membership degrees of vector
X to input combinations C, ;

n(Y)=(u™, u*,...,u") is the vector of membership degrees of variables
y; to classes e,

o is the operation of max-min composition [6].
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The system of fuzzy relational equations is derived from relation (8.4):

U ()= X)AT )V UEX) AR IV U X) AT ),

where
LX) =4 () AU () A A (x,) 5 [=1,N;
or
K ()= (A f G AT,). (85)
Here

M (x;) is a membership function of a variable x; to the fuzzy term a,;

ur (yj) is a membership function of a variable y ; to the class e e

Taking into account the fact that operations v and A are replaced by max and
min in fuzzy set theory, system (8.5) is rewritten in the form

#em (y]) =B%((mn(?31£[ﬂﬂll (xi )] ’n,_ip )) . (86)

We use a bell-shaped membership function model of variable u to arbitrary
term 7 in the form [22]:

uw)=— 8.7

where S is a coordinate of function maximum, x' (#)=1; o is a parameter of

concentration.
The operation of defuzzification is defined in [22] as follows:

4;
2y, M ()
y, = ”q— . (8.8)
DU(y)
p=1

Relationships (8.6) — (8.8) define the generalized fuzzy model of an object (8.1)
as follows:

Y = F,(X,R,B,Q), 8.9)

where B= (8, /5,,..5;) and Q=(0,,0,,....,0,) are the vectors of f- and o -

parameters for fuzzy terms membership functions in (8.3);
K is the total number of fuzzy terms;
F, is the operator of inputs-outputs connection, corresponding to formulae (8.6)(8.8).
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8.3 Optimization Problem for Fuzzy Relations Extraction

Let us impose limitations on the knowledge base (8.2) volume in the following
form:

N<N,

where N is the maximum permissible total number of rules.

So as content and number of linguistic terms a, ( i=1,_n, l=1,_N) used in
fuzzy knowledge base (8.2) are not known beforehand then we suggest to interpret
them on the basis of membership functions (8.7) parameter values ( S, ).

Therefore, knowledge base (8.2) synthesis is reduced to obtaining the matrix of
parameters shown in Table 8.2 [22].

Table 8.2. Knowledge base parameters matrix

IF inputs THEN outputs
» ¥ Y,
X X, € |...| Gq € €, €t | - | Cm,
E, E, E,
C (B, o) |...[(B",0")]|n Ty Ty
C (B, o) || (B 0" )| 1y Tk Tim
Cy |(B o) |...|( B, 0" )] vy U3 Tnm

This problem can be formulated as follows. It is necessary to find such a matrix
(Table 8.2), which satisfies the limitations imposed on knowledge base volume and
provides the least distance between model and experimental outputs of the object:

L
> [F(X,.R.B,2)-Y ]’ = min . (8.10)
=1 ; ; R.,B.Q

If R, is a solution of the optimization problem (8.10), then R, is the exact
solution of the composite system of fuzzy relational equations:

At (X))o R=p" (X)), (8.11)

where the experimental input and output matrices
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A

A9X) . p X)) AKX LX)
29X . X)) 2EXy) . a™(Xy)

are obtained for the given training data.

Following [2], the system (8.11) has a solution set S (fi*, i®), which is

determined by the unique maximal solution R and the set of minimal solutions
S'(@*, @)= {R,, I=1T}:

ST (@, R") U[_,, (8.12)

R, s’
Here R =[;lk] and R, =[ 51’,{] are the matrices of the upper and lower bounds of

the fuzzy relations 7, , where the union is taken over all R, € " (fi*, i*).

Ik >

The problem of solving fuzzy relational equations (8.11) is formulated as
follows [19 — 21]. Fuzzy relation matrix R=[r, ], I = 1N, k = 1,M , should
be found which satisfies the constraints 7, € [0,1] and also provides the least

distance between model and experimental outputs of the object; that is, the
minimum value of the criterion (8.10).

Following [19 — 21], formation of the intervals (8.12) is accomplished by way
of solving a multiple optimization problem (8.10) and it begins with the search for

its null solution R, =[r1,(:], where rl(; S;m, | =1N, k = I,_M The upper
bound (;1k)is found in the range [rlg,l] . The lower bound (sz )for I =1 is found

in the range [O,rl(;], and for I >1 in the range [0,;lk], where the minimal
solutions R, , J <[, are excluded from the search space.

Let R(¢) =[r, (t)] be some ¢-th solution of optimization problem (8.10), that is
F(R()=F(R,), since for all Re S(f", i’) we have the same value of
criterion (8.10). While searching for upper bounds Fe it is suggested that

r, (t) 21, (t—1), and while searching for lower bounds r,k it is suggested that
r, @) <r (t-1) (Fig. 8.1).

The definition of the upper (lower) bounds follows the rule: if R(#) #R(-1),
then ru ( L[k )=r, (). If R(#)=R(z-1), then the search for the interval solution
[B,,E] is stopped. Formation of intervals (8.12) will go on until the condition

R, #R,, J <1, has been satisfied.

The hybrid genetic and neuro approach is proposed for solving optimization
problem (8.10).
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Fig. 8.1. Search for the upper (a) and lower bounds of the intervals for I =1 (b) and
I >1()

8.4 Genetic Algorithm for Fuzzy Relations Extraction

To describe the chromosome for the parameters matrix (Table 8.2), we use the
string shown in Fig. 8.2, where C, is the code of IF-THEN rule with number 7,
I=1,N. The chromosome needed in the genetic algorithm for solving fuzzy
I = 1N,
k = 1,M . Parameters of membership functions are defined simultaneously with

the null solution.
The crossover operation is defined in Fig. 8.3, and is carried out by way of

relational equations (8.11) includes only the codes of parameters 7, ,

exchanging chromosomes parts inside each rule C, (I = 1,N ) and inside matrix of

rules weights R . The total number of exchange points is equal to N+1.
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A mutation operation ( Mu ) implies random change (with some probability) of
chromosome elements:

Mu(r, ) = RANDOM ([0,1]) ,

Mu (%) = RANDOM ([x,,x;1) , Mu (6“)= RANDOM ([6"",c"'])

where RANDOM ([ )_c; ]) denotes a random number within the interval [ )_c; ].

The fitness function is evaluated on the basis of criterion (8.10).
If P(#) are chromosomes-parents and C(¢) are chromosomes-offsprings on a

t -th iteration, then the genetic procedure of optimization will be carried out
according to the following algorithm [24, 25]:

begin
t:=0;
To set the initial population P() ;
To evaluate the P(¢) for the null solution using criterion (8.10);
while (no condition of null solution formation) do
To generate the C(¢) by operation of cross-over with P(7);
To evaluate the C(¢) for the null solution using criterion (8.10);

To select the population P(z+1) from P(¢) and C(¢);
t:=t+1;
end
while (no condition of interval set formation) do
To generate the C(#) by operation of cross-over with P(¢);
To evaluate the C(r) for the bounds of intervals (8.12) using

criterion (8.10);
To select the population P(t+1) from P(¢) and C(¢);

t:=t+1;
end
end
Cl C[ CN }"11 |l M er | PNM
Igall G“ll ﬂa[l O-ail )B“nl O.anl

Fig. 8.2. Coding of parameters matrix
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Fig. 8.3. Crossover operation ( ., - chromosomes-parents, , ﬂ - chromosomes-
offsprings )

8.5 Neuro-fuzzy Network for Fuzzy Relations Extraction

Let us impose limitations on the knowledge base (8.2) volume in the following
form:

k <k ok, <k, ...k <k

where k; is the maximum permissible total number of fuzzy terms describing a

variable x, , i :L_n.

This allows embedding system (8.2) into the special neuro-fuzzy network,
which is able to extract knowledge [16, 21]. The neuro-fuzzy network for
knowledge extraction is shown in Fig. 8.4, and the nodes are presented in
Table 3.1.
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a; C; e
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Fig. 8.4. Neuro-fuzzy network for knowledge extraction

As is seen from Fig. 8.4 the neuro-fuzzy network has the following structure:

layer 1 for object identification inputs (the number of nodes is equal to n),
layer 2 for fuzzy terms used in the knowledge base (the number of nodes is
equal to ki+ko+...+kn ),

layer 3 for strings-conjunctions (the number of nodes is equal to kikaokn ),

layer 4 for fuzzy rules making classes (the layer is fully connected, the number
of nodes is equal to the number of output classes M ),
layer 5 for a defuzzification operation for each output.

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

o€
r+)=r()- L.
Ik Tk n arlk B
Bt +1) = B (1) — %8 curty=on(t—n—25 . (8.13)
Top @)’ Taov @)
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are used which minimize the criterion
L . 2
& = E(yr - yr) ’

where y, and y, are the experimental and the model outputs of the object at the #-
th step of training;

1, (t) are fuzzy relations at the #-th step of training;

B (1), o (1) are parameters for the fuzzy terms membership functions at the
t-th step of training.

1] is a parameter of training [26].

The partial derivatives appearing in recurrent relations (8.13) can be obtained
according to the results from Section 7.8.

8.6 Computer Simulations

Experiment 1

The aim of the experiment is to generate the system of IF-THEN rules for the
target “input ( x ) — output ( y )” model presented in Fig. 8.5.

y= 1.8x+0.8)(5x—1.1)(4x-2.9)(Bx—2.1)(9.5x-9.5)(3x - 0.05) + 20

8.14
20 (8.14)

The training data in the form of the interval values of input and output variable
is presented in Table 8.3.

0.35

Y

03 B

0.25

L L L L L L L L L
o o1 0.z 0.3 0.4 0.5 0.6 07 0.5 04 1

Fig. 8.5. Input-output model-generator
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Table 8.3. Training data (X, , ¥, )

Input Output

’ X N

1 [0, 0.1] [0.22, 0.32]
2 [0.1,0.2] [0.32, 0.27]
3 [0.2,0.3] [0.27,0.17]
4 [0.3, 0.4] [0.17,0.12]
5 [0.4,0.5] [0.12, 0.14]
6 [0.5,0.6] [0.14, 0.21]
7 [0.6, 0.7] [0.21, 0.25]
8 [0.7,0.8] [0.25, 0.22]
9 [0.8,0.9] [0.22, 0.14]
10 [0.9, 1.0] [0.14, 0.25]

The total number of fuzzy terms for the input variable is limited to six. The
total number of classes for the output variable is limited to four.
The classes for output variable evaluation are formed as follows:

[y,¥y1=10.10,0.15)U [0.15,0.20) U [0.20, 0.25 ]\ [0.25,0.35 ],
- [ — | — [ — [ —

e 2 a3 €l

The null solution R, presented in Table 8.4 together with the parameters of the
knowledge matrix is obtained using the genetic algorithm.

Table 8.4. Fuzzy relational matrix (null solution)

THEN output y
IF input x

e, e, e e,
o (0,0.14) 0.3 0.9 0.7 0.1
C, (0.09, 0.14) 0.2 0.2 0.4 0.9
C, (0.40, 0.12) 0.8 0.3 0.3 0.1
C, (0.72, 0.12) 0.1 0.3 0.9 0.2
C; (0.92,0.11) 0.9 0.6 0.2 0.3
C, (1.0, 0.07) 0.3 0.9 0.6 0.1
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The obtained null solution allows us to arrange for the genetic search for the
solution set of the system (8.11), where the matrices fi*(%,) and fi’(&,) for the

training data take the following form:

X [[0.67, 1.0]| [0.75, 1.0] [0.09, 0.14][0.03, 0.04][0.01, 0.02] [0, 0.01]

X, [0.33, 0.67][0.62, 0.98][0.14, 0.26][0.04, 0.05]]  0.02 0.01

X, [0.18, 0.33]][0.31, 0.62]][0.26, 0.59][0.05, 0.08][0.02, 0.03 0.01
ﬁA x, [[0.11,0.18][0.17, 0.31]/[0.59, 1.0]|[0.08, 0.17][0.03, 0.04 0.01

=
¥

=
(=)}

[0.05, 0.07][0.07, 0.10]{[0.25, 0.59][0.30, 0.50][0.06, 0.11][0.02, 0.03]
[0.04, 0.05][0.05, 0.07]{[0.17, 0.26][0.50, 0.97][0.11, 0.20][0.03, 0.05]
[0.03, 0.04][0.04, 0.05]{[0.08, 0.17] [0.69, 1.0] [0.20, 0.46][0.05, 0.11]
[0.02, 0.03][0.03, 0.04]{[0.05, 0.08][0.33, 0.69][0.46, 0.97][0.11, 0.33]
10 0.02  {[0.02, 0.03][[0.04, 0.05][0.16, 0.33]|[0.70, 1.0]| [0.33, 1.0]

=
3

]
]
[0.07, 0.11][0.10, 0.17]{[0.59, 1.0]|[0.17, 0.30][0.04, 0.06][0.01, 0.02]
]
]
]

>
oS

S

o>

~E ~E, AE; ~E,

i i A" i
2 0.30 [0.67,0.90] | [0.67,0.70] | [0.75,0.90]
%, 0.30 [0.33,0.67] | [0.40,0.67] | [0.62,0.90]
% | 1030,059] | [030,033] | [0.31,040] | [031,062]
& | 1059, 080] 0.30 [0.30,031] | [0.17,031]
© i [ 1059.080] 0.30 0.30 [0.17, 0.20]

% | 10.26,0.59] 0.30 [0.30, 0.50] 0.20

% | 1017,026] 0.30 [0.50, 0.90] 0.20
% | [020,046] | [030,046] | [0.69,0.90] | [0.20,030]

% | [046,090] | [0.46,0.60] | [0.33,0.69] 0.30

&, | 10.70,090] | [0.60,090] | [0.33,0.60] 0.30

The complete solution set for the fuzzy relation matrix is presented in Table
8.5, where input x is described by fuzzy terms Low (L), lower than Average (IA),
Average (A), higher than Average (hA), lower than High (IH), High (H); output y
is described by fuzzy terms higher than Low (hL), lower than Average (IA),
Average (A), High (H).
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Table 8.5. Fuzzy relational matrix (complete solution set)

IF input x THEN output y
hL A A H

C L 0.30 0.90 0.70 [0, 0.75]
C, IA 0.30 0.30 0.40 0.90
G, A 0.80 0.30 0.30 [0, 0.20]
C, hA | [0, 0.26] 0.30 [0.69, 0.90] 0.20
C IH 0.90 0.60 [0.33, 0.60]U[0, 0.60] 0.30
C, H | [0,0.70] | [0.60,0.90] | [0,0.60]1U[0.33,0.60] | [0, 0.30]

The obtained solution provides the approximation of the object shown in Fig. 8.6.

0.358 T T T T T T T

0.3

0.2a

0.2

014

oA L L L L L L L L L X
] 0.1 0.2 0.3 0.4 0.5 0.6 o7 0.8 0.9 1

Fig. 8.6. Input-output model extracted from data

The resulting solution can be linguistically interpreted as the set of the two
possible rules bases (See Table 8.6), which differ in the fuzzy terms describing
output y in rule 6 with overlapping weights.
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Table 8.6. System of IF-THEN rules

Rule IF x THEN y
1 L IA
2 IA H
3 A hL
4 hA A
5 IH hL
6 H hL or IA
Experiment 2

The aim of the experiment is to generate the system of IF-THEN rules for the

target “two inputs ( x,, x, ) — two outputs ( y,, y, )” model presented in Fig. 8.7:

Y, =fl(xl,x2)=%(2z—0.9) (7z-1) (17z-19) (15z-2), (8.15)

1
Y2 :f2(xl’x2):_§yl+1’

(%, =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 8.7.

where z

Fig. 8.7. Inputs-outputs model-generator
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Table 8.7. Training data ( XS R ?S )
Inputs Outputs

s X X, N 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 total number of fuzzy terms for input variables is limited to three. The total
number of combinations of input terms is limited to six.
The classes for output variables evaluation are formed as follows:

[y.-nl= [0,02)U[0.2,1.2)]U[1.2,34],
Z ; . ’ N

e

42

[ijz] =[-0.7,0)U [0,1.2].
— —

€21

n

a3

The null solution R, presented in Table 8.8 together with the parameters of the

knowledge matrix is obtained using the genetic algorithm.

Table 8.8. Fuzzy relational matrix (null solution)

THEN outputs
IF inputs
Vi Y2

X X, €, €, €5 € €xn
C (0.03,0.72) | (0.01,1.10) | 0.15 0.78 0.24 0.52 | 048
C, (3.00, 1.77) | (0.02,1.14) | 0.85 0.16 0.02 0.76 | 0.15
C; (5.96,0.71) | (0.04,0.99) | 0.10 0.92 0.27 0.50 | 0.43
C, (0.00, 0.75) | (2.99,2.07) | 0.86 0.04 0.30 0.80 | 0.30
Cs (3.02,1.80) | (2.97,2.11) | 0.21 0.11 0.10 0.15 | 0.97
Cs (5.99,0.74) | (3.02,2.10) | 0.94 0.08 0.30 0.75 | 0.30
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The obtained null solution allows us to arrange for the genetic search for the
solution set of the system (8.11), where the matrices ﬁA(XS) and i’ ()A(S) for the
training data take the following form:

G G 7yCy ~Cs

2 i a i i 7
A [0.33,
X, [[0.16, 0.74][0.16, 0.52] 0 0.61] [0.28, 0.52] 0
. [0.35,
X, [0.21, 0.46][0.21, 0.46] 0 [0.28, 0.52] 0
0.90]
)A(B [0,0.50] [[0.16,0.74] 0 [0, 0.50] |[0.33,0.61] 0
¥ X4 [0, 0.46] [[0.21,0.46] 0 [0, 0.50] |[0.37, 0.95] 0
- Xs 0 [0.16, 0.74] [0, 0.50] 0 [0.33,0.61] [0, 0.50]
X@ 0 [0.21, 0.46]| [0, 0.46] 0 [0.34, 0.95] [0, 0.50]
X7 0 [0.16, 0.52][[0.16, 0.74] 0 [0.28, 0.52][0.33, 0.61]
Xg 0 [0.21, 0.46][0.21, 0.46] 0 [0.28, 0.52]|[0.35, 0.90]
ﬂEl ﬂEz ’aE} ’aEA ﬂEs
5 [0.16, [0.30,
X, |[0.33,0.61] 0.74] 0.52] [0.33,0.61]| [0.30, 0.52]
5 [0.21, [0.30,
X, | [0.35,0.86] 0.46] 0.52] [0.35,0.80]| [0.30, 0.52]
5 [0.16, [0.33,
X, | [0.21, 0.74] 0.50] 0.61] [0.16, 0.74]| [0.33,0.61]
5 [0.16, [0.37,
i’ = X, | [0.21,0.46] 0.46] 0.95] [0.21, 0.50]| [0.37,0.95]
5 [0.16, [0.33,
X, | [0.21, 0.74] 0.50] 0.61] [0.16,0.74] | [0.33, 0.61]
5 [0.16, [0.34,
X, | [0.21,0.50] 0.46] 0.95] [0.21, 0.50]| [0.34, 0.95]
5 [0.16, [0.30,
X, [[0.33,0.61] 0.74] 0.52] [0.33,0.61]| [0.30, 0.52]
5 [0.21, [0.30,
X, | [0.35,0.90] 0.46] 0.52] [0.35,0.75]| [0.30, 0.52]

The complete solution set for the fuzzy relation matrix is presented in Table 8.9,
where input x, is described by fuzzy terms Low (L), Average (A), High (H); input
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x, is described by fuzzy terms Low (L), High (H); output y, is described by fuzzy
terms higher than Low (hL), lower than Average (IA), High (H); output y, is
described by fuzzy terms Low (L), lower than Average (IA).

Table 8.9. Fuzzy relational matrix (complete solution set)

THEN outputs
IF inputs
Y1 Y2
X, X, hL IA H IA L

C, | L L [0,0.21] ]1[0.74,1.0]| [0, 0.30] [[0.33,0.61]] [0, 0.52]
[0, 0.16]

G | A L ] 1[0.74, 1.0] [0,0.30] | [0.74,1.0] | [0, 0.30]
Uo.16

C; | H| L [0,0.21] ] [0.74,1.0]| [0, 0.30] [[0.33,0.61]] [0, 0.52]

C, | L | H 0.86 [0, 0.16] 0.30 0.80 0.30
0.16

G | A | H 0.21 U [0.95,1.0]| [0,0.16] |[0.97,1.0]
[0, 0.16]

Co | H | H |10.90,1.0] | [0,0.16] 0.30 0.75 0.30

The obtained solution provides the approximation of the object shown in Fig. 8.8.

Fig. 8.8. Inputs-outputs model extracted from data
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The resulting solution can be linguistically interpreted as the set of the four
possible rules bases (See Table 8.10), which differ in the fuzzy terms describing
output y, inrule 1 and rule 3 with overlapping weights.

Table 8.10. System of IF-THEN rules

IF inputs THEN outputs
Rule

X Xy i Vs
1 L L IA IAorL
2 A L hL IA
3 H L IA IAorL
4 L H hL IA
5 A H H L
6 H H hL IA

8.7 Example 7: Fuzzy Relations Extraction for Heart Diseases
Diagnosis

The aim is to generate the system of IF-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 H:

x,— tricuspid valve size (0.5 — 2.7 cm 3);

x, — lung artery pressure (65 — 100 mm Hg).

Output parameters are:

y,— left ventricle size (11-14 mm);

v, — left auricle size (40-70 mm);

v, — right ventricle size (36—41 mm);

y,— right auricle size (38—45 mm).

The training data obtained in the Vinnitsa Clinic of Cardiology is represented in

Table 8.11 [27].
In current clinical practice, the number of combined heart diseases (aortic-mitral,

mitral-tricuspid, mitral with lung hypertension etc.) is limited to six (ﬁ =6).
The classes for output variables evaluation are formed as follows:

Ly . »1=[1L12)U[13,14], [y ,y,]1=[41,50)[50,70],

e 2 €1 n

[y, ¥ 1=1036,38)U[38,41], [y, ,y,]=1[3840)[40,45].

€1 €3 €41 (%)
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Table 8.11. Training data

Input parameters Output parameters
§ 4 X, X3 Xy N Y2 Y3 Vs
0.75-2 2 2 65-69 | 12-14 | 41-44 36 38
2.0-2.5 2 2 65-69 | 11-13 | 40-41 36 38
2.0-2.5 1-2 2 71-80 11 40 38-40 | 40-45
2.0-2.5 2 2 71-80 11 50-70 | 37-38 | 38-40

2.0-2.5 2 0.5-2 | 72-90 | 11-12 | 60-70 | 40-41 | 40-45
2.0-2.5 1-2 2-2.7 | 80-90 | 11-12 40 40-41 38
2.0-2.5 2 2 80-100 11 50-60 36 38
2.0-2.5 1-2 2-2.7 | 80-100 11 40 40-41 | 38-40

0| ||| K|~

In clinical practice these classes correspond to the types of diagnoses ¢, low
inflation and e, dilation (hypertrophy) of heart sections y, +y, . The aim of the
diagnosis is to translate a set of specific parameters x, +x, into decision e, for
each output y, +y,.

The null solution R, presented in Table 8.12 together with the parameters of
the knowledge matrix is obtained using the genetic algorithm.

Table 8.12. Fuzzy relational matrix (null solution)

IF inputs THEN outputs

N Vs V3 Y4

12 21 22 31 32 41 42

(0.75,](2.00,(2.35,(65.54,
1.30)]0.63)0.92) | 8.81)
(2.50,[(2.00,](2.44,|(64.90,
0.95)]0.65) | 1.15) | 9.57)
(2.52)(1.00,(2.32,(69.32,
1.04) [ 0.82) | 0.88) | 10.23)
(2.55,](2.00,(2.36,(95.07,
0.98)|0.72) | 0.90) [ 21.94)
(2.51,](1.92,](0.50,(100.48
1.10)| 0.75) | 0.90) | 26.14)
(2.55,](1.00,](2.30,[(95.24,
0.96)|0.94) | 1.20) [ 22.46)

0.2110.95]0.76 | 0.16 1 0.95]0.10] 0.90 | 0.10

0.40]10.63]0.93]0.15]0.90]0.12]0.85] 0.06

0.9210.20] 0.86 | 0.08 1 0.31]0.75] 0.14] 0.82

0.90]0.15] 0.24 1 0.59 ] 0.55]10.02]0.64 ] 0.26

0.85]0.18 1 0.12 ] 0.95 ] 0.10 1 0.90] 0.21] 0.93

0.8010.37]10.76 | 0.31 ] 0.22]0.88]0.75] 0.14
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The obtained null solution allows us to arrange for the genetic search for the
solution set of the system (8.11), where the matrices fi* ( )A(S) and ° ( XS) for the
training data take the following form:

’aCl 'aCz 'aQ ’aQ ’aCS 'aC(,
Xl [0.62,0.94]| [0.32,0.74] |[0.30, 0.40]| [0.09, 0.31] | [0.07, 0.35] | [0.08, 0.29]
Xz [0.35,0.62]| [0.74,0.90] 0.40 [0.09,0.31]|[0.07, 0.35]| [0.08, 0.29]
X3 [0.21,0.54]| [0.2,0.52] |[0.22,0.56]|[0.31,0.72] 0.35 [0.29, 0.77]
A 5(4 [0.21,0.54]| [0.2,0.52] |[0.22,0.40]|[0.31, 0.72] 0.35 [0.29, 0.41]
n A
XS [0.1, 0.54] | [0.08, 0.52] |[0.07, 0.56]|[0.31, 0.86] | [0.35,0.89]| [0.29, 0.41]
XG [0.1, 0.21] | [0.08,0.21] |[0.07, 0.22]| [0.72,0.86] | [0, 0.35] |[0.41,0.85]
5(7 [0,0.21] [0, 0.21] [0, 0.22] [[0.72,0.90] 0.35 0.41
Xg [0, 0.21] [0, 0.21] [0,0.22] |[0.72,0.90]| [0, 0.35] [0.41, 1.0]
i B i By a Es a Eq i Es a Ee 2 E7 2 2
X, [10.32, 0.401 | [0.62, 0.94] | [0.62, 0.76] | [0.16, 0.35 | [0.62. 0.94] | [0.30, 0.40] | [0.62, 0.90] |[0.30, 0.40]
X,| 040 0.63  |[0.74,0.90]|[0.16,0.35]|[0.74,0.90]| 040 |[0.74,0.85] 0.40
X5 |0.35,0.77]|[0.21, 0.54]|[0.29, 0.76] | [0.35, 0.59] [[0.31, 0.55] | [0.35, 0.77] |[0.31, 0.75] |[0.35, 0.56]
B 5(4 [0.35, 0.72]|[0.21, 0.54]{[0.29, 0.54] | [0.35, 0.59]|[0.31, 0.55]|[0.35, 0.41]|[0.31, 0.64] | [0.35, 0.4]
X5 |[0.35, 0.897[0.10, 0.54] | [0.29, 0.56] | [0.35, 0.89] |[0.31, 0.55] | [0.35, 0.89] |[0.31, 0.64] [0.35, 0.89]
X |[0.72,086]] 037 [[0.41,076]| 0.59 055 |[0.41,0.85]|[0.64, 0.75]|[0.26, 0.35]
X7 [0.72, 0.90] 0.37 0.41 0.59 0.55 0.41 0.64 0.35
Xg [0.72, 0.90] 0.37 [0.41, 0.76] 0.59 0.55 [0.41, 0.88]([0.64, 0.75]|[0.26, 0.35]

The complete solution set for the fuzzy relation matrix is presented in Table
8.13, where, according to current clinical practice, the valve sizes x, +x, are

described by fuzzy terms stenosis (S) and insufficiency (I); pressure x, is

described by fuzzy terms normal (N) and lung hypertension (H).

The obtained solution provides the results of diagnosis presented in Table 8.14
for 57 patients. Heart diseases diagnosis obtained an average accuracy rate of 90%
after 10000 iterations of the genetic algorithm (100 min on Intel Core 2 Duo
P7350 2.0 GHz).

The resulting solution can be linguistically interpreted as the set of the four
possible rules bases (See Table 8.15), which differ in the fuzzy terms describing
outputs y, and y, inrule 3 with overlapping weights.
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Table 8.13. Fuzzy relational matrix (complete solution set)

IF inputs THEN outputs
N y2 V3 Y4
A i D L D L D L D
S|I|1I|N]I[0,040] [[0.94, 1.0 0.76 0.16 |[0.94,1.01] [0,0.30] | 0.90 | [0,0.30]
I|I|I|N| 040 0.63  |0.90, 1.01[ [0, 0.35] [[0.90, 1.01{ [0, 0.30] | 0.85 [ [0, 0.30]
I]S|1|N]|[040,1.0][ [0,0.54] [[0.56, 1.0]| [0, 0.35] [ [0, 0.55] [[0.40, 1.0]{[0, 0.31][[0.56, 1.0]
[0, 0.37] 0.26 U
I|1]|1]|H|[0.90,1.0] U037 [0, 0.41] 0.59 0.55 [0,0.41] | 0.64 [0, 0.26]
I|1]S|H|[0.891.01][0,0.54] | [0,0.56] |[0.89, 1.0]| [0, 0.55] |[0.89, 1.0]|[0, 0.31]][0.89, 1.0]
037 U [0, 0.26]
I|S|1|H]|0.77,0.90] [0, 0.37] 0.76 | [0,0.59] | [0,0.55] [[0.85, 101 0.75 | "] ° ¢
Table 8.14. Genetic algorithm efficiency characteristics
Output Type of Number Probability
parameter diagnosis of cases of the correct diagnosis
e, 20 17/20=0.85
’ . 37 34737=092
e, 26 23/26=0.88
2 . 31 28731=090
e, 28 25/28=0.89
s . 29 27/29=093
e, 40 37/40=0.92
. o 17 15/17=088
Table 8.15. System of IF-THEN rules
IF inputs THEN outputs
Rule
4 X X3 Xy N Y2 Y3 Va
1 S I I N D L L L
2 I I I N D L L L
3 1 S 1 N LorD L LorD D
4 I I I H L D L L
5 I I S H L D D D
6 I S 1 H L L D L
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Chapter 9
Applied Fuzzy Systems

Data processing not only in physics and engineering, but also in medicine, biology,
sociology, economics, sport, art, and military affairs, amounts to the different state-
ments of identification problems. Fuzzy logic is mistakenly perceived by many spe-
cialists in mathematical simulation as a mean of only approximate decisions making
in medicine, economics, art, sport and other different from physics and engineering
humanitarian domains, where the high level of accuracy is not required. Therefore,
one of the main goals of the authors is to show that it is possible to reach the accu-
racy of modeling, which does not yield to strict quantitative correlations, by tuning
fuzzy knowledge bases. Only objects with discrete outputs for the direct inference
and discrete inputs for the inverse inference were considered in the previous chap-
ters. Such a problem corresponds to the problem of automatic classification arising
in particular from medical and technical diagnosis. The main idea which the authors
strive to render is that while tuning the fuzzy knowledge base it is possible to identi-
fy nonlinear dependencies with the necessary precision.

The use of the fuzzy expert information about the nonlinear object allows us to
decrease the volume of experimental researches that gives the significant advan-
tage in comparison with the known methods of identification with the growth of
the number of the input variables of the object. Besides that, the fuzzy knowledge
base easily interprets the structure of the object, while it is not always possible at
the use of known methods.

Numerous examples considered in this chapter testify to wide possibilities of the
intellectual technologies of modeling in the different domains of human activity.

9.1 Dynamic System Control

A dynamic system is traditionally considered as one quantitative description of
which can be given by the language of differential or other equations [1]. Classical
automatic control theory suggests that such equations can be constructed from the
laws of physics, mechanics, thermodynamics, and electromagnetism [2]. Con-
struction of dynamic equations requires a deep understanding of the processes and
needs good physico-mathematical training [3]. On the other hand, a person can
control a complicated object without compiling or solving any equations. We re-
call for example how easily a driver parks an automobile. Even a novice sitting for
the first time in the driver seat can control an automobile by executing the verbal
commands from his instructor sitting next to him.

A.P. Rotshtein et al.: Fuzzy Evidence in Identif., Forecast. and Diagn., STUDFUZZ 275, pp. 259-313.
springerlink.com © Springer-Verlag Berlin Heidelberg 2012
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A unique feature of man is his capacity to learn and to evaluate the observed
parameters in natural language: low velocity, large distance, and so on. Fuzzy set
theory makes it possible to formalize natural language statements. Here we show
that one can adjust a fuzzy knowledge base and use it to control a dynamic object
no less effectively than with classical control theory. This section is written on the
basis of work [4].

9.1.1 Control Object

We consider an inverted pendulum (Fig. 9.1), i. e., a rod fixed on a trolley that can
oscillate in the longitudinal vertical plane.

The task of the control system is to maintain the inverted pendulum in the ver-
tical position by displacing the trolley. A more ordinary form of this task is to
maintain a rod on a finger in the vertical position. In [2] it has been shown that this
is the class of problems in simulating the motion of a rocket, a supersonic aircraft,
or a set of barges pushed by a tug, all of which are objects in which the centre of
mass does not coincide with the point of application of the force.

y

(I
M~

\
23 Y Y Y Y U N N N N N NN

Fig. 9.1. Inverted pendulum

Before we consider the differential equations describing the motion of the pendu-
lum, we note that the rod or the finger is kept vertical by applying simple rules:

If the angle of deviation from the vertical is large, one needs rapid movement in
the same direction;

If the angle of deviation is small, one makes a small movement in the same direction;

If the angle of deviation is zero, no movement is made.
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9.1.2 Classical Control Model

Following [5], we introduce the following symbols in Fig. 9.1: /- pendulum
length, m — pendulum mass, M - trolley mass, g — acceleration due to gravity,

u —control for supply to trolley, f, and f, — horizontal and vertical components

of the forces acting on the pendulum, & — the angular deviation of the pendulum
from vertical, and / — the second moment of the pendulum in the plane of oscilla-

tion, which for a rectilinear thin rod is given by [ = ’”T’z .

The equation of motion for an inverted pendulum as a control object may be
written as follows [5]:
turning moment about the point G

16 = flcos@+ flsin@ |
displacement of the projection of G on the y axis
f, —mg =m-(lcos6) = —ml(sin 0+ 6" cos ) ;
displacement of the projection of G on the x axis
f. =m-<(x—1sin ) = m —ml(6 cos 6 —6° sin 0) ;
and displacement of the trolley parallel to the x axis
u—f =Mi ,

in which @ is the rate of change in angle &, 6 is the angular acceleration of the
pendulum, and X is the acceleration of the trolley along the x axis.

A linear approximation is used for these equations subject to the condition that
6 varies over a fairly narrow range (cosd=1, sin@=86, 00 ~ 0, 6* = 0),
which gives us the differential equation of motion as:

G =28Mim g s . 9.1

— (4M+m)l (4M +m)l

To maintain the pendulum vertical with an ordinary control system with feed-
back, we represent the control variable as:

u=ab+p0 9.2)

which corresponds to a proportional-differential regulator having proportionality
coefficients & and .

To provide stability, we take the coefficients as:

a=-10, f=-2,
which gives negative values for the roots

A =-298 , 1,=-16.99
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in the characteristic equation

2 34 _ 3sM+m)+3a _
A (4M +m)l A aM+m)l 0 ’

corresponding to (9.1).
To keep it vertical, we can thus use the control input

u=-100-20 9.3)
in which the equation for the stable motion is:

G- O g 38MEm=30, 9.4)
(M +m)l (4M +m)l

Table 9.1 gives the behaviour of @ (in rad) and é(rad/sec) from (9.4) with
various initial conditions: §,, ¥, and %, . In solving equation (9.4) we have used
the following parameter values:

m=0.035kg, M =0.5kg, =30 cm, g =9.8 m/sec’.

In what follows, Table 9.1 will be used as the training set for adjusting the
fuzzy control model.

Table 9.1. Behavior of an inverted pendulum under regulator control

I 7> £

0.0 0.175 0.0000 0.105 0.0000 0.035 0.0000
0.1 0.150f -0.3523 0.090[ -0.2114 0.030[ -0.0705
0.2 0.115( -0.3261 0.069( -0.1957 0.023| -0.0652
0.3 0.086| -0.2540 0.052( -0.1524 0.017[ -0.0508
0.4 0.064| -0.1908 0.039( -0.1145 0.013| -0.0382
0.5 0.048| -0.1421 0.029( -0.0852 0.010{ -0.0284
0.6 0.035| -0.1056 0.021f -0.0633 0.007( -0.0211
0.7 0.026] -0.0784 0.016[ -0.0470 0.005| -0.0157
0.8 0.020[ -0.0582 0.012f -0.0349 0.004| -0.0116
0.9 0.015] -0.0432 0.009( -0.0259 0.003| -0.0086
1.0 0.011f -0.0321 0.006[ -0.0193 0.002( -0.0064
1.1 0.008| -0.0238 0.005( -0.0143 0.002| -0.0048
1.2 0.006| -0.0177 0.004( -0.0106 0.001| -0.0035
1.3 0.004| -0.0131 0.003( -0.0079 0.001| -0.0026
1.4 0.003| -0.0098 0.002( -0.0059 0.001{ -0.0020
1.5 0.002| -0.0072 0.001f -0.0043 0.000{ -0.0014
1.6 0.002| -0.0054 0.001{ -0.0032 0.000{ -0.0011
1.7 0.001| -0.0040 0.001{ -0.0024 0.000[ -0.0008
1.8 0.001| -0.0030 0.001f -0.0018 0.000[ -0.0006
1.9 0.001| -0.0022 0.000{ -0.0013 0.000{ -0.0004
2.0 0.001] -0.0016 0.000{ -0.0010 0.000{ -0.0003
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9.1.3 Fuzzy Control Model

The dependence of the control u on the variables 6 and 0 is represented as a
knowledge base formed from 25 expert rules as follows:

IF @=A AND =B, , THEN u=C,, i=15, j=17.

These rules form a 55 matrix:

Rate of change, 6

hN N Z P hP
hN vhN vhN hN N Z
Deviation N vhN hN N Z P
angle, Z hN N Z P hP 9.5)
6 P N Z P hP vhP
hP Z P hP vhP vhP

where variables @ and @ are evaluated by means of five terms:

A, =B, = high negative (hN), A, =B, = negative (N), A, =B, = zero (Z),
A, = B, =positive (P), A; = B, = high positive (hP).
and variable u is evaluated by means of seven terms:

C, - very high negative (viN), C, - high negative (hN), C, - negative (N), C,
- zero (Z), C; - positive (P), C, - high positive (hP), C, - very high positive (VvhP).

As the training set for tuning the control model (9.5), we use the Table 9.1 data
and equation (9.3). The task of adjustment consists in selecting parameters for the
membership functions in the terms A and B, (i :l,_S) and rule weights in (9.5)

such as to produce the minimum discrepancy between the theoretical equations
(knowledge base (9.5)) on the one hand and the experimental equations (Table 9.1
and formula (9.3)) on the other.

The adjustment is performed by the method described in Section 3. The ob-
tained membership functions are presented in Fig. 9.2. The weights of the fuzzy
rules after adjustment correspond to the elements in the following matrix:

Rate of change, 6

hN N z P hP
hN 0.9837 [ 0.3490 | 0.7902 | 0.8841 | 0.9015
Deviation N 0.3490 [ 09111 | 0.3901 | 0.7509 | 0.2199
angle, Z 0.7902 [ 0.3901 | 0.7981 | 0.6381 | 0.5594
o P 0.8841 [ 0.7509 | 0.6381 | 0.3690 | 0.5114
hP 0.9015 [ 0.2199 | 0.5594 | 0.5114 | 0.8708
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Fig. 9.3 compares the behaviour of & for the classical model and the fuzzy model
with various initial conditions ( , , 7, , ; ); after the fuzzy control system is adjusted, it
provides the same results as a traditional proportional-differential regulator.

1Bl B2 B3 B4 B5

6 0 - 7 : 9
075 -0.375 0 0375 075 075 0375 0 0375 075

Fig. 9.2. Membership functions for fuzzy levels of variables € and 6 evaluation

0
16°

Classical control
------------- Fuzzy control

0 0.4 0.8 1.2 1.6 2 !

Fig. 9.3. Comparison of fuzzy and classical control systems after tuning

9.1.4 Connection with Lyapunov’s Functions

It is shown here, that Lyapunov’s functions known in stability theory can be used
to synthesize fuzzy rules for control of a dynamic system.

The second or direct Lyapunov’s method [3] allows us to study the stability of
solutions of the nonlinear differential equations without solving these equations.
The stability criterion was developed by Lyapunov on the basis of the following
simple physical conception of equilibrium position: equilibrium position of the
system is asymptotically stable, if all the trajectories of the process, beginning
fairly near from the equilibrium point, stretch in such a way, that a properly de-
fined “energetic” function is converged to the minimum, where position of the
local minimum of energy corresponds to this point of equilibrium.

Let us consider the application of this criterion relative to the generalized
nonlinear equation:

x=fx), x(0)=x , (9.6)
where x is the vector of the system condition.
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We assume, that f(0) =0 and function fis continuous in the neighbourhood
of the origin of coordinates.

Definition of Lyapunov’s function. Function V(x) is called Lyapunov’s func-

tion (an energetic function) of system (9.6), if:
D v©)=0,
2) V(x)>0 for all x#0 in the neighbourhood of the origin of coordinates,
3) ? <0 along the trajectory of system (9.6).

The main result, obtained by Lyapunov, was formulated as the theorem of stability.

Lyapunov’s Theorem of Stability. The equilibrium position x=0 of system
(9.6) is asymptotically stable, if Lyapunov’s function V (x) of the system exists.

We stress that Lyapunov’s method requires derivation of the system dynamics
equations. We are interested in the case with a lack of such equations.

Let us consider the inverted pendulum (Fig. 9.1) in the assumption, that only
the following a priori information is known:

a) the system condition is defined by the coordinates x, =6 and x, = ;
b) x, is proportional to control u, i.e., if u increases (decreases), then X, in-
creases (decreases).

To apply Lyapunov’s theorem to the inverted pendulum, the following func-
tion is selected as a Lyapunov’s function candidate:

V(x,x,)= %(xf +x) . 9.7)

If V(0,0)=0 and V(x,,x,)>0 then to assign V(x,,x,) as a Lyapunov’s func-
tion, it is necessary to provide the condition:
aV(x,x,)
ot

= XX +x,% =xx, +x,%, <0. 9.8)

A fuzzy knowledge base about control u =u(x,,x,) can be formulated as the
condition of inequality (9.8) implementation. We consider three cases:

IF x, and x, have the opposite signs, then x,x, <0 and inequality (9.8) will be
implemented for x,x, =0.
IF x, and x, are positive, then (9.8) will be implemented for x, < —x; .

IF x, and x, are negative, then (9.8) will be implemented for x, > —x;, .
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Using the above mentioned reasoning and priori information relative to the fact
that x, is proportional to u, we obtain four fuzzy rules for stable control the in-

verted pendulum:

IF x, positive AND x, negative, THEN u zero,
IF x, negative AND x, positive, THEN u zero,
IF x, positive AND x, positive, THEN u high negative,
IF x, negative AND x, negative, THEN u high positive.

Adjustment of this knowledge base consists of the selection of membership
functions for the corresponding terms.

The essential differences between the classical and fuzzy control systems are
given in Table 9.2.

Table 9.2. Control System Comparison

System type Advantages Disadvantages

If there is a model that adequately| Difficult to derive differential
Classical  |describes the dynamics, one can| equations adequately describing
operate without adjusting it the dynamics in the presence of
nonlinear perturbations

Differential equations not
necessary, and dynamic model is | Requires linguistic model
readily written in terms of adjustment

linguistic rules

Fuzzy

9.2 Inventory Control

Minimization of the inventory storage cost in enterprises and trade firms stocks in-
cluding raw materials, stuffs, supplies, spare parts and products, is the most impor-
tant problem of management. It is accepted that the theory of inventory control re-
lates to operations research [6]. The models of this theory [7, 8] are built according
to the classical scheme of mathematical programming: goal function is minimizing
storage cost; controllable variables are time moments needed to order (or distribute)
corresponding quantity of the needed stocks. Construction of such models requires
definite assumptions, for example, of orders flows, time distribution laws and others.
Therefore, complex optimization models may produce solutions that are quite in-
adequate to the real situation.

On the other hand, experienced managers very often make effective administra-
tive decisions on the common sense and practical reasoning level. Therefore, the
approach based on fuzzy logic can be considered as a good alternative to the clas-
sical inventory control models. This approach elaborated in works [9 — 12] re-
quires neither complex mathematical models construction nor search for optimal
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solutions on the basis of such models. It is based on a simple comparison of the
demand for the stock of the given item at the actual time moment with the quantity
of the stock available in the warehouse. Dependent upon this, inventory action is
formed consisting of increasing or decreasing corresponding stocks and materials.

“Quality” of a control fuzzy model strongly depends on the “quality” of fuzzy
rules and “quality” of membership functions describing fuzzy terms. The more
successfully the fuzzy rules and membership functions are selected, the more ade-
quate the control action will be. However, no one can guarantee that the result of
fuzzy logical inference will coincide with the correct (i.e. the most rational) con-
trol. Therefore, the problem of the adequate fuzzy rules and membership functions
construction should be considered as the most actual one while developing control
systems on fuzzy logic.

In this chapter it is suggested to build the fuzzy model of stocks and materials
control on the grounds of the general method of nonlinear dependencies identifica-
tion by means of fuzzy knowledge bases [13]. The proposed method is special due
to the tuning stage of the fuzzy inventory control model using “demand - supply”
training data. Owing to this tuning stage it is possible to select such fuzzy rules
weights and such membership functions forms which provide maximal proximity
of the results of fuzzy logical inference to the correct managerial decisions.

To substantiate for the expediency to use this fuzzy approach relative to inven-
tory control, we resort to help of analogy with the classical problem of a dynamic
system (turned-over pendulum) control which can be successfully solved using
fuzzy logic [4].

9.2.1 Analogy with Turned-Over Pendulum

The approach to inventory control suggested here is similar to turned-over pendu-
lum control with the aim of retaining it in a vertical position by pushing the cart to
the left or to the right (Fig. 9.4). A rather habitual version of such a problem is
demonstrated by vertically retaining a stick on the finger. The simplest rules for
the problem solution can be represented in the following way:

IF the angle of deflection of the stick from the vertical position is big,

THEN the finger should quickly move in the same direction to keep the stick up;
IF the angle of deflection of the stick from the vertical position is small,
THEN the finger should slowly move in the same direction to keep the stick up;
IF the angle of deflection of the stick is equal to zero,

THEN the finger should stay motionless.

Keeping the speed of the car constant by the driver takes place in analogy to it;
if the speedometer needle drops down, then the driver presses the accelerator
down; if the speedometer needle goes up, then the driver reduces the speed. It is
known that experienced driver retains some given speed (for example, 90
km/hour) in spite of the quickly changing nonlinear road relief.



268 Chapter 9 Applied Fuzzy Systems

angle

J+

‘fﬁ force

I I
/) \/

Fig. 9.4. Control system of the turned-over pendulum

Returning to the inventory control system it is not difficult to understand that
the actions of the manager must be similar to the actions of the car driver regulat-
ing of the vehicle’s speed.

9.2.2 Method of Identification

The method of nonlinear objects identification by fuzzy knowledge bases [14]
serves as the theoretical basis for the definition of the dependency between control
actions and the current state of the control system. The method is based on the
principle of fuzzy knowledge bases two-stage tuning. According to this principle
the construction of the “inputs — output” object model can be performed in two
stages which, in analogy with classical methods [15], can be considered as stages
of structural and parametrical identification.

The first stage is traditional for fuzzy expert systems [16]. Formation and rough
tuning of the object model by knowledge base construction using available expert
information is accomplished at this stage. The higher the professional skill level of
an expert, the higher the adequacy of the built fuzzy model at the rough tuning
stage will be. However, as was mentioned in the introduction, no one can guaran-
tee the coincidence of the results of fuzzy logic inference (theory) and correct
practical decisions (experiment). Therefore, the second stage is needed, at which
fine tuning of the model is done by way of training it using experimental data.

The essence of the fine tuning stage consists in finding such fuzzy IF-THEN
rules weights and such fuzzy terms membership functions parameters which
minimize the difference between desired (experimental) and model (theoretical)
behaviour of the object. Fine tuning stage is formulated as nonlinear optimization
problem which can be effectively solved by some combination of genetic algo-
rithms and neural networks [14].
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9.2.3 Fuzzy Model of Control

Let us present the inventory control system in the form of the object with two in-
puts (x,(¢), x,(t)) and single output ( y(t) ), where:

x,(t) is demand, i.e. the number of units of the stocks of the given brand,

which is needed at time moment #;

x,(t) is stock quantity-on-hand, i.e. the number of units of the stocks of the
given brand, which is available in the warehouse at moment ¢;

y(t) is an inventory action at moment f, consisting in increasing — decreasing
the stocks of the given brand.

System state parameters x,(¢), x,(t) and inventory action y(¢#) are considered

as linguistic variables [17], which are estimated with the help of verbal terms on
five and seven levels:

falling (F) minimal (M)
decreased (D) low (L)
x1(2)= steady (S) xp(8)= adequately sufficient (A)
increased (/) high (H)
rising up (R) excessive (E)

4 d, —to decrease the stock sharply
d,— to decrease the stock moderately
d, —to decrease the stock minimally
y(t)= < d,— do nothing

d, — to increase the stock minimally

d, —to increase the stock moderately

L d,— to increase the stock sharply

Let us note that term “adequately sufficient” in variable x,(7) estimation depicts
the rational quantity of the stock on the common sense level, and does not pretend to
be contained within the mathematically strong concept of optimality which envis-
ages the presence of goal function, controllable variables and area of constraints.

Functional dependency

y(0) = f (%), x,(1) 9.9)

is defined by the table presented in Fig. 9.5.
This table is defined in an expert manner and depicts the complete sorting out
of the (5xX5=25) terms combinations in the triplets <xl ®), x,(), y(t)) .
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Grouping these triplets by inventory actions types, we shall form a fuzzy knowl-
edge base, presented in Table. 9.3.

This fuzzy knowledge base defines a fuzzy model of the object in the form of
the following rules, e.g.:

IF demand is falling AND stock is excessive, OR demand is falling AND stock is high,

OR demand is decreased AND stock is excessive,

THEN it is necessary to decrease the stock sharply.

xp(2) 4
E d, d, dy ds dy
H d, dy 3 dy ds
y d, s dy ds dg
L s dy ds de d7
M | d, ds dg d7 d7
F D s i R X0

Fig. 9.5. Dependency between state parameters and inventory actions

Fuzzy logical equations correspond to the fuzzy knowledge base (Table 9.3). They
establish the connection between membership functions of the variables in correlation

(9.9). Let 1’ (u) be membership function of variable u to term j. Let us go on from the
fuzzy knowledge base (Table 9.3) to the system of fuzzy logical equations:

1) =p" ) e v () - 1 () v i (x) - 1 (xy)

1=y =p" ()1 () v () 1" () v i () 1 (x,) 5

1S )= p" ()t o) v () - it ) v () - i () v ' () - 1 ()

us ()= (x)- 1 () v () 1" (x,)

v () it () vt G- () vt () - 1 (xy);

w15 ()= (x)- 1 () v 1 () () v (x)- ut () v u® () 1" (x,)

w1 ()= () ™ () v ' () - () v a® () - 1’ (x,);

1 ()= ) ™ o) v ) M () v R () - it (xy), (9.10)
where ( e )is operation AND (min); v is operation OR (max).

The algorithm of decision making on the basis of fuzzy logical equations con-
sists of the following:

1°. To fix the demand x,(#) and stock quantity-on-hand x,(¢) values at the

time moment 7=1,,.
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Table 9.3. Fuzzy knowledge base

IF THEN
Demand  x,(t) Stock quantity-on-hand x,(t) Inventory action y(t)
F E
F H d,
D E
F A
D H d,
S E
F L
D A
S H 4
I E
F M
D L
I H
R E
D M
S L
I A s
R H
S M
I L dg
R A
I M
R M d,
R L

2°.To define the membership degrees of x,(r) and x,(t) values to the corre-

sponding terms with the help of membership functions.
3°. To calculate the membership degree of the inventory action y(¢) at the time ¢ =

fp to each of the d,,d,,...,d, decisions classes with the help of fuzzy logical equations.

4°. The term with maximal membership function, obtained at step 3° should be
considered as inventory action y(f) at the time t=¢,. For obtaining the quantitative
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y(t) value at the time #=f, it is necessary to perform the “defuzzification” opera-
tion, i.e. to go on from the fuzzy term to a crisp number. According to [14] this

operation can be performed as follows. Range [ y,y ] of the variable y(r) change

is divided into 7 classes:

yOely,yl1=[y,y ) I [y, )J..Uly,y].
B :d’_J dy d;

The crisp value of the inventory action y(¢) at the time =t is defined by formula:

L) (D) e Yol ()

(®) 7
Y LD+ (D) + .t 17 ()

©.11)

9.2.4 Fuzzy Model Tuning

Relations (9.10), (9.11) define the functional dependency (9.9) in the following form
y(@) = F(x,@),x,(1),W,B,,C,B,,C,),

where W = (w,,w,,...,w,s) is the vector of weights in the fuzzy knowledge base
(Table 9.3);
B, =(b",b",b" b/ ,b"), B, =(b)",by,b; bl b)) are the vectors of centers
for variables x,(¢) and x,(#) membership functions to the corresponding terms;
C, =", ¢ "y, C,=(c,ch,c;,cl,cl’) are the vectors of concen-
tration parameters for variables x,(¢) and x, () membership functions to the cor-

responding terms;

F is the operator of “inputs — output” connection corresponding to formulae
(9.10), (9.11).

It is assumed that some training data sample in the form of M pairs of experi-
mental data can be obtained on the ground of successful decisions about inventory
control

(£0.%,0.50) . t=1,M

where <fcl ), %, (t)> are the inventory control system state parameters at time mo-

ment 7, y(¢) is the inventory action at time moment .

The essence of the inventory control model tuning consists of such membership
functions parameters (b-, c-) and fuzzy rules weights (w-) finding, which provide
for the minimum distance between theoretical and experimental data:

M
Z:[F(fcl(t),fcz(t),W,Bl ,C,.B,.,C,)-3()] = wn}l}ir}: , i=1,2. 9.12)
t=1 e
It is expedient to solve the nonlinear optimization problem (9.12) by a combina-
tion of the genetic algorithm and gradient methods.
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9.2.5 Example of Fuzzy Model Tuning

Fuzzy model of inventory control was constructed for the district food-store
house, selling some definite kind of agricultural production (buckwheat). The
ranges of the input and output variables change consisted of:

x, (1) € [0,200]*10° kg; x,(t) e [70, 170]¥10% kg; y(r) e [-100, 100]*10* kg.

Inventory control at the enterprise is done once per day. Therefore ¢ € [1...365]
days. The triplets < demand x,(¢), stock quantity-on-hand x,(¢), inventory ac-

tion y(t) > values, corresponding to the experienced manager actions, for which
the demand for the produce was satisfied while the permissible produce inventory
level in store was minimal where taken as training data sample. Training data
sample is presented in Fig. 9.6,a-c in the form of the dynamics of the input and
output variables change on time ¢ according to 2001 year data. For example, at
moments =120 and #=230 the control consisted of stock quantity-on-hand
increasing by 25%10° kg and reducing by 15%10” kg, respectively. Thus the pro-
duce remainder in store after control &(t)=x,(¢)+ y(t)—x,(t) consists of
2#10%kg and 53*10” kg, respectively. These values do not exceed the permissible
inventory level, which is equal to 70*10% kg. The dynamics of the produce re-
mainder after control £(7) change, presented in Fig. 9.6,d is indicative of the con-

trol stability, i.e. of the tendency of index &(¢) approaching a zero value. Mem-
bership functions of fuzzy terms for variables x,(¢) and x,(¢), and also their pa-

rameters (b-, c-) before and after training are presented in Fig. 9.7, 9.8 and Tables
9.4, 9.5 respectively. Rules weights included in the fuzzy knowledge base before
and after training are presented in Table 9.6.

Table 9.6. Rules weights before (after) training

x, (1)

E |10.954)| 1(0.755) | 1(0.999) | 1(0.967) | 1 (0.578)

g |100.986)] 1(0.711) | 1(0.897) | 1(0.679) | 1(0.953)

A [1(0.695)| 1(0.538) | 1(0.854) | 1(0.968) | 1 (0.680)

L |1(0.842)] 1(0.943) | 1(0.799) | 1 (0.869) | 1 (0-947)

M |1(0.857)] 1(0.851) | 1(0.859) | 1(0.995) | 1(0.867) | *:(*)

F D S I R
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Comparison of model and reference control before and after fuzzy model training is
presented in Fig. 9.9 and 9.10. Comparison of the produce remainder £(¢) value in

store after control before and after fuzzy model training is shown in Fig. 9.11 and 9.12.

The proposed approach can find application in the automated management sys-
tems of enterprises and trade firms. Further development of this approach can be
done in the direction of creating adaptive inventory control models, which are
tuned with the acquisition of new experimental data about successful decisions.
Besides that with the help of supplementary fuzzy knowledge bases factors influ-
encing the demand and quantity-on-hand values (seasonal prevalence, purchase
and selling praises, delivery cost, plant-supplier power and others) can be taken
into account.

Table 9.4. Membership functions parameters of variable x,(f) fuzzy terms before (after)

training
Linguistic assessments Parameter
of x,(¢) variable A -

falling (F) 0 (1.95) 70 (44.11)
decreased (D) 50 (30.54) 70 (42.85)

steady (S) 100 (105.77) 70 (35.68)
increased (/) 150 (170.04) 70 (40.12)
rising up (R) 200 (199.43) 70 (47.55)

Table 9.5. Membership functions parameters of variable x,(¢) fuzzy terms before (after)

training
Linguistic assessments Parameter
of x, (t) variable 5 -
minimal (M) 70 (75.46) 35 (18.76)
low (L) 95 (85.12) 35 (22.12)
adequately sufficient (A) 120 (125.15) 35 (16.75)
high (H) 145 (157.99) 35 (14.54)
excessive (E) 170 (168.63) 35 (12.69)
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Fig. 9.6. Training data a) change of the demand for the produce in 2001 b) stock quantity-
on-hand change in 2001 c) inventory action in 2001 d) change of the produce remainder in
store after control in 2001
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Fig. 9.7. Fuzzy terms membership functions before training
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Fig. 9.8. Fuzzy terms membership functions after training
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Fig. 9.9. Inventory action generated by fuzzy model before training
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Fig. 9.10. Inventory action generated by fuzzy model after training
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100
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Fig. 9.11. Produce remainder in store after control before fuzzy model training
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Fig. 9.12. Produce remainder in store after control after fuzzy model training

9.3 Prediction of Football Games Results

The possibilities of the method of non-linear dependencies identification by fuzzy
IF-THEN rules [14] are illustrated by an example of the problem of forecasting
the results of football games, which is a typical representative of complex fore-
casting problems that require adaptive model tuning.

Football is a most popular sport attracting hundreds of millions of fans. Predic-
tion of football matches results arouses interest from two points of view: the first
one is demonstration of the power of different mathematical methods [18, 19], the
second one is the desire of earning money by predicting beforehand any winning
result. Models and PC—programs of sport prediction are already being developed
for many years (see, for example, http://dmiwww.cs.tut.fi/riku). Most of them use
stochastic methods of uncertainty description: regressive and autoregressive
analysis [20 — 22], Bayessian approach in combination with Markov chains and
the Monte-Carlo method [23 — 26]. The specific features of these models are: suf-
ficiently great complexity, a lot of assumptions, and the need for a great number of
statistical data. Besides that, the models cannot always be easily interpreted. Some
several years passed before some models using neural networks for the results of
football games prediction appeared [27 — 29]. They can be considered as universal
approximators of non-linear dependencies trained by experimental data. These
models also need a lot of statistical data and do not allow us to define the physical
meaning of the weights between neurons after training.
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In the practice of prediction making the football experts and fans usually make
good decisions using simple reasoning on the common sense level, for example:

IF team 7, constantly won in previous matches

AND team 7, constantly lost in previous matches

AND in previous matches between teams 7, and 7, team 7, won,

THEN win of team 7, should be expected.

Such expressions can be considered as concentration of accumulated experts’
experiences and can be formalized using fuzzy logic. That is why it is quite natu-
ral to apply such expressions as a support for building a model of prediction.

The process of modeling has two phases. In the first phase we define the fuzzy
model structure, which connects the football game result to be found with the re-
sults of previous games for both teams. The second phase consists of fuzzy model
tuning, i.e., of finding optimal parameters using tournament tables data. For tuning
we use a combination of a genetic algorithm and a neural network. The genetic
algorithm provides a rough finding of the area of global minimum of distance be-
tween model and experimental results. We use the neural approach for the fine
model parameters tuning and for their adaptive correction while new experimental
data is appearing.

9.3.1 The Structure of the Model

The aim of modeling is to calculate the result of match between teams 7, and 7, ,
which is characterized as the difference of scored and lost goals y . We assume
that ye[ y,y ]=[-5,5]. For prediction model building we will define the value

of y on the following five levels:

d, is abig loss (BL), y =—5,-4,-3;
d, is a small loss (SL), y=-2,-1;
d, is a draw ( D), y=0;

d, is a small win (SW), y=1,2;
d, is abig win (BW), y=3,4,5.

Let us suppose that the football game result (y) is influenced by the following
factors:

X, X,,..., X5 are the results of five previous games for team 7} ;
Xgs X550, %, are the results of five previous games for team T, ;

‘xll ’

It is obvious, that values of factors x,,x,,...,x,, are changing in the range from -5
to 5.

The hierarchical interconnection between output variable y and input variables
X,,X,,..., X, 1s represented as a tree shown in Fig. 9.13.

x,, are the results of two previous games between teams 7, and 7, .
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Fig. 9.13. Structure of the Prediction Model

This tree is equal to the system of correlations

y=f3(Zl’Z29-x119-x12)7 (913)
7 = fi(x, %550 5) (9.14)
Z2 = fz('x()’-x7""’-x1()) s (915)

where z, (z,)is the football game prediction for team 7, (7,) based on the previ-
ous results x;,x,,...,X; (X, X;,..0, X, ).
The variables x,,x,,...,x,,, as well as z, (z,) will be considered as linguistic

variables [17], which can be evaluated using above mentioned fuzzy terms: BL,
SL, D, SW and BW.

To describe the correlations (9.13) - (9.15) we shall use the expert matrices of
knowledge (Tables 9.7, 9.8). These matrices correspond to fuzzy IF-THEN rules
received on the common sense and practical reasoning level. An example of one
of these rules for Table 9.7 is given below:

IF (x,=BW) AND (x,=BW) AND (z=BW) AND (z,=BL)
OR (x,=SW) AND (x,=BW) AND (z=SW) AND (z,=D)
OR (x,=BW) AND (x,=D) AND (z=BW) AND (z,=SL)
THEN y=d,.
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Table 9.7. Knowledge about correlations (9.14) and (9.15)

X1(Xq) X2(X7) X3(Xg) X4(Xo) Xs5(X10) z,(z5)
BL BL BL BL BL
BW SL BL SL BW BL
SW BL SL SL SW
SL SL SL SL SL
D SL SL D D SL
N4 D SL SL N4
D D D D D
SL N4 SwW D SL D
D D SW SW D
SW SW SW SwW SwW
D BW BW SwW D SwW
SL SW SW BW SL
BW BW BW BW BW
SL BW N4 BW SL BW
BL N4 BW SW BL

Table 9.8. Knowledge about correlation (9.13)

X o g ko) y
BL BL BL BW
BW D BL D d,
SW BL SL SL
SW SL D SL
D SL SL D d
SW D SL SL 2
D D D D
SL SW SW D d
SL D SW SW 3
SL SW SW BW
D BW BW SW d,
SL SW SW BW
BW BW BW BL
SW BW SW D d
BW D BW SL

9.3.2 Fuzzy Model of Prediction

Using the generalized fuzzy approximator [14] and the tree of evidence
(Fig. 9.13), the prediction model can be described in the following form:

V= F,(x,%,.%,,W,,B,C,,W,,B,,C,,W,,B,,C,) , (9.16)
where F| is the operator of inputs-output connection, corresponding to correla-

tions (9.13) —(9.15),
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W, =((wlll,...,WIB),...,(wfl,...,wf3)), W, =((w;l,...,wf),...,(wjl,...,wf)),

= ((w3 - ), (w3 - w§3 )) are the vectors of rules weights in the correla-
tions (9.13), (9.14), (9.15), respectively;

(bBL bSL bD bSW bBW) B _(bBL bSL bD bSW bBW

1-5°71-5°"1-5°>"1-5° 6-10>76-10>"~6-10°>~6-10°>~6-10

BL SL D SW BW .
B, =, ,,.515-0115:b0112-01,1,) are the vectors of centres for variables

X, Xy 5 X, Xg,Xp,..,X, and Xx,,x, membership functions to terms BL, SL,...,
BW;

— D _ D N4 BW
(cl 5° 1 5’ 1 5° 1 5’ l 5) C (Cﬁ 102 6 1()’6671()’66710’66710 ’

_ D N4
=(ch, 12,clm,cn_lz, . "% ) are the vectors of concentration parameters for

variables  x,,X,,...., X5, X, X;,....%, and x,,,x,, membership functions to terms
BL, SL,..., BW.
In model (9.16) we assume that for all of variables x,,x,,...,x; fuzzy terms BL,

SL,..., BW have the same membership functions. Same assumption we made for
variables x,x,,...,x,, and variables x, ,x, (See. Fig. 9.14).

9.3.3 Genetic and Neuro Tuning

The reasonable results of simulation can be reached by fuzzy rules tuning using
tournament tables data. Training data in the form of M pairs of experimental data
assumed to be obtained with use of tournament tables

<5(1,9,>, I=1,M ,

where X, ={(x/,x},..x0), (x},x),..x},), (x/,,x,)} are the previous matches
results for teams 7; and 7, in the experiment number [,

¥y, is the game result between teams 7; and T, in experiment number [ .

The essence of the prediction model tuning consists of such membership func-
tions parameters (b-, c-) and fuzzy rules weights (w-) finding, which provide for
the minimum distance between theoretical and experimental results:

M
Al Al Al _ : P —
;(Ev(xl,xz,...,xlz,w ,B,,C))-3%,)° = min . i=123.

i

To solve this non-linear optimization problem we propose a genetic algorithm
and neural network combination. The genetic algorithm provides for a rough off-
line finding of the area of global minimum, while the neural network is used for
on-line improvement of unknown parameters values.
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For the fuzzy model tuning we used the results from tournament tables of the
Finland Football Championship characterized by a minimal number of sensations.
Our training data included results of 1056 matches for the last 8 years from 1994
to 2001. The results of the fuzzy model tuning are given in Tables 9.9 — 9.12 and
in Fig. 9.14.

Table 9.9. Fuzzy rules Table 9.10. Fuzzy rules Table 9.11. Fuzzy rules
weights in correlation (9.13) weights in correlation (9.14)  weights in correlation (9.15)

. Neuro- . Neuro- . Neuro-
Genetic fuzz Genetic fuzz Genetic fuzz

algorithm y algorithm y algorithm y

network network network
1.0 0.989 0.7 0.926 0.7 0.713
1.0 1.000 0.9 0.900 0.8 0.782
1.0 1.000 0.7 0.700 1.0 0.996
0.8 0.902 0.9 0.954 0.5 0.500
0.5 0.561 0.7 0.700 0.5 0.541
0.8 0.505 1.0 1.000 0.5 0.500
0.6 0.580 0.9 0.900 0.5 0.500
1.0 0.613 1.0 1.000 0.5 0.522
0.5 0.948 0.6 0.600 0.6 0.814
1.0 0.793 1.0 1.000 1.0 0.903
0.9 0.868 0.7 0.700 0.6 0.503
0.6 0.510 1.0 1.000 1.0 0.677
0.6 0.752 0.8 0.990 1.0 0.515
0.5 0.500 0.5 0.500 0.5 0.514
0.5 0.500 0.6 0.600 1.0 0.999

Table 9.12. b- and c- parameters of membership functions after tuning

Genetic Algorithm Neuro-Fuzzy Network

Terms| X, Xysee0sXs [Xgs Xgseens Xig| X5 Xpp | X5 Xgseens Xs [ Xgo Xgaeens X | Xy s Xy

b- c- b- c- b- |c-| b- c- b- c- b- c-

BL | -4.160 | 9 |-5.153 -5.037| 3 |-4.244|7.772 |-4.524|9.303|-4.306| 1.593
SL | -2503 | 1 [-2212 -3.405| 1 |-1.468|0.911 |-1.450|5.467|-2.563| 0.555
D |-0.817 | 1 ]0.487 0.807 | 1 |-0.331{0.434|0.488|7.000(0.050| 0.399
SW | 2471 3 12781 2749 7 [1.790 1.300 | 2.781]9.000|2.750| 7.000
BW | 4069 | 5 |5.749 5.238| 3 |3.000{4.511|5.750(9.000{3.992| 1.234

O O 3| w»n| ©




9.3 Prediction of Football Games Results 283
BL SLD 5W BW BL  SL D SW BW BL SL D 5W BW
L 7 )7
\\ x| — X5 X6 —X10 X 1,X]2

5 0 5 s

Fig. 9.14. Membership functions after tuning

5 -5

To test the prediction model we used the results of 350 matches from 1991 to
1993. The fragment of testing data and prediction results are shown in Table 9.13,

where:

, T, are teams’ names,
1 2

v, c? are real (experimental) results,

Y » d are results of prediction after genetic tuning of the fuzzy model,

vy » dy areresults of prediction after neural tuning of the fuzzy model.

Symbol * shows no coincidences of theoretical and experimental results.

The efficiency characteristics of fuzzy model tuning algorithms for the testing

data are shown in Table. 9.14.

Table 9.14. Tuning algorithms efficiency characteristics

Efficiency characteristics Genetic Tuning Neural Tuning
Tuning Time 52 min 7 min
Number of iterations 25000 5000
- d, —big loss 30/35=0.857 32/35=0.914
Probability
of correct d, —smallloss | 64/84=0.762 70 /84 = 0.833
prediction d; —draw 38/49=0.775 43/49=0.877
fordifferent | 4 _smallwin | 97/126=0.770 | 106/126=0.841
decisions —
d; —big win 49/56 =0.875 53756 =0.946

Table 9.14 shows, that the best prediction results we can receive for the marginal
decision classes (the loss and win with big score d, and d; ), and the worst results of

prediction we can receive for the small loss and small win (d, and d,).

The future improvement of fuzzy prediction model can be done by taking into
account some additional factors in fuzzy rules such as: the game on host/guest
field, number of injured players, different psychological effects.
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Table 9.13. Fragment of the prediction results

Ne T, T, Year |x1|x2|x3|x4|x5|x6|x7|x8|x9|x10{x11|x12|Score| ¥ | d |ye|dc |yn|dy
1 | Kuusysi | Reipas [1991/2(1/2|0|1|-1|0|1|-2|-3| 2 | 1|20 | 2 | d4 |[1|d4|1]|d4
2 lives PPT [1991|1|3|-1{1|0/0[2]|-1|-2| 0|/ 0|0 | 21 |1 d4 | 0|d3*| 0 |d3*
3 Haka Jaro [1991[-1|/2(0|1[1/1]|0|-2]1]|-2| 1] 1] 11 0| d3 |0]|d3|0]|d3
4 MP OTP [1991|3|1]/2|0(2|-1|-2{1]|-2[-3| 1|3 40| 4| d5 |3|d5]|3|d5
5 KuPS HJK [1991|-1(-3|-4|/1[-3]/1/0/2|0|0|-2| 0|13 |-2|d2 |-1|d2]|-1]|d2
6 TPS RoPS |1991|/3|1]2(-2|0|2|0{1|1/1|/0[-1] 10 1 d4 | 0]d3*| 0 [d3*
7 PPT Jaro [1991|0|-5|1|0|1(1]|2|-2]-1|1[1|-3]01]|-1]d2 |-1|d2]|-1]|d2
8 Haka Reipas (19912 (1|3 |1]|4(2|-2|0(1|0|-1]2 | 30| 3| d5 |2|d4*|2 |d4*
9 OTP Kuusysi |[1991(-1|-2|-3|-2/0/1|3(4|1|2|-2|-1]| 14 | -3 | dl [-3|d1[-3]|d1
10 HJK TPS [1991(1(1/1]0(2/0(1|-1]2|-3| 0| 2|20 | 2 | d4 |2|d4]|2|d4
11 | MyPa Jaro |1992(-3|/1(2|1/0/2|1|-2|]-1/0|-2| 0] 00| 0| d3 |[0]|d3]|0]|d3
12 Jazz llves [1992|2|2|[1|-1/0[3|4[1|/0|1]|1]|1]21 |1 d4 | 0|d3*| 1 |d4
13 | Haka RoPS |1992|-2|-2|{0[1[1|-1[1]1|/1[{0| 1|3 [ 11| 0| d3 |1 |d4*| 1 |d4*
14 HJK Qulu [1992|/2(3/0(/0|1]|0|-5(1|-2|1|-1| 2|40 | 4 | d5 |2 |d4*|3|d5
15 MP Kuusysi [1992(0|1[-2|-1]-1/3 |1 0/1/0|-2]03|-3]d1 [-3|d1]|[-3]|d1
16 | KuPS HJK [1992|-2|-1|-3|1|-2|4 112|1|/-2|-3/ 05 |-5] d1 |-4|d1|-4]|dl
17 | Kuusysi MP 1992(0|-1(3|2|-1|-3/2|-1]-2 110312 | d4d |1[d4]|1|d4
18 TPS Haka [1992|-1/2|3 |-1|-2 11031 |1]1]22| 0| d3 |0]|d3]|0]|d3
19 | RoPS MyPa [1992|-2(-1{2 |0 |-1 410121112 |1 d2 |0|d3*]| 0 |d3*

1 |d4

21 TPS Jaro  [1992|-2|-1]/2|-1]|-3 0/2|1)3|1]-2|/02|-2]|d2 |-1][d2|-1]|d2

22 | Haka MyPa 19921

23 HJK RoPS |1992|/1/2/0|-1/1{1/2|2|1|{1{0]|0 21| 1| d4 | 0]|d3*| 0 |d3*

24 MP Kuusysi |1992|1 |-1|-2|-3|1|1|-1|-2|2|{3 |-2| 1|02 |-2| d2 |-1|d2|-1|d2

25 | llves Kups [1992(3|0|-2/2|-2/1({1]|-1]0/-2| 1|0 |10 | 1 |d4 [1|d4]|1]|d4
0

0
1
20 Jazz lives [1992|-2|1(-3|/5[-1{1[1]-2|0[-1]| 2|0 |10 | 1| d4 |1]|d4
1
0

3|12/1/1|-1|-3]01|-1]d2 |-2|d2]|-2|d2

26 | Haka HJK 1992 -2|-1|-1]0/2|3|-1/0|3|-1|-2| 03 |-3| dl [-3|dl|-3|d1
27 | Jaro MyPa [1992|-1|-1/1[2|1|-3[/1/2|1/0]1][1[11] 0] d3 |1]|d4*| 0 |d3
28 | RoPS TPS [1992|-1|/1|-1/{1|/4|-5(-2|3|-1/-2|5|1[20| 2| d4 |2]|d4|1)|d4
29 MP llves [1992|1|2|-1|{1|0|0|1/0|0|-1|1]|-2|23 |-1]|d2 |-1|/d2][-1][d2
30 | Kuusysi | KuPS |1992(2/2|0|{3[1|-1|-1(1]|-3| 0|2 |3 |41 |3 | d5 |3|d5|3|d5
31 Jazz MP_ |1993|2(2|2|0(3|-2|-1/0|-1|-3/ 4|3 |50 |5 | d5 |4|/d5|4|d5
32 | Kuusysi| TPS |1993(1|-1/0|-1{1]|-2|{2|/0|-1{1]0| 1|00 | 0| d3 |0/d3|0]|d3
33 | MyPa RoPS |1993|-1|-1/2]2|3|2|-1]1 2 3|-1/20 |2 |d4 |[1]d4|1]|d4
34 | Haka HIK [1993|-3|-1|-2/1/0|1/4|1 0/1]-2|13|-2]|d2 |-1]d2]|-1|d2

35| Jaro llves [1993]/2|0|-1/0
36 | llves HJK 19931 |-2|-1|-1
37 | Jazz Jaro 1993|2101
38 | MyPa MP_ [1993[1|3 1|1
39 [ Kuusysi | Haka [1993|-1|-2|/1 (1
40 | TPS RoPS |1993|-1]1|-2|1

21| 1| d4 [1]d4|1]|d4
11102 |-2]|d2 |-1]d2|-1]|d2
112|130 |3 | d5 |2|d4*]| 2 |d4*
1-0 d4 |1|d4|1]|d4
1/-3|1|-5{2|3|-1/31[2|d4 |[1]d4|1]|d4
112112/ 1]/1]10 |1 | d4 |[1|d4]|1|d4
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41 MP HJK [1993|-1|-1|0|2 2112 |1 d2 d3* d3*
42 | Kuusysi | Jaro [1993|2|2-2|1 d4 d4 d4
43 | Jazz Haka [1993|2|3|2|-1/1|-1|-3|-4|-2{ 0| 2|2 |40 | 4 | d5 d5 d5
44 | FinnPa | MyPa |1993|-1/1|-2|-1/2{1|-2|1{1|0[-1]-1]12 |-1|d2 |-1]d2|-1]d2
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45| TPS llves [1993|2|1/2(1|-1)/2/2|-2/1/-3]/ 0|2 |20 2| d4 |1]d4]|1)|d4
46 | RoPS Jazz |1993|-1|-1|2|-2|-1/4|1|5 2/1[-3/25|-3|d1 |-3|d1][-3]|d1
47 | MyPa llves [1993|5(0[2|1[1]-3|-1|-2|1]|-2 0/51|4]|d5 |3|d5|3]|d5
48 | TPV | Kuusysi [1993|-2|-1/0/1|0|-1/0|2|-1/0{0|1/00| 0| d3 |0|d3|0]|d3
49 | RoPS HJK 1993|-1|-1|1|-2|0|3|1|-2]1|1]-2| 1|02 |-2] d2 |0 |d3*|-1|d2
50 | TPS Jaro [1993|-1[-1{1]2]2|-2|-1]/1]-2|1|/3[1]10 | 1| d4 [1]d4]|1][d4
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9.4 Identification of Car Wheels Adhesion Factor with a Road
Surface

The task of car wheels adhesion factor (AF) evaluation with a road surface arises
with an execution of a technical expert’s examination during an investigation of
traffic accidents (TA). The objectivity of decision making relative to guilt or inno-
cence of the driver who caused the TA depends on the precision of the AF defini-
tion (for example, run over a pedestrian). The existing technique [30, 31] allows
determining of only some range of possible AF values depending upon a series of
the influencing factors. Therefore, its final evaluation is determined by the auto
engineering expert, subjectively taking into account the additional factors and
conditions which are not involved in this technique.

Decision making relative to the cause of the accident is very sensitive to the
value of AF: the subjective choice of the lower or upper value of AF can decide
the fate of the accident participants.

The purpose of this research, the results of which are presented in this chapter,
is to develop a mathematical model of AF evaluation taking into account all ac-
cessible information about the influencing factors, and at the expense of the AF
magnitude improvement to raise a solution’s objectivity.

This section is based on materials of [32].

9.4.1 Technique of Identification

The model of AF evaluation was developed on the basis of fuzzy rule-based
methodology of identification described in [14]. The model was created in two
stages: first — structural identification; second — parametrical identification. At the
first stage the structure of the AF dependence upon the influencing factors was
built by expert IF-THEN rules. At the second stage we selected such parameters of
membership functions and such weights of fuzzy rules which allow us to minimize
the difference between model and experimental results.

9.4.2 Structural Identification

The structure of the suggested model is shown in Fig. 9.15 in the form of a tree,
whose trailing tops are the factors influencing AF.

The characteristic of the model consists of the fact that it takes into account
both of the traditional factors, which are generalized by the integrated index Q,
and additionally entered factors: S, H, P, N, V . All the influencing factors
shown in Table 9.15 are considered as linguistic variables given using the appro-
priate universal sets and are estimated by fuzzy terms.
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Fig. 9.15. The model structure for AF definition

The integrated index Q included in Table 9.15 depends on the factors: D, —
road surface type; D, — road surface condition; 7' — tires type. The recommenda-
tions for the evaluation of the integrated index Q are given in Table 9.16 accord-
ing to the known technique [30].

The expert knowledge base necessary for AF evaluation is shown in Table 9.17
(experts V. Rebedailo, A. Kashkanov). The application of the model of fuzzy logic
inference to the knowledge base (Table 9.17) allows us to predict AF in some
practical range of its modification. However, the exact evaluation of this factor
depends on the choice of parameters for the model tuning.

9.4.3 Parametrical Identification

The tuning of the model was realized using training data, which represents the popula-
tion of pairs “influencing factors — adhesion factor”. To provide this training data a
specially organized experiment with the automobile “Moskvich — 412 was carried
out. In this experiment we used the car braking with different motion speeds on the
horizontal road. Values of the factors which influence on AF were registered together
with the values of car brake distances and values of brake initial velocity [31].
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Table 9.15. The factors influencing AF

Factor Universal set Terms for estimations
Low (@),
Q — Integrated 0-9) Below average (Q,)
o . 2/
index conditional unit
B . Average (Q,),
type of tires — ;
road” Above average (Q,),
High (Q;)
S — Degree of tires Rolling with slip (S, ),
slip (0 -100)% Skid (S,)
New (H,),
H — Wear of tires (0-100)%

Within admissible range ( H, ),
Worn tire (H,)

Reduced (P,),
P -P in ti 0.1 -0.325) MP
ressure in tires | ( ) MPa Normal ( P,),
Higher than normal ( F;)

Without load (N, ),

N —Load on a (0-100)% Average (N, ),

wheel
Full load (N,)
Low (V,),

V - Velocity of the | (0 - 130) kms/h Below average (V,)
2 b

car Average (V)),
Above average (V,),

High (V;)
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Table 9.16. Recommendations for evaluation of the integrated index Q
Road surface Index Q for a type of tires (T )
Type (D,) Condition ( D, ) High Low High
pressure pressure |permeability
Asphalt, Dry 5.63-7.88| 7.88-9 7.88-9
Bitumen Rain moisture 3.1-433 | 433-495 [4.33-495
Wet 394-5.06| 5.06-6.19 | 5.63-6.75
Covered with a dirt | 2.81 -5.06 | 2.81-4.5 |2.81-5.06
Wet snow (t>0°C) | 2.1-3.4 2.1-42 2.1-42
Ice (t<0°C) 09-1.69 | 1.13-2.25 | 0.56-1.13
Dry 45-5.63 | 5.63-6.19 [ 6.75-7.88
Cobble Wet 27-375 | 375-443 | 45-6.19
Dry 5.63-6.75| 6.75-7.88 | 6.75 -7.88
Metal
Wet 338-45 | 45-563 | 45-6.19
Ground road Dry 45-563 | 5.63-6.75 | 5.63-6.75
Rain moisture 225-45 | 3.38-5.06 | 3.94-5.63
Time of bad roads | 1.68 —2.81 [ 1.68 —2.81 | 2.25-3.38
Virgin soil
in summer:
Sand Dry 2.25-338| 2.48-4.5 |2.25-3.38
Damp 394-45 | 45-563 | 45-5.63
Clayed soil Dry 45-5.63 | 5.06-6.19 | 4.5-5.63
Humidified 225-45 | 2.81-4.5 |3.38-5.06
up to a plastic state
Humidified 1.69-2.25| 1.69-2.81 | 1.69 - 2.81
up to a fluid state
Virgin soil Mellow 2.25-338 | 2.25-45 | 225-45
in winter:
Snow Smooth 1.69-2.25(2.25-2.81 |3.38-5.63

The total volume of the training sample included 60 pairs of “influencing fac-

tors — AF” data.
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After tuning we received the membership functions shown in Fig. 9.16. Pa-
rameters of centres (b ) and concentration ( ¢ ) of the tuned membership functions

presented in Table 9.18. Weights of the fuzzy rules obtained after tuning are given
in the right side of Table 9.17.

Table 9.17. Fuzzy knowledge base

Q S H P N v ¢ Weight
0, 5, H, P, N, v, 1.000
Q, S H, R N, V, 4 0.700
9 5 H, P N, v, 0.999
0, S, H, P, N, v, 0.700
) S, H, I N, v, 9, 0.700
0, 5 H, P N, v, 0.998
0, S H, F N, v, 0.700
0, 5 H, B N, v, ¢, 0.400
0, 5, H, P N, v, 0.300
0, S, H, P, N, v, 0.400
0, 5, H, P, N, v, 9, 0.997
0, 5, H, B N, v, 0.400
0, S, H, P, N, v, 0.999
0, S H, P N, V, @ 1.000
0, 5, H, P, N, v, 0.400
0, 5, H, P, N, v, 0.999
0, S H, R N, v, 9, 0.400
0, 5, H, P, N, v, 0.400
0, S, H, P, N, v, 0.699
0 5, H, P, N, v, ¢, 1.000
05 5, H, R N, v, 1.000
0 S, H, P, N, v, 1.000
0; 5, H, P, N, v, 3 1.000
o, 5 H, B N, v, 0.600
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Table 9.18. Parameters of membership functions after tuning

Term b c Term b c Term b c
0, 0.90 0.97 H, 21.36 | 24.33 N, 64.48 | 28.92
0, 2.50 0.40 H, 57.15 | 38.68 N, 85.92 | 20.31
0, 4.63 0.59 H, 90.21 | 26.55 14 10.40 | 14.74
0, 6.23 0.42 P 0.14 0.04 v, 10.40 | 30.06
0, 8.58 0.75 P, 0.20 0.04 v, 14.07 | 42.26
S, 24.88 | 41.76 P, 0.32 0.07 v, 64.65 | 5.82
S, 98.93 | 41.95 N, 0.10 | 38.98 v, 119.99 | 13.48

a) the 1ntegrated index d) tires shp degree
H 1 H P H 3
| % |
0 t t t 1 0 t t t 1
0 50 100 0.1 0.2125 0.325
b) wear of tires e) tires pressure
73 Vs Vs
1
0 T T T 1
65 130

¢) load on a weel f) car velocity

Fig. 9.16. Fuzzy terms membership functions after tuning
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Table 9.19. Comparison of decisions

Factors Adhesion factor
0o s H P N 1% Tabular 1) 2)
6,15 100 62 0,2 15 20 0.45-0.55 0,55 0,54
445 100 65 0,2 15 60 0.25-04 0,33 0,35
4,7 100 65 0,18 20 40 0.30-0.45 0,39 0,39
3,4 90 45 0,17 95 | 120 0.22-0.40 0,26 0,26
3,7 64 95 0,25 45 72 0.20-0.40 0,28 0,29
3,9 84 81 0,27 67 65 0.25-0.45 0,32 0,31
8,1 67 72 0,25 20 58 0.60 —0.70 0,68 0,68
3,4 65 80 0,14 15 15 0.25-0.40 0,27 0,28
3,6 40 75 0,18 20 45 0.30-045 0,34 0,31
3,9 100 35 0,29 45 | 110 0.20-0.40 0,29 0,29
7,4 35 70 0,19 60 90 0.60 —-0.70 0,62 0,62
53 30 5 0,26 90 35 0.40 - 0.50 0,45 0,45
8,6 100 60 0,2 15 20 0.70 — 0.80 0,76 0,75
6,15 100 62 0,2 15 40 0.45-0.55 0,52 0,52
6,3 100 65 0,18 20 20 0.50-0.60 0,56 0,54
4.7 100 65 0,18 20 60 0.30-045 0,36 0,38
4.8 15 55 0,21 62 32 0.40 —0.50 0,42 0,41
5 37 15 0,18 17 25 0.40 -0.50 0,44 0,42
6,8 70 28 0,16 90 52 0.50-0.70 0,55 0,54
7,3 41 37 0,2 50 65 0.60 - 0.70 0,62 0,62
6,7 80 55 0,12 56 62 0.50 - 0.60 0,52 0,54
4,8 100 20 0,23 10 80 0.35-0.50 0,39 0,38
3,3 50 90 0,3 50 85 0.25-0.40 0,24 0,24
2,1 20 55 0,23 70 40 0.15-0.20 0,16 0,15
8,6 100 60 0,2 15 40 0.70 — 0.80 0,74 0,74
6,15 100 62 0,2 15 60 0.45-0.55 0,48 0,51
6,3 100 65 0,18 20 40 0.50-0.60 0,53 0,52
7,2 70 70 0,19 15 60 0.60 -0.70 0,63 0,62
1,7 35 30 0,16 74 34 0.10-0.20 0,16 0,15
1,3 72 35 0,15 70 33 0.08 - 0.15 0,12 0,13
2,25 62 21 0,31 85 64 0.20-0.25 0,17 0,18
4,5 32 75 0,19 90 80 0.35-0.50 0,35 0,36
7,5 75 25 0,18 71 67 0.60 —0.70 0,64 0,63
2,6 65 50 0,16 60 55 0.20-0.30 0,22 0,20
5 70 20 0,17 100 25 0.40-0.50 0,39 0,40
0,7 100 75 0,18 20 10 0.05-0.10 0,06 0,06
8,6 100 60 0,2 15 60 0.70 — 0.80 0,70 0,70
445 100 65 0,2 15 20 0.25-0.40 0,40 0,38
6,3 100 65 0,18 20 60 0.50 — 0.60 0,51 0,52
5,6 100 75 0,2 25 | 100 0.45-0.55 0,46 0,44
2,9 48 25 0,24 51 68 0.20-0.40 0,22 0,21
2,85 56 75 0,29 40 40 0.20-0.30 0,20 0,22
5,5 53 98 0,18 100 35 0.40 —0.50 0,42 0,43
52 78 20 0,17 38 | 129 0.40 — 0.55 0,41 0,41
8,2 15 10 0,2 100 | 115 0.70 — 0.80 0,67 0,66
8,3 100 30 0,17 80 40 0.70 — 0.80 0,71 0,71
43 90 10 0,13 10 | 120 0.35-0.40 0,33 0,33
8,6 100 62 0,2 15 80 0.70 — 0.80 0,67 0,68
445 100 65 0,2 15 40 0.25-0.40 0,36 0,38




292 Chapter 9 Applied Fuzzy Systems

1) Experimental
2) On suggested models

The comparison of the model with the experimental results of the AF evaluation
shown in Table 9.19 testifies the adequacy of the obtained model for practical use.

9.4.4 Example and Comparison with the Technique in Use Now

The case of the run over a pedestrian by the automobile “GAZ-24” is discussed.
The traffic accident protocol information:

e type of road surface ( D, ) — asphalt;
e condition of road surface ( D, ) — covered by dirt;

o type of tires (7" ) — low pressure;

o tires slip degree (S ) — rolling with slip;

o wear of tires ( H ) — in admissible limits (about 50%);
e pressure in tires ( P ) — normal (0.2MPa);

e Joad on a wheel ( N ) — low (about 10%);

e car velocity (V ) — 55 km/h.

We consider the horizontal road strip. After the run-over and up to the full
stoppage automobile GAZ — 24 in the state of employed brakes run the distance of
9.2 m. From the moment when the motion barrier occurred and up to the moment
of the pedestrian run-over he walked 5 m with the velocity of 4.5 km/h. The pe-
destrian was knocked-down by the front part of the car.

The results of the AF calculations as follows:

a) using the conventional technique [30]: (p = 0.25 - 0.4;

b) using the suggested technique: (¢ = 0.35.

The results using all the known information are presented in Table 9.20. The last
column of this table shows the significance of the exact AF knowledge for the
relevant decision making.

Table 9.20. Calculation results for decision making

Distance up to the

Decisi i
Adhesion | Car braking obstacle at the ccision maxing

Technique about the possibility

factor distance |moment of dangerous . ..
. to avoid collision
situation
0.25 68.8 m 46.2 m Impossible
In use -
0.4 51.0m 553 m Possible

Suggested 0.35 553 m 533 m Impossible
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9.5 Innovative Projects Creditworthiness Evaluation

Estimation of innovation project quality level is an important task of any invest-
ment firm. An instant and correct solution of this problem that can generally be
accomplished only by specialist economists allows one to manage financial re-
sources optimally. In this connection it is necessary to design computer based in-
formation system providing intelligent support for investment firm’s personnel in
decision making.

The expert system suggested here was developed to the order of Ukraine Inno-
vation Fund. Expert IF-THEN rules were obtained from a group of analysts under
the leadership of Vinnitsa Chapter of Ukraine Innovation Fund Director Prof. N.
Petrenko.

This chapter is written on the basis of the work [33].

9.5.1 Types of Decisions and Partial Figures of Quality

Innovation project quality estimation is used for making one of the following
decisions: d, - to finance, d, - to finance after retrofit, d, - to finance when
means are available, d, - to reject.

Let us use letter D to designate the integral figure of innovation project qual-
ity. To estimate this figure we will use the following information:

X - level of the enterprise-applicant, which is estimated using the following
partial figures: x, - level of enterprise leader, x, - enterprise assets, x, - enter-
prise liabilities, x, - enterprise balance profit, x; - enterprise debt receivables,
x, - enterprise indebtedness under credits. To estimate enterprise leader level
we take into account the following figures: a, - sociability, a, - fidelity, a, -
education, a, - leader work experience, a; - comfort;

Y - technical economic level of the project, in point for which estimation
the following partial figures are used: y, - project scale, y, - project novelty,
v, - development trend priority, y, - degree of perfection, y, - juridical pro-
tection, y, - ecology level;

V - expected sales level;

Z - financial level of the enterprise-applicant, which is estimated using the fol-
lowing partial figures: z, - ratio of internal funds to innovation funds, z, - inno-
vation fund means return.

The task of estimation is in bringing one of the decisions d, +d, into corre-
spondence with some innovation project with known partial figures.
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9.5.2 Fuzzy Knowledge Bases

A hierarchy diagram of accepted innovation project quality figures is shown in
Fig. 9.17 in the form of a fuzzy logic inference tree, to which this system of rela-
tions corresponds:

D=f,(X,Y,V,Z), 9.17)
X = [ (X,%,,X,%,,X, %), (9.18)
x = f(a,a,,a5,0,,05) , (9.19)
Y =f, (3 Y20 Y30 Yas V5o V) (9.20)
Z=f,(z2,2,) . 9.21)

Partial figures in point x, +x,, a,+as, y,+y,, V, z and z,, and also
enlarged figures X , Y, Z are considered as linguistic variables. To estimate the
introduced linguistic variables we will use the unitary scale of qualitative terms:
vL — very Low, L - Low, IA — lower than average, A - average, hA — higher than
average, H - High, vH — very high.

Each of these terms represents some fuzzy set preset using the following mem-
bership function model. Using introduced quality terms let us represent relations
(9.17) - (9.21), in the knowledge base form by Tables 9.21-9.25.

Table 9.21. Knowledge about relation (9.17)

X Y v z D
H H H H
hA H H H d,
H H H hA
hA hA hA hA
hA H H hA d,
hA hA H A
H H A A
H A A A d,
H A hA A
L L L L d,
A L L L
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Fig. 9.17. Fuzzy logic evidence tree
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Table 9.22. Knowledge about relation (9.18)

X, X, X, X, X X X
L L L L
H H H IA IA IA IA
H H H A A IA A
H H H hA hA A hA
H H H H H L H
H H H A hA L
Table 9.23. Knowledge about relation (9.19)
a, a, a, a, as X,
vL vL vL vL vL vL
L L L L L L
IA A IA A IA IA
A A A A A A
hA H hA H A hA
H H H H H H
vH vH vH vH vH vH
Table 9.24. Knowledge about relation (9.20) Table 9.25. Knowledge about
relation (9.21)
DS 0 U T A O A S R S 4 g L | 2
vL | vL | vL | vL | vL vL L vL vL L
L L L L L L A L IA
A A L L L A IA A A A
A A A A A A A hA H hA
H | H H H H H hA vH vH H
vH | vH | vH | vH | vH | vH H

9.5.3 Evaluation Examples

Some of the partial figures have a qualitative character; that is, they have no precise
quantitative measurement. Therefore, while making estimations of the same figure
by several experts there can be various opinions. In addition, the expert is not always
capable of making an estimation of the partial figure using words though he intui-
tively feels its level. To overcome these difficulties we can estimate partial figures
using the thermometer principle [14]. Convenience of such an approach is in the fact
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that various sense partial figures are defined as linguistic variables given on the uni-
tary universal set U =[0, 100], which is the scale of a thermometer. Parameters (b )

and (¢ ) of membership functions are introduced in Table 9.26.

Table 9.26. Membership functions parameters

Term vL L A A hA H vH
b 0.0 16.7 333 50.0 66.7 83.3 100
c 15 15 15 15 15 15 15

Examples of three innovation projects’ estimations by the suggested fuzzy
model are represented in Table 9.27. Results of decision making are well in accor-
dance with expert assessments of quality.

Table 9.27. Examples of innovation projects quality estimation

Partial
figure

4

Project 1 Project 2 Project 3

a4y
a3
ay
s
2
*3
X4
X5
Y6
3|
3%)
V3
V4
Vs
Y6

A

il
il

o)

4

AL TRACY

[l
il

Decision

To finance with means
available

To finance

To finance
after retrofit




298 Chapter 9 Applied Fuzzy Systems

9.6 System Reliability Analysis

Probabilistic models of reliability of technological processes and systems were
considered in [34 — 39]. The application of these models presumes the availability
of statistical data on probabilities of correct execution of elements of algorithmic
process, i. e., technological operations. To take into account influencing factors, it
is expedient to use experiment planning theory and regression models. It is very
difficult to provide the equal conditions of experiment reiteration necessary for the
statistical methods’ correct application while evaluating the probabilities of cor-
rect (noncorrect) performance of the system and its elements’ functioning process.
From the other side an experiment and statistical data processing is too compli-
cated because of the many factors influencing the reliability such as environment
task conditions; psychological stress and the degree of fatigue of an operator etc.
It is relatively easy and natural to take into account such a factor’s influence lin-
guistically, e.g., “if the degree of fatigue of an operator is low, environment task
conditions is good, psychological stress is low then human reliability is high”.

The active research on fuzzy logic using in reliability theory began in the 10th
decade of the last century. The first approaches to the fuzzy reliability theory crea-
tion have been proposed in monographs [40, 41]. The overwhelming majority of
known works uses for the system reliability analysis the descriptive possibilities of
fuzzy logic in combination with probability theory and descriptive possibilities of
Boolean algebra [42 — 45]. In this chapter, we consider basic principles, mathe-
matical models and the example of application of the new method of complex
systems reliability analysis on the basis of algebra of algorithms [46, 47] and
fuzzy logic [48]. Here we present the results of simulation of the bioconversion
technological process reliability. In reliability modeling of a technological system
it is necessary to take into account not only the structure of the technological proc-
ess but also the influencing factors, connected with the quality of raw material, the
technological equipment and the operator, controlling the process.

This chapter is written on the basis of the works [49, 50].

9.6.1 Basic Principles

The approach proposed in [49, 50] is based on the following principles:

1. Principle of algorithmization

This principle, adopted from theory of reliability of man-machine systems [35],
envisages construction of the reliability model on the basis of the algorithmic de-
scription of the events, connected with the occurring, detecting and removal of the
failures (faults, defects, errors) in the system. To depict the algorithm, we use
graph-schemes or the language of V.M. Glushkov’s algorithmic algebra [46, 47],
in which any regular algorithm can be built with the help of the three structures:

a) linear ( B -structure): AA, = B, producing the operator B , which is equiva-

lent to the consecutive performance of the operators A, and A, ;
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b) alternative ( C -structure): (A v A,) = C , producing the operator C , such that

A, if condition « is true (o =1)
C —
A,, if condition o is fault (& =0)

c) iterative (D -structure): {A}= D, producing the operator D, which is
o

equivalent to repeated implementation of operator A till the condition ¢ has
become true (o =1)

2. Principle of fuzzy correctness

Conception of the crisp boarder between “correct” (1) and “noncorrect” (0) results
of the system and its elements functioning lacking underlies this principle. For the
formal evaluation of the level of operator A correct performance, we use the mul-
tidimensional membership function ) (x,,x,,...,x,) , which depends on the meas-
ured parameters (input variables). Correctness of each of the parameters is defined
by the membership function z'(x;), which can be interpreted as a parameter x,
values’ correctness distribution.

3. Principle of linguistic evaluation of control quality

The system functioning process control is accomplished with the help of the
checking and correction operations. If the checking operation is performed by a
human, then the 1* type error (false alarm or rejection of “good” result) can be
connected with the level of “objectivity — preconception” of the inspector, and the
2" type error (acceptance of defective goods), — with the level of “vigilance — neg-
ligence” of the inspector.

This principle envisages the possibility of evaluation of the checking and cor-
rection operations using verbal terms: low (average, high) tendency of man-
operator to commit the 1 and 2™ type errors; low (average, high) repair quality,
etc. Membership functions, necessary for these terms formalization, are formed
with the help of extension-compression operations [48], which underlie the idea of
Soft Computing — computing with words.

4. Principle of fuzzy identification

This principle emphasizes that the problem of system reliability evaluation
amounts to the problem of “multiple inputs — single output” object identification
with the help of fuzzy knowledge bases [14].

Inputs of the object are the measured parameters of the quality of raw material,
equipment and man-operator. Output of the object is the discrete double-throw
switch: 1 - correct; O - noncorrect. Because of the lack of the crisp border between
1 and O results, the degrees of membership of the vector of input parameters to the
levels 1 and O are calculated during system reliability modeling.

Fuzzy knowledge bases, i.e., IFF-THEN rules, necessary for solving the identifi-
cation problem, are determined by B -, C - and D - structures, from which the
algorithmic model of reliability is built.
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9.6.2 Fuzzy-Algorithmic Elements

The fuzzy-algorithmic model of system reliability is built using the following
elements (Fig. 9.18):

l X—P: Ai
x— 1
l R 4—I”A

a) b)
Fig. 9.18. Elements of reliability model

Working operator A (Fig. 9.18a) is the element of the model, describing oc-
curring abnormalities in the system functioning process. Quality of the working
operator A performance depends on the vector of measured parameters
X =(x,x,,....,x,) , where x, =x,(t), i.e., parameters values depend on time.

Correctness of the working operator A performance is defined by the formula:
1 X) =] ), (9.22)
i=1

where g, (X) is the multidimensional membership function of the vector of pa-
rameters X to the term “correct performance of the operator A ”,

4'(x,) is the membership function, which describes the distribution of pa-
rameter x, , i =1,2,...,n, values’ correctness.

Correction operator R (Fig. 9.18b) is the element of the model, which describes
removal of abnormalities, occurred while performing the working operator A .

Different kinds of repair and updating included in the system functioning algo-
rithm can be described by the correcting operator R .

Correctness of the correction operator R performance is defined by the formula:

Wy (X) =1=[1— 2, (X)] ™ , (9.23)

where g, (X) is defined by formula (9.22),

r, is the parameter, which characterizes the quality of correction:

r, =13,5,7,9, if the quality of correction is low (1), lower than average
(3), average (5), higher than average (7), high (9).
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If, for example, a working operator A has correctness 1, (X) =0.5, then the cor-

rectness of the correcting operator R is increased with the growth of parameter r, :

Uy (X) 0.5 0.875 0.967 0.992 0.9998

Correctness of algorithm AR, i.e., “work ( A ) — correction ( R )”, performance
is defined by formula:

Ly (X) = 22, (X) +[1= 1, (X)] - 12 (X), (9.24)

from which it is shown, that if z,(X) =1, then #,(X)=1.

Logical condition a (Fig. 9.18c) is the element of the model, which describes
correctness checking for the vector of parameters Y =(y,,y,,...,¥;) . This vector
of parameters can correspond to the condition of the system components: the raw
material, the equipment, the man-operator or the results of functioning process
implementation. In particular, the diagnostic and functional checking which are
used in reliability theory of man-machine systems [35] can be described by logical
condition o .

While performing condition ¢ the two results are possible:

o =1, if all the parameters of vector Y are correct,

o =0, if at least one of the parameters of vector Y is noncorrect.

Correctness of condition ¢ performance is defined as follows:

11 (Y) is the possibility distribution of the condition ¢ performance for result

1, i.e., without 1** type errors, when real correctness (1) is subjectively recognized
as true (1),

12 (Y) s the possibility distribution of the condition ¢ performance for result

0, i.e., without 2" type errors, when false (0) is subjectively recognized as false (0).
These distributions are defined by the formulae:

2 OY) <[4 (V)1 ©9.25)
00 1 kg
W (Y) =[1— 2, (Y)1*, (9.26)
]
) =TTs'G) ©-27)
i=1

where ,u'( ¥;) is the correctness distribution of the parameter y,, i=1,2,...,/.
k! and k® are the coefficients, describing the tendency of the checking opera-

tion ¢ to the 1% and 2" type errors, respectively ( kL >1,k2 >1).
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If k. =1 and k" =1, then the 1 and 2" type errors are absent. The increase of

these coefficients results in compression of the membership functions in (9.25)
and (9.26), and, respectively, lowering down of the level of correctness of check-
ing condition ¢ performance for results 1 and 0. This is equivalent to the growth
of the 1% and 2™ type errors levels.

For calculations on the basis of linguistic assessments one can use:

k. =1, if the 1" type errors are absent (if the inspector is objective),

k) =2, for small tendency to the 1* type errors (if the inspector is somewhat
preconceived),
k! =3, for sufficient tendency to the 1¥ type errors (if the inspector is precon-

ceived),
i.e. with the growth of the inspector preconception (or with the lowering down

of his/her objectivity) the possibility of the 1* type error is increased.
For the 2™ type errors:

k) =1, if the 2" type errors are absent (if the inspector is vigilant),

k) =2, for small tendency to the 2" type errors (if the inspector is somewhat
negligent),

k =3, for sufficient tendency to the 2" type errors (if the inspector is negligent),

i.e., with the lowering down of the inspector vigilance (or with the growth of
his/her negligence) the possibility of the 2" type error is increased.

9.6.3 Fuzzy-Algorithmic Structures

Each of the algorithmic structures produces the mathematical model, which allows
us to calculate the correctness of this structure implementation depending on the
correctness of the included operators and conditions implementation. Such models
are obtained in [50] on the basis of the graphs of events, taking place while per-
forming each of the structures (Fig. 9.19). Necessary formulae are given below.

} |

l X A Y N
X A %0
1 1 [}
4] r 0
. i 0 U A v R re
2 2 ! 1 0
k
l [0} Vv 1 kV
1
a) b) c)

Fig. 9.19. Algorithmic structures
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Linear structure (Fig. 9.19a) is given by algorithm
B=AA,, (9.28)

in which the working operators A, and A, depend on the vectors of parameters
X, =(x,x},....,x,) and X, =(x,},..., X.) , respectively.

Fuzzy correctness of the equivalent operator B performance in (9.28) is de-
fined by the formula:

1y (X, X,) = ' (X)) 1 (X,) (9.29)

n,

where u#'(X,) ZH,Lll(x,l) . 1 (X,) :Hﬂl(x?)-

i=1 J=1
Alternative structure (Fig. 9.19b) is given by algorithm

C=A(EVU), (9.30)

in which @ is the logical condition, verifying during the checking of the correct-
ness of the working operator A implementation, where

1, if vector of parameters X is normal,
0, otherwise.

E is the identical operator, corresponding to the checking operation @ results
fixation,

U is the operator correcting the parameters of the working operator A,

k, , k, and r, are the parameters of condition @ and operator U implemen-
tation quality, respectively.

Structure (9.30) corresponds to the process “work — checking - correction
without feedback” [35].

Fuzzy correctness of the equivalent operator C performance in (9.30) is de-
fined by the formula:

00

He Xk ks 1,) = g,y + 11, (1= p,) + (1= p,) 1, 11ty (9.31)

where g, =4 (o). ) =)™ . 4 = A=)

i=1
y =1-0= )",
/11 (x;) is the correctness distribution of the parameter x, i=12,...,n,

ki) , kz and r, are the numbers (1,2,3,...), which define the quality of check-
ing @ and correcting U operators, respectively.
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Iterative structure (Fig. 9.19c¢) is given by algorithm

D=S{R}, 9.32)

in which v is the logical condition, verifying during the checking of the parame-
ters of the working operator S, where

{1, if vector of parameters Y is normal,

0, otherwise.

R is the operator correcting parameters of the working operator S,

k., , k) and r, are the parameters of condition v and operator R implementa-
tion quality, respectively.

Structure (9.32) describes the process “diagnostics — repair with feedback™ [35]
when the equipment is diagnosed.

In the general case, operator S corresponds to the equipment functioning, the
raw material preparation or the man-operator work.

Fuzzy correctness of the equivalent operator D performance in (9.32) is de-
fined by the formula:

uy,(Y)=a+ba, - N lb , (9.33)

1
where a=yi-ﬂil, a, =/l,le-,uil,
b=y (1= )+ (1= ) 11, by = gty (V=18 )+ (1= gtz ) - p1.°
= K, K
w=TTu o w' =(w)" o w=0-m)",
I=1
y=1-(1-1)"
/ll(y,) is the correctness distribution of the parameter y,, [ =1,2,....m,

k) , k) and r, are the numbers (1,2,3,...), which define the quality of check-

ing v and correcting R operators, respectively.

9.6.4 Example of Technological System Reliability Analysis

Let us consider the bioconversion technological process (BCTP), the algorithmic
model of which (Fig. 9.20) is defined by the formula:

F=S{R }JA(EVU), (9.34)

where S is the working operator, corresponding to the raw material preparation;

v is the raw material parameters checking (4o - homogeneity, Ph- hydrogen
factor, hu - humidity);

R is the operator of the raw material parameters correction;

A is the working operator, corresponding to the process performance;
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@ is the process parameters checking (V — rate of mixing, ¢ -temperature);

E is the identical operator, corresponding to the checking operation @ results
fixation;

k, , ki, r,, k. , k) and r, are the parameters of the process control quality,

shown in Fig. 9.20.

ho, Ph, hu

1
ka)
|

Fig. 9.20. Algorithmic model of the bioconversion process reliability

The parameters correctness distributions are presented in Table 9.28.
Algorithm (9.34) is presented as follows

F=D-C, D=S{R}, C=A (EvVU).

Therefore, the problem of reliability analysis is reduced to the consecutive ap-
plication of the models of B-, C- and D- structures:

Uy, (hu, Ph,ho,V ,t) = w0, (hu, Ph,ho) - . (V 1),
where ,u} (...) is the process (9.34) performance correctness distribution;
4,(...) is the operator D performance correctness distribution calculated by
formula (9.33) for Y = (hu, Ph, ho),
4:(...) is the operator C performance correctness distribution calculated by
formula (9.31) for X=(V,1).

The tree of inference, which defines the interconnection of the fuzzy-
algorithmic structures in identifying the process (9.34) reliability level, is shown
in Fig. 9.21, where double circles are the models of B-, C- and D- structures;

single circles are the operators and conditions, appearing in algorithm (9.34);

output arrow is the process performance correctness level, which is defined by

the membership function ﬂ,‘r ;

input arrows are the variables, influencing the correctness level ;. .
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Table 9.28. Parameters correctness distributions

Parameter Membership function

Homogeneity (ho, %)

Humidity (hu, %)

Hydrogen factor (Ph, c.u.)

Rate of mixing
(V. rpm)

Temperature (°C)

32.99 33 33.01
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kll/ Ph hu ho
[ ]

Fig. 9.21. Tree of inference

The aim of simulation consisted of the construction of three-dimensional cor-
rectness distributions ,u} (V,to) for different combinations of the raw material

quality levels (Table 9.29) and the process control quality levels (Table 9.30). The
nine three-dimensional distributions were obtained.

Table 9.29. Values of the raw material parameters

Raw material Quality levels
parameters
Low Average High
ho (%) 83 87 91
hu (%) 83 87 91
Ph (c.u.) 6.6 6.8 7.1
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The three distributions ;. (V,t0 ), which correspond to high level of raw mate-

rial quality and low (a), average (b) and high (c) levels of the process control qual-
ity are shown in Fig. 9.22.

Table 9.30. Processes control parameters values

Control [Parameters of checking Control quality levels
element and correcting
operations
Low Average High
k) 5 3 1
14
0
k, 9 5 :
R Ty 1 5 9
1
k, 5 3 :
[0
0
k, 9 5 :
U Ts 1 5 9

The correctness distributions g, (V,to) allow us to obtain the regions of pa-

rameters change (V and ¢°), which provide the required level of the process per-
formance correctness. Let call them zones (cross-sections) of u - working capac-

ity, #€[0,1]. Such zones for levels g, (V,t°)=0.9,0.8,0.7,0.6 are presented in
Table 9.31. The obtained zones of u - working capacity provide the possibility of

optimization of the system reliability with taking into account the restrictions of
the region of permissible parameters change [51].
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Fig. 9.22. Process performance correctness distributions for low (a), average (b) and high
(c) control quality levels
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Table 9.31. Working capacity zones for process performance (0.6, 0.7, 0.8, 0.9)-correctness

levels
Raw material quality
Control
ualit .
U ow Average High
14 09
12 \
Zone is . v '
Low Zone is absent .l SN
absent o
LI
0z
#m Tw Tm EWw 00w 0N O ae
t
. 0p
Zone is . v @
Average Zone is absent v N
absent o8
tO
7
AL 1S 18
160 16
14} 0.6 14
12 \ 2 0.6
i Zoneis | V | L | v, "
H]gh 0.7
absent - o N
wat 1 04 09
3= Dws Dw Bw B W nn Dk De So mem mw mem B miE mol BOE B0
t t
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