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1. Introduction

The use of new information technologies requires de-
veloping decision support systems, the principal purpose of 
which are applications in identification problems, arising in 
science, medicine, engineering, industry etc. As stated in 
[1], multidimensional objects identification in many areas 
implies creating relation operators between input and output 
signals functions based on the information available to the 
developer. When modeling such objects, traditional method 
developers focus on enhancing the adequacy of modeled 
objects descriptions and accounting for more of the factors 
that affect decision-making processes. All of this results in 
creating bulky mathematical constructs, which are impos-
sible to utilize in practice. Besides, there are a lot of objects, 
for which most of the input and output parameters cannot be 
described numerically. They are called partially formalized 
objects. Presently one of the more developed and common 
scientific directions for describing uncertainties for multi-
dimensional partially formalized objects is fuzzy set theory 
and fuzzy modeling [2, 3].

Fuzzy models utilize the basic concepts of fuzzy set the-
ory, fuzzy rules and fuzzy inference for their operation. De-
pending on the fuzziness degree of the sets considered while 
developing a fuzzy model, type-1, generalized type-2 and 
interval type-2 fuzzy models are distinguished. Type-1 fuzzy 
models are developed based on fuzzy sets with crisp mem-
bership grades values. Yet such fuzzy models provide only 
crisp (point) values at their outputs. A value of a generalized 
type-2 fuzzy set membership function is a type-1 fuzzy set. 
Applications of such models are extremely rare due to high 

computation cost. Instead interval fuzzy sets are used as a 
simplified presentation of generalized sets. Mathematical 
operations on interval type-2 fuzzy sets deal with marginal 
points of the membership function value interval only and 
disregard specific qualities of the distribution existing with-
in this interval. Interval type-2 fuzzy models are developed 
based on fuzzy sets with interval membership grades values. 
Unlike type-1 fuzzy models, these models provide both point 
and interval values at their outputs and process different 
kinds of uncertainties efficiently enough [4]. Using fuzzy set 
theory techniques for knowledge formalization automatical-
ly makes a researcher face the problem of choosing the right 
fuzzy set type for building the fuzzy model.

Based on the above considerations, the question on an-
alyzing fuzzy systems regarding their capabilities to reflect 
the subject area in multidimensional objects identification 
tasks is of current interest.

2. Literature review and problem statement

The modern approach to solving complicated multidi-
mensional partially formalized objects identification tasks 
is associated with fuzzy logic systems (FLS) [5, 6]. For in-
stance, such problems as diagnostics of a financial condition 
of a company [7] and transport logistics [8] are successfully 
solved in terms of fuzzy values.

Developing a type-1 fuzzy set based FLS is common in 
medical diagnostics [9, 10]. Such systems are usually mul-
tidimensional, and always include a membership functions 
parameters tuning stage in order to ensure adequate repre-
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sentation of the subject area by the model. Various random 
search based optimization methods are used for tuning, 
usually genetic algorithms [11–13].

Applications of genetic algorithms for complicated op-
timization tasks shows that these methods have advantages 
over traditional ones. In [14], a genetic algorithm for tuning 
a fuzzy model in medical diagnostics is considered. Its per-
formance is being evaluated against a series of test functions 
and multidimensional tasks with a high number of local 
extremes. A genetic algorithm for training a type-2 fuzzy 
model with multiple inputs and outputs is introduced in [14]. 
The proposed algorithm uses four crossover schemes: single- 
point, multi-point, weighted mean and weighted average. 
Computer experiments in [14] have shown high performance 
of the genetic algorithm when solving complicated multi-
parametric optimization problems, but it has a bulky struc-
ture, and the time required for its completion in complex 
optimization tasks nonlinearly depends on dimensionality. 

In [15], the problem of identifying objects with multiple 
inputs and multiple outputs is being solved, but this model, 
like the ones considered previously, does not allow for the 
input data set to contain missing values.

Type-2 fuzzy models development methods that are 
based on experimental data, and are capable of solving prob-
lems in endocrine system diseases diagnostics area, are pre-
sented in [17, 18]. The proposed models and methods, unlike 
the previous ones, possess the capability to account for miss-
ing values in input data sets, thus allowing to introduce ar-
tificial input vector magnitude corrections. Still, the issue of 
such correction factor impacting the value of the fuzzy logic 
system’s interval output value is not investigated in these 
studies. The issue of a model maintaining its capability to 
adequately reflect the subject area under conditions of input 
vector magnitude modifications is not investigated either.

Interval fuzzy set mathematics is used for modeling of 
complex systems under conditions of input data uncertainty 
in [19]. The results of the latter research are recommend-
ed for application in long-term natural processes study 
programs in order to shorten the time required for deci-
sion-making and to save cost during preliminary research in 
the hydrogeological exploration area.

The principal problem in most of the identification tasks 
is the unknown nature of the relation between input variables 
and the output variable. Besides, under conditions of multidi-
mensional relations, a developer faces the problem of building 
an identification model that would not have to evaluate all 
inputs, but only the minimum required number of them. In 
this case, the input variable set is selected in such way that 
it ensures the location of the output variable value within 
bounds acceptable for making the decision. For this reason, 
within the given formulation of the problem, the requirements 
for estimating the degree of identity (adequacy) of a model, 
developed for an object, are increased. The classical identi-
fication theory considers relations based on mathematical 
statistics or information theory as the main characteristic of 
the identity of a model and a real object [20].

Consider the specifics of developing fuzzy logic systems 
regarding their capabilities to adequately reflect their sub-
ject areas in multidimensional objects identification prob-
lems. We shall consider all identification objects partially 
formalized; the term “adequacy” will be used to define the 
degree of a model’s identity to the real object. 

Developing a fuzzy logic system usually consists of the 
following stages:

1. Determining parameters and their ranges of variation.
2. Estimating qualitative and numerical parameters.
3. Creating a knowledge base and an inference tree.
4. Membership functions generation.
5. Fuzzy model tuning.
According to [13], a fuzzy logic system may be pre-

sented as

Y=F(X, W, B, C),

where X=(x1, x2, …, xn) is the input variables vector; W= 
=(w1, w2, …, wN) is the rules weights vector. Gaussian func-
tion is chosen for input variables membership functions:

2x b
c(x) e ,
- -  m =

where B = (b1, b2, …, bq), C = (c1, c2, …, cq) are membership 
functions parameters vectors; N is the number of rules, q is 
the determined number of terms.

Consider a learning data set consisting of M experimen-
tal data pairs:

(Xt, Yt), t=1…M,

where t t t t
1 2 nX (x ,x ,...x ),=   Yt are an input vector and a cor-

responding output variable value of the input-output tuple. 
The problem of developing an FLS that would be adequate 
to the subject area is solved by tuning the fuzzy logic sys-
tem according to the least-squares method: find a vector  
(W, B, C) that would ensure 

M
t t 2

t 1

((F(X , W, B, C) y ) min.
=

- →∑

Various optimization methods are used for tuning, the 
most common of them is a genetic algorithm. For its success-
ful implementation all unknown parameters are organized 
in a single vector:

S=(W, B, C)=(w1, w2, …, wN, b1, c1, b2, c2, …, bq, cq).

The vector S unambiguously defines the FLS у= 
=F(X, W, B, C). A genetic algorithm has a number of spe-
cific procedures, including chromosome generation, cross-
over and mutation operations implementation, as well as 
the extremely important selection procedure, or fitness 
function estimation. As shown in [13], a genetic algorithm 
is an efficient enough fuzzy model tuning technique. Yet, 
the resulting fuzzy model loses its transparency, the initial 
membership functions undergo significant deformations and 
lose their linguistic meaningfulness. The obtained model 
is also extremely hard to modify. In order to correct the 
number of input parameters used for developing the system, 
changes need to be introduced into the initial parameter set. 
In case of both type-1 and interval fuzzy models, modifying 
the number of input parameters results in training the model 
from scratch. This may result in long training time, which is 
unacceptable in many practical applications. 

Based on the studies and theoretical background consid-
ered above, the problem of developing interval type-2 fuzzy 
systems under the assumption of possible input data set 
magnitude corrections remains unsolved. The need for such 
corrections to be introduced by an expert often arises in ap-
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plied systems, which have their knowledge bases generated 
from experimental data. At the same time, a requirement for 
the system to maintain its interval output within predefined 
margins exists.

3. The aim and objectives of the study

The aim of the research is expanding the capabilities 
for enhancing subject area reflection adequacy with type-2 
fuzzy sets in partially formalized objects identification prob-
lems. We propose to develop a type-2 fuzzy logic system, al-
lowing to modify the number of model inputs in the process 
of objects identification, without the fuzzy system losing its 
capability for adequate reflection of the subject area.

In order to reach this aim set for the present research, the 
following objectives were to be achieved:

– to propose a criterion that would enable developing a 
type-2 fuzzy logic system that would be able to adequately 
reflect the subject area by using interval type-2 fuzzy sets;

– to develop a method for fuzzy logic system creation 
from experimental data. It should be possible to modify the 
resulting system’s number of input variables without losing 
the subject area reflection adequacy.

4. Developing a type-2 fuzzy logic system adequate to  
the subject area

The present research proposes an information approach 
to justifying the choice of the fuzzy set type used for fuzzy 
logic system generation. We are introducing a mutual infor-
mation function between model’s inputs and outputs. In this 
case, the output value Y entropy can be represented as a sum 
of the amount of information about Y contained in the input 
value X, and the mean conditional entropy Y over X [20]:

H(Y)=I(X,Y)+H(Y/X). (1)

As a fitness function, or target optimization function 
that changes until it reaches the maximum, we select mutual 
information between model’s inputs and outputs, i. e. I(X,Y). 
According to the symmetry property I(Y,X)=I(X,Y), the 
equation (1) can be presented as 

I(X,Y)=H(X)–H(X/Y).  (2)

Based on the assumption that, according to the infor-
mation maximum (Infomax) principle, mutual information 
must strive for the maximum, i. e. I(X,Y) max,→  it can be 
seen from the equation (2) that reaching this goal is possible 
with unconditional entropy

 
H(X) increasing, and condition-

al entropy
 
H(X/Y) decreasing. For a fuzzy logic system, the 

entropy H(X) of its inputs would strive for maximum, when 
the input values are set using Gaussian interval membership 
functions, and with the FLS functioning for type-2 member-
ship function values the uniform distribution law is applied 
(taken as a hypothesis). Fig. 1 features a fragment of apply-
ing an input value of x0, and a uniform type-2 membership 
function values distribution µ(µ(x0)).

Based on the above considerations, we will be solving the 
problem of developing an FLS with interval membership func-
tions with an optimization criterion [18]. Let NM(MP, ~MP) 
be a fuzzy model defined by several parameters, MP the 

membership functions parameters set, ~MP – other parame-
ters. Then the optimization criterion will look like

[ (NM(MP,~ MP)) max] min,Ψ → →  (3)

where Ψ(NM(MP, ~MP)) is the optimization function, ac-
cording to which the amount of mutual information between 
the model’s inputs and outputs will increase. The first part of 
the criterion defines an FLS with interval membership func-
tions that would, while maintaining the system’s capability 
for adequate decision making, provide the maximum possible 
increase in the subject area reflection adequacy. The second 
part of the criterion states the increase in the system param-
eter set magnitude through optimization procedures. The 
latter impacts the increase in conditional entropy H(Y/X). 
This approach fits the definitions of structural and paramet-
ric identification stages. 

 
 
 
 
 
 
 
 
 
 
 
 a 

 
 
 
 
 
 
 
 
 
 

 
b 

Fig. 1. Interval membership function: a – A fragment of 
applying input value x0; b – Uniform type-2 membership 

function values distribution µ(µ(x0))

We represent the mathematical model for solving the 
problem stated in this paper as an interval fuzzy identifi-
cation model. The structure of a fuzzy model with interval 
membership functions for a “multiple inputs – single output” 
type multidimensional object is presented in Fig. 2 [16].

The model reflects crisp inputs (x1,…, xp) into interval 
and crisp outputs:

 l rY [y ; y ].=  Interval type-2 fuzzy sets will 
be used for describing linguistic variables’ fuzzy terms. The 
mathematical model will then be an interval type-2 model, 
including a rule base (fuzzy knowledge base), a fuzzification 
procedure, a fuzzy inference procedure, a type reduction 
procedure, and a defuzzification procedure (Fig. 2).

In a general case, for n≥1 outputs the fuzzy model rule 
base will be defined as follows:

R1: IF 1
1 1x F=   AND … AND 1

p px F ,=   
THEN 1 1

1 1 n ny G ,...,y G ;= =
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Rl: IF l
1 1x F=   AND … AND l

p px F ,=   
THEN l l

1 1 n ny G ,...,y G ;= =

RM: IF M
1 1x F=   AND … AND M

p px F ,=   
THEN M M

1 1 n ny G ,...,y G ,= =

where l
kF , k=1, …, p, l=1, … m is the type-2 interval fuzzy set 

of the k-th antecedent of the l-th rule; l
kG ,  k=1,…, n, l=1,…, M  

is the type-1 interval set of the k-th consequent of the l-th 
rule, as defined by its left margin 

lG
kly  and its right margin 

lG
kry : 

l ll G G
k kl krG y , y ; =    M is the number of rules.

In order to describe interval type-2 fuzzy sets of the 
linguistic variables terms, primary Gaussian membership 
functions with constant centers and uncertain deviations 
will be used.

A Gaussian primary membership function with a con-
stant center and a variable deviation l u[ , ]s Î s s  is defined as

2

l u

1 x m
2 [ , ]

A (x) e .
 --  s s m =   (4)

A graph of a primary Gaussian membership function 
with a constant center and a variable deviation (4) is shown 
in Fig. 3.

Fig. 3. A Gaussian primary membership function with a 
constant center and an uncertain deviation

For calculating the output rules fuzzy sets, the minimum 
t-norm will be used. The output set of a rule Rl will then be 
derived from the formula

l

lll
l k l kG G

l
kB

b f * (y ), f * (y )

(y 1 b ),
 Î m m  

m = ∫

 (5)

where ∗  is the t-norm operator; lf  and 
l

f  are the lower and 
 
upper bounds of the activation interval 

llf ,f , 
  

 derived from 

formulae:

l
k

p
l

kFk 1
f T (x ),

=
= m



 (6)

l
k

pl

kFk 1
f T (x ),

=
= m



 (7)

where l
k

kF
(x )m



 and l
k kF (x )m


 are the lower and upper 

membership grades l
k

kF
(x ).m



The output fuzzy sets of rules lB  are forwarded 
to the type reduction block of the fuzzy model at 
once, without being merged into a single set.

Output interval type-2 fuzzy sets type reduction 
to interval type-1 sets is performed with the sets 
center method, expressed by the formula (8), where 
Yk(x), k=1, …, n, is an interval set, defined by left and 
right bounds ykl and ykr.

The Karnik-Mendel algorithm is used for calculating the 
left and right bounds ykl and ykr [21].

5. A method of direct interval fuzzy model generation 
from experimental data 

In order to develop an interval type-2 FLS according to 
the criterion (3), the method of direct fuzzy model genera-
tion from experimental data will be used. Its main stages are 
described below.

Stage 1. To satisfy the condition of adequate subject area 
reflection, the following relation must be applied:

H(X) max.→

A possible implementation of this stage, given that input 
data is available, consists of the following steps.

Let X be an experimental data set: 

X={X1, X2, …, Xn},

where Xi=(x1i, x2i,…, xki, yi), i=1, …, n; n is the number of ex-
perimental data vectors; k is the number of input variables; 
y is the output value.

The execution sequence is as follows.
Regular fuzzy model generation is performed based on 

the experimental data set X. To accomplish this, we shall 
use an approach to fuzzy model development, under which a 
fuzzy model is built based on the experimental data defining 
centers of rules’ antecedents and consequents fuzzy sets. 
Thus, a model is obtained, for which all input parameters 
values are known. It should be stated that such a model has 
a redundancy associated with it. As a membership function 
for input variables, the Gaussian membership function is 
selected:

 Fig. 2. Structure of an interval type-2 fuzzy model

 

1 1 M M 1 M1 M1 M1 G G M G G
k kl kr k kl kr

k kl kr

M
l l

k
l 1

M
l

f f ,f f f ,fy y ,y y y ,y

l 1

Y (x) y ,y

f y
... ... 1 . (8)

f

=

       Î ÎÎ Î             
=

= =  

=
∑

∫ ∫ ∫ ∫
∑
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2
x m

c(x) e .
- -  m =

For interval membership functions description, the mod-
ified Gaussian form will be used. The general form of an 
interval membership function is:

2
x m

[min(c),max(c)](x) e ,
 --  m =

where [min(c), max(c)] is the variation range of the Gauss-
ian function’s c parameter (contained within the interval 

l u[ , ]s Î s s ), Fig. 3.
In order to perform a transition from a regular to an 

interval membership function, while simultaneously main-
taining the adequacy of decisions taken by the system, the 
algorithm [17] will be used. It is an algorithm for controlled 
stretching of one of the input variables membership func-
tions parameter under the restriction of containing the sys-
tem’s interval output within predefined margins.

The algorithm thus allows to build interval type-2 mem-
bership functions for input variables and makes sure that the 
interval fuzzy model operates in a way the most adequate to 
the subject area.

Stage 2. In the second stage, corrections of the input 
vector and the experimental data set according to the 
developer’s definition are implemented. As a result of the 
corrections, missing values in the experimental data and 
the input vector may appear. Data set transformation is 
performed with the algorithm [17], which takes experimen-
tal data incompleteness into account. According to this 
algorithm, the correction procedure occurs in combination 
with interval fuzzy model development; the interval mem-
bership functions centers are determined by the respective 
experimental data. Such approach to developing a model 
provides fast generation of membership functions, which 
corresponds to the reality from the conducted experiments’ 
point of view.

The data set transformation algorithm consists of four 
steps:

1. Consider an initial experimental data set X:

X={X1, X2, …, Xn},

where Xi=(x1i, x2i,…, xsi, yi), i=1,…, n; n is the number of ex-
perimental data vectors; s is the number of input variables;  
y is the output value.

Some of the variables in the experimental data set 
are unknown, since the input variables set is reduced.

2. Remove the columns with variables values, 
which are from an expert’s point of view unsubstantial 
for solving the problem at hand, from the initial exper-
imental data set. A correction of the experimental data 
set takes place, i. e. a transformed data set is created.

3. Follow the procedures from stage 1, i. e. a type-2 
fuzzy model with interval membership functions is de-
veloped based on the corrected experimental data set.

4. Calculate the output value.
The final step of the resulting model is testing it on veri-

fied data, and its operation quality assessment.
Thus, the capabilities of the algorithm [17] to account for 

missing experimental data values are used for further inves-
tigation of the impact of input vector magnitude corrections 
based on expert’s recommendations on the adequacy of the 
subject area reflection by the fuzzy logic system.

6. Examples of the proposed method’s practical 
application

The present section describes computer modeling for 
multidimensional objects identification problems. Changes 
in an identification object’s input parameter set magnitude 
will be considered in conjunction with the results of interval 
FLS generation.

The proposed method’s operation will be shown applied 
to the problem of artesian well state evaluation. A well as a 
complex natural system is characterized by high redundancy 
of its parameters. There is a significant number of natural 
and anthropogenic factors impacting its state and potential 
operational characteristics; attempts at accounting for and 
mathematically describing their influence on the general 
condition of the system being researched cause the redun-
dancy. 

The stages of the algorithm’s operation are considered in 
detail below.

Stage 1. As stated in [19], a hydrogeological system is 
described as follows:

– 84 input variables (Table 1); 
– single output value – artesian well potential for further 

research and operation on the scale of 0 to 10;
– learning data set.

Table 1

Input variables (fragment)

Variable 
denota-

tion
Parameter name

Range of 
values

Explo-
ration 
stage 

number

Terms

x1
Distance to inhabit-

ed areas, km
0–50 1

{L – low,  
M – medium, 

H – high}

x2

Distance to 
highways of state 
significance, km

0–50 1
{L – low,  

M – medium, 
H – high}

x3
Precipitation (re-
gion average), mm 

400–800 1
{L – low,  

M – medium, 
H – high}

…

The initial experimental data set X consists of 20 input 
vectors (Table 2).

Based on this learning data set, a rule base is built by 
assigning a fuzzy variable term from Table 1 to every value 
from Table 2. The obtained formalized knowledge base is 
presented in Table 3.

Membership functions parameters values of the type-1 
fuzzy logic system’s term sets are shown in Table 4.

By transforming membership functions according to 
the algorithm [17], a type-2 fuzzy logic system is obtained, 

Table 2

Learning data set of artesian wells data (fragment)

Vari-
able

1 2 3 4 5 6 7 8 9 10 11 …

x1 1,5 3 12 22 18 15 15 26 37 35 27 …

x2 43 12 12,5 25 4 11 32 2 5 2 10 …

x3 589 589 589 638 638 590 590 562 562 589 589 …

…
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with its membership functions presented in interval form, as 
shown in Table 5.

Table 3

Type-1 fuzzy logic system knowledge base (fragment)

R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 …

x1 H H H M M H M M H H M …

x2 H H M M L L H H M M M …

x3 L L M L H H H H M M M …

…

Table 4

Membership functions of the type-1 fuzzy logic system 
(fragment)

Variable Variable name Terms

x1
Distance to inhabited 

areas, km

L M H

b c b c b c

0 15.4 25 15.4 50 15.4

x2

Distance to highways 
of state significance, 

km

L M H

b c b c b c

0 15.4 25 15.4 50 15.4

x3
Precipitation (region 

average), mm 

L M H

b c b c b c

400 43.9 600 43.9 800 43.9

…

Table 5

Membership functions of the interval type-2 fuzzy logic 
system (fragment)

Vari-
able

Variable 
name

Terms

x1

Distance 
to inhab-
ited areas, 

km

L M H

b c b c b c

0
[9.03; 
84.93]

25
[6.57; 
61.78]

120
[23.61; 
221.86]

x2

Distance 
to high-
ways of 

state sig-
nificance, 

km

L M H

b c b c b c

–0.01
[11.29; 
106.11]

25
[6.57; 
61.78]

50
[6.57; 
61.78]

x3

Precip-
itation 
(region 

average), 
mm 

L M H

b c b c b c

301.25
[11.81; 
110.97]

600
[18.74; 
176.12]

480.4
[18.74; 
176.12]

…

Stage 2.
1. The initial experimental data set X is identical to the 

data set from Table 1 of the first stage. Missing values will 
appear in this data set later on, as a result of artificial feature 
removal.

2. Introducing corrections into the experimental data set 
based on expert’s recommendations. Receiving any mean-
ingful output over the entire set of 84 parameters is close 
to impossible, considering the difficulties related to input 
data redundancy. Thus, an initial interference of an expert 
in order to optimize the input feature space is a necessity 
resulting from problem dimensionality. One of the possible 
outcomes of such optimization is shown below; the resulting 
input feature space Х’ consists of 38 features:

Х’={x3, x4, x6, x7, x12, x13, x14, x15, x18, x19, x24, x26, x32, x33, 
x34, x35, x36, x37, x40, x41, x43, x44, x45, x47, x50, x54, x60, x62, 
x64, x67, x74, x75, x76, x79, x80, x82, x83, x84}.

3. Similarly to the procedures of the first stage, an-
other type-2 fuzzy model is built, this time for the input 
feature set suggested by the expert. Table 6 shows mem-
bership functions of the parameters remaining after the 
expert had removed all non-informative and redundant 
features. 

Table 6

Membership functions of the type-2 interval fuzzy logic 
system on the reduced input feature set (fragment) 

Vari-
able

Variable name Terms

x3

Precipitation 
(region aver-

age), mm 

L M H

b c b c b c

301.25
[24.53; 
30.75]

600
[38.93; 
48.81]

480.4
[38.93; 
48.81]

x4

Existing 
contamination 

sources

L M H

b c b c b c

0
[1.92; 
2.41]

3.33
[1.92; 
2.41]

7.13
[1.92; 
2.41]

x6

Plumbum 
concentration 
(average over 
existing wells 
in the area), 

mg/dm3

L M H

b c b c b c

0
[0.02; 
0.03]

0
[0.01; 
0.02]

0.144
[0.01; 
0.02]

…

4. Table 7 shows an example of determining the output 
value on verified data of the test data set under conditions of 
missing values in the input data. The effect of missing values 
appearing in the input data is created due to the require-
ment to obtain a result long before the process of collecting 
experimental data is completed. The results of the system’s 
operation with the different number of missing values in the 
input data are shown in Table 7.

Table 7

Model operation on uncertain hydrogeological data 
(fragment)

№
HGE 
stage

Known  
features/total

Model 
output

Expert’s estimation – 
well potential

1

1 9/38 [0.5; 9.19]

high2 16/38 [5.88; 8.45]

3 32/38 [7.7; 8.36]

2

1 9/38 [5.39; 9.74]

high2 16/38 [5.45; 9.58]

3 32/38 [8.23; 8.47]

…

The number of missing values of the input variables 
decreases from the first hydrogeological exploration (HGE) 
stage to the third, when all of the input variables values are 
known.
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7. Interval type-2 FLS operation results discussion 

Analysis of the results received from the interval fuzzy 
logic system for artesian well state evaluation shows a gen-
eral trend of the resulting output variable interval to expand 
with the increase of the number of unknown input variables. 
At the same time, the system maintains its capability to pro-
vide an interpretable interval at its output. For instance, on 
stages 2 and 1 of the example 2, Table 7, the result may gener-
ally be considered acceptable, since the model maintains its 
capability to reflect the subject area in an adequate manner, 
although with a significant degree of uncertainty associated 
with the decision taken. Further removal of input variables 
causes the uncertainty zone to fill the entire output parame-
ter domain of definition, or its major part, as can be seen on 
stage 1 of the example 1, Table 7. 

It is confirmed by the experiments results that the use of 
the proposed model generation method based on experimen-
tal data not only enables estimations of the output parameter 
value, but also drawing a conclusion as to whether extending 
the input vector is advisable. 

The proposed method may be used for developing fuzzy 
logic advisors in diagnostic tasks, as well as for developing 
system state evaluation models in a broader sense. Natural 
system state evaluation is a partial case of this method’s ap-

plication. This paper provides justification for using type-2 
fuzzy sets in mathematical models dealing with uncertain 
input data. The justification is performed theoretically, 
based on information theory considerations, and confirmed 
experimentally.

The conducted research is a continuation of investigating 
FLS adequacy in [18, 19].

8. Conclusions

1. An optimization criterion is proposed, measuring the 
increase in mutual information reflecting from a fuzzy logic 
system’s inputs to its outputs. Maximization and minimiza-
tion of respective components of the criterion allows to de-
velop a type-2 fuzzy logic system, which reflects the subject 
area in an adequate manner.

2. A method of building a type-2 fuzzy logic system is 
proposed, which allows, while identifying partially formalized 
objects, to modify the number of model inputs without the 
fuzzy system losing its capability to adequately reflect the 
subject area. Experimental data is assumed as the primary 
source for generating fuzzy knowledge base rules. A sequence 
of steps required for developing a type-2 fuzzy logic system, 
optimal according to the considered criterion, is formulated.
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1. Introduction
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Розглядається система масового обслуговування 
вигляду G/M/1/K з розподілом Вейбула. Для само-
подібного трафіку розроблена імітаційна модель 
за допомогою програмного пакету Simulink в серед-
овищі Matlab. За допомогою сплайн-функцій (ліній-
них та кубічних сплайнів) отримано відновлення 
самоподібного трафіку за його значеннями в вузлах 
інтерполяції. 

Отримані результати дозволять передбачити 
необхідний обсяг буферних пристроїв, тим самим 
запобігти перенавантаження мережі та переви-
щення нормативних значень характеристик QoS

Ключові слова: самоподібний трафік, розподіл 
Вейбула, система масового обслуговування, віднов-
лення, сплайн-функції

Рассматривается система массового обслужи-
вания вида G/M/1/K с распределения с распре-
делением Вейбулла. Для самоподобного трафи-
ка разработана имитационная модель с помощью 
программного пакета Simulink в среде Matlab. С 
помощью сплайн-функций (линейных и кубических 
сплайнов) получено восстановление самоподобно-
го трафика по его значениям в узлах интерполяции.

Полученные результаты позволят предусмот-
реть требуемый объем буферных устройств, тем 
самым избежать перегрузок в сети и превышений 
нормативных значений характеристик QoS

Ключевые слова: самоподобный трафик, распре-
деление Вейбулла, система массового обслужива-
ния, восстановление, сплайн-функции
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