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Abstract 

The multidirectional search method is applied to the individual elements of the experimental data, forming 

and observing potential solution sets. The aim of this study is to genetically tune linguistic models using 

experimental data based on a fuzzy knowledge base. Experiential knowledge is derived from experience or 

observation. This process manifests itself in many different situations. It can be observed and predicted 

using qualitative characteristics. However, the process is not always understandable in terms of 

fundamental principles. For the purpose of forming primary information, the article establishes a fuzzy 

model that determines the linguistic values of variables and the formation of their membership functions. 

A knowledge matrix is drawn up according to the rules connecting the input and output of the identified 

object, and knowledge is determined based on logical considerations of the form 'IF-THEN-

OTHERWISE'. Based on the matrix, the values of the input variables x_i are associated with one of the 

possible types of solution d_j. This problem is solved using fuzzy logic equations. These equations are based 

on a knowledge base or a system of logical judgements that is similar to it. It also allowed the membership 

functions of various solutions to be calculated at fixed input data values for the object. Typically, a solution 

with a high membership function value is considered the desired solution. 

Keywords: formulation of membership functions, fuzzy knowledge base, fuzzy model, 

linguistic variables, fuzzy knowledge base, linguistic interpretation, genetic algorithm 

I. Introduction 

The identification of nonlinear dynamic objects based on fuzzy logic relies on generating a 

fuzzy knowledge base from experimental data that links input and output variables. The method of 

modifying and processing experimental information in a fuzzy knowledge base is widely applied 

as an efficient approach for data processing in fields such as medicine, banking, management, and 

others. In this case, qualitative criteria will be close to the results of linguistic approximation and 

corresponding experimental data based on certain regularities. 

In conditions of uncertainty, the information obtained about an object is incomplete, imprecise, 

and fuzzy. This makes tuning and managing models based on experimental data more challenging. 

Therefore, there arises a necessity to create and tune linguistic models based on experimental data, 

addressing this as an actual problem. 

The goal is to find an optimal solution by genetically tuning linguistic models with 

experimental data, based on a fuzzy knowledge base. 

Learning from experimental datasets is a hot topic in machine learning research [3,4]. This 

problem is characterized by a class distribution where the number of samples in one class is greater 

than the number of samples in the other class. Medical diagnostics, fraud detection, finance, risk 

management, network intrusion, etc. including, but not limited to, many real-world problems are 

dominated by the presence of unbalanced data sets. Furthermore, the positive or minority class is 
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usually the class of highest interest from a learning point of view, and it is also costly if not well 

classified [1,5]. 

There are a number of intrinsic properties of data that reduce the effectiveness of learning. 

Some of these deficiencies within the data include the presence of small errors [6] and the presence 

of overlapping samples between classes. 

Experimental knowledge obtained from experience or observation can be easily expressed and 

described in terms of qualitative conditions. The process can be observed and predicted using 

qualitative characteristics. However, it is not always comprehensible in terms of fundamental 

principles. The proposed algorithm uses the idea of identifying linguistic terms based on the 

maximum of the membership function, which is generalized across the entire knowledge matrix. 

The study of the fuzzy system based on experimental data has shown it to be more effective 

compared to traditional methods. 

II. Problem Statement

Rules for constructing hierarchical models. When there are many input variables 𝑥𝑖 

constructing a fuzzy knowledge base about the unknown dependency (1) becomes difficult. This is 

related to the fact that a person can simultaneously retain an understanding of about 7±2 features in 

their working memory. Therefore, it is advisable to classify the input variables and construct a 

decision tree based on them. 

The hierarchical interrelationship between the input and output variables (integral indicators) 

corresponding to the system of relations (1-4) is depicted in the tree structure shown in Figure 1. 

𝑅 = 𝑓𝑅(𝑋, 𝑌, . . . , 𝑍)          (1) 

𝑋 = 𝑓𝑋(𝑥1, 𝑥2, . . . , 𝑥𝑛)          (2) 

𝑌 = 𝑓𝑌(𝑦1, 𝑦2, . . . , 𝑦𝑛)          (3) 

𝑍 = 𝑓𝑍(𝑧1, 𝑧2, . . . , 𝑧𝑛) ,        (4) 

where, 𝑅 − represents the output variables (integral indicators); 𝑋, 𝑌, 𝑍 − represent classes of input 

variables; 𝑥𝑖 , 𝑦𝑗 , 𝑧𝑘(𝑖 = 1, 𝑙; 𝑗 = 1,𝑚; 𝑘 = 1, 𝑛; ) − are input variables that belong to the classes 𝑋, 𝑌, 𝑍 

respectively. 

Fig. 1 illustrates a tree that reflects the input variables in a two-level hierarchy. However, 

detailing can be done across various levels: class-subclass, group-subgroup, etc. Let us assume that 

all variables at the top of the tree are linguistic variables expressed by the following terms:  

Figure 1: Generalized Logical Inference Tree 

• {𝑅1, 𝑅2, . . . , 𝑅𝑟} − Set of terms for evaluating the variables R;

• {𝑋1, 𝑋2, . . . , 𝑋𝑎} − A set of terms for evaluating the X variables;

• {𝑌1, 𝑌2, . . . , 𝑌𝑏} −  A set of terms for evaluating Y variables;

 𝑋1 𝑋2     …   𝑋𝑎

 𝑋1 𝑋2     …  𝑋𝑎

 𝑋1 𝑋2     …   𝑋𝑎

𝑹 ∈ {𝑹𝟏, 𝑹𝟐, …𝑹𝒓}

X 

Y 

Z 

 𝑥11  𝑥12     … 𝑥1𝑒1
𝑥_1𝑒⬚ 𝑋𝑎 𝑥𝑖1         𝑥𝑖2     … 𝑥𝑖𝑒1
 𝑥𝑙1  𝑥𝑙2     … 𝑥𝑙𝑒1

 𝑦11  𝑦12     … 𝑦1𝑒1
𝑥_1𝑒⬚ 𝑋𝑎 𝑦𝑖1         𝑦𝑖2     … 𝑦𝑖𝑒1
 𝑦𝑙1  𝑦𝑙2     … 𝑦𝑙𝑒1

 𝑧11  𝑧12     … 𝑧1𝑒1
𝑥_1𝑒⬚ 𝑋𝑎    𝑧𝑖1         𝑧𝑖2 … 𝑧𝑖𝑒1
   𝑧𝑙1  𝑧𝑙2     … 𝑧𝑙𝑒1
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• {𝑍1, 𝑍2, . . . , 𝑍𝑐} −  A set of terms for evaluating the 𝑍 variables;

• {𝑥𝑖1, 𝑥𝑖2 , . . . , 𝑥𝑖𝑎𝑖} − set of terms for evaluation of variables 𝑥𝑖 , 𝑖 = 1, 𝑙;

• {𝑦𝑗1, 𝑦𝑗2, . . . , 𝑦𝑗𝑏𝑗} − set of terms for evaluation of variables  𝑦𝑗 , 𝑗 = 1,𝑚;

• {𝑧𝑘1, 𝑧𝑘2, . . . , 𝑧𝑘𝑐𝑘} − set of terms for evaluation of variables 𝑧𝑘 , 𝑘 = 1, 𝑛

The introduced sets of terms indicate the branches of the tree. Within each set, fuzzy terms are 

arranged sequentially from bottom to top, following the principle where the strength (i.e., the 

number of terms) of all sets used for evaluating the linguistic variables involved in the relations (1)-

(4) may vary. 

Let us describe the terms as fuzzy sets using the concept of universal sets and the membership 

function. 

𝑅𝑖 = ∫ 𝜇𝑅𝑖(𝑤)/𝑤, 𝑖 = 1, 𝑟, 𝑤 ∈ 𝑊𝑊
;          (5) 

𝑋𝑖 = ∫ 𝜇𝑋𝑖(𝑣𝑋)/𝑣𝑋, 𝑖 = 1, 𝑎, 𝑣𝑋 ∈ 𝑈𝑋𝑈𝑋
;          (6) 

𝑌𝑖 = ∫ 𝜇𝑌𝑖(𝑣𝑌)/𝑣𝑌 , 𝑖 = 1, 𝑏, 𝑣𝑌 ∈ 𝑈𝑌𝑈𝑌
;          (7) 

𝑍𝑖 = ∫ 𝜇𝑍𝑖(𝑣𝑍)/𝑣𝑍, 𝑖 = 1, 𝑐, 𝑣𝑍 ∈ 𝑈𝑍𝑈𝑍
;          (8) 

𝑥𝑖𝑗 = ∫ 𝜇𝑥𝑖𝑗(𝑥𝑖)/𝑥𝑖 , 𝑖 = 1, 𝑙, 𝑗 = 1, 𝑎𝑖 , 𝑥𝑖 ∈ 𝑈𝑥𝑖𝑈𝑥𝑖
;      (9) 

𝑦𝑗𝑘 = ∫ 𝜇𝑦𝑗𝑘(𝑦𝑗)/𝑦𝑗 , 𝑗 = 1,𝑚, 𝑘 = 1, 𝑏𝑗 , 𝑦𝑗 ∈ 𝑈𝑦𝑗𝑈𝑦𝑗
;          (10) 

𝑧𝑘𝑙 = ∫ 𝜇𝑧𝑘𝑙(𝑧𝑘)/𝑧𝑘, 𝑘 = 1, 𝑛, 𝑙 = 1, 𝑐𝑘 , 𝑧𝑘 ∈ 𝑈𝑧𝑘𝑈𝑧𝑘
 (11) 

Here, W- is the universal set of the variables R, more precisely, 𝑅𝑖 ⊂ 𝑊, 𝑖 = 1, 𝑟 − is a universal 

set whose variables are given 

𝑈𝑋, 𝑈𝑌 , 𝑈𝑍 − 𝑋, 𝑌, 𝑍 are universal sets given variables, i.e., 𝑋𝑖 ⊂ 𝑈𝑋, 

𝑌𝑖 ⊂ 𝑈𝑌 , 𝑍𝑖 ⊂ 𝑈𝑍;  𝑈𝑥𝑖 , 𝑈𝑦𝑗 , 𝑈𝑧𝑘 − 𝑥𝑖 , 𝑦𝑗 , 𝑧𝑘 , 𝑖 = 1, 𝑙; 𝑗 = 1,𝑚; 𝑘 = 1, 𝑛are universal sets given by

variables; 

𝜇𝜉(𝜒) − is the membership function of variable 𝑋 of fuzzy term ξ. 

We will describe the information about the relations (1)–(4) in the form of a fuzzy knowledge 

base that stores logical judgments about the interactions of input and output variables. A fuzzy 

knowledge base about relation (1) will have the following rule: 

IF (𝑋 = 𝑥𝑗1) AND (𝑌 = 𝑦𝑗1)VƏ...VƏ (𝑍 = 𝑧𝑗1) OR 

(𝑋 = 𝑥𝑗2) AND (𝑌 = 𝑦𝑗2) AND... AND (𝑍 = 𝑧𝑗2) OR 

... 

(𝑋 = 𝑥𝑗ℎ𝑗) AND (𝑌 = 𝑦𝑗ℎ𝑗) AND... AND (𝑍 = 𝑧𝑗ℎ𝑗)

TNEN 𝑅 = 𝑅𝑗, 𝑗 = 1, 𝑟           

(12) 

It is possible to describe this rule in the form of 𝑀𝑅 knowledge matrix: 

𝑋 𝑌 . . . 𝑍 𝑅 

𝑥11. . . 𝑥1ℎ1  𝑦11. . . 𝑦1ℎ1  𝑧11. . . 𝑧1ℎ1 𝑅1 

… … … … 

 𝑀𝑅 = 𝑥𝑗1. . . 𝑥𝑗ℎ𝑗 𝑦𝑗1. . . 𝑦𝑗ℎ𝑗 𝑧𝑗1. . . 𝑧𝑗ℎ𝑗 . . . 𝑅𝑗      (13) 

… … … … 
𝑥𝑟1. . . 𝑥𝑟ℎ𝑟 𝑦𝑟1. . . 𝑦𝑟ℎ𝑟  𝑧𝑟1. . . 𝑧𝑟ℎ𝑟  𝑅𝑟 

Applying the operations of union and intersection of sets (13), let us write the fuzzy knowledge 

base in the following form: 
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⋃ [(𝑋 = 𝑥𝑗𝑝) ∩ (𝑌 = 𝑦𝑗𝑝) ∩ … ]
ℎ𝑗
𝑗=1

→ 𝑅𝑗, 𝑗 = 1, 𝑟       (14) 

The fuzzy knowledge base about relations (2) is defined according to the following rule: 

ıf (𝑥1 = 𝑥1
𝑗1) and (𝑥2 = 𝑥2

𝑗1) and... and (𝑥𝑙 = 𝑥𝑙
𝑗1) OR

(𝑥1 = 𝑥1
𝑗2) and (𝑥2 = 𝑥2

𝑗2) and... and (𝑥𝑙 = 𝑥𝑙
𝑗2) OR

... 

(𝑥1 = 𝑥1
𝑗𝑒𝑗) and (𝑥2 = 𝑥2

𝑗𝑒𝑗) and... and (𝑥𝑙 = 𝑥𝑙
𝑗𝑒𝑗)

then 𝑋 = 𝑋𝐽, 𝑗 = 1, 𝑎         (15) 

𝑀𝑋 matrices are constructed analogously to the knowledge matrix 𝑀𝑅 described in (13). 

Applying the operations of union and intersection of sets (15), let us write the fuzzy knowledge 

base in the following form: 

⋃ [⋂ (𝑥𝑖 = 𝑥𝑖
𝑗𝑝)𝑚

𝑖=1 ] → 𝑋 = 𝑋𝑗 , 𝑗 = 1, 𝑎
𝑒𝑗
𝑝=1               (16) 

The fuzzy knowledge base about relations (3) has the following form: 

IF (𝑦1 = 𝑦1
𝑗1) and (𝑦2 = 𝑦2

𝑗1) and... and (𝑦𝑙 = 𝑦𝑙
𝑗1) OR

(𝑦1 = 𝑦1
𝑗2) and (𝑦2 = 𝑦2

𝑗2) and... and (𝑦𝑙 = 𝑦𝑙
𝑗2) OR

... 

(𝑦1 = 𝑦1
𝑗𝑔𝑗) and (𝑦2 = 𝑦2

𝑗𝑔𝑗) and... and (𝑦𝑖 = 𝑦𝑖
𝑗𝑔𝑗)

then 𝑌 = 𝑌𝐽, 𝑗 = 1, 𝑏         (17) 

𝑀𝑌 matrices are constructed analogously to the knowledge matrix 𝑀𝑅  described in (13). 

Applying the operations of union and intersection of sets (18), let us write the fuzzy knowledge 

base in the following form: 

⋃ [⋂ (𝑦𝑗 = 𝑦𝑗
𝑗𝑝)𝑚

𝑖=1 ] → 𝑌 = 𝑋𝑌𝑗 , 𝑗 = 1, 𝑏
𝑔𝑗
𝑝=1   (18) 

The fuzzy knowledge base about relations (4) has the following form: 

ıf (𝑧1 = 𝑧1
𝑗1) and (𝑧2 = 𝑧2

𝑗1) and... and (𝑧𝑛 = 𝑧𝑛
𝑗1) OR

(𝑧1 = 𝑧1
𝑗2) and (𝑧2 = 𝑧2

𝑗2) and... and (𝑧𝑙 = 𝑧𝑙
𝑗2) OR

... 

(𝑧1 = 𝑧1
𝑗𝑡𝑗) and (𝑧2 = 𝑧2

𝑗𝑡𝑗) and... and (𝑧𝑛 = 𝑧𝑛
𝑗𝑡𝑗)

then 𝑍 = 𝑍𝐽, 𝑗 = 1, 𝑐         (19) 

𝑀𝑍 matrices are constructed analogously to the knowledge matrix 𝑀𝑅  described in (13). 

Applying the operations of union and intersection of sets (21), let us write the fuzzy knowledge base 

in the following form: 

⋃ [⋂ (𝑧𝑖 = 𝑧𝑖
𝑗𝑝)𝑚

𝑖=1 ] → 𝑍 = 𝑍𝑗 , 𝑗 = 1, 𝑐
𝑡𝑗
𝑝=1    (20) 

Thus, a system of fuzzy logical judgments (14), (16), (18), (20) was determined, which describes 

the expert information about the relations (1–4) corresponding to the generalized tree of 

interconnected "input - output variables" . 

The principle of encoding linguistic variables and their fuzzy terms proposed above for a two-

level inference tree remains unchanged for a tree of any size. The structure of the tree, the selection 

of the terms of the linguistic variables into its branches, as well as the selection of the fuzzy 

knowledge base at each non-terminal vertex of the tree, are important for the construction of models 

of non-linear objects. 
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III. Solving the problem

  Extracting knowledge from experimental data. The identification of nonlinear dynamic 

objects based on fuzzy logic is explained by the presence of IF-THEN rules that depend on the 

linguistic values of input-output variables. Previously, it seemed to us that IF-THEN rules were 

generated by experts. What can be done if there is no such expert? In this case, there is an interest 

in the generation of IF-THEN rules, fuzzy knowledge base generated from experimental data. 

The method of changing experimental information in a fuzzy knowledge base can be an 

efficient method for processing data in medicine, banking, management and other fields. In this 

case, due to certain regularities, the quality criteria will be close to the results of linguistic 

approximation and corresponding experimental data. 

An object with 𝑛 inputs and one output (24) is given by the following properties [3,4,9]: 

𝑦 = 𝑓(𝑥1, 𝑥2, . . . , 𝑥𝑛)                                                                                                                     (21) 

1. Input and output change interval

𝑥𝑖 ∈ [𝑥𝑖 , 𝑥𝑖], 𝑖 = 1, 𝑛; 𝑦 ∈ [𝑦, 𝑦], 

2. 𝑑𝑗(𝑗 = 1,𝑚; ) is a class of solutions in objects with discrete outputs:

[𝑦, 𝑦] = [𝑦, 𝑦1]⏟  
𝑑1

∪ [𝑦1, 𝑦2]⏟    
𝑑2

∪. . .∪ [𝑦𝑗−1, 𝑦𝑗]⏟      
𝑑𝑗

∪. . .∪ [𝑦𝑚−1, 𝑦]⏟      
𝑑𝑚

A training sampling interval in the form of M pairs of experimental "input-output" data: 

{𝑋𝑝, 𝑦𝑝}– for objects with continuous output, 

{𝑋𝑝, 𝑑𝑝}– for objects with discrete output, 

where 𝑋𝑝 = {𝑥1
𝑝
, 𝑥2
𝑝
, . . . , 𝑥𝑛

𝑝
}–  𝑝 is the input vector in the -th pair, 𝑝 = 1,𝑀 

It is required to summarize the information about the object (1) in the form of fuzzy logical 

judgments: 

IF 𝑥1 = 𝑎1
𝑗1 and  𝑥2 = 𝑎2

𝑗1 and ... and 𝑥𝑛 = 𝑎𝑛
𝑗1 (𝑤𝑗1 by weight) 

or (𝑥1 = 𝑎1
𝑗2
) and  (𝑥2 = 𝑎2

𝑗2
) and ... and (𝑥𝑛 = 𝑎𝑛

𝑗2
) (𝑤𝑗2 by weight) 

... or [(𝑥1 = 𝑎1
𝑗𝑘𝑗
) and  (𝑥2 = 𝑎2

1𝑘𝑗
) and … and (𝑥𝑛 = 𝑎𝑛

1𝑘𝑗
)] (𝑤𝑗𝑘𝑗  by weight)

Then  𝑦 ∈ 𝑑𝑗 = [𝑦𝑗−1, 𝑦𝑗], 𝑗 = 1,𝑚,   (22) 

𝑎𝑖
𝑗𝑝
− 𝑝 = 1, 𝑘𝑗In the numbered row, 𝑥𝑖 are the linguistic terms that evaluate the input variables;

𝑘𝑗 − 𝑑𝑗 , 𝑗 = 1,𝑚 is the number of conjunction rows corresponding to the classes; 

𝑤𝑗𝑝–[0,1]  is a number characterizing the weight of the 𝑗𝑝 -numbered judgments within the range. 

The knowledge base (22) corresponds to the object's model (24) in the form of the following 

computational relations [3-6]: 

𝑦 =
𝑦𝜇𝑑1(𝑦)+𝑦1𝜇

𝑑2(𝑦)+...+𝑦𝑚−1𝜇
𝑑𝑚(𝑦)

𝜇𝑑1(𝑦)+𝜇𝑑2(𝑦)+...+𝜇𝑑𝑚(𝑦)
,         (23) 

𝜇𝑑𝑗(𝑦) = 𝑚𝑎𝑥
𝑝=1,𝑘𝑗

{𝑤𝑗𝑝𝑚𝑖𝑛
𝑖=1,𝑛

[𝜇 𝑗𝑝(𝑥𝑖)]},  (24) 

𝜇 𝑗𝑝(𝑥𝑖) =
1

1+(
𝑥𝑖−𝑏𝑖

𝑗𝑝

𝑐
𝑖
𝑗𝑝 )

,   𝑖 = 1, 𝑛, 𝑗 = 1,𝑚, 𝑝 = 1, 𝑘𝑗     (25) 

Here, 𝜇𝑑𝑗(𝑦) − is the membership function of output 𝑦 for class 𝑑𝑗;

𝜇 𝑗𝑝(𝑥𝑖)–  membership function of input 𝑥𝑖 for 𝑎𝑖
𝑗𝑝 term;

𝑏𝑖
𝑗𝑝 and 𝑐𝑖

𝑗𝑝– 𝑥𝑖 are parameters that debug the membership functions of the input variables.

Relations (23),(24),(25) determine the model of the object written as follows [10]: 

𝑦 = 𝐹(𝑋,𝑊, 𝐵, 𝐶) – for an object with continuous output;  

𝜇𝑑𝑗(𝑦) = 𝜇𝑑𝑗(𝑋,𝑊, 𝐵, 𝐶) – for object with discrete output; 

𝑋 = (𝑥1, 𝑥2, . . . , 𝑥𝑛) – input vector; 

K. Mammadova, I. Abasov, T. Ahmeo, O. Safaraliyev

GENETIC TUNING OF HIERARCHICAL MODELS BASED 

ON EXPERIMENTAL DATA 

433



RT&A, Special Issue No. 9 (87), 

Volume 20, November 2025 

𝑊 = (𝑤1, 𝑤2, . . . , 𝑤𝑛)  – (25) vector of weighting rules in the fuzzy knowledge base; 

𝐵 = (𝑏1, 𝑏2, . . . , 𝑏𝑞) and 𝐶 = (𝑐1, 𝑐2, . . . , 𝑐𝑞) – tuning parameters vector of membership functions 

of fuzzy terms in (26); 

𝑁 −  total number of lines of rules, 𝑞 - total number of terms; 𝐹 − is a vector of input-output 

relations corresponding to the use of relations (24)–(25). 

(3.2) we give the restrictions on the size of the knowledge base by one of the following cases: 

a) 𝑁 = 𝑘1 + 𝑘2+. . . +𝑘𝑚 ≤ 𝑁;

b) 𝑘1 ≤ 𝑘1, 𝑘2 ≤ 𝑘2. . . , 𝑘𝑚 ≤ 𝑘𝑚
where, 𝑁 is the maximum number of conjugation lines possible in (25); 𝑘𝑗 – 𝑑𝑗 , 𝑗 = 1,𝑚the maximum 

number of possible conjunction lines in the jth order of the class of decisions, the number of 𝑎𝑖
𝑗𝑝
, 𝑖 =

1, 𝑛, 𝑝 = 1, 𝑘𝑗 , 𝑗 = 1,𝑚 linguistic terms used in (25); if the composition is not known, then it is possible 

to interpret them based on the values of the (𝑏𝑖
𝑗𝑝,𝑐𝑖

𝑗𝑝) parameters of the membership function (27).

Therefore, the knowledge base synthesis (25) corresponds to obtaining the parameters matrix 

described in table 1 [5-7]. 

In mathematical programming, this problem can be formulated as follows. It is necessary to 

find a matrix (table 1) that satisfies the restrictions on the range of variation of parameters {W,B,C} 

and the number of rows: 

For a facility with continuous output [9-11] 

∑ [𝐹(𝑋𝑝,𝑊, 𝐵, 𝐶) − 𝑦𝑝]
𝑀
𝑝=1

2
= 𝑚𝑖𝑛

𝑊,𝐵,𝐶
    (26) 

∑ {∑ [𝜇𝑑𝑗(𝑋𝑝,𝑊, 𝐵, 𝐶) − 𝜇𝑝
𝑑𝑗
(𝑦)]𝑚

𝑗=1

2

}𝑀
𝑝=1 = 𝑚𝑖𝑛

𝑊,𝐵,𝐶
     (27) 

Where,  𝜇𝑝
𝑑𝑗
= {
1, 𝑑𝑗 = 𝑑𝑝
0, 𝑑𝑗 ≠ 𝑑𝑝

It is considered appropriate to use a genetic algorithm to solve this problem. 

Experimental data (x∈[0,10], y∈[-0.47,0.79]) about the object 𝑦 = 𝑓(𝑥) = 𝑒
−𝑥

4 ⋅ 𝑠𝑖𝑛(
𝜋

2
𝑥)   in 

picture 2 generates the model described. 

Figure 2: The transition process of the object 

Object output is divided into seven classes: 
𝑦 ∈ [-0.47,-0.3]⏟      

𝑑1

∪ [-0.30,  -0.05]⏟        
𝑑2

∪ [-0.05, 0.15]⏟        
𝑑3

∪ [0.15,0.30] ⏟      
𝑑4

∪ 

∪ [0.3  0.45]⏟      
𝑑5

∪ [0.45, 0.65]⏟      
𝑑6

∪ [0.65,0.78]⏟      
𝑑7

 

The studied problem consists of synthesizing the object described in (1) according to 5 rules. 

Let us assume that the weights of the rules are equal to 0 or 1.  
After linguistic interpretation, this rule will be described as follows: 

IF x is close to 2.8 then 𝑦 ∈ 𝑑1 

IF x is close to 6.9 then 𝑦 ∈ 𝑑2 

IF x is close to 0 or x is close to 8.8 or x is close to 10 then 𝑦 ∈ 𝑑3 
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IF x is close to 5 then 𝑦 ∈ 𝑑4 

IF x is close to 0.9 then 𝑦 ∈ 𝑑7 

Figure 3. Comparison of linguistic model and benchmark 

IV. Conclusıon

The approximation algorithm for objects with discrete output is designed in the following 

order: specify the vector of values of input data, enter the membership function of fuzzy terms used 

in the fuzzy knowledge base and determine the values of this function for the given values of input 

data; calculate the multivariate membership function for all solution values of the output variable 

using logic equations. 

The proposed algorithm uses the idea of identifying linguistic terms by the maximum of the 

membership function. This idea is generalized across the entire knowledge matrix. 

Research of the fuzzy system based on experimental data has shown that it is more effective 

than traditional methods. 
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