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Abstract 
Hybrid genetic fuzzy systems are considered as an artificial intelligence subfield. The rule base 

work and the database that form the fuzzy system knowledge base are described. The results 

of testing the algorithm for optimizing the fuzzy genetic system rule base are presented. 

It is shown that the hybridization of fuzzy control systems and genetic algorithms is promising, 

providing the adjustment of the parameters of genetic parameters, which are used to adjust the 

parameters of fuzzy systems based on artificial intelligence. Hybrid genetically fuzzy systems 

are considered as objects of the system of intelligent control of complex technological 

processes and industries. The functioning of the rule base and the database, which are part of 

the knowledge base of fuzzy control systems, is described. The results of test control and 

management of the optimization process of the base of support for the adoption of rules by a 

genetic fuzzy control system are presented. 
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1. Introduction 

Hybrid systems are designed and implemented in such a way that certain computational paradigm 
advantages of artificial intelligence are used to compensate for their other shortcomings. Fuzzy systems 

and genetic algorithms hybridization is implemented in two directions (Figure 1): 

- the fuzzy system adjusts its genetic algorithm and selects parameters of the genetic operators 

types; 
- genetic algorithms are used to adjust the fuzzy system parameters [1,2]. 

The main ideas of the fuzzy sets theory were proposed by Lotfi Zadeh in 1965. From his rigorous 

theoretical developments, various directions in the fuzzy sets and fuzzy logic develop: continuation 
principle, fuzzy graphs, fuzzy relations, fuzzy differentiation and integration, theory of possibilities, 

fuzzy logic, approximate reasoning, fuzzy databases, intelligent knowledge analysis, fuzzy linear 

programming, fuzzy dynamic programming, etc. [3-7]. 
In the classical mathematical theory of sets, the concept of “set” is a collection of objects or elements 

(numbers, names, colors, etc.) of a given object, which belongs (or does not belong) to setА ⊆ 𝑈, where 

U – is a universe. In the first case, the statement “х belongs to the set А𝑛” - true, and in the second - 

false. The classical set can be specified: through the listed elements analytically or through the 

characteristic function 𝑥𝐴(𝑥) as follows:  

𝑥𝐴(𝑥) = {
1|

0|
𝑥∈𝐴
𝑥∉𝐴

.      (1) 
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Figure 1: Genetic fuzzy systems as an artificial intelligence subfield. 
 

When disclosing the concept of "fuzzy set" in the classical set, the idea is used that objects can 

belong to this set with varying degrees of belonging, which is measured by real numbers in the interval 

[0,1]. So, for example, if U – is an universe, and А ⊆ 𝑈, - its fixed subset, then the set of the ordered 

two  

𝜑𝐴 = {< 𝑥; 𝜇𝐴(𝑥) > 1  𝑥 ∈ 𝑈}    (2) 

is called fuzzy set U, if function𝜇А(х)for any х ∈ 𝑈 exactly matches one real number belonging to 

the interval [0; 1] (Figure 2). Expression 𝜇А(х)is called the degree of membership [3]. 

 

 

  

  

 

 

 

Figure 2: Discrete (a) and continuous (b) membership functions 𝜇А(х). 
Fuzzy logic [1-4] uses linguistic variables, fuzzy logic of judgments, linguistic modifiers and 

inference rules. Linguistic variables are specified as a tuple - five <x,T(x), U, G,M>, where x– is a variable 
name; Т(х) – is a term set; U – is an universe, G – is a synthetics rule and М – is a semantic rule. 

Linguistic modifiers are: 

not T, where 𝜇𝑛𝑜𝑡
𝑇 (𝑥) = 1 − 𝜇𝑇(𝑥); 

T1 andT2, where𝜇𝑇1
𝑎𝑛𝑑𝑇2(𝑥) = 𝑚𝑖𝑛{𝜇𝑇1

(𝑥)𝜇𝑇2
(𝑥)}; 

T1 or T2, where 𝜇𝑇1
𝑎𝑛𝑑 𝑇2(𝑎) = 𝑚𝑖𝑛{𝜇𝑇1

(𝑥)𝜇𝑇2
(𝑥)};   (3) 

very T, where𝜇𝑣𝑒𝑟𝑦𝑇(𝑥)[𝜇𝑇(𝑥)]2; 

nearly T, where𝜇𝑛𝑒𝑎𝑟𝑙𝑦𝑇(𝑥)[𝜇𝑇(𝑥)]2. 

Fuzzy inference system (FIS) – computing system using the fuzzy sets theory of rules of the form 

IF-THEN and fuzzy logic [4-7]. 
The basic structure of a fuzzy inference system contains three conceptual components: 
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- a rule base that includes all fuzzy decision rules; 
- database (dictionary) containing all membership functions; 

- an inference machine that performs decision-making procedures based on rules and fact data 

generated by a knowledge base (Figure 3) [8-10] 

2. Knowledge base 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Rule-based fuzzy system. 
Genetic algorithm [11,12] is an adaptive algorithm defined by the following operators and 

parameters: 

  ,,,,,,< SFPPGA
     (4) 

where PP – is a population object,𝜙 with chromosome elements𝑐𝑗 = (𝑐1
𝑗, 𝑐2

𝑗 , … , 𝑐𝑖
𝑗 ) ∈ 𝑃𝑃, 𝑗 =

1,2, …,


 which are l - dimensional binary vectors; F- are functions of l variables and with the range of 

functional properties Rt, called fitness functions (objective function): 

𝐹: 𝑐𝑗 ⟶ 𝑅+,        𝑗 = 1, 2, … , 𝜙;    (5) 
where S –is a selection operator, after the application of which Uparents Рk are selected from the 

PP population: 

𝛿: 𝑃𝑃 ⟶ {𝑃1, 𝑃2, … , 𝑃𝑢};    (6) 

Ω - set of genetic operators 

Ω = {Ω𝑐𝑟𝑜𝑠𝑠 ; Ω𝑚𝑢𝑡; … }.     (7) 

Ψ – operator cash out υ the number of current population chromosomes, where the next (i+1) 

population, it turns out, according to the formula  

𝑃𝑃(𝑖 + 1) = 𝑃𝑃(𝑖) − 𝜓(𝑃𝑃(𝑖)) + {𝑞1, 𝑞2, … , 𝑞𝜐};   (8) 

ξ – is an algorithm termination criterion. 
 Operators δ and Ω are always probabilistic, and Ψ can be both probabilistic and deterministic.  

 Any genetic algorithm consists of sequentially constructed populations [7] 

𝑃𝑃(0), 𝑃𝑃(1), . . . , 𝑃𝑃(𝑖), 𝑃𝑃(𝑖 + 1), . ..    (9) 
Since the initial population PP(0) is chosen randomly, the transition from the population PP (i) 

to the population PP(i+1) is carried out through the genetic operators δ, Ω and Ψ. This transition is 

called generation and is analogous to iteration in numerical methods. 
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The genetic algorithm can also be described as a procedure for solving an optimization problem 
of the form [13-15] 

𝑚𝑎𝑥{𝐹(𝑐)|𝑐 ∈ {0,1}𝑖}     (10) 

or 

𝑚𝑖𝑛{𝐹(𝑐)|𝑐 ∈ {0,1}𝑖}     (11) 

where F – ia an objective function and c – is an individual who is a possible solution (10) or (2) 

Genetic fuzzy system GFSn to customize the knowledge base 
The goal that is achieved when programming and implementing a hybrid fuzzy genetic system 

(Genetic Fuzzy Software System for Asset Management) GFSn is to use a genetic algorithm to adjust 

the knowledge base parameters of an already created fuzzy system (Figure 4). 
In the system under consideration, the knowledge base consists of both the membership base 

functions of term sets of input and output fuzzy variables, and the rules base. Applications for which 

the hybrid system is designed to adjust the membership functions parameters by searching for optimal 

values without changing their form and rule base are described in the work [16]. 

 

 

 

 

 

 

 

Figure 4: Genetic fuzzy knowledge base tuning system. 

 

3. Optimizing the rule base 

In this work, the genetic algorithm can be used both to optimize the rule base and the membership 

parameters function of input and output variables. 

Any rule in a fuzzy system has the form  
IF 

{𝐾𝑚1
 𝑖𝑠 𝑥𝑚1

𝑗𝑚1
} 𝐴𝑁𝐷 {𝐾𝑚2

 𝑖𝑠 𝑥𝑚2
𝑗𝑚2

} 𝐴𝑁𝐷 … 𝐴𝑁𝐷 {𝐾𝑚𝑢
 𝑖𝑠 𝑥𝑚𝑢

𝑗𝑚𝑢
} 

THEN          

 (12){𝑄𝑚1
𝑖𝑠𝑌𝑚1

𝑗𝑚1
}𝐴𝑁𝐷{𝑄𝑚2

𝑖𝑠𝑌𝑚2
𝑗𝑚2

}𝐴𝑁𝐷 … 𝐴𝑁𝐷{𝑄𝑚𝑢
𝑖𝑠𝑌𝑚𝑢

𝑗𝑚𝑢
}, 

m1=1,2,…,M, 

where м– number of rules. 

After the choice and execution of the mth rule, the considered system uses the min operator to 

calculate the value Ɵm according to the formula 

)}(,,)(),(min{ **

2

*

2211 kmkjjmjmm xxx
memm

 
  (13) 

Every rule has weight ωm for m= 1,2,…,M and after multiplying the obtained value by Ɵm with 

the corresponding weight, a weighted value is obtained: 

𝜃𝑚
° = 𝜃𝑚 ∙ 𝜔𝑚      (14) 

After fulfilling all the rules of the rule base for each term set 𝑌𝑠𝑝 of output variables, the 

corresponding membership degrees are obtained 

𝜇𝑠𝑝
𝑚 = 𝜃𝑚

°        (15) 

Aggregation is obtained after recalculation  

𝑃𝑠𝑝 = 𝑚𝑎𝑥{𝜇𝑠𝑝
1 , 𝜇𝑠𝑝

2 , … , 𝜇𝑠𝑝
𝑚 }     (16) 

for any Ysp,s=1,2,3,…,s и p=1,2,3,…,Ps. 
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The last defuzzification procedure Ysp is to obtain the input variable Q. 
In the system under consideration, 24 rules are implemented with the corresponding 24 rules ωm 

for m=1,2,…,24. For example, rule n with ωm=0,8 weight is as follows: 

Rule n: If the return is very high and the Risk is neutral and q is large, then Q is good. 

 The weight choice was made both using an expert opinion and in the pre-set initial values 
system shown in Table 1. 

 The genetic algorithm searches for c individuals values, at which the objective function 

minimum is achieved: 

𝐹 = (𝑄1 − 𝑄2)2 + (𝑄1 − 𝑄3)2 + (𝑄2 − 𝑄3)2  (17) 

where Q1, Q2, Q3 – the value of the output variables Q, calculated at regular intervals.  

Individuals from a population of 24-dimensional vectors   

𝑐 = (𝜔1 , 𝜔2, 𝜔3 , … 𝜔23 , 𝜔24).   (18) 

4. The discussion of the results.  

The tests series was carried out in which variable values of parameters ngen (number of 

generations), nPop – is a population size, Рс– is a probability of crossing). Рm is a (probability of 

mutation) genetic algorithm [9,10]. Table 1 shows the results of four tests. 
 

Table 1. 
Testing results of a genetic fuzzy system for optimizing weight rules 

Gen Pop c m ω1 ω2 ω3 ω4 ω5 ω6 ω7 

Initial value 1 1 1 1 0,8 0,8 0,8 

0 0 0,75 0,2 0,976654 0,820508 0,766591 0,868349 0,717322 0,656674 0,130368 

0 0 0,5 0,05 0,745752 0,907513 0,672978 0,872377 0,359415 0,772108 0,174125 

00  0,2 0,2 0,817967 0,713620 0,802406 0,746703 0,554740 0,537281 0,324936 

00  0,05 0,5 0,961473 0,827503 0,854606 0,886166 0,737303 0,460031 0,244658 

 

The obtained results show that with the given architecture of the fuzzy system, there is no optimal 

weight with the value 1. In other words, no rule is absolutely essential. A significant part of the weights 
ωm for m=1,2,...,24 have values after optimization close to the initial ones. However, there are also 

rules for which the resulting weights have a different order [1, 16]. 

 

ω8 ω9 ω10 ω11 ω12 ω13 ω14 ω15 ω16 

0,8 0,8 0,8 0,7 0,7 0,7 0,7 1,0 1,0 

0,315154 0,114078 0,872515 0,963561 0,820828 0,769732 0,86348 0,773251 0,750632 

0,766436 0,064852 0,843793 0,842725 0,901302 0,377857 0,87272 0,9754118 0,410403 

0,538790 0,284316 0,708947 0,896706 0,716036 0,8006659 0,76704 0,854374 0,278267 

0,817248 0,564073 0,990088 0,673013 0,947549 0,846327 0,86167 0,833842 0,360323 

ω17 ω18 ω19 ω20 ω21 ω22 ω23 ω24 nF mi 

1 1 0,8 0,8 0,8 0,8 0,8 0,8  

0,826624 0,605526 0,114072 0,272518 0,650360 0,711492 0,862963 0,889126 0,0063489 

0,553412 0,981641 0,064855 0,143789 0,774119 0,864329 0,692651 0,905124 0,00063489 

0,692999 0,829301 0,284819 0,208943 0,924936 0,838792 0,906175 0,794910 0,00003211 

0,828457 0,939215 0,561076 0,190088 0,844658 0,717243 0,905238 0,767541 0,00000069 



5. Conclusion 

GFSi is a rule-based genetic fuzzy system implemented by GPS in the Matlab environment. The main 

goal when creating a system is to find the optimal value of the fuzzy systems parameters. The genetic 

algorithm and the fuzzy system hybridization is successful, because regardless of the optimal weight of 
several rules of different order with initial values, the objective function values are quite close. 

6. References 

[1] Yusupbekov N.R., Aliev R.A., Aliev R.R, Yusupbekov A.N., Intelligent management and decision-

making systems, State Scientific Publishing House “Uzbekiston milliy encyclopedia”, Tashkent, 2014. 
[2] Kurtchik V.M. Genetic algorithms: state of the problem and prospects, Journal of the Russian 

Academy of Sciences, “Theory and Control Systems”, No.1, 1999. - PP. 17-24. 

[3] Zadeh L.A. Fuzzy sets: Information and control, 1965, № 8-р.р. 338-353. 
[4] Yusupbekov N.R., Abdurasulov F.R., Adilov F.T., Ivanyan A.I. Application of cloud technologies 

for optimization of complex processes of industrial enterprises // Advances in Intelligent Systems 

and Computing 896, с. 852-858 DOI: 10.1007/978-3-030-04164-9_112. 

[5] Yusupbekov N.R., Gulyamov Sh.M., Kasymov S., Usmanova N., Mirzaev D. Software 
implementation of exchange processes in a distributed network environment of transmission and 

processing of information // Journal of Automation, Mobile Robotics and Intelligent Systems 

12(4), с. 64-69 DOI: 10.14313/JAMRIS_4-2018/27. 
[6] Yusupbekov N.R., Marakhimov A.R., Igamberdiev H.Z., Umarov Sh.X. An Adaptive Fuzzy-Logic 

Traffic Control System in Conditions of Saturated Transport Stream // Scientific World Journal 

2016,6719459. DOI: 10.1155/2016/6719459.  
[7] Uskov A.A., Kuzmin A.V. Intelligent control technologies artificial neural networks and fuzzy 

logic. Moscow. “Goragia”, 2014. 

[8] Igamberdiev H.Z., Mamirov U.F. (2021) Regular Algorithms for the Parametric Estimation of the 

Uncertain Object Control. In: Aliev R.A., Yusupbekov N.R., Kacprzyk J., Pedrycz W., Sadikoglu 
F.M. (eds) 11th World Conference “Intelligent System for Industrial Automation” (WCIS-2020). 

WCIS 2020. Advances in Intelligent Systems and Computing, vol 1323. –PP. 322-328. Springer, 

Cham. https://doi.org/10.1007/978-3-030-68004-6_42. 
[9] Pupkov K.A. Intelligent systems / K.A. Pupkov. V.G. Konkov - M .: Publishing house of MSTU 

im. N.E. Bauman, 2003 - 348 p. 

[10] Gavrilova T.A. Knowledge base of intelligent systems / T.A. Gavrilova, V.F. Khoroshevsky - St. 

Petersburg. Peter, 2001 - 384 p. 
[11] Bashmakov A.I. Intelligent information technologies: Textbook / A.I. Bashmakov, I.A. 

Bashmakov - M .: Publishing house of MSTU im. N.E. Bauman, 2005 .-- 304 p. 

[12] Andreychikov A.V. Intelligent information systems / A.V. Andreychikov, O.N. Andreychikova - 
M.: Finance and Statistics, 2004. - 424 p. 

[13] Yusupbekov N.R., Igamberdiev H.Z., Mamirov U.F.: Adaptive Control System with a Multilayer 

Neural Network under Parametric Uncertainty Condition. In: Russian Advances in Fuzzy Systems 
and Soft Computing: selected contributions to the 8-th International Conference on Fuzzy Systems, 

Soft Computing and Intelligent Technologies (FSSCIT-2020). CEUR Workshop Proceedings, Vol. 

2782, 228-234 (2020). 

[14] Yusupbekov N.R., Igamberdiev H.Z., Mamirov U.F. “Algorithms of Sustainable Estimation of 
Unknown Input Signals in Control Systems”, Journal of Automation, Mobile Robotics & 

Intelligent Systems, vol. 12(4), pp. 83-86, 2018, DOI: 10.14313/JAMRIS_4-2018/29. 

[15] Yusupbekov N.R., Marahimov A.R., Gulyamov Sh.M., Igamberdiev H.Z. APC fuzzy model of 
estimation of cost of switches at designing and modernizations of data-computing networks. In 4th 

International Conference on Application of Information and Communication Technologies, 

AICT2010, 5612015, DOI: 10.1109/ICAICT.2010.5612015.  

[16] Aliev R.A., Aliev R.R. Soft Computing and its Application, World Scientific, New Jersey, 

London, Singapore, Hong Kong, 2001. 

https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=36678425900&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=57205361445&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=57192176169&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=57192177734&zone=
https://www.scopus.com/record/display.uri?eid=2-s2.0-85059751392&origin=resultslist&sort=plf-f&src=s&sid=6a0febb9fb99913cf0c20f1ec5ccf44f&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=5&citeCnt=0&searchTerm=
https://www.scopus.com/record/display.uri?eid=2-s2.0-85059751392&origin=resultslist&sort=plf-f&src=s&sid=6a0febb9fb99913cf0c20f1ec5ccf44f&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=5&citeCnt=0&searchTerm=
https://www.scopus.com/sourceid/5100152904?origin=resultslist
https://www.scopus.com/sourceid/5100152904?origin=resultslist
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=36678425900&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=36677207700&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=57209804615&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=23991643100&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=7005594521&zone=
https://www.scopus.com/record/display.uri?eid=2-s2.0-85068740780&origin=resultslist&sort=plf-f&src=s&sid=6a0febb9fb99913cf0c20f1ec5ccf44f&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=7&citeCnt=1&searchTerm=
https://www.scopus.com/record/display.uri?eid=2-s2.0-85068740780&origin=resultslist&sort=plf-f&src=s&sid=6a0febb9fb99913cf0c20f1ec5ccf44f&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=7&citeCnt=1&searchTerm=
https://www.scopus.com/record/display.uri?eid=2-s2.0-85068740780&origin=resultslist&sort=plf-f&src=s&sid=6a0febb9fb99913cf0c20f1ec5ccf44f&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=7&citeCnt=1&searchTerm=
https://www.scopus.com/sourceid/21100454976?origin=resultslist
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=36678425900&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=56440297700&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=36677474200&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=57190738329&zone=
https://www.scopus.com/record/display.uri?eid=2-s2.0-84982860102&origin=resultslist&sort=plf-f&src=s&sid=0eeb4ac6320c1dbed92478d828a72741&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=12&citeCnt=8&searchTerm=
https://www.scopus.com/record/display.uri?eid=2-s2.0-84982860102&origin=resultslist&sort=plf-f&src=s&sid=0eeb4ac6320c1dbed92478d828a72741&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=12&citeCnt=8&searchTerm=
https://www.scopus.com/sourceid/24219?origin=resultslist
https://doi.org/10.1007/978-3-030-68004-6_42
https://www.scopus.com/sourceid/21100218356?origin=resultslist
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=36678425900&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=56440297700&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=36677207700&zone=
https://www.scopus.com/authid/detail.uri?origin=AuthorProfile&authorId=36677474200&zone=
https://www.scopus.com/record/display.uri?eid=2-s2.0-78649537886&origin=resultslist&sort=plf-f&src=s&sid=0eeb4ac6320c1dbed92478d828a72741&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=14&citeCnt=1&searchTerm=
https://www.scopus.com/record/display.uri?eid=2-s2.0-78649537886&origin=resultslist&sort=plf-f&src=s&sid=0eeb4ac6320c1dbed92478d828a72741&sot=autdocs&sdt=autdocs&sl=18&s=AU-ID%2836678425900%29&relpos=14&citeCnt=1&searchTerm=

	1. Introduction
	2. Knowledge base
	3. Optimizing the rule base
	4. The discussion of the results.
	5. Conclusion
	6. References

