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Abstract—The fuzzy system has been widely used in several 

application fields and successfully performed by applying 

evolutionary. Genetic algorithm (GA) is one of the evolutionary 

methods for solving optimization problems. The success of GA 

depends on the design of its search operation which crossover 

and mutation are important operators to find a promising 

solution for difficult optimization problems. This article 

proposes a hybrid genetic algorithm with multi-parent crossover 

operators (HGA-MC) in fuzzy rule-based. An HGA-MC is used 

to optimize the fuzzy rule-based of linguistic values, which are 

associated with the global search. In experiments, the proposed 

algorithm and other existing algorithms were evaluated using 

optimization problems in UCI five datasets with different 

dimensionality. The experimental results showed that the 

proposed (fuzzy HGA-MC) achieved higher target precision 

than other existing methods by about 94.31%. Based on 

experimental results, HGA-MC could search for combinations 

of the crossover and mutation operators to discover accurate 

and concise optimization rules than other existing algorithms. 

 
Index Terms—Hybrid genetic algorithm, multi-parent 

crossovers, fuzzy rule-based.  

 

I. INTRODUCTION 

The fuzzy system has been widely used in several 

application fields and successfully performed by applying 

evolutionary methods. Genetic algorithm (GA) is one of the 

evolutionary methods for solving optimization problems. The 

success of GA depends on the design of its search operation, 

which crossover and mutation are an important operator, as 

well as their proper integration. The traditional approach with 

random initial population may contain an infeasible solution, 

which causes GA take longer to converge.  

A fuzzy system is an expert system which can process the 

fuzzy information using a collection of fuzzy membership 

functions and rules [1]. The rule base consists of a set of fuzzy 

if-then rules in the form of “IF a set of conditions is satisfied, 

THEN a set of consequences can be inferred.” The rules in a 

fuzzy system are usually of a form similar to the following:  

 

Rule: If A is small and B is large, then C is medium 

 

where, A and B are input variables (data values), and C is 

output variable (class), “small” is a membership function 

defined on A, “large” is a membership function defined on B 

and “medium” is a membership function defined on C.  

In contrast, fuzzy sets and fuzzy logic have proven to be 

able to transfer human knowledge into manageable computer 
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models using linguistic terms. Fuzzy inference systems use 

some if-then rules to perform nonlinear mappings from input 

space to output space. Fuzzy rules are obtained from 

knowledge extracted from experts or extracted from 

real-world datasets. 

The fuzzy system provides a mathematical framework to 

deal with the uncertainty and vagueness inherently contained 

in the information used as input data [1]. Inferred knowledge 

is represented using a set of highly interpretable rule-based 

and is expressed regarding linguistic variables [2], [3]. 

Computational artificial intelligence technique used for 

solving complex optimization problems. Although the 

evolutionary algorithms family contains some different 

algorithms, GA is the most popular and widely used in 

practice [4]-[6]. GA can mark near-optimal solutions and 

adopt well for complex search spaces with high robust search 

capabilities [7].  

GA uses crossover and mutation as the main search 

operators. A number of multi-parent crossovers, such as a 

unimodal distribution crossover (UNDX) [8], simplex 

crossover (SPX) [9], parent-centric crossover (PCX) [10], 

and triangular crossover (TC) [11], have also been employed 

for solving optimization problems. In [12], UNDX could not 

generate offspring in some cases such as when the population 

size was too small. SPX could not perform the function that 

consisted of tightly linked subfunctions. PCX took an 

excessive amount of time in comparison to other crossover 

operators. TC worked well where the optimal solution lies on 

the boundary of the feasible region.  

Because of the problems as described, there is still the need 

to develop algorithms to analyze more accurate optimization 

rules. Therefore, this article proposes a hybrid genetic 

algorithm with multi-parent crossover operators (HGA-MC) 

in fuzzy rule-based. An HGA-MC is used to optimize the 

fuzzy rule-based of linguistic values, which associated with 

the global search. There are two key steps in building this 

model. First, fuzzy rules are generated for optimization. 

Second, fuzzy rules are obtained to optimize the solution by 

the HGA approach with multi-parent crossovers.  

The rest of the article is organized as follows. Section II 

presents the related works. Section III describes the proposed 

model and the design of our algorithm, its similarities and 

differences to other evolutionary. Experimental results are 

present in Section IV. Finally, the conclusions are given in 

Section V. 

 

II. RELATED WORK 

A. Hybrid Genetic Algorithms 

One important challenge of an HGA (also called memetic 
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algorithm) is the tradeoff between global and local searching 

as it is the case that the cost of global search can be rather high. 

The local search method is used to locate global turning 

toward the optimal solutions. 
 

 
Fig. 1. Structure of Pipelined Hybrids (a) Pre-processor Hybrids (b) 

Post-processor Hybrids (c) Staged Hybrids. 

In Fig. 1, Sinha and Goldberg [4], presented structural 

differences of three types of Pipelined Hybrids: (a) 

Pre-processor Hybrid: the steps of GA techniques to create 

new populations, then forward the data to the secondary 

method to find the most appropriate population. (b) 

Post-processor Hybrids: the secondary method was used to 

find valuable information appropriately, then send the data to 

GA techniques to generate new population data. Finally, (c) 

Staged Hybrids: a loop to get the correct answer from the GA, 

then forward to the secondary method to search, which then 

loops back to the GA technique until the most appropriate 

population is found. 

This article chooses to employ Staged Hybrids structure to 

obtain the most appropriate population as Sinha and Goldberg 

[4] had verified. In the next section, the proposed model will 

be presented. 
 

TABLE II: EXAMPLES OF IRIS RULES 

No. of 

rule 
SL SW PL PW Class 

 1 small large small small Setosa 

2 small medium small small Setosa 

3 medium large small small Setosa 

4 small large small small Setosa 

5 small large small small Setosa 

6 large medium medium medium Versicolour 

7 large medium medium medium Versicolour 

8 medium medium medium medium Versicolour 

9 medium medium medium medium Versicolour 

10 large medium medium medium Versicolour 

11 medium large large large Virginica 

12 large medium large large Virginica 

13 medium medium medium large Virginica 

14 large medium large large Virginica 

15 large medium large medium Virginica 

 

III. PROPOSAL MODEL 

Our proposed fuzzy HGA-MC algorithm is to optimize the 

fuzzy rule-baed of linguistic values associated with global 

search.  

A. Multi-parent Crossover Operators 

In this research, we deal with real-valued encoding. We 

propose a multi-parent crossover with the following step: 

1) Based on a selection rule, store the individuals that will 

be used for crossover into a selection pool. 

2) Any duplication in the selected three individuals is 

removed by replacing the unwanted individual with a 

random individual from the selection pool. 

3) Rank these three individuals from the best 1x


 to the 

worst 3x


, based on their fitness function. 

4) Generate a random number β . 

5) Generate three offspring ( io ).  

 
1 1 2 3( )o x x x                                 (1) 

 
2 2 3 2 1( ( ))o x x x x                           (2) 

 
3 3 1 2( )o x x x                                (3) 

where 
1 2 3( ) ( ) ( )f x f x f x    

The idea behind multi-parent crossover comes from the 

heuristic crossover [13], in which one offspring ( o ) is 

generated from a given pair of parents (
1 2,x x ), such that 

1 1 2( )o x x x   , where β  is a random number between 0 

and 1, and 
1 2( ) ( )f x f x . However, we use three parents 

instead of two, similarly to the multi-parent crossovers TC, 

PCX, SPX and UNDX, as discussed earlier. In our case, the 

difference vectors in the above equations are not in the same 

order. The order in Eq. 2 is set differently in Eqs. 1 and 3. In 

fact, Eqs. 1 and 3 are designed to move toward better fitness 

while Eq. 2 is to diversity the population.  

In our case, three offspring are generated from three 

parents as opposed to one offspring from a pair of parents in 

heuristic crossover. The differences are: 

 For each three distinct parents, three offspring are 

generated.  

 A diversity operator with a probability is used between 

each generated offspring and different individuals within 

the archive pool.  

 The selection of parents for crossover operation is based 

on a tournament, and they must be different from each 

other.  

 The best population size individuals from the mix of the 

archive pool individuals and all generated offspring are 

selected for the next generation. 

B. Optimization of Fuzzy Rule-Based on HGA-MC 

 
Fig. 2. Overall structure of fuzzy HGA-MC. 

Fig. 2 shows the overall structure of fuzzy HGA-MC, and 

below is a detailed description of framework: 

1) A starting select criteria from database. For example, in 

Table I shows the criteria of Iris data {“Sepal length 

(SL)”, “Sepal width (SW)”, “Petal length (PL)”, “Petal 
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width (PW)”, “Class”}. 

2) Next, generate fuzzy rule by using fuzzy logic method. 

Generate the population of fuzzy rules (chromosomes) by 

using fuzzy logic method. Fig. 3 shows membership 

function of Iris data. Examples of Iris membership values 

are {small, medium, large} in Triangular membership 

function. 

For example, data in Table I, and membership function in 

Fig. 3, can generate fuzzy rule-based as shown in Table II. 

1) Next, optimization fuzzy rule-based by fuzzy HGA-MC. 

a) Performance of the GA is used to find the appropriate 

information. Process “selection”, “multi-parent 

crossover” and “mutation” operators determine new 

population “offspring”. 

b) Search the fitness value of each chromosome in the 

population with the local search method which is used as 

the Staged in the structure of Pipelined Hybrids in Fig. 1. 

c) If the value is appropriate or close to zero as the local 

searcher falls in the local optima. 
 

TABLE I: THE EXAMPLE OF IRIS DATA 

No. SL SW PL PW Class 

1 4.9 3.5 1.4 0.2 Setosa 

2 4.9 3 1.4 0.2 Setosa 

3 5.4 3.9 1.7 0.4 Setosa 

4 4.6 3.4 1.4 0.3 Setosa 

5 5 3.4 1.5 0.2 Setosa 

6 7 3.2 4.7 1.4 Versicolour 

7 6.4 3.2 4.5 1.5 Versicolour 

8 6.1 2.9 4.7 1.4 Versicolour 

9 5.6 2.9 3.6 1.3 Versicolour 

10 6.7 3.1 4.4 1.4 Versicolour 

11 6.3 3.3 6 2.5 Virginica 

12 7.7 2.8 6.7 2 Virginica 

13 6.3 2.7 4.9 1.8 Virginica 

14 6.7 3.3 5.7 2.1 Virginica 

15 7.2 3.2 6 1.8 Virginica 

 

2) Finally, a model is satisfied and stopped with the best 

population member as the final solution of the fuzzy with 

HGA-MC process. 

To improve the calculation of the complex problems more 

efficiently and accurately, the local search method embedded 

in the HGA method, helps to find the correlation coefficients 

of the independent variables to the target object function. 

A multi-parent crossover in genetic algorithm to illustrate 

the improvement of the proposed method with the new 

learning procedure. Section IV reports the experimental 

results of using different three methods for the same set of five 

different data sets. 
 

 
Fig. 3. Sample Triangular membership function of Iris (a) “Sepal length” (b) 

“Sepal width” (c) “Petal length” (d) “Petal width” (e) “Class”. 

 

IV. EXPERIMENTAL RESULTS 

In this section, we show several examples to illustrate the 

ideas presented in the previous sections. A program using 

MATLAB programming language was developed to find the 

optimal values of the results generated by using Fuzzy-GA 

algorithm, Fuzzy-HGA algorithm and Proposed (Fuzzy-HGA 

MC) algorithm. 

A. Datasets 

This section presents datasets on several well-known 

real-world benchmarks. The detailed description of these 

datasets in the University of California Irvine Machine 

Learning Repository (UCI) [14], including Breast cancer, 

Diabetes, Glass, Iris, and Liver cancer datasets. These 

datasets have been used to verify several machine learning 

algorithms [10]. 

 
TABLE III: THE DATASETS OF CHARACTERISTICS AND PARTITIONS 

Name Examples Features Classes 
Partition sets 

Training Validation Testing 

Breast cancer 699 9 2 489 210 210 

Diabetes 768 8 2 538 230 230 

Glass 214 9 6 149 65 65 

Iris 150 4 3 105 45 45 

Liver cancer 583 10 2 409 174 174 

 

These characteristics of datasets in Table III shows the 

diversity in the number of examples, features, and classes. 

The training set (70%) is used to train the algorithm for 

efficient learning capability, while the testing set (30%) is 

applied to evaluate the generalization ability of the final rule 

set obtained by the proposed algorithm. 

B. Results 

The predictive accuracies (Eq. 4) on the test set of the 10 

runs are averaged. (Eq. 5) shows how to calculate the 

accuracy of measurements. 

   accuracy % 100 error %                      (4) 

Actual - Measured
error(%) *100

Actual
                    (5) 

where Actual is the actual value or expected value, Measured 

is the measured value and error or Relative Error is the 

difference between Actual and Measured. 

The average accuracy results are given in Table IV, which 

shows the comparison between fuzzy GA algorithm and fuzzy 

HGA algorithm. Fuzzy GA algorithm, fuzzy HGA algorithm, 
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and the proposed fuzzy HGA-MC algorithm are different in 

local search of HGA. In particular, the proposed fuzzy 

HGA-MC algorithm included multi-parent crossover 

operators. From the results, this shows that the incorporation 

of a local search algorithm with multi-parent crossover 

achieved higher target precision than other algorithms. 
 

TABLE IV: COMPARISON BETWEEN FUZZY HGA-MC AND OTHER 

ALGORITHMS ACCURACY RESULTS 

Name 
Average accuracy results (%) 

Fuzzy GA Fuzzy HGA Proposed (fuzzy HGA-MC) 

Breast cancer 86.23 87.52 94.31 

Diabetes 73.96 77.31 80.27 

Glass 48.16 74.16 82.62 

Iris 84.00 87.34 94.55 

Liver cancer 84.49 89.09 92.53 

 

Based on the experiments using the five UCI datasets with 

different dimensionality, the proposed (fuzzy HGA-MC) 

achieved better target precision (94.31%) than other methods 

(fuzzy GA=86.23% and fuzzy HGA=87.52%). The 

performances of fuzzy HGA-MC have been compared with 

the results of other existing well-known optimization 

algorithms. The computation results, fuzzy HGA-MC can 

discover more accurate and concise optimization rules than 

others. 

 

V. CONCLUSION 

This article proposes a hybrid genetic algorithm with 

multi-parent crossovers (HGA-MC) to enhance the 

performance of exploration and exploitation. We also tested 

different modal functions and analyzed the performance of 

the convergence of various algorithms. The experimental 

results of applying GA and HGA algorithm show that the 

proposed algorithm can improve the ability of global and 

local searching and overcome premature convergence. 

In future, more datasets should be used to evaluate the 

effectiveness of the proposed algorithm. Also, the diversity in 

multi-mutation algorithm should be studied to improve local 

search performance. 
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