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1.                                     INTRODUCTION 

Based on the principle of natural evolution of 

species approaches researcher have developed various 

heuristic and optimization techniques, which are the 

Evolutionary Algorithms (EAs). There are various 

classes of evolutionary algorithms, Genetic algorithms 

are most popular and have been successfully applied to 

different optimization problems in many fields 

(Goldberg 1989). According to the Darwin’s theory 

“Survival of the fittest”, the best candidate solutions 

will be more likely survive and form a new population. 

There are three basic genetic operations of the GAs 

(Park 2009), called crossover,  mutation and selection. 

The crossover operator is to swap the genetic 

information to certain probability between a pair of 

parents to generate a new offsprings. The mutation 

operator randomly alters gene value(s) in the solution to 

certain probability to create a new solution. Selection 

mechanism takes better chromosomes for the next 

population.   

 

The traditional GAs uses only single crossover 

operator to produce offspring to form a next generation. 

Later on, Hong has proposed four different crossover 

operators (Hong 2000). Some times It is difficult to 

choose which crossover operator should be suitable for 

the performance of GAs. Few techniques have already 

been suggested in the literature (Hong 2000, Li 2008, 

Gong 2010, korejo 2012) to automatically select the  

most suitable operator from four available crossover 

operators. These approaches are employing four genetic 

operators for the better performance. Various crossover 

operators have different properties on different stages 

on evolutionary process of GAs. Therefore, it can be 

analysed that the work out of adaptive schemes in GAs 

is still limited.    

 

In order to analyse the above drawback, this 

paper, proposes adaptive method in GAs, in which 

simultaneously apply more than one crossover operators 

in the genetic process. Operator is introduced for GAs. 

The objective of this method is to adjust probabilities of 

these operators according to the global behaviour of the 

whole population for each generation and achieve better 

individuals in the search space.  

 

Experiments have been carried out on 15 most 

popular optimization benchmark problems. The 

experiments results validate  that the suggested adaptive 

technique may effectively choose which operator 

should be mostly used at each level of the landscape. 

Proposed algorithm gives better performance of 

different crossover operators on different benchmark 

problems and it shows the best result on few problems.  

 

The rest of this paper is summaried as follows. 

Section 2 provides a basic concept of  GAs and 

adaptation respectively. In section 3, we discuss the 

design adaptive crossover operator for GAs. An 

experimental result is carried out to compare the 

performance of the analysed crossover operator for GAs 

on  benchmark test problems in section 3. Finally, 

section 4 describes a conclusion. 

 

2.                        MATERIAL AND METHODS 

A.  Genetic Algorithms 

 Genetic Algorithms (GAs) were first time 

introduced by John Holland in 1960s (Holland 19975), 
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which were motivated from the Darwin’s theory of 

survival of the fittest. In GAs, three genetic operations 

(selection, crossover and mutation) are used to create 

next generation. Conventional genetic algorithms apply 

one crossover and one mutation operator during the 

entire evolutionary process. The process is repeated 

until termination criterion is satisfied or a constant 

number of generations expires. The framework of 

simple genetic algorithms is given in algorithm 1. It 

uses various parameters like a population size, 

crossover probability, and mutation probability. 

 

Algorithm 1 Simple Genetic Algorithm (SGA) 

 

1.    Initialize population with random              

individuals  

2.    Evaluate each individual 

3.   While (Termination criteria) is satisfied do 

4.        Select parents 

5.        Perform variation operations (Crossover   

 and Mutation) to create offspring 

6.       Select the best solution according to their    

 fitness function to form the next iteration.  

7.   End While 

 

               Adaptation in Crossover Operators. 

Adaptation is increasing research area in the 

genetic algorithms. Several researchers have employed 

adaptation schemes to improve the GAs performance 

(Eiben 1999, Eiben 2007). Based on the parameter 

tuning, adaptation in GAs can be divided into three 

subclasses:  deterministic adaptation where the value of 

parameter is modified according to predefined rules; 

adaptive adaptation where statistics information from 

the whole is applied to alter a parameter value, and self-

adaptive adaptation where the parameter value is 

encoded into and co-evolves with individuals. Three 

levels of adaptation in crossover was suggested in  

(Yang 2002). 

 

3.                       THE ADAPTIVE CROSSOVER 

Few years ago, most of the researchers have  

used single crossover operator to produce offspring. 

Different crossover operators have different properties, 

behaviour and change search directions in the search 

space; due to this reason, GAs are enhancing the 

performance. The proposed approach to automatically 

select the most suitable crossover is required. There are 

two main objectives in this approach. First one is 

assigning progress values to operators according to the 

fitness improvements of the individuals, and second one 

is adjusting the operator’s probabilities according to 

population feedback.  

 

A.           Credit Assignment 

          The relative fitness improvement  is 

calculated as follows: 

 

 
where  and  represent a parent and its child 

produced by crossover operator,  is the best 

fitness so for in the population, and  is the index of 

individual in the population. The offspring is worst or 

equal to its parent(in other words there is no any 

improvement between parent and child), in this 

situation a null credit is assigned. The formula of 

relative fitness improvement was proposed by          

(Ong 2004).  

 

 The reward value  of operator  is defined as 

follows: 

 
 

where  is the total number of individuals which have 

better fitness value than themselves after performed 

crossover operator .  is the selection ratio of operator 

,  is random number between 0 and 1,  denotes  

total number of operators, and  represent a penalty 

factor for the crossover operator , that is mentioned 

below: 

 

 
 

If there is no any contribution of the previous best 

crossover operator in the current iteration, then 

selection ratio of the current best operator will decline. 

The probabilities of crossover operator  is updated 

according to the following equation: 
 

 
where  is the minimum probability value of each 

crossover operator, applied to confirm that no operator 

becomes zero. 
 

B.              Learning Strategy 

 Several researchers have introduced many 

schemes in genetic algorithms (Hong 2002, Otman 
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2011); in which four and five crossover operators are 

used. In order to organise the learning strategy 

employed in this work. Four crossover operators are 

chosen from (Herrera 2003), listed as follows: 

 

1)  Arithmetical Crossover (Xarith): 

    It is a linear combination of two solutions. Pair of 

individuals, chosen randomly for crossover,  and  

may create two children, 

 

  

              

     where . 

2) Wright’s Heuristic Crossover (ESH): 

    Suppose that the fitness of  is improved than the 

one of . Then, two children are formed,  

  

where   and  is a random 

number between 0 and 1. 

 

3) BLX-α-β (Xblx): 

 Two chromosomes are produced,  

          
where  is a randomly selected number within the 

interval  where  

,  

, and 

 
                                                     

4) Simulated binary crossover (Xsb): 

   Two children are created,  

 

       
where  

 

 

  is a sample form a random number 

generator having the density 

 

 
 

This distribution can be obtained easily from a uniform 

random number source by the transformation 

 
 

C.                 GA with Adaptive crossover Operator    
  For simplicity, we are designing adaptive 

crossover method that enhances GAs performance by 

adapting the probabilities of each operator according to 

the population feedback instead of just depend on a 

priori knowledge. The proposed algorithm uses four 

crossover operators, which are mentioned earlier. The 

initial ratio of each crossover operator is ¼. Each 

crossover operator is  applied to its selection ratio. Ratio 

of these operators is adaptively adjusted regarding to 

the evaluation results of the respective children in the 

next population. However, different operators having 

different properties on different functions (Hong 2000). 

It is difficult to choose best crossover operator for the 

particular problem in hand. The most suitable crossover 

operator will be chosen automatically during the 

evolutionary process.  

 

 The framework of GA with adaptive 

crossover operator is illustrated in algorithm 2. Some 

steps are modified with respect to the simple GA 

algorithm, these steps are noticeable with arrow. 

  

Algorithm 2 Genetic algorithm with Adaptive 

Crossover Operator. 

 

1.    Initialize population with random individuals  

2.    Evaluate each individual 

  Set N = 4, and =0.01; 

  For each crossover operator , set =0,                   

   = 1/N 

3.   While (Termination criteria) is satisfied do 

4.     for ( j:= 1 to popsize) do 

5           choose individual j by the roulette       

 wheel scheme. 

6.    select crossover operator  based on its    

  probability. 

7.    Crossover individual  with solution j    

  applying selected crossover operator  

8.    Mutate the individual j by using       

  Gaussian mutation operator 

9.   endfor 

10.  Calculate progress value  using Eq: 1     

 for each operator 

11.  Compute the reward value  using Eq: 2    

 for each operator 

12.  Update the probability   using Eq: 4 for    

 each operator 

13.   End While 
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4.                         EXPERIMENTAL STUDIES 

   In order to evaluate the performance of the 

adaptive algorithm as compared to that of four GAs 

algorithms applying crossover operators described in 

section 3.B i.e Xarith, ESH, Xblx,and Xsb. These five 

approaches are conducted on a standard set benchmark 

problem. The number of 15 test  optimization     

problems are selected from the test suit (Yao 1999)    

and description of these problems are given in  the 

(Table 1). In this work, selected test problems are 

widely used for the experiments (Dong 2007, Li 2008). 

Functions  are uni-modal functions, single 

peak exist in their functions. Function  is the step 

function and their behaviour is discontinuous with one 

minimum. Function  is a noisy quartic function 

along with uniformly distributed random number 

between zero and one. The rest of the problems are 

having more than one peaks, where the number of local 

minimum increases exponentially with the problem 

dimension.  
 

The general parameters are selected as follows: 

The population size is 100 and 300 generations are 

allowed. The initial selection ratio was 1/4 for each 

crossover operator and the minimum selection ratio  was 

set to 0.001. The roulette-wheel selection is used as the 

selection method. Probabilities of crossover and 

mutation were set as suggested by (Korejo 2012).  The 

initial selection ratio was 1/4 for each adaptive mutation 

operator and the minimum selection ratio  was set to 

0.001 for each adaptive mutation operator.     

Tournament selection with the tournament size 2, 

elitism size  1 and 2 point crossover were allowed to 

generate next population.  

 

4.1     Experimental Results and Analysis 

This section presents the average best fitness  

result over the 50 independent trails for each algorithm 

on the test problems. The results of (Table 2) show that 

average best fitness of each algorithm. Table 2 is a 

summary of the results achieved by five algorithms on 

the 15 optimization problems. The performance of these 

five algorithms is different on the various benchmark 

problems during the evolutionary process. Any bold 

average fitness value determines that the related 

approach gives the best result among the five 

algorithms. The adaptive crossover operator obtains the 

equal performance on few functions, which are 

indicated by the (*) symbol and gets a closer result to 

the ESH, Xsb, and Xarith on different optimization 

problems. It is interesting to note that the performance 

of adaptX algorithm is better than Xblx on all 

optimization problems. On function , , , , 

, and , the efficiency of Xadapt is the second best 

among the other algorithms. Generally, the performance 

of ESH crossover operator is better than some 

algorithms on different problems.   

 

Table 1: The detailed description of the benchmark functions, where n is the number of variables of a function, D  ,  is the 

minimum value of function. 

 
Test problems n D  

 

10 [-100,100] 
 
0 

 

10 [-5.12,5.12] 
 
0 

 

10 [-0.5,0.5] 0 

 

10 
[-600, 
600] 

0 

 

10 [-32, 32] 0 

 

10 [-100,100] 0 

 

10 
[-1.28, 
1.28] 

0 

 

10 [-30, 30] 0 
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10 

[-500, 
500] 

-4189 

 

10 
[-500, 
500] 

0 

 

10 [-10, 10] 0 

 

10 [-100,100] 0 

 10 
[-100, 
100] 

0 

 

10 [-50, 50] 0 

 

10 [-50, 50] 0 

 
Table 2: Comparison on average best fitness value of different crossover operators on some functions. 

  

Problems Xadapt ESH Xsb Xblx Xarith 

 7.30631e-029 7.31539e-083 2.56073e-029 7.94705e-006 2.93677e-007 

 0* 0* 0 0.00389068 0.000899863 

 0* 0* 0.00069259 0.029218 0.126311 

 0.0924502 0.0320687 0.132714 0.645036 0.102135 

 4.44089e-016* 4.44089e-016* 3.87838e-015 0.644755 0.00192361 

 0* 0* 0* 0* 0* 

 0.000466229 0.000386919 0.00237767 0.0110921 0.000373741 

 0.00518182 0.00550568 0.00550568 0.01162 0.00777275 

 5.67029 5.24156 2.99011 96.5953 5.29677 

 -3195.4 -3616.21 -3026.2 -2529.78 -2665.83 

 995.796 582.378 1225.58 1625.04 1512.85 

 7.45732e-043 9.41406e-104 8.69141e-040 2.1549e-005 0.00245718 

 2.23248e-024 2.19426e-010 1.87708e-033 0.000346266 0.266158 

 4.54648e-006 0.000644446 1.48627e-013 1.52896 0.0108182 

 1.57054e-032* 1.57054e-032* 0.00345563 0.014466 2.36846e-008 
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The experimental results are shown in the   

(Fig. 1). Xadapt crossover operator become a second or 

third best operator in the rest of crossover operators on 

different optimization functions. From Fig. 1, it can be 

seen that the performance of various crossover operators 

are different on benchmark optimization problems. It 

can also be shown that the convergence speed of Xadapt 

is equal on first row of the graph and second fast 

convergence rate of Xadapt on second row of graph.  
 

   In summary, from the above analysis it is to be 

concluded that the performance of five mutation 

operators is reasonably fine except SANUM. The 

proposed mutation algorithm is better than the other 

mutation algorithms on few problems. 
 

4. CONCLUSIONS 

Genetic Algorithms(GAs) have become 

important  and  promising  filed  for  the  researchers  in  

solving the optimization problems. Generally, the 

conventional GAs solve these optimization problems 

but GAs have some drawbacks such as premature 

convergence and poor stability.  

  

We have proposed an adaptive crossover for 

genetic algorithms to automatically apply suitable 

crossover operator during the evolutionary process. 

However; Different crossover operators provide 

different efficiency on the global optimization 

problems. The main objective of the proposed algorithm 

is to modify the crossover operator’s probabilities based 

on the global behaviour of the population for the next 

generation. The experimental results show that adaptX 

gives the balance performance on the all test functions. 

Hence, the incorporation of adaptx operator is an 

encouraging work for enhancing the performance of 

GAs.   

 

  
 

 
 

 
 

 
Fig. 1: Comparison of Gas with different crossover operator on selected benchmark problems. 
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