
Multi-Offspring Real Genetic Algorithm  

and its Application  

in Function Optimization 
 

Wang, Jiquan; Ersoy, Okan; Cheng, Zhiwen; Zhang, Panli; and Dai, Weiting 

 

 Abstract：The paper provides a multi-offspring 

real genetic algorithm (MORGA) in accordance with 

biological evolutionary and mathematical ecological 

theory. On this basis, the paper provides an evolution 

strategy of MORGA, gives a method to generate 

multi-offsprings by crossover, and illustrates its 

application in function optimization in comparison to 

the basic real genetic algorithm (BRGA). In MORGA, 

the number of offsprings is significantly increased as 

compared to the BRGA. MORGA increases the 

probability of generating better individuals, and also 

makes the population more competitive, thus yielding 

considerable improvement. Test results with five 

function optimization examples show that MORGA 

has faster speed, and its average computing time and 

average number of iterations are significantly lower 

compared to the BRGA. 

 Keywords: Multi-offspring, Real Genetic 

Algorithm, Function Optimization, Crossovers, 

Mutations. 

 

1. INTRODUCTION 

Genetic Algorithm (GA) was proposed by John 

H. Holland and his student at Michigan University in 

the late 1960s and early 1970s [1-4]. De Jong KA 

first proposed the elitist reserved evolutionary 

strategy in his doctoral thesis in 1975. Later he 

continued to study the elitist reserved evolutionary 

strategy, and proposed a variety of evolutionary 

strategies of elitist retention and selection instead of 

copying [5-8]. Genetic algorithms are computed 

according to this evolutionary strategy at present. 

Because the real genetic algorithm has high 

precision, simple operation, easy to do large space 

search, fast convergence, not easy to fall into local 
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minima and so on [5,6], it is widely used in 

automatic control, combinatorial optimization, 

machine learning, image processing, self-adaptive 

control, planning and design, industrial engineering, 

intelligent manufacturing systems, bioengineering, 

systems engineering, artificial intelligence, 

intelligent machine systems, and artificial life [5-7]. It 

is especially suitable for processing complex and 

nonlinear problems which are difficult to solve by 

traditional search methods [5]. 

Many scholars have conducted in-depth study 

on GA, and proposed various improved algorithms, 

such as hierarchical GA, CHC algorithm, messy GA, 

self-adaptive GA, GA based on niche technology, 

hybrid GA, parallel GA and so on [9-15]. In these 

studies, two parent individuals usually generate two 

offspring individuals, or multiple parent individuals 

generate two offspring individuals [16, 17], or one 

parent individual generates one offspring individual 

[18]. That is to say, the number of offspring 

individuals is less than or equal to the number of 

parent individuals. Thus, when crossover probability 

equals 1, the number of offspring individuals equals 

the number of parent individuals. When crossover 

probability is less than 1, the individual number of 

offsprings is less than the individual number of 

parents [19, 21]. This is unlike nature in which the 

individual number of offsprings is usually greater 

than the individual number of parents so that 

animals and plants are able to survive. The paper 

proposed aims at following biological evolutionary 

and mathematical ecological theory more closely. 

Test results with five function optimization examples 

show that MORGA has faster speed, with the 

average number of iterations significantly reduced 

as compared to the BRGA. 

 

2. THEORETICAL FOUNDATION OF MORGA 

Definition 1：The offspring individual number of 

parent individual due to crossover generation is 

greater than the parent individual number.  

Definition 2：The offspring individual number of 



parent individual due to crossover generation is less 

than or equal to the parent individual number in real 

genetic algorithm (BRGA). 

2.1 Biological Theory Foundation 

Darwin's theory of evolution is widely accepted. 

Natural selection theory of biological evolution [22] 

includes the following factors: high fertility rate, 

struggle for existence, indeterminate mutation, 

survival of the fittest etc. The born individual number 

of children is usually more than the surviving 

individual number. High fertility rate is a common 

phenomenon in nature. For example, a plant may 

bear one thousand seeds each year, but the number 

of blossoming fruit seeds is less than one thousand.  

2.2 Mathematical Ecological Theory Foundation 

In order to illustrate the probability of species 

extinction, suppose one species has only one 

individual at first. Then at a certain time t, the 

probability of population size equaling 0 is given by 
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Where, i is the size of initial population, µ is the 

mortality rate, and λ is the reproduction rate. 

The probability for the population whose initial 

size equals i to be extinct with time elapsing is given 

by 
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To solve the extinction probability of population, 

letting t tends to infinity, there are three situations as 

follows: 

(1) When the reproduction rate is less than the 

mortality rate, that is to say, λ < µ, the exponential 

term in Eq. (2) would tend to 0 as t → ∞, resulting in 

0lim ( ) 1
t
p t


                          （3） 

The extinction probability of population equals 

1. Hence, the species must become extinct as time 

increase.  

(2) When the reproduction rate is greater than 

the mortality rate, that is to say, λ < µ, Eq. (2) as t 

tends to   can be represented as follows: 
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According to Eq. (4), such population can’t 

guarantee to continue exist because there is still a 

finite probability of extinction. However, if the 

reproduction rate is much greater than the mortality 

rate, and if the initial population size is much larger, 

the biological extinction probability will be smaller. 

(3) When the reproduction rate equals to the 

mortality rate, that is to say  , Eq. (2) can be 

expanded in a series of exponential terms. Letting

r   , 0 ( )p t  as t  tends to   can be 

written as 
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When r → 0, ignoring r
2
, and due to r   , 

we get: 
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Hence: 
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Even when the reproduction rate equals the 

mortality rate, Eq. (7) proves that the species must 

become extinct. Although the population expected 

size is constant, while randomly fluctuating around 

the population expected size, the species will be 

extinct long after. Only when , that is to say, 

when population has a positive increase rate, the 

population may survive forever. Thus, the probability 

distribution of biological population size depends on 

the product of reproduction rate and time when 

biological initial population size is known. Therefore, 

in order to get more excellent individuals in possible 

shortest time, there is a need to improve the 

reproduction rate of species. 

 

3. MORGA 

The main difference between MORGA and 

BRGA is related to crossover and mutation 

operations. The crossover operation of BRGA is that 

two parent individuals generate two offspring 

individuals, whereas the crossover operation of 

MORGA is that two parent individuals generate four 

offspring individuals. The mutation operation of 

BRGA is that n offspring individuals of crossover 

generation are mutated, whereas the mutation 

operation of MORGA is that 2n offspring individuals 

of crossover generation are mutated. BRGA and 

MORGA use the same evolutionary strategy. The 

basic operation of GA includes selection, crossover 

and mutation. 

 

 



3.1 Evolutionary Strategy of MORGA 

The evolutionary strategy of MORGA is as 

follows: first, the initial population is generated. 

Using the initial population, all the individuals in the 

population are sorted in descending order according 

to their objective function values (for maximum 

search). The fitness value of each individual is 

calculated according to the sorting result. This is 

followed by making selection, crossover, retaining s 

elite individuals from n parent individuals and 

cross-generated 2n individuals, then cross- 

generated 2n individuals are mutated, and the worst 

s individuals in 2n mutated individuals are replaced 

by s elite individuals. In order to make sure the 

population size does not change, n individuals are 

selected from 2n mutated individuals and s elite 

individuals. In this way, the constant size offspring 

population is generated. If convergence is reached, 

the process is concluded. Otherwise, the above 

steps are repeated until convergence. The 

evolutionary strategy of MORGA is shown in Figure 

1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: The evolution strategy block diagram of MORGA. 

 

3.2 Selection 

When the population size is n, the individuals in 

the population are expressed as 

1 2( ) ( ( ), ( ), , ( ), , ( ))i nX t X t X t X t X t   , 

1 2( ) ( ( ), ( ), , ( ))i i i idX t x t x t x t  ,  

where t is the iteration number. In order to compute 
the fitness value of each individual, the individuals 
are sorted in descending order according to 

objective function values, resulting in  

1 2( )= ( ), ( ), , ( ), , ( ))i nX t X t X t X t X t ( .  

Suppose β∈(0,1).  The fitness value of 

( )iX t  is computed as follows [12]: 

1( ( )) (1 )     1,2, ,i
ieval X t i n        （8） 

where  is usually chosen between 0.01 

and 0.3 [12].  

)1,0(
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Generate initial population (population size is n) 

Generate parent 

Sort all individuals according to objective function value 
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The worst s individuals in 2n mutated individuals 
are replaced by s elite individuals 

Select n best members to constitute new population 

Meet the convergence 
requirements？ 

End 

Yes 

No 



Next, the roulette wheel method is used to pair 

members [23]. The roulette wheel method is as 

follows: 

The selection probability of the thi member in 

the population is given by 

1
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The roulette wheel is rotated up to n times, and 

a random number ηk ∈ (0,1) is generated at each 

rotation. When this random number satisfies 

1i k iPP PP           （12） 

the ith member is selected to take part in crossover. 

3.3 Crossover Operations 

Suppose the ith individual ( )iX t  and jth 

individual ( )jX t  of population perform crossover 

operation if their fitness values satisfy 

( ( )) ( ( ))i jeval X t eval X t   （13）  

For convenience, crossover operations of 

( )iX t and ( )jX t  are utilized in two stages to 

generate four offsprings. In stage 1, the crossover 

operations are as follows [12, 24]: 

First, an offspring individual Xi(t+1) is 

generated by 

( 1) ( ) (1 ) ( )j i jX t X t X t     （14) 

where 
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Another offspring individual Xi(t + 1) is generated by 

( 1) ( ) ( ( ) ( 1))i i i jX t X t X t X t      (16） 

where λ > 0 is a mapping coefficient. 

Positions of the mapping points are shown in 

Figure 2. 

 

 

 

Figure 2: Relative positions of ( )iX t , ( )jX t  and Xi(t + 1), Xj(t + 1) 

 

In Figure 2, ( )iX t  and ( )jX t  are parent 

individuals, Xi(t+1) and Xj(t+1) are cross-generated 

offspring individuals, b is the midpoint of segment ad, 

and d is the midpoint of segment bf. When GA 

performs multiple iterations,   is a changing 

constant according Eq. (14), and [0.5,1]  . 

Therefore,  cross-generated  offspring  individual  

 

Xj(t+1) should be located between segment bd, and 

Xi(t+1) should be located in segment df. In general, 

the bigger the fitness value of the individual is, the 

closer it is to the optimal solution, so the optimal 

individual should be located near the individual of 

big fitness value [24]. 

For further discussion, consider: 

20 20
2 22

min ( , ) sin( ) sin sin( ) sin
x y

f x y x y
 

      
        

      

0 ,x y    0 ,x y    （17） 

 

This function is shown in Figure 3. 
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Figure 3: Function f. 

 

If two parent individuals X1 and X2 perform 

crossover operation, the fitness value of X1 is 

greater  than the  fitness value of X2  according to  

Figure 3. The direction of vector 2 1X X


 is the 

direction of fitness value increase, the optimal 

solution may be in the vicinity of X1 on vector 2 1X X


, 

and may also be remote from X1.  Cross-generated 

offspring individual should be in the vicinity of X1 

according to crossover method used in the first 

stage. In addition, the global minimum of function f 

may be X3 , closer to X2. Therefore, cross-generated 

individuals in the first stage can’t fully meet the 

above requirements.  

The crossover operations discussed above are 

the same as the crossover operations used in the 

BRGA. In order to satisfy above requirements, in 

stage 2, the crossover operations are as follows: 

First, an offspring individual Xj’(t+1) is generated by 

' ( 1) ( ) ( ( ) ( ))j i i jX t X t d X t X t    （18） 

where 
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eval X t eval X t
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Cross-generated individuals are between X2 

and X3 according to formula (18) and (19).  

Another offspring individual 
' ( 1)iX t   is 

generated by 

  
' '( 1) ( ) ( ( ) ( 1))i i i jX t X t X t X t       （20） 

where is generated by uniform distribution in the 

range [1,7]  . 

Cross-generated offspring individual is in the 

direction of 2 1X X


 according to equation (20), and 

remote from X1. n parent individuals generate n 

offspring individuals by crossovers according to 

equations (18) and (20).  

In this way, two parents generate four 

offsprings by crossover operations. This means 2n 

new offspring are generated from an initial 

population of size n, and satisfy above 

requirements. 

For constrained optimization problem, if 

cross-generated individuals are infeasible 

individuals, they must be modified to become 

feasible individuals. The specific method is as 

follows: 

Suppose Xi(t) is a cross-generated offspring,  

X’(t) is optimal amongst cross-generated 2n 

individuals and s elite individuals, and it is an interior 

point (that is to say, it satisfies all constraint 

conditions, and it doesn’t locate on the boundary of 

the feasible region). If Xi(t) doesn’t satisfy constraint 

conditions, iterations are performed by 

    ' '( ) ( ) ( ( ) ( ))i iX t X t X t X t      （21）                          

where λ is a constant, and 0< λ <1, in general, for 
example, λ = 0.5. 

If new ( )iX t  doesn’t satisfy constraint 

conditions according to equation (21), then   

value is halved, and then ( )iX t  is recomputed 

according to equation (21) until ( )iX t  satisfies all 

constraint conditions. 

3.4 Mutation Operations 

Let  and 

1 2( , , , , , )ii i ij idb b bb b    be the upper and lower 

limits of .  

The Cross-generated i
th
 individual ( 1)iX t  is 

expressed as 

1 2( 1) ( ( 1), ( 1), , ( 1)),   1,2, , 2i i i idX t x t x t x t i n      

              （22） 

1 2( , , , , , )ii i ij ida a aa a  

1, 2, ,iX i n （ ）
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The Cross-generated i
th
 individual Xi(t+1) is 

mutated according to the following method: 

When the iteration number is odd, Xi(t+1) is 

mutated according to [12], 

( 1) ( ( 1)), 0.5

( 1) ( 1) ( ( 1) ), 0.5

0.5 ( 1) 0.25( ), 0.5

ij ij ij ij ij

ij ij ij ij ij ij

ij ij ij ij

x t r b x t r

x t x t r x t a r <

x t b a r

     


     


   

   

   

    

   1, 2, , 2 ; 1, 2, ,i n j d       （23） 

where ijr  is a random number in the interval [0,1] 

from the uniform distribution corresponding to the j
th
 

component of the i
th
 individual in population. 

When the iteration number is even, Xi(t+1) is 

mutated by 

       ( 1) ( 1) 1/ij ijx t x t t         （24） 

where t is the iteration number. 

Equation (24) shows that the cross-generated 

individual ( 1)iX t  may be very close to the optimal 

solution as iterations increase, that is to say

lim ( 1) ( 1) 0i i
t
X t X t


    . Therefore, the mutation 

method can increase local search capability of GA, 

and improve the convergence speed of GA. 

For constrained optimization problem, if 

mutated individuals are infeasible individuals, they 

must be modified to become feasible individuals 

with specific methods as mentioned above. 

3.5 Iteration Terminal Condition  

In order to validate that MORGA has faster 

computing speed as compared to BRGA, iteration 

terminal condition of MORGA and BRGA is chosen 

as follows: 

* ,    1, 2, ,i i if f i p   
 
   （25） 

where Ji is the theoretical global maximum or 

minimum of the i
th
 test function; εi is the given 

precision requirement of the i
th
 test function. 

 

4. ALGORITHM TESTING AND ANALYSIS 

4.1 Selection of Test Functions 

In order to validate that the performance of 

MORGA is superior to BRGA, we selected 5 

common test functions with considerable complexity
 

[25,26]. 

 

Test function 1: 
2 2 2

1min ( , ) 100*( ) ( 1)f x y y x x     

10 , 10x y                 （26） 

Function f1 is Rosenbrock function, also known 

as the banana function. It is a difficult global 

minimization problem. Its global minimum is within 

the region -10≤x,y≤10. Its global optimal solution is

( , ) (1,1)x y  . 

Test function 2: 
2

2 2 2

2 2 2

3
max ( , ) ( )      5.12 , 5.12

0.05 ( )
f x y x y x y

x y

 
        

（27） 

The global optimal solution of function f2 is 

surrounded by the worst solution, and function f2 has 

four local minima. If we want to get the global 

optimal solution, it is like finding a needle in a 

haystack. Therefore, the function is also known as 

needle in a haystack problem. The global optimal 

value of f2 is 3600，and the optimal solution is 

( , ) (0,0)x y  。 

Test function 3: 

20 20
2 2

3

2
min ( , ) sin( ) sin sin( ) sin

x y
f x y x y

 

      
        

      

0 ,x y             （28） 

Function f3 is called Michalewiczs function. It 

has many local minima. The global minimum is 

-1.80130，and the global optimal solution is (x,y) = 

(2.2031197,1.5702997). 

Test function4: 

4min ( , ) sin( ) sin( )f x y x x y y     

500 , 500x y                 （29） 

Function f4 is called Generalized Schwefel’s 

function. It has a large number of local minima. The 

global optimal solution of f4 is (x,y) = 

(420.9687,4209687), and the global minimum is 

-837.9658. 

Test function 5: 

2 2 2

5 22 2

sin 0.5
min ( , ) 0.5     

1 0.001( )

where 100 , 100

x y
f x y

x y

x y

 
 
   

  
（30） 

Function f5 is J. D Schaffer function. It has an 

infinite number of local minima, and the function is 

strongly oscillatory, and very easy to fall into local 

minima. The global optimal solution is (x,y) = (0,0), 

and the minimum is -1. 



4.2 Testing Results and Analysis 

With each test function, the initial population 

was randomly generated, with population size 

n=100, and the number of retained elite individuals 

s=100. The computing accuracy of the five test 

functions were chosen, respectively, as 

ε1=ε2=ε3=ε5=10
-5

, ε4=10
-5

, and  β=0.15 was chosen 

in formula (8). Each method was run 100 times on 

the same computer, and next, the average 

computing time and average number of iterations 

were computed. The results are listed in Table 1. 

Table 1 Test results 

Function f Method Average computing time/s Average iterations/time 

f1 

MORGA 0.2328  5.0000 

BRGA 0.4109  27.5000 

f2 

MORGA 0.7643  20.0000 

BRGA 2.2742  109.5000 

f3 

MORGA 0.1952 4.000 

BRGA 0.2220  6.5000 

f4 
MORGA 0.2591 7.5900 

BRGA 0. 6696 34.2500 

f5 
MORGA 4.8017 167.6000 

BRGA 5.8691  333.1800 

 

The performance of MORGA and BRGA cannot 

be compared based on the average number of 

iterations. This is because the MORGA 

cross-generated offspring number is large, and 

many individuals need to be mutated. Therefore the 

computation time is more valuable to compare 

BRGA, and MORGA. For function optimization 

problems, with given accuracy requirements, the 

test results with five function optimization examples 

show that the average computation time and 

average number of iterations of MORGA are 

significantly lower than those of BRGA. 

 

5. CONCLUSIONS 

Two parents generate two offsprings, or 

multiple parents generate two offsprings, or one 

parent generates one offspring in BRGA. In other 

words, the number of offsprings is less than or equal 

to the number of parents. In comparison, the 

proposed MORGA is more in accordance with 

biological evolutionary and mathematical ecological 

theory. The number of offsprings in MORGA is 

increased significantly as compared to BRGA, but 

the process during iterations is such that the 

population size is unchanged at each generation. 

Consequently, more excellent offsprings within a 

population can survive, some worse individuals can 

be eliminated, and this process is effective in better 

evolution of the population. 

 

 

The results with five test functions show that 

the average computation time and average number 

of iterations of MORGA are considerably less than 

those of BRGA. 
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