
DOES BCGA SIMPLE CROSSOVER HASTEN RCGA 
CONVERGENCE? 

 
Abstract: 
 

Real Coded Genetic Algorithm is the type of GA which operates on chromosomes with real valued 
parameters. Different mutation and crossover operations are defined for RCGA. One usable crossover for 
this kind of GA is to consider its chromosomes simply as bit strings and utilize same operations as Binary 
Coded GA. 
In this paper we attempt to show that this kind of crossover can not hasten the convergence process unless 
the break points are the boundaries of parameters in the chromosome.  
 
1. Introduction: 
 

Genetic Algorithm is a search methodology invented by Holland [1], which is inspired by the natural 
genetic theory. Today GA is a very popular and effective method for solving different problems. The most 
important reasons of this success are rooted in its simplicity and performance. 

 
The main idea of this technique is to generate diverse chromosomes and selecting the most appropriates 

to continue. In fact in this method we have an initial population of chromosomes which are produced 
randomly or by a particular tactic. Then, iteratively, we try to generate new generations of population out of 
the previous ones using mutation, crossover and selection. Mutation is designed to generate a new 
chromosome out of an existing one by randomly changing it. In the crossover two existing chromosomes 
are combined to generate new chromosomes. Finally selection will help us to select the new population 
from the previous population and the new chromosomes which are generated with the help of mutation and 
crossover so that average fitness will tend to increase. In this paper we wish to point out a very common [2, 
3, 9] misuse of the algorithm when decision variables are continuous, but are represented via corresponding 
binary numbers. In particular, we want to discuss the usual crossover operator.    

 
Each chromosome in the population usually consists of different parameters concatenated to each other. 

In many theoretical and practical problems this parameters are real numbers. We call the GA working with 
real parameters in its chromosome RCGA (Real Coded Genetic Algorithm). RCGAs have been used widely 
for optimization purposes by different people [5, 6, 7]. 

 
Crossover is a powerful technique to improve the speed of convergence of the GA. There are different 

techniques for RCGA crossover [8]. In the most popular one, two chromosomes are broken down into 
pieces and new chromosomes are configured by random replacement of these pieces. The place of breaking 
chromosomes plays important role in the performance of the GA. As a matter of fact random selection of 
this point can decrease the speed of convergence. 

 
In this paper we try to show that breaking the RCGA’s chromosomes from any point other than the 

boundary of their chromosomes can ruin the performance of the GA. In other words breaking a real 
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parameter from its middle not only does not improve the convergence time of the algorithm, but also can 
result in an algorithm slower than simple GA without crossover.    

 
In section two we show that there is a theory behind simple crossover and that this theory does not work 

for the RCGA. Section three provides an empirical study which shows the advantage of simple GA over 
using crossover with middle parameter breaking point. The last section is devoted to conclusion of the 
paper. 

 
2. Theory of crossover: 

 
Crossover is the process of combination of two chromosomes with the hope of generating fitter 

offsprings. Crossover is not a necessary part of an evolutionary strategy; it just hastens the process. An 
intuition on this matter can be seen in the schema theorem [1]. When two chromosomes are mixed up, new 
genes with combined attributes are created. If the good part of each chromosome participates in this 
combination then the new chromosome can be fitter than its parents. So combining different attributes of 
the genes can cause the emergence of fitter individuals in a population. 

 
There is no reason to believe that by breaking the concatenated strings of chromosomes from an arbitrary 

point in the middle of the binary representation of a real number useful combination of previously found 
building blocks could be obtained. Unless the crossover point happens to be in the boundary of the real 
numbers, it is more plausible to assume that crossing over the binary digits will ruin what has been already 
found during the succession of previous generations. Factually the second kind of breaking can cause a 
flaw in the process of searching because it ruins one of the parameters which probably we are already near 
its wanted value.  

 
Holland [1] represents a theory for the GA stating that the number of fitter schemas is increasing during 

the process of the Genetic Algorithm. His lower bound for the expected value of the schema H in the 
generation t is: 
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It can be clearly seen that the values of δ, schema defining length, and o, schema order, play important 
roles in the formula. In fact the roles of these attributes can be summarized to the building block hypothesis 
which states that the GA works well when short, low-order, highly-fit schemas (“building blocks”) 
recombine to form even more highly fit higher-order schemas. In Goldberg's words, “. . . we construct 
better and better strings from the best partial solutions of past samplings"[2]. However it should be 
considered that in an RCGA the importance of these parameters are different due to the place of them in the 
sequence. For example the order and length of the schemas 101*** and ***101 should be interpreted 
differently; although the length and order of them are equal their values in the process of the solution are 
extremely different. To be clearer, imagine the value for which we are searching is 101101. Therefore the 
worst value in the first schema is 101010 which is a much better estimation for the answer than 010101, the 
worst bit string in second schema. It is also worth noting that because GA usually finds a close estimation 
of the answer rather that the exact value of it, the arithmetic distance from the exact solution is more 
important than the number of bits in which our estimation is different from it. This problem can be seen 
more clearly in some formats of storing real numbers, like floating point, where the bit strings of two 
arithmeticaly close values maybe absolutely different. In fact the concept of schema cannot be defined 
similarly in BCGA and RCGA.  
 
In the next session we show an experience that demonstrates this matter. 

 
3. Practical Test 

 
The first example of the Goldberg’s book [2] is finding the maximum of a function. Goldberg, in his 

book, used one parameter chromosome and the fitness value was generated by the output of the function. 



He breaks the only gene in the middle simulating the behavior of the crossover operation. For the first test 
we chose the tangent function; because it has a deceptive nature; its maximum and minimum are near each 
other making the search process difficult. The function ex is considered for another test in the [0, 20] 
interval; it is a simple growing function and the optimum is obviously at the end of the interval. Both of the 
tests are done twice, with and without the crossover operator. As parameters for comparison, we choose the 
number of generations and the required time to reach the answer. Tests were done on a Pentium IV 
machine and in the same condition one thousand times each. The average results are shown in the 
following tables. 

 

 Average time (ms) Average number of generation 

With crossover 83.705 318.79 

Without crossover 68.285 297.366 

Results of the GA on the tan (x) in the [0, 2л] interval 
 

 Average time (ms) Average number of generation 

With crossover 4.343 21.614 

Without crossover 3.102 20.491 

Results of the GA on the ex in the [0, 20] interval 
 
 

4. Conclusion: 
 
The paper has presented a critique of binary coding of real numbers in GA, when the usual genetic 

operators are used. Although mutations can also be argued to be wasteful, because right hand side binary 
digits are less significant than the left hand side ones, the paper aimed to show the wasteful nature of the 
crossover operator in particular. Our conjecture that crossover operations that break down a gene in the 
middle not only fails to improve the speed of the search process, but also slows it down, has been tested via 
a benchmark example. This decrease can be the consequence of two notable matters. First, this kind of 
crossover has a destructive nature, which is explained in the previous session. Second, the consumed time 
by the crossover operation can be significant. The empirical result of this paper showed that both of these 
are important enough to be considered in running a GA.   
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