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요  약

본 논문에서는 연속 인 라미터 공간에 한 최 화에 해 진화  알고리즘의 특징 인 형상화를 제시한다. 이 방법은유 알

고리즘이 연속 인 탐색공간에서의 라미터 식별에 해 가장 강 을 지녔다는 에 착안한 것이다. 유 알고리즘과 제안한 

알고리즘과의 주요한 차이 은 개별  는 연속 인 묘사의 차이가 있다는 것이다. 잘 알려진 실험함수의 최 화문제를 도입하

여 연속 탐색공간 문제에 해 제안하는 알고리즘에 해 계산시간  사용메모리 등의 성능이 우수하다는 효율성을 보 다.

Abstract

In this paper, the evolutionary algorithm was specifically formulated for optimization with continuous parameter space. 

The proposal was motivated by the fact that the genetic algorithms have been most intensively reported for parameter 

identification problems with continuous search space. The difference of primary characteristics between genetic algo-

rithms and the proposed algorithm, discrete or continuous individual representation has made different areas to which 

the algorithms should be applied. Results obtained by optimization of some well-known test functions indicate that the 

proposed algorithm is superior to genetic algorithms in all the performance, computation time and memory usage for 

continuous search space problems.
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1. 서  론

The advance of computer hardware has increased the 

popularity of an approach where all the parameters are 

identified simultaneously and, most commonly, opti-

mization methods are used to find the parameter set by 

adjusting them until they provide the best agreement be-

tween the measured data and the computed model 

response. As a result, a number of calculus-based opti-

mization techniques were proposed and incorporated to 

solve this optimization problem [1-3]. These techniques, 

however, can fail in the actual situation, for example, when 

the measured data are noisy and the model equations are 

inaccurate, since they can cause the objective function to 

be complex such as nonconvex and multimodal. These 

techniques are thus practically useful only if some regula-

rization technique [4] is incorporated properly.

On the other hand, Evolutionary Algorithms(EAs), 

which have come to represent Genetic Algorithms 

(GAs) [5], Evolution Programming [6-9], Evolution 

Strategies [10] and their recombined algorithms [11], 

have appeared as robust optimization techniques in the 

last few decades. EAs are based on the collective 

learning process within a population of individuals, each 

of which represents a search point in the space of po-

tential solutions to a given problem. Each of these al-

gorithms has clearly demonstrated its capability to yield 

good approximate solutions even in case of complicated 

multimodal, discontinuous, non-differentiable, and even 

noisy or moving response surface optimization 

problems. The popularity of the algorithms is primarily 

due to their probabilistic but efficient nature. 

In this paper, the evolutionary algorithm was specifi-

cally formulated for optimization with continuous pa-

rameter space. The proposal was motivated by the fact 

that the genetic algorithms have been most intensively 

reported for parameter identification problems with con-

tinuous search space.

The basic ideas of the formulation of the proposed 

algorithm are that:

(a) Individuals are each represented by a continuous 

vector

(b) Reproductive processes are as similar as possible 

to genetic algorithms such that it can take ad-
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vantage of probabilistic features in genetic 

algorithms.

2. Formulation

The reproductive operations of the proposed algo-

rithm is intended to be similar to those of genetic algo-

rithms such that it can take the advantage of proba-

bilistic features in genetic algorithms. The major differ-

ence of the proposed algorithm from GAs is that the 

representation of the individual is given by a search 

point itself: i.e., a real continuous vector. This for-

mulation was made with an assumption that the direct 

use of the search point may search more efficiently 

than the representation decoded into a binary string as 

used in GAs. In this case, the population at generation 

k is given by

    ∈  (1)

This representation makes us grasp the concept of 

the individual in a different manner. While the binary 

string in GAs represent a DNA chromosome, a micro-

scopic representation of human being, the continuous 

vector representation corresponds to a set of macro-

scopic information of human being.

The definition of the recombination and mutation be-

comes the probabilistic distribution of the macroscopic 

measures accordingly. If the two offspring individuals 

are formulated to be created from a pair of ran-

domly-selected parental individuals as in GAs,  r": I
2 → 

I, the recombination operation may be defined as









″       ∙  ∙

″     ∙    ∙
(2)

where 
  and 

  are parental individuals at generation 

k and the coefficient 
 ∀∈   is defined by the 

normal distribution with mean 0 and standard deviation 


:


  

  (3)

The standard deviation can be self-adaptive (variable 

with respect to t) or constant. The self-adaptive strat-

egy has been reported to make the convergence rate 

required for each generation faster at the expense of the 

computation time and vice versa. The mutation is not 

incorporated in the algorithm since the recombination 

can allow individuals to make large alternations when 

the coefficient 
  is large.

The evaluation of the fitness can be conducted with 

a linear scaling, which takes into account the worst in-

dividual of the population   ω steps before:


 max  ∈   ∀∈   

(4)

as in GAs. Here, ω is the scaling window. Proportional 

selection, which is the most popular selection operation 

in GAs, can also be directly used in the proposed 

algorithms. In this selection, the reproduction proba-

bilities of individuals ps : X →[0, 1] are given by their 

relative fitness,

 














(5)

3. Software

The advantages of the proposed algorithm are its 

simple formulation as well as the compatibility with 

GENESIS [12], which is one of the most popular GA 

software. This software was modified about 300 lines 

out of 2,400 lines. 

The software of the proposed algorithm will start by 

running the setup program, which creates input and 

template files. Typical examples of these files are Figs. 

1 and 2. While input file contains input parameters and 

initial random number seeds, the template file describes 

the representation of parameters.

Fig. 1. Example of input file 

Fig. 2. Example of template file

In the input file, the software allows a number of op-

tions which control the kinds of output produced, as 

well as certain strategies employed during the search. 

Each option is associated with a single character. The 
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major available options are listed in Table 1.

To use the software, the user must write an evaluation 

procedure, which takes on structure as input and returns 

a double precision value. These procedure must be de-

clared in the user's file starting with the sentences 

shown in Fig. 3. The display of GENESIS when optimiz-

ing an objective function with 30 variables, which can be 

optimally visible on screen, is shown in Fig. 4.

Table 1. Major available options

D
Display mode. Performance statistics are printed to 

the screen after each generation

e use the "elitist" selection strategy.

i read structures into the initial population.

l log activity (starts and restarts) in the "log" file.

L

dump the last generation to the "ckpt" file. This 

allows the user to restart the experiment at a later 

time, using option "r".

M maximize the evaluation function.

r restart a previously interrupted execution.

R Rank based selection.

Fig. 3. Example of evaluation function

As the software use most of the C files presented in 

GENESIS, it is possible to compare its performance 

with the GA directly, and the next section will discuss 

the comparison from several performance tests.

Fig. 4. Display of GENESIS 

4. Comparison

4.1 Test functions

As it is impossible to predict the behavior of the al-

gorithms by theoretical considerations, a set of test 

functions having continuous search space were prepared 

to demonstrate the capability of both the canonical GA, 

which is composed of the one-point crossover and pro-

portional selection, and the proposed algorithm. The 

mathematical characteristics of the test functions are 

unimodal/multimodal, quadratic/non- quadratic, con-

vex/non-convex and continuous/discontinuous. The test 

functions are as follows:

Func. I    





   ∈   

≤  ≤      
 

f1(x*) = 0, (6)

Func. II     


 ⌊⌋   ∈   
≤  ≤  ∈   
f2(x*) = 0, (7)

Func. III     





  cos    ∈  

     
≤  ≤      

 

f3(x*) = 0, (8)

Func. IV   Func. III except that 

Func. I is the simplest quadratic function, which is 

also characterized by unimodality, continuity and 

convexity. It is often used as the first test case of non-

linear functions since many objective functions for-

mulated in reality take this form. Func. II is a simple 

linear but discontinuous function, which comprises a 

number of plateaus. All gradient-based methods are not 

useful for this function due to its discontinuity. The 

discontinuity gives difficulty even to other optimization 

methods since there is no guidance towards the edge of 

each plateau. Funcs. III and IV are continuous, multi-

modal test funcitons, which are generated by modifying 

the value of parameter ω. The last term of the function 

yields a number of local optima, which renders opti-

mization methods difficult to search, depending on the 

initial search point. Three- dimensional graphical repre-

sentations of these functions are shown in Figs. 5 - 8.

Fig. 5. 3D representation of Func. I
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Fig. 6. 3D representation of Func. II

Fig. 7. 3D representation of Func. III

Fig. 8. 3D representation of Func. IV

Table 2 Internal parameters for both the algorithms

Canonical GA
Proposed 

algorithm

Population size 50 50

Bit length per 

variable
30

Crossover rate 0.95

Mutation rate 0.001

Standard deviation 0.5(constant)

Generation gap 5 5

Scaling window 1.0 1.0

4.2 Performances

Internal parameters selected for both the algorithms 

are listed in Table 2. The crossover and mutation rates 

in the canonical genetic algorithm, 0.6 and 0.0001, are 

typically used in many publications. The standard devi-

ation of the proposed algorithm was set to be constant 

for simplicity. All the other internal parameters were 

set identical for both the algorithms. Note here that the 

elitist strategy was incorporated in the selection process 

of both algorithms. For generality, ten runs were per-

formed for each test, and the average performance of 

each algorithm was taken.

The results of the search performance of both the al-

gorithms until 2,300 generations are shown in Figs. 

9-12. In the figures, real lines indicate the outcome 

from the proposed method whereas the results by the 

canonical GA are indicated by the broken lines. The re-

sult of the first test clearly reflects the superiority of 

the proposed algorithm on the unimodal function 

optimization. The second result, then, indicates that the 

proposed algorithm still out-performs the canonical GA 

even when the function is partially discontinuous. The 

canonical GA, in fact, could not find the global optimum 

x*=0 in all the ten runs within the prescribed number 

of generations whereas the proposed algorithm resulted 

in the global optimum in all the cases. The proposed 

algorithm also have a better performance on Func. III 

and IV than genetic algorithm. The genetic algorithm 

was nearly in the state of premature convergence, hav-

ing a slow convergence rate before reaching the global 

optimum, for both the tests.

Fig. 9. Average of objective function values vs 

generations for Func. I

Fig. 10. Average of objective function values vs 

generations for Func. II
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Fig. 11. Average of objective function values vs 

generations for Func. III

Fig. 12. Average of objective function values vs 

generations for Func. IV

4.3 Computation time and memory usage

The computation time and memory required for the 

optimization of Func. I up to 2,000 generations with 

SparkStation III were compared for both algorithms. 

Parameters listed in Table 2 were used, except the bit 

length per variable for genetic algorithm, which were 

varied every five bits within a range of 10 and 30.

Fig. 13. Computation time vs bit length

Fig. 14. Memory usage vs bit length

The results of the computation time and memory us-

age are shown in Figs. 13 and 14. These results in-

dicate that, for the canonical genetic algorithm, the 

more computation time and memory usage the longer 

the bit length per variable. The fact that the computa-

tion time increase with the precision of each variable 

increased is obviously caused by the additional compu-

tational effort for decoding. The reason for the increase 

of the memory usage is that both the binary and de-

coded representations must be saved in memory. 

Although the 30-bit representation was far beyond the 

real representation in precision, the genetic algorithm 

required seven times of computation time and eight 

times of memory usage of the proposed algorithm.

Table 3. Comparison between genetic algorithms and 

proposed algorithm

GAs Proposed algorithm

Representation Genotype Phenotype

Resolution Restricted

Recombination Main (Discrete)
Only one operator

(Continuous)Mutation
Background 

(Discrete)

Decoding Necessary

Search

performance

Explorative

(Slow convergence)

(Global search)

Exploitative

(Fast convergence)

(Local search)

Optimization
Discrete 

optimization

Continuous 

optimization

Although the overall performance of the algorithms 

significantly relies upon the class of objective function, 

characteristics listed in Table 3 may be clarified for 

comparison. As mentioned, the most obvious difference 

have been identified with respect to the representation 

of solutions in both algorithms. Whilst individuals of 

genetic algorithms are each represented by a micro-

scopic human representation of chromosome termed 

genotype, the proposed algorithm uses an individual 

having macroscopic phenomenological information of 

humans termed phenotype. This gives genetic algo-

rithms the critical disadvantage that the resolution of 

parameter is restricted. The double precision in the 

present computers is 64 bits. Creating this precision is 
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genetic algorithms requires huge memory and thus, if 

the search space is high-dimensional, it is not realistic. 

Long individual representation in genetic algorithms al-

so yield numerous computation time for decoding of 

each individual to a continuous vector form.

5. Conclusions

An evolutionary algorithm based on genetic algo-

rithms, which works efficiently for continuous search 

space optimization problems was proposed by the 

authors. The difference of primary characteristics be-

tween genetic algorithm and the proposed algorithm, 

discrete or continuous individual representation has 

made different areas to which the algorithms should be 

applied. Results obtained by optimization of some 

well-known test functions indicate that the proposed 

algorithm is superior to genetic algorithms in all the 

performance, computation time and memory usage for 

continuous search space problems.

As a main result of the experimental comparison we 

conclude the hypothesis, that the selection scheme pro-

vides the main control mechanism of the relationship 

between the contradicting purpose of exploration and 

exploitation, i.e., the purposes of high confidence to find 

a global optimum on the one hand and high velocity of 

the optimization process itselt on the other hand. 

Genetic algorithms seem to explore the search space 

much more than the proposed algorithm by the fact that 

its individual representation leads to completely new 

offspring in the continuous domain, at the expense of 

convergence rate. However experimental results show 

that the multimodality of Func IV is still well dealt 

with the proposed algorithm.
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