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Abstract—Mutation is a fundamental operation in genetic
algorithm (GA) for it has a significant impact on global search
ability and convergence rate. Traditional mutation operation of
GA changes chromosomes randomly (or blindly), which would
waste a lot of computational cost in searching less promising
regions or those have been searched frequently. To address these
drawbacks, this paper proposes a novel guide mutation. The
proposed guide mutation makes use of history search experience
to estimate the average fitness and search degree of sub-regions
in the search space. New chromosomes generated by the guide
mutation are more likely to be in regions with higher average
fitness and less search degree. In this way, the search efficiency
can be improved and the algorithm can have a stronger ability of
jumping out of local optima. The proposed guide mutation is
incorporated into a simple GA, forming a guided mutation GA
(GMGA). The GMGA is validated by testing 23 benchmark
functions and the experimental results reveal that the proposed
guide mutation is very effective in improving the performance of
GA.

1. INTRODUCTION

Genetic algorithm (GA) which was first proposed by J.
Holland at 1975 [1], is a notable stochastic optimization
algorithm inspired by the natural biological evolution
mechanism. It starts with a randomly initialized population.
Then new individuals are generated by performing crossover
and mutation on the current population, and better individuals
are selected to form the new population. Due to its simple
mechanism and easy implementation, GA, as well as ant
colony algorithm and discrete PSO[2], has been successfully
applied to a wide range of applications such as machine
learning, workflow scheduling and wireless sensor network,
ete [3] [4] [5][6].

Though GA performs well in a number of problems, its
capability still has great room for improvement. The mutation
operation is one of the hot research spot. In [7], De Jong
suggested that the mutation rate should be 0.001, so as to
balance the exploit and explosive of GA. In [8], however, J. D.
Schaffer et al. suggested that [0.005, 0.01] is an appropriate
range of mutation rate. In [9], T. Back suggested that the
mutation rate should decrease as the generation increases. As
well as PSO [10], some scholars also proposed and improved a
self-adapt mechanism to control the mutation rate of GA [11]
[12] [13]. Besides controlling the mutation rate, various efforts
have been made to change the mutation mechanism to
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improve GA’s efficiency. In [14] [15], Schwefel H P et al.
presented a popular gauss mutation operation based on Gauss
random distribution. Later, Cauchy random distribution is also
utilized to improve the performance of mutation operation [16],
[17]. To improve the global search ability of GA, Gao Ye et al.
[18] combined chaotic algorithm with mutation operation and
then use this enhanced mutation operation in rout path for
robot.

Although existing mutation mechanisms are effective,
there are some drawbacks. First, they blindly change
individuals without any guidance. This may cause the
algorithm wasting a lot of computational cost in search regions
which are frequently searched. Second, they are not efficient
enough because they usually shift chromosomes to regions
which have little potential to contain the global optimal
chromosome. In order to overcome the above shortages, this
paper proposed a novel guide mutation. The proposed guide
mutation is incorporated into a simple GA and form a guided
mutation GA (GMGA). In GMGA, all chromosomes found
during the evolution are preserved and are utilized to estimate
the average fitness and search degree of each region. The
average fitness is used to evaluate the potential of the region
containing the global optimal chromosome, while the search
degree is used to evaluate the frequency of the region being
searched. Based on the average fitness and search degree, the
guide mutation is more likely to generate new individuals in
regions with higher average fitness and lower search degree.
To wvalidate the proposed guide mutation, extensive
experiments are conducted and the results show that the guide
mutation can significantly improve the performance of GA

In the next section, this paper makes a brief review of GA.
section III presents the detail of implementation of the guide
mutation. The experiments and comparison are presented in
Section IV, followed by the conclusion in Section V.

II.  BREIEF REVIEW OF GENETIC ALGORITHM

Simple genetic algorithm (SGA) contains 5 steps.
Step 1: Initialize operation:

SGA starts with initialing the parameters. There are five
parameters in SGA: maximum number of generations
(MAXGEN), Population size (PS), mutation rate (PM),
possibility of crossover (PC) and gene number of
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chromosomes (GN). After initialing these parameters, SGA
randomly generates a population.
Step 2: Select operation:

The aim of the select operation is choosing fitter
chromosomes into the next generation. In order to choose
fitter chromosomes, SGA applies tournament operation [19]:
randomly select 3 chromosomes, compare their fitness values,
and select the highest one into the new population.

Step 3: Crossover operation.

In this operation, SGA selects two chromosomes,
randomly generates a number between one and GN as the
crossover point, and then swaps the genes before the crossover
point.

Step 4: Mutation operation.

In this operation, SGA randomly generates a number
within the boundaries to replace the gene involved in the
mutation operation.

Step 5: Elitist operation.

In the elitist operation, SGA preserves a global best
chromosome (GB) —the best chromosome has ever been
found. If the population’s best chromosome that is fitter than
GB, the population’s best chromosome will replace GB. Else,
GB will replace the population’s worst chromosome.
Afterward, the algorithm goes to step 2 and begins the next
generation.

III. GUIDED MUTATION OPERATION BASED ON SEARCH
DEGREE AND FITNESS ESTIMATION

The single-object problem can be described as equations (1)
and (2):

min f(x',x%..xY); (1)

I'<x' <u'y )

Vector x={x’ x’,..x“"} is a chromosome and x' is the i gene

of x. [I'\u'] is the boundary of x’s i gene. P={p,p;...p,} is the

set of all evaluated chromosomes, where 7 is the number of

evaluated chromosomes. p,(k=1,2..n)={p,,pi,..pJ"} ,

The i gene of pyis p. .

Based on these concepts, this paper introduces guided
mutation operation in the following part.

A. Motivation

Mutation operation has significant impacts on the
convergence rate and the global search ability of GA.
However, the mutation operation which shifts a chromosome
randomly (or blindly) has two drawbacks.

The first drawback is that blind mutation operation may
cause plenty of regions ‘getting insufficient search while
some regions are over-searched. To solve this problem, it is
desirable to make use of history search experience to estimate
a region’s search degree and use this information to guide the
mutation.

The other drawback is that blind mutation operation might
shift a chromosome to a region without potential to find the
global optimum. Assuming that the global optimum is more
likely to be in regions with higher fitness, it is desirable to

utilize the history search experience to estimate regions’
average fitness and use this information to guide the mutation.

With regards of the above two factors, we proposed a
guided mutation operation, aiming to lead chromosomes jump
into a region with higher potential and been less-searched.

B. The Proposed Guide Mutation

If the i gene of a chromosome needs to mutate, there are
7 steps:

Step 1: equally divide the boundary of the chromosome’s
i" gene into PN segments. Thus, the whole search space has

been divided into PN regions by its /" dimension. A set of
th

regions si(j=1,2...PN) is formulated and the " gene’s
boundary of s;(=1,2...PN)is [I,u’].
; u' =1
pre ooy, G
) ) ui _l/) )
i lt +—* : 4
u; v @

Step 2: estimate regions’ search degree (sd), shown in
equation (5) and equation (6).

sd; = 2,(p); )

L
g,-(pk)—{ 0

Where sd; is the search degree of s;(j=1,2...PN). If
equals x, it means region,
chromosomes.

Step 3: estimate the average fitness value of regions ( af’).
Equation (7) shows how to calculate x’s fitness, where x is a
chromosome:

o . .
if I, <p, <u
else

(6)

s;  contains x evaluated

1
eval(x) =——; @)
(f ()C ) - f;nin)

Where eval(x) is the fitness value of chromosome x, and
fmin 18 the global minimum. Base on (7), equation (8) and (9)
shows how to estimate s;’s average fitness value af,; :

z h.(p,)
af; === 6;_ ; ®)

J

h(po) :{eval(pk); if I <pp<u )
0; else

Step 4: calculate Guide Information (gi) of s,(j=1,2...PN)
according to sd; and af;. gi is used for guiding the mutation
operation. As this paper mentioned before, guided mutation
operation is more likely to lead a chromosome into a region
with high fitness and that has been less-searched. Obviously,
Region’s search degree could be reflected by sd}, the larger the
sd;, the more the region has been searched. Thus, a segment
w1th small sd; and large af; is competitive. The equation

calculates gi of s{(j=1,2...PN) is described as follow:

af;
sd, ’

Step 5: select a fitter region to guided mutation operation.
In this step, GMGA randomly choose 3 regions from PN

gi; = (10)
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regions, compare their gi and Choose the region with the
largest gi to next step.

Step 6: Suppose s;(j=1,2...PN) is the selected region, the
algorithm randomly generate a number within [/},u}] and use

this number to replace the chromosome’s i gene.

Step 7: Update the set P. For new chromosomes that have
been generated via mutation operation, this new chromosome
should be added into the set P as well as adjust 7.

Since the set P={p;p,...p,} preserves all evaluated
chromosomes, it should be updated when a new chromosome
has been generated. Thus, crossover operation should update
the set P as well as the mutation operation.

IV. EXPERIMENT AND COMPARISON

A. Experiment Setup

In this section, 23 benchmark functions are used for
comparing the performance of GMGA and GA in the
experiment. In these functions, functions 1-7 are unimodal
functions and functions 8-13 are high-dimensional multimodal
functions with plenty of local minima and functions 14-23 are

low-dimensional multimodal functions with a few local
minima. These functions and their detail information are
showed in [20].

Parameters of GMGA and SGA used in functions 1-23 are
listed in TABLE I. [20]

TABLE L. WHERE PM IS THE MUTATION RATE, PC IS THE POSSIBILITY
OF CROSSOVER, PN IS THE PARTITION NUMGBER, PS IS THE POPULATION SIZE
Algorithm PM(1-13) PM(14-23) PC PN PS
GMGA 0.01 0.25 0.8 200 100

GA 0.01 0.25 0.8  —ememee- 100

The operation environment of this experiment is: Intel(R)
core(TM) i3 CPU. M380 @ 2.53GHZ, 2.53GHZ, Ram
2.00GB, visual C++ 6.0, WINDOWS 7 operation system.
Every function runs 30 times independently and takes the
average result.

B. Comparison Between GMGA and GA

TABLE II shows the performance of GMGA and GA in
functions 1-7, and convergence process of these functions are
shown in Fig. 1:
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Figure 1. Convergence process of GMGA and GA in functions 1-7.

Authorized licensed use limited to: Hanyang University. Downloaded on B’eQember 04,2023 at 06:01:03 UTC from IEEE Xplore. Restrictions apply.



TABLE II. WHERE MEAN IS THE AVERAGE RESULTS IN 30 TIMES,
STDDEYV IS THE SQUARE DEVIATION.
. GMGA SGA

Function  MAXGEN Mean Stddev Mean Stddev

1 1500 0.177977  4.5%10°  0.710882 0.06

2 2000 0.138960 8*10™ 0.225369 1#107

3 5000 693.44 46965 1911.14 564257

4 5000 0.565117  8.6%107 1.233762 0.16

5 20000 58.543 1141 72.541088 887

6 1500 0.000000 0 0.000000 0

7 3000 0.004121  1.2*10°  0.004788 2.3*%10°

As this paper mentioned before, Functions 1-7 are
unimodal functions. Thus, these functions focus on comparing
the convergence rate of GMGA to SGA for they are difficult

to track into local optimum. It is obvious that the convergence
rate of GMGA is much faster than SGA for guided mutation
operation plays an important role in improving convergence
rate. Because of the lack of local search operation in SGA and
GMGA, the final outcomes may not be as good as many other
algorithms.

In functions 8-13, especially in function 8, although the
final results of GMGA are better than GA, the convergence
rate of GMGA is slow at first. The performance of GMGA and
SGA in functions 8-13 are showed in TABLE III. The
convergence process of GMGA and SGA in functions 8-13 are
showed in Fig. 2:
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Figure 2.  Convergence process of GMGA and GA in functions 8-13.
Guided mutation operation improves GA’s global search
TABLE IIL gVTH[‘;]‘;% %’IEAN S AV%RAGE RESULTS IN 30 TIMES, ability and the accuracy in high dimension functions. GMGA
15 THE SQUARE DEVIATION. and SGA both are with great global search ability for they can
Function MAXGEN GMGA SGA makfa large jumps in mutation operation. Therefore, they can
Mean Stddev _Mean Stddey obtain good outcomes in the end. However, due to the lack of
8 9000 -12569.453  1.8*10"  -12569.450  2.8*10 1 1 h abilitv. they hardly obtain the global opti
9 5000 0.012383  3.610° 0023190  1*10* ocal search ability, they hardly obtain the global optimum.
10 1500 0.178854  1.4*10° 0289474 3*10° Though functions 14-23 are also multimodal functions,
11 2000 0.152551 1.4*10” 0.441348 0.014 h ith 1 di . d a f 1 1 mini Th
12 1500 0000854  84%107 0003043  3.9%10° they are with low dimensions and a few local minima. The
13 1500 0.008497 3%10° 0.039171  2.3*10* performance of GMGA and GA in functions 14-23 are listed

Functions 8-13 are multimodal functions with plenty of local
minima and high dimensions. Thus, plenty of regions contain
high fitness chromosomes. In the beginning, the estimated
chromosomes are so limited that can’t accurately reflect the
average fitness of a region, therefore, GMGA regards a region
containing high fitness chromosome as the best region. After a
great number of chromosomes have been considered, the
accuracy of regions’ fitness is much more precise than before.
Thus, the region contains global optimum can be found and
the final outcomes of GMGA are much better than SGA.

in TABLE IV, the convergence process are showed in Fig. 3:

It is obvious that GMGA is not much better than SGA in
these functions. In functions 21-23, GMGA is unstable. Take
23 for example, the global optimum of function 23 is -10, this
paper runs GMGA for 1000 times, the possibility of the result
being less than -9 is nearly 61%. There are two reasons
contribute to this situation. One is that GMGA only runs 100
generations, the region with global optimum is difficult to be
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TABLEIV.

WHERE MEAN IS THE AVERAGE RESULTS IN 30 TIMES,
STDDEV IS THE SQUARE DEVIATION.

discovered. The other reason is that GMGA lacks local search
ability. Although the region with global optimum is found, it is

. GMGA SGA hard for GMGA to find a great result in a large region.
Function  MAXGEN Mean Stddev Mean Stddev & & &
14 100 1.000003  4.6*10"°  1.000021  3.3*10”
15 4000 0.000558  3.8*10°  0.000590  9.8%10° C. Parameters Analysis
16 100 -1.031320  5.3*10°  -1.031096  1.5%10” . .\
17 100 0.398055 2.3%107 0.398100 5.7%10°8 GMGA introduces a new parameter, partltlon numbers
18 100 3.000350  1.2%¥10°  3.005933  9.2*10° (PN). This section discusses the relationship between PN and
19 100 -3.723845 2‘7:10:2 -3.724530  2.7*10° GMGA’s performance. Fig. 4 shows the performance of
20 2000 -3.243747 228107 3257210 0.03 GMGA with different PN in function 1.
21 100 -8.023451 59 -6.663288 7.3
2 100 -8.083881 08 8.513930 54 GMGA performs great from 20 -200. However, from 200
23 100 -9.085124 4.1 -8.933987 5.8 to 500 the performance is getting worse with the increase of
PN. This situation may account for the small competition
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Figure 3. Convergence process of GMGA and GA in functions 14-21
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Figure 4. Relationship between PN and performance of GMGA in functionl.

number used in tournament operation. In this experiment,

GMGA randomly get 3 regions and choose the best. If PN is

large enough, tournament operation acts as random selection.

Thus the results are poor.

Fig. 5 shows how the PN changes the performance of
GMGA in function 8.

The performance of GMGA keeps improving as the PN
increase. One reason is that if a region is large enough, the
region probably contains plenty of local minima points. A
region with plenty of local optima may be regarded as the
region with the highest potential to find global optimum. Thus
the global optimum can’t be obtained. Another reason
contributing to this situation is that GMGA have to search in a
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-12569.30+

-12569.354

-12569.40+

-12569.45 -] =

performance of GMGA

-12569.50

0 100 200 300 400 500

PN
Figure 5. Relationship between PN and performance of GMGA in function 8.
large space when PN is small. It is difficult for GMGA to
finds the optimum for lacks of local search ability.

V. CONCLUSION

This paper presents a novel guide mutation to improve the
performance of evolutionary algorithms. To validate the
proposed guide mutation, we combine it into a SGA and form
a guided mutation GA (GMGA).23 benchmark functions with
different characteristics are used to investigate the
performance of GMGA. The experiment results show that
guided mutation operation is very effective in improving the
performance of SGA.
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