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ABSTRACT

This paper was aimed to demonstrate the modification on chromosome representations
for solving two non-linear continuous mathematical models with single and multiple variables
using binary chromosome genetic algorithms (GA). The binary chromosome was used to
encode single variable and two variables models, whilst both optimum solutions from each
model were initially identified. The experixneﬁtal results obtained from factorial design after
applying GA to solve both models, each of which with five replications, were analysed using a
general linear form of analysis of variance and main effect plots. It was found that the
appropriate setting of GA parameters was case dependent due to the nature of the problems
and the size of its solution space. [t was also found that the random seed, which is not GA

parameter but is a nuisance factor occurred during the random procedure, affected on the

performance of the algorithms.
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1. INTRODUCTION

Optimization approaches can be categorized into two classes: conventional and
approximation optimization algorithms [1]. Conventional optimization algorithms are usually
based on mathematical models such as linear programming, branch and bound or dynamic
programming. Approximation optimization algorithms are based on constructive or stochastic
search techniques where the optimal solution may not be guaranteed. Constructive methods
usually involve a specific rule .or heuristic to construct a solution such as dispatching rules or
critical path method.

Stochastic search techniques sometimes called meta-heuristics or intelligent
optimization techniques [2] are characterized by a repeat process that will be terminated when
a specified condition is satisfied. These algorithms such as simulat=d annealing, taboo search,
neural network, ant colony or genetic algorithms have different mechanisms of searching an
optimal solution in a solution space. Simulated annealing, taboo search and most conventional
methods usually perform la unidirectional search using a single candidate solution, whilst
genetic algorithms perform a multidirectional search by maintaining a number of potential
solutions [Bj. Due to this advantage, applied research using genetic algorithms has been fm'md
favorite.

Genetic algorithms (GA) have been used for solving various complex problems and
have been successfully applied in many areas of science and engineering. The well-known
applications include scheduling [4], supply chain management and logistics [5. 6], fucility
layout [7], course timetabling (8] and mathematical model [9]. Due to various types of GA
parameters, the performance of GA may depend on the setting of its parameters such as the
population size, the number of generation and the probabilities of crossover and mutation.
Previous research [10] suggested that according to the nature of application problems, the

appropriate setting of GA parameters and operators may be case dependent.
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Since decision variables used within GA applications are encoded into chromosomes
(candidate solutions), which consists of series of genes. The usage of an inappropriate coding
scheme has been the cause of many GA failures [11]. Chromosome representation is therefore
very important. Generally, genes are represented by either numeric (binary or real) or
alphanumeric characters but the classic chromosome representation is binary digit. The
objectives of this work are to demonstrate the modification on chromosome representations
for solving two non-linear continuous mathematical models with single and multiple variables
using binary chromosome genetic algorithms and to compare the results from both

applications.

2. MATHEMATICAL TESTING FUNCTIONS

Two non-linear continueus mathematical models (see equation | and 2) adopted from
Montgemery [12] and Todd [13] respectively, were used to test the performance of genetic
algorithms. The first model consists of single variable (x), which was considered over the
range between 0 to 10. The later model comprises of two variables; speed (x;) and pressure
(x2), which were limited to the range of 100 to 140 for x; and 10 to 20 for x., The plots of both

functions are illustrated by Figure 1a and 1b.

S(xX)=4+[B-x/1.6)*(0.5-x/1.6)*(6.2—x/1.6)*(2~x/1.6)]/6 (1
S(x.x,) =1217.3-31.256x, +86.017x, +0.12917x," —2.8733x," + 0.02875x,x, (2)
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Figure 1 the plots of equation | and 2.

99




KMITL Sci. J. Vol. 5 No. 1 Feb. 2005

Figure 1(a) shows the plot of the equation 1 that contains both local and global
optimum. The best value of x at 8.29584 is initially determined and maximized the function
value 0of 9.515504816. Figure 1(b) shows response contour and surface plots of the equation 2.

The best value of x; at 119.87494 and x; at 10 were initially identified and minimized the

function value of f(x,,x,) to-66.03402.

3. GENETIC ALGORITHMS (GA)
Genetic algorithms, which were first presented by John [lolland [14], are search and
optimization tool for solving combinatorial optimization problems | 15]. General procedure of

GA involves chromosome representation and initialization, genetic operations fcrossover and

mutation), fitness evaluation and chromosome selection for the next generation 3.

Simple mechanism of genetic algorithms initially begins by encoding the problem
variable to produce a series of genes, which can be represented by either numeric (hinary or
real), or alphanumeric characters. Genes are then randomly combined to produce a population
of chromosemes, each of which represents a possible (candidate) solution The length of the
classical binary chromosome depends on the required precision In this work. the chromosome
length of ten was used Lo solve equation 1 and twenty (ten for cach varable. vy for equation 2

(see Figure 2).
|4— 2y —>‘+— e —>]
Parent 1 =[0001 101001 0001110010]

Parent 2 =[1001101101 1001011011 | Parent = [O00TTOIO0T 11011 T0010]
Offspring 1 = [0001101101 0001111011] Offspring = (0101101001 LOOTITOO10]
Offspring 2 =[1001101001 1001010010

One point crossover operator Randem mutation operator

Figure 2 Crossover and mutation operations.

Genetic operations (crossover and mutation) on chromosomes are next performed by
randomly selected chromesomes as parents from the population for producing oltspring

There are several types of crossover and mutation operators reviewed i lierature Hlo. 170 In
this work. one point crossover and randomly mutation operations were used (see Figure 2
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The number of parent chromosomes selected for genetic operations depend on the
specification of probabilities of crossover and mutation. Todd [13] recommended that the
probability of crossover should be in a range of 0.6 to 0.9 whilst the probability of mutation
should range from 0.01 to 0.1. The chromosomes’ fitness values are then measured using
fitness (objective) function. The most famous chromosome selection process based on the
roulette wheel principle is then implemented in order to select the chromosomes for the next

generation. The GA process is repeated until a termination condition is satisfied,

4. EXPERIMENTAL DESIGN AND ANALYSIS

In this paper, experimental work was separately considered as the application of GA to
solve the equation I (experiment A) and the equation 2 (experiment B). The design of both
experiments was similar in order to draw a comparison and conclusion of the GA performance
from the analysis of both experiments. Three genetic parameters considered as factors in both

experiments were listed in Table 1.

. Level .

Factors considered e High ()
Population / Generation (P/G) 40/20 (200/100)  20/40 (100/200)
Probability of Crossover (%C) 0.6 0.9
Probability of Mutation (%M) 0.01 0.18

Table | Experimental factors and its levels

The first factor was a combination of the population size and the number of generations
(P/G), which influences the creation of chromosomes (candidate solutions) and execution time
during the GA process. Different combinations were considered that produced a total of 800
(20x40) chromosomes for solving the equation 1 and of 20,000 (200x 100) chromosomes for
solving equation 2 due to larger solution space. The values considered for this factor were
based on test runs that indicate convergence within the range given. The last two factors were

the probabilities of crossover (%C) and mutation (%M) where the range considered for these

factors were based on the recommendation by Todd [13].
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Ihe computational experiment A and B were carried out by adopting three factors and
two levels full fractional factoral 27 design [ 12] with ten repllczltibm. each of which was
implemented with different random sceds. The GA program was written and run on personal
computer with CPL ,ﬂ.\l_‘ud of | Gz Execution ume for each runs on experiment A 'loul;: less
than ten seconds The experimental results ubtained from 80 (2% 10) runs were analyzed using
a general linear model form of analysis ol variance provided by the statistical software
package called Minitab. The analysis ol variance (ANOVA) on Fhe best function value

obtained from experiment A and B are shown in Table 2 and 3, respectively. In general, the

ANOV A table containg a source ol variation, sum ol squares (SS), degree of freedom (DF),

mean squares (MS), F and g values [12].

Source DF SS MS [ 2
P/IG l 0.0093 0.0093  3.56  0.063
20C 1 0.0034 00039 L3N 20,256
%M 1 0.0120 0.0120 4.60 0.036
PIG*%C | 0.0013 0.0013 049 0485
P/G*%M I 0.0076 0.0076 290 0.093
Y C*H%M 1 0.0053 0100531 -2 1015 (iG]
P/G*24C*%M | 0.0020 0:0020:5: 0078 0,387
Seed 4 0.0593 0.0148 567  0.001
Error 68 0.1778 0.0026
Total 79 0.2780

Table 2 ANOVA on the best results obtained from experiment A.
Source DF 58 MS F S
P/G : 1 187.71 187.71 ~ 16.91  0.000
C l 145.73 14573 13127 0001
%M I 401.73 401.73 36.18  0.000
PIG*%C 1 38.43 3843 346  0.067
P/G*%M 1 71.79 Tl 9 6 a0 0118
Y%C*%M 1 5.50 550 0.50 0.484
P/G*%C*%M 1 0.30 0:300:.0.0357 " 0.869
Seed 4 84.27 2107 1905 0212
Error 68 755.04 11.10
Total 79 1690.49

Table 3 ANOVA on the best results obtained from experiment B.

Table 2 summarized the estimation of GA parameters considered as main factors and
interactions between factors corresponding to the function values obtained from the equation 1.
[t can be seen that only the probabilities mutation (%M) were statistically significant with a
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95% confident interval for the p value less than or equal to 0.05. The significant main effect
plot (see Figure 3a5 suggested that low level of %M should be selected. It was also found that
random seed, which isnota GA parameter but is a nuisance factor occurred during the
random procedure, was also statistically significant. This factor may be uncontrollable due to
the random generator of each programming language. A combination of this nuisance and the
nature of stochastic search within GA may create an interaction effect on the performance of
GA.

From Table 3, all main factors, which were the combination of the population size and
the number of generations (P/G) and the probability of crossover (%C) and mutation (%M},
were statistically significant. The main effect plot (see Figure 3b) suggested that high level of
P/G and %C should be selected but vice versa for %M. Moreover, only interaction between
P/G and %M was found significant. Random seed was however not statistically significant in
this case.

(a) Experiment A (b) Experiment B
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Figure 3 Main effect plots of significant main factors.

From analysis of variance and main effect plots of significant main factors of _
experiment A and B, it can be seen that an appropriate setting of the probability of mutation
suggested by experiment A should be at low level but vice versa on experiment B. Moreover,
random seed was found statistically significant on experiment A but not on experiment B.
This work suggested that the appropriate setting of GA parameters was case dependent due to

the different problem size and solution space.
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5. CONCLUSIONS

Genetic Algorithms (GA) was applied to solve two non-linear continuous mathematical
models with single and multiple variables. The binary chromosome was used to encode single
variable and two variables models, whilst both optimum solutions from each model were
initially identified. The objectives of this work were to demonstrate the modification on
chromosome representations for various numbers of variables within mathematical models
and comparatively discuss the results obtained from both experiments. The computational
experiments were separately carriéd out by adopting a full factorial design with ten
replications for both mathematical models.

Both experimental results obtained were analyzed using a general linear form of

analysis of variance and main effect plot. It was found that only one main factor, probability

of mutation, was statistically significant for both cases. Other main factors, the combination of

population size and number of generations and probability of crossover, were statistically
significant at least in one case. This means that the appropriate setting of GA parameters was
case dependent due to the nature of the problems and the size of its solution space. It was also
found that the random seed, which is not a GA parameter but is a nuisance factor occurred
during the random procedure, was also statistically significant. This factor may be
uncontrollable due to the random generator provided by programming language. A
.combination of this nuisance and the nature of stochastic search within GA may create an

interaction etfect on the performance of GA.
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