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ABSTRACT

This paper proposes a modified GA whose individuals have their own ages. Thus, a chromosome will die only
when the age becomes zero, as a result, the population size of this method increases according to the generations.
This helps a GA to preserve the good characteristics of a few chromosomes during several generations if the ages
are evaluated with fitness values. As a result, the performance of the method is better than that of existing ones. A
multi-modal function optimization problem is employed to simulate the performance of this method. To show the
effectiveness of ageing paradigm, three ageing evaluation methods are introduced. A paper whose idea is similar to
that of ours have been published in a conference. We also experimented a method that showed the best perform-
ance in lthe paper. Original simple GA was also experimented and the performance is compared with others. How-
ever, the performance of the previous method shows worse than that of our methods in some aspects because the

previous method didn’t take the fitness value into account in the selection process.
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I. Introduction Genetic Algorithms(GAs) methods based on the

genetic processes of biological organisms are adaptive

*Hd i Bhal A B AR methods for solving search and optimization pro-
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blems [1, 2, 3, 4]. GAs are robust, and can be applied
to a wide range of problem areas that are difficult to
solve. The solutions of GAs are generally good at fin-
ding acceptably good solutions acceptably quickly. A
GA operates through a simple cycle of stages:(1) cre-
ation of a population of strings, (2) evaluation of each
string, (3) selection of the best strings, and (4) genetic
manipulation to create a new population of strings.

In existing GAs, the good characteristics of geneti-
cally manipulated parents are sometimes destroyed in
the next generation. This is because such parents are
permanently deleted from the population, even if the
fitness of the generated offsprings are not better than
that of the parents. Moreover, a currently bad chro-
mosome with a high latent faculty may generate good
offsprings in some next generation. From these observ-
ations, we think that there is only one chance for par-
ents to generate offsprings. That is, all chromosomes
in a population have a few chances to create offsprings
for a few generations in proportion to their fitness.

This paper proposes a genetic algorithm having age-
ing chromosomes. Each individual in our genetic al-
gorithm lives for a few generations. Their lifetimes
correspond to the value of its age that is derived from
the fitness. In this paper, we will show that this
method increases two probabilities: one is that good
characteristics of a few chromosomes can be preserved,
another is that good characteristics can be revealed
from currently bad chromosomes.

We simulated our method with a multi-modal func-
tion optimization problem. In this simulation, three
equations for calculating the age of each individual
are used. A similar paper to ours have been published
in a conference [5]. In the paper, the authors took
lifetime for each chromosome. They, however, didn’t
take the fitness of a chromosomes into account in the
selection process. We experimented a method that
showed the best performance in the paper. Original
simple GA was also experimented and the perform-
ance is compared with others. Simulation results show

that our method outperforms the other two methods
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in some aspects.

This paper is organized as follows. Section 2 provid-
es a brief description of genetic algorithms. Our gen-
etic algorithm and a similar algorithm are described
in section 3. Simulation and discussion is given in sec-

tion 4. This paper is concluded with section 5.
. Brief Review of Genetic Algorithms

GAs are adaptive methods for solving search and
optimization problems (1, 2, 3, 4]. They are based on
the genetic processes of biological organisms. Natural
populations over many generations evolve through
natural selection and survival of the fittest. GAs sim-
nlate those processes in natural populations which are
essential to evolution. It has been shown that these
GAs can well be applied to real world problems if
they are suitably encoded. The combination of good
characteristics from different ancestors can sometimes
produce a superfit offspring, whose fitness is greater
than that of either of the parent. In this way, species
evolve to become more and more well suited to their
environment.

The power of GAs comes from the fact that the te-
chnique is robust, and that can deal successfully with
a wide range of problem areas, including those which
are difficult for other methods to solve. GAs are not
guaranteed to find the global optimum solution to a
problem, but they are generally good at finding ac-
ceptably good solutions to problems acceptably quickly.

A GA operates through a simple cycle of stages: (1)
creation of a population of strings, (2) evaluation of
each string, (3) selection of best strings, and (4) gen-
etic manipulation to create a new population of str-
ings. Algorithm 1 shows the structure of a simple gen-

etic algorithm.

Algorithm 1 Simple Genetic Algorithm
A/t time/
// P:populations /
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1 <0

2 initialize P(¢)

3 evaluate P(¢)

4  While (not termination-condition)
5 do

6 te—t+1

7 select P(¢) from P(t—1)

8 recombine P(f)

9 evaluate P(¢)

10 end

all individuals have their own ages which are given
from fitness measures. Each individual remains alive
for a few generations according to the value of its age.
We take three methods in deciding the age. These
methods are simulated and compared to each other.
In our GA with ageing chromosomes, good charac-
teristics of chromosomes will be conserved through-
out the solution process. Algorithm 2 shows our
modified GA, termed an Ageing GA (AGA).

Before a GA can be applied to a problem, the pro-
blem must be coded. Then, the specific number of in-
itial individuals are generated according to the coding
method. These coded genes are evaluated to measure
the fitness of the solution. To make a next generation,
selection and recombination are necessary. This pro-
cedure does not stop until satisfiable solutions are
obtained. More detailed descriptions about GAs are

available in {1, 2].

. A Genetic Algorithm with Ageing
Chromosomes

The number of individuals in existing GAs is fixed
because their parents generate the same number of in-
dividuals. Even if good characteristics of chromosomes
in offsprings are spread throughout the population,
high latent faculties of a few chromosomes-they have
currently low values of fitness-may die out. This is
because roulette wheel selection provides only a
chance to keep their characteristics in the next gener-
ation. Especially, when a few individuals have very
low values of fitness, they have no chance to preserve
their characteristics. Moreover, there are no theorems
for deciding the initial number of individuals even if
the initial number of individuals affects the perform-
ance of GAs [6, 1].

This paper proposes a genetic algorithm with ageing

chromosomes from these observation. In this method,
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Algorithm 2 Ageing Genetic Algorithm
//titime//
// PP :populations pool/
// SP:selected populations /

1 t<0

2 initialize PP and initial populations

3 evaluate each chromosome in PP

4 decide the age of each chromosome

5  While (not termination-condition)

6 do

7 te—t+1

8 select populations from PP

9 recombine SP

10 evaluate SP

11 determine the ages of new chromosomes

12 insert the new chromosomes into PP

13 subtract 1 from the values of ages of all chro-
mosomes

14 remove chromosomes having zero age

15 end

In our AGA, the age of a chromosome is deter-
mined from three strategies. First method selects the
age of each individual from a random number gener-
ator with an allowable maximum value given by the
designer. Second method is the same as the first one
except the fact that the allowable maximum random
number is calculated from the fitness measure. Thir-
dly, the calculated value in the second method is taken

as the ages not the allowable maximum number.
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Ai=1 +random(Amaz) m)
Ai =1 +random(Amar * [ [f max) )
A,’:l +'Amax*fi[fmax (3)

Equation 1-3 shows the equations of the three methods
random(x) produces a random number from zero to x,
Amax is the maximum allowable age, f; is the fitness of
i’th chromosomes, and fmax is the current maximum
fitness value. The three methods will be called random
ageing method(RAM), calculated random ageing method
(CRAM), and calculated ageing method(C AM), respect-
ively.

Arabas et al. presented a method - termed GAVaPS
(Genetic Algorithm with Varying Population Size)-
similar to our method in a paper [5]. The major idea of
the paper is the same as that of this paper. They,
however, didn’t take the fitness of a chromosomes
into account in the selection process. That is, their
method randomly selects the parents without con-
sidering the fitness of chromosomes. The paper also
introduced a reproduction ratio that was given as:
AuxPopSize(t) =[PopSize(t)* p] where AuxPopSize(t)
is newly generated offspring size, PopSize(?) is current
population size, and p is a reproduction ratio. Their
experiments was brought into focus on the perform-
ance of their method according to the reproduction
ratio. Three ageing strategies, proportional allocation,
linear aliocation, bi-linear allocation, was provided and

experimented. The three strategies are as follows.
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where MinlL T and MaxLT are values of minimal and
lifetime,

MaxFit and MinFit represents average, maximal and

maximal allowable respectively ; AvgFir,
minimal fitness values, respectively; AbsFitMin and

AbsFitMax stand for maximal and minimal fitness
1
values found so far;? is ~2' (MaxLT —MinLT). Four

multi-modal functions were employed to test their
methods. Experimental results of the paper showed
that the linear allocation method found the best sol-
ution among the methods, but the function evaluation
cost of the method is the highest.

IV. Simulation

To illustrate the performance of the AGA, a multi-
modal function that is an example of the paper [5] is
used.
f(x)=—xsin(10nx) +1, where —2.0<x<1.0 (8)
The first step in optimizing the function over the inter-
val [0-255] is to encode the parameter set x, that is, an
eight-digit binary string 00000000-11111111. Next, N in-
itial chromosomes are generated using a random num-
ber generator. These N chromosomes are inserted into
the populations pool. Such individuals in the PP are
evaluated by fitness measure and selected to recom-
bine new individuals. Newly generated individuals are
evaluated their ages, and inserted into the PP. The
GAVaPS algorithm and simple genetic algorithm were
also implemented to compare the performance with
our methods. We experimented our three ageing
methods, the linear method that was shown the best
performance in [5], and original simple GA. Three
parameters-the number of initial individuals, the
methods of ageing, and the allowable maximum ages-
were taken to experiment. Table 1 shows the values of
simulating parameters.

This paper takes five performance measures:1) the

first generation number for finding the optimum sol-
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Table 1. Simulation Parameters

the number of initial individuals 10, 30, 50, 80
the methods of ageing 1,2,3,5
the maximum ages 4,8,12,16, 20

ution, 2) the variance of value of maximum fitness
after reaching the optimum solution, 3) the average
number of chromosomes, 4) the average age of the
generated chromosomes in each generation, 5) the
first measure per the third measure. Fifth perform-
ance measure indicates that the searching ability of a
method under same number of chromosomes. Thus,
this measure is the most important. The variance,

termed “nipple” in this paper, is given as follows.

pasgenersions (f 7 — MaxFit)?

N

where the find _best means the first generation number
of finding the optimum solution and the max _generat-

ions indicates the final generation number that is given

by human as a parameter; where /7 is the maximum
fitness value of I'th generations, MaxFit is the best
solution, and N is the number of added nipple terms.
The performance of GAs is based on the operators
whose operations depend on the probability of each
operator. Also, the parents are selected randomly from
the population using a scheme which favors the more
fit individuals. These facts indicate that the perform-
ance of a GA is probably better than that of others
depending on the operations. Thus, we take a statistic
manner to evaluate the characteristics of each simu-
lation method. That is, we take average values of the
parameters. For example, if we pay attention to the var-
iation of the first performance measure in comparison
with the number of initial individuals, then the results

of first measure in all maximum ages are taken to cal-
culate the average value of the first measure.

Figure 1-5 shows the results of all performance mea-
sures. The maximum number of generations in the
experiments is set to 300. Thus all experiments are

finished when the the number of generations becomes
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Figure 1. First generation number to find an optimum solution in each methods
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the average nipple after finding optimum

the average ages of newly generated chromosomes
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Figure 2. Variance after reaching an optimum solution
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21



A R X5 Al 295 =EA] 1997 Vol. 7, No. 2.

the average number of chromosomes

the performance of each method
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Figure 4. Average number of chromosomes
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Figure 5. Performance of each method
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300. As shown in Figure 1, CAM outperforms the
four other methods when the number of initial chro-
mosomes is 10. According as the number of initial
chromosomes increases, however, the performance of
SGA and LAM are greatly enhanced than that of
other methods. The performances of LAM are good
where the number of initial chromosomes is greater
than about 30. This result may be due to the fact that
although the age of a chromosome has better pro-
portion to its fitness value, the effect is not large when
the the number of initial chromosomes are larger than
about 30. Selecting the parents with their fitness
shows better in case of only small initial chromosomes
as shown in figure 1. As mentioned in section 3, LAM
randomly selects the parents without considering their
fitness. Thus, the fitness of chromosomes in the
method affects only the calculation of lifetime of each
offsprings. That is, where the initial chromosomes are
greater than 30 the performance of CAM and LAM
is nearly same each other. The performance of RAM
shows considerably bad performance where the num-
ber of initial chromosomes is less than 30. However,
RAM shows nearly same performance as the others
where the number of initial chromosomes is greater
than 80. SGA shows medium performance, however,
the increasing rate of performance is lower than that
of others. Above 30 initial chromosomes, the SGA
shows the good performance and the difference of
performance among the methods are reduced, this
indicates that the ageing methods do not effect the
performance where the number of initial chromo-
somes ar¢ many. Figure 2 shows the variance of the
maximum fitness of each generations after finding op-
timal solutions. This measure is an important one in a
point of view that this measure indicates how much
the method can keep the good fitness of chromosomes.
In figure, the result of each method is very similar one
another. However, the SGA shows the lowest vari-
ance where the number of initial chromosomes are
greater than about 30. This may be because the effect

of good fitness of alive chromosomes decreases when
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the initial chromosomes is large. The CAM and
RAM shows relatively good performance in this view-
point. The average age of each method is shown in
figure 3. We took five maximum ages-4, 8, 12, 16, 20
as shown in table 1. We averaged the age of all gen-
erated chromosomes in each experiment. As shown in
figure, the average age of CAM is the largest. It is
very natural result that the average age of SGA is 1.
Figure 4 shows the average number of chromosomes
in each method. The average number of chromosomes
in SGA is naturally the same as the number of initial
chromosomes. The other methods, however, increase
the average number of chromosomes although the in-
itial chromosomes are constant. CAM shows the
largest average number of chromosomes. Generally,
according to increasing the number of chromosomes,
the performance of GA is also increased. Thus, we
take a new performance factor as:Gy/A** 1000, where
the Gy is the first number of generation of finding op-
timum and A4° the average number of chromosome in
each method. Figure S shows the performance. The
CAM shows the best performance and the RAM and
CRAM present relatively good performance. The per-
formance of LAM is better than that of SGA, how-
ever, it is not better than that of RAM, CRAM, and
CAM. When initial number of chromosomes are large,
the difference of performance among the methods is
reduced. This indicates that the ageing method greatly
affects in the case that the number of initial chromo-
somes are small. Simulation results indicate that the
CAM method is the best one to find the final opti-
mum solution even when the performance is divided
by the average number of chromosomes.

AGA is an extended method of the original GA.
This method provides a designer with a general and
flexible environment for designing the structure of a
GA. This is because in an existing environment, the
fitness of a chromosome affects only the selection, but

AGA can affect the decision of age.
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V. Conclusion

A modified GA having ageing chromosomes is de-
signed and simulated. This method provides a design-
er with another dimension of operators to devise the
operations of a GA. The performance of AGA can be
varied according to versatile ageing methods. A de-
signer can devise his own ageing method to improve
the performance. Our method is similar to the
GAVaPS one. Simulation results of a multi-modal
function optimization, however, show that the CAM
method outperforms four other methods. This is
caused by a fact that the age of chromosomes had
better proportion to their fitness than random. The
performance of LAM is worse than that of CAM be-
cause the method didn’t take the fitness value into ac-
count in the selection process. According to appli-
cation areas, the ageing methods can be modified to

fit in the applications.
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