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Abstract-In this paper, we explore the utility of the 
concept of aging of individuals in the context of 
steady state GAS for nonstationary function optimi- 
zation. Age of an individual is used as an additional 
factor in addition to the objective functional value in 
order to determine its effectivefitness value. Age of 
a newly generated individual is taken as zero, and in 
every iteration it is increased by one. Individuals un- 
dergoing genetic operations are selected based on the 
effective fitness value, which changes dynamically. 
This helps to maintain diversity in the population and 
is useful to trace changes in environment. Simula- 
tion results show some promise for the utility of the 
present technique for nonstationary function optimi- 
zation. 

1. Introduction 

It is well known that a species is more robust against chang- 
ing environment if it can maintain diversity in the existing 
population which gives it better scope to adjust to the chang- 
ing environment. A key element in a Genetic Algorithm (GA) 
is that it maintains a population of candidate solutions that 
evolve over time [ 1, 21. The population allows the GA to 
continue to explore a number of regions of the search space 
that appear to be associated with high performance solu- 
tions. As long as the population remains distributed over the 
search space, there is good reason to expect the GA to main- 
tain diversity so as to adapt to changes in the environment 
(the objective function) by reallocating future search effort 
toward whatever region of the search space is favored by 
the objective function. However the natural tendency of stan- 
dard GAS (SGA) to converge rapidly reduces their ability to 
identify regions of the search space that become more at- 
tractive over time. 

The problem of optimization in a nonstationary envi- 
ronment can be thought of as optimizing a series of time 
dependent optima. Because the SGA works to find an opti- 

mum, some modified versions of it is expected to be useful 
in searching for a series of optima. Two basic strategies have 
been suggested in the literature for modifying the SGA to 
accommodate to changing environments [3]. The first strat- 
egy is to expand the memory of the SGA in order to build a 
repertoire of ready responses for environmental conditions. 
The second is to employ some method for increasing diver- 
sity in the population in order to compensate for changes in 
the environment. In the present investigation we will use a 
new strategy to continuously maintain diversity in the popu- 
lation, but in a different context and different way. 

Usually, in generational replacement based GAS the 
whole population is replaced in every iteration. On the other 
hand, in steady state GAS (SSGA, say) [4, 51 only a few 
individuals are replaced in each iteration. In this article we 
will be concerned with steady state type GAS only. SSGAs 
having smaller population sizes normally lose diversity very 
fast, and larger population sizes increase the cost of compu- 
tation and slow down the speed of convergence. In SSGA 
since only one or two individuals are replaced in each itera- 
tion, it can provide a better scope to keep the population 
distributed over a larger fraction of search space by appro- 
priately choosing individuals undergoing genetic operations 
and individuals which are to be deleted. This, in turn, will 
increase the expectation of maintaining diversity in the popu- 
lation, adopt to changes in the objective function by reallo- 
cating future search effort toward the region favored by the 
present environment. 

The aim of the present article is to test the utility of the 
concept of aging of individuals in the context of SSGAs, 
introduced in [6] and described in short in the next section, 
to optimize nonstationary functions. The main idea of in-  
corporating the effect of aging of individuals was to main- 
tain more diversity in the population for SSGAs. Empirical 
results for two test problems show good promise to trace 
changing environments. 
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2. Overview of Aging of Individuals 

Here we give an overview of aging of individuals [7, 81 and 
the existing literature for nonstationary function optimiza- 
tion. 

2.1 The basic concept 
In conventional SSGAs the suitability or fitness of individu- 
als for undergoing genetic operations is determined by their 
objective functional value only. On the contrary, in natural 
genetic system, age of an individual also plays a key role to 
determine its fitness or suitability for parenthood so as to 
take part in genetic operations. By analogy with nature the 
concept of aging of individuals was introduced in SSGAs 
also [6]. This acts as an additional factor so as to determine 
the suitability of individuals. As soon as a new individual is 
generated in a population its age is assumed to be zero. In 
every iteration, age of each individual is increased by one, 
Le., one iteration is equivalent to incrementing the age of 
individuals by one. Each individual is assigned a maximum 
age limit after which its fitness value (with respect to age 
only) becomes zero. Effective fitness of an individual is de- 
fined as a combined function of its objective functional value 
and age and thus changes dynamically. The individuals are 
then subjected to genetic operations like selection (based on 
this effective fitness value), crossover, mutation and dele- 
tion as in conventional SSGAs. This modified GA is called 
aGA. Thus in the aGA, instead of only one feature, two fea- 
tures are used to measure the effective fitness or suitability 
of an individual. 

Such an effective fitness based evaluation technique 
seems to be more natural as the aging process is well-known 
in all natural environment [7]. After a maximum age limit, 
contribution of agingfactor to each individual's effective 
fitness value will become less and eventually (mostly) die, 
i.e., deleted from the population. Thus, in this case a par- 
ticular individual cannot dominate for a longer period of 
time. This helps to maintain diverse types of individuals in 
the population even with smaller population size, which in 
turn may help to trace changing environment. 

A block diagrammatic representation of the aGA is 
given below. Note that steps 2-6 constitute an iteration. 

___.________________-----------_---------------------------------------- 
1. Randomly generate individuals and their ages to initial- 

ize a population. Compute their objective functional val- 
ues. 

2. Compute effective fitness value of each individual using 
its objective functional value and age. 

3. Select a few individuals based on the effective fitness 
values. 

4. Perform crossover and mutation to produce new individu- 
als. Set ages of these new individuals to zero; and com- 
pute their objective functional values. 

5. Delete members from the existing population to make 
room for these new individuals. 

6. Increase age of each individual of the population by one. 
7. If stopping criterion is satisfied, STOP, if not, go to 2. 

Top-level description of the aGA 

2.2 Mathematical formulation 
Letfv, be the objective functional value of an individual Zi 
and let its age be ai. Then the effective fitness of this indi- 
vidual I, may be defined asfit, = F(g(fv,), h(a,)), where F, g 
and h are suitable functilons. In the present study we have 
made F, g and h to lie in [O, 11. 

The functional form of g (Le., how to map the func- 
tional value to fitness) is well studied [l]. In the present 
work we took g to be monotonically non-decreasing func- 
tion defined as 

(1) 
2 

= 1.0 - 2( -e) otherwise, 
Jk - Xnin 

where x,,, and xm, respectively, are the minimum and maxi- 
mum functional values attained in a particular iteration. 

The function h is cadled agingfunction. For this study 
we have chosen the following functional form which owes 
its basic intuition to nature where mainly the middle aged 
individuals are considered more fit than the young and old 
ones. 

h(a) = a /  bl if O I a < b l ,  
if bl I a < b2, = 1.0 

= 0.0 otherwise. 

The function is assumed I:O be symmetric about b/2, and thus 
the function has only two parameters (b & bl or b2). In this 
case individuals having ages in the range [b l ,  b2] are as- 
sumed to be the fittest (with respect to age) for genetic op- 
erations. Fig. 1 shows the shape of this function for bl = 25, 
b2 = 75 and b = 100. 

The function F can ;dso be chosen in various ways. For 
the present study, we took F to be a simple weighted gener- 
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Fig. 1 Aging function 

alized mean operator defined as 

F(x,,y,) = &PrT +(1-  P > x ?  . (3) 
with ~ E [ O ,  11. Here, x, = g(fvl) and y,  = h(al). 

2.3 Variation from previous studies 
There are some previous studies that address the problems 
of using GAS in nonstationary environments. The study in 
[9] explored a strategy of using dominance and diploidy for 
a two-state oscillating environment only. It is not clear how 
to extend this for an environment having more than two 
states. In a study, Grefenstette used a replacement strategy 
for large population [2] to replace a fraction of the popula- 
tion of an SGA with randomly generated individuals so as 
always to maintain some diversity in the population. The 
technique worked well in environments where there are oc- 
casional large changes in the location of the optimum. In 
another study, Cobb [ 101 investigated an adaptive mutation 
based mechanism which temporarily increases the mutation 
rate to a high value whenever the time averaged best perfor- 
mance of the population deteriorates. (Note that maintain- 
ing a constant high mutation rate is not useful for tracing the 
changing optimum.) In a recent paper a systematic study of 
different techniques suitable for nonstationary environment 
was made in [3]. 

All these studies were concerned with generational re- 
placement based GAS only. In the present investigation we 
propose a technique for using SSGAs with aging of indi- 
viduals for nonstationary environments. The present tech- 
nique also tries to maintain diversity in the population con- 
tinuously by not allowing individuals to dominate for a longer 
period of time, and permitting new individuals to take part 
in genetic operations. 

3. Simulation Results 

In the present study the parameters for the GAS have been 
chosen as follows. Population size was taken from the set 

{ 40, 100,200}. Crossover probabilities were taken in the 
range [0.6,0.9] in steps of 0.1, and mutation probabilities 
were taken from the set { 0.006,0.01,0.02,0.04} and a total 
of 48 combinations were tried. Binary coding scheme was 
adopted. The worst two individuals (for the case of aGA) 
were replaced by the two newly generated individuals in 
each iteration. 50 simulations were performed for each func- 
tion with different values of p in the range [0.1,0.9] in steps 
of 0.1. Proportional payoff selection procedure was adopted. 
Maximum age limit (P, of each individual was fixed to 100. 
For a typical illustration, we put the results corresponding 
to a small population size = 40, a crossover rate=0.9, and a 
mutation rate of 0.02. The aim is to show that the aGA per- 
forms better even for a small population size. 

3.1 Effect of aging on diversity 
Let us now study the effect of aging of individuals on diver- 
sity using the popularly used bias measure [ 111. Let s[i, j ]  
represent thejth bit of the ith chromosome. Then the bias 
b(t) of a population of size N with each chromosome having 
L bits for the tth iteration is defined as 

b(t) is a first order convergence measure which indicates 
the average percentage of prominent values in each position 
of the individuals. If a population has more bias, it is less 
diverse. To study the effect of aging on diversity we take the 
ripple function defined as 

i=l 

Variation of the mean of bias values of 50 simulations with 
iterations for the functions fr is displayed in Fig. 2 (p = 0.5). 
From this figure we notice that the bias of the population is 
always less for the aGA, i.e., population is more diverse for 
the aGA than the SSGA. This is possibly due to the follow- 
ing reason. In the SSGA if a particular solution has more 
functional value, it goes on getting chances to produce off- 
spring thereby increasing the chance of generating similar 
type of offspring. Thus the population diversity reduces very 
fast. By introducing the concept of aging, no individual is 
allowed to dominate for a longer period of time, thus pro- 
viding more scope of having various types of individuals in 
a pool. This helps to sustain population diversity. Similar 
was the findings for other functions studied in the following 
subsections. In order to test the tractability of the present 
concept the following two problems are considered. 
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Fig. 2 Mean bias value with iterations 

3.2 Tractability for the ripple function 
In this study the landscape of the objective functionfr is 
changed after a number of iterations (say, 7‘) when the spe- 
cies has attained a sufficiently stable state or whenever the 
GA is more or less converged. The objective function, to be 
evaluated at the tth iteration, thus becomes 

if t < T ,  

otherwise, 

or 

if t < T ,  

i=l 

otherwise. 

It can be noted thatfrl andfr2 have the same optimum (maxi- 
mum) functional value withfr (equation 5) ,  but the opti- 
mum points are different. In the first case (equation 6) the 
optimum point is shifted from 0.1 to 0.5 (small shift), whereas 
in the second case (equation 7) the optimum point is shifted 
from 0.1 to 95.5 (very large shift) at T=20,000. 

tained for different iterations for a typical value of p = 0.5, 
for both of these modified forms (equations 6 and 7) are 

Mean (over 50 simulations) of the best solutions ob- 

displayed in Fig. 3. From Fig. 3(a) we notice that when the 
landscape is changed after 20,000 iterations, functional val- 
ues evaluated by both the aGA and the SSGA is less. The 
aGA recovers this drop faster compared to the SSGA, thereby 
reflecting its capability of tracing the changing environment. 
Now let us see Fig. 3(b) which displays the results for a 
very large shift of the optimum point. The performance is 
dropped drastically for both the algorithms. The aGA is able 
to trace this change in the environment and recovers the loss 
in performance in a very slhort time; on the contrary the SSGA 
fails to get back its old performance. This is possibly due to 
the following reason. The aGA maintains more diversity in 
the population (see Fig. 2), Le., the population contains vari- 
ous types of individuals even at the time of changing the 
landscape. On the other hand, the SSGA converges to simi- 
lar types of individuals very fast and the diversity in the 
population is less. Recombination of diverse types of indi- 
viduals in the aGA produces new individuals suitable for 
the changed environment and thus the performance is im- 
proved. On the other hartd, recombination of similar types 
of individuals in the SSGA fails to generate new types of 

0 IOOOO 20000 30000 40000 
Iterations 

(a) 

0 10000 20000 30000 40000 
Iterations 

(b) 

Fig. 3 Mean best solutioin with iterations for (a)frl, (b)fr2 
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individuals suitable for the new environment and thus could 
not recover the loss in performance. This shows that the aGA 
is more robust and can trace the changing environment, un- 
like the SSGA. Similar results were also observed for other 
values of p in [0.3,0.8]. 

3.3 Tractability for Knapsack problem 
In the second study the algorithm was applied to a 17-ob- 
ject, blind, nonstationary 0-1 knapsack problem as used in 
[9] where the weight constraint was varied in time. The 0-1 
knapsack problem is an NP-complete problem where we 
maximize the total value of a subset of objects (selected from 
a set of N possible objects) that we place in a knapsack, 
subject to some maximum load or weight constraint. If we 
associate a value vi and a weight w, with thejth object, the 

constant to 50% only; even then the SSGA failed to attain a 
level close to the actual optimum. On the contrary the aGA 
attained a level close the actual optimum value very fast. 
This is even true when the interval is very small (say, 2800- 
3000). This is possible because the aGA maintains diverse 
types of individuals in the population, and some of them 
become feasible for the changed interval; and regains the 
performance. Now, when the weight constraint is changed 
from 50% to 80% most of the existing solutions remain fea- 
sible, and performance is regained. 

Once again, findings for other values of $\beta$ in [0.3- 
0.81 were also similar. Diversity of the population by the 
aGA was found to be more than that of the SSGA; and this 
is in agreement with the findings of Section 3.1. 

problem then reduces to: 
N - 

m a x L  v j x j  
j=1 

subject to the weight constraint 
N 

j = l  

Here the xj variables take on the values 1 or 0 as the object is 
in or out of the sack respectively, and W is the maximum 
permissible weight. The weight constraint was varied as a 
step function between two values: 80% and 50% of the total 
object weight. The weight constraint is shifted between the 
two values at a multiple of 200 iterations interval, and was 
chosen randomly. 

The problem was coded as follows. The 17 xj values 
are concatenated to form a 17-bit string. The constraint in- 
equality is adjoined to the problem with an external penalty 
method, where weight violations are squared and multiplied 
by a penalty coefficient (A = 20). In other words, the func- 
tional value@, of an individual I,  is determined as 

N N 

(10) fvi = C v j x j  - a(z wjx j  - w12. 
j= l  J=1 

Negative objective functional values those occur by the 
above are set to zero. 

As in the previous study, we put the mean of the best 
solutions obtained for different iterations (up to 6000) for a 
typical value of p = 0.5 in Fig. 4. From the figure it is quite 
evident that when the weight constraint is set to 50% from 
80% of the total weight, the performance falls drastically. 
This is because most of the solutions become infeasible in 
this case. The aGA recovers this fall in performance very 
fast, whereas the SSGA does it very slowly. This is spe- 
cially evident in the iteration interval 1000-2200 and 3600- 
4400. During these intervals the weight constraint was kept 

I Optimumvalue - SSGA - aGA I 
90 
80 

8 70 
3 2 60 
4-8 50 
3 40 
3 30 
E 20 

10 
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.- 

0 1000 2000 3000 4000 5000 6000 
Iterations 

Fig. 4 Mean best solution with iterations for Knapsack 
problem 

3.4 Results on stationary function 
Although the main aim of the present article is to test the 
utility of aging of individuals, for nonstationary function 
optimization, here we present one set of results for the sta- 
tionary function fr (equation 5) .  

For stationary functions, it is expected that when $\beta$ 
value is close to zero there is no effect of aging; and thus the 
performance of the aGA will be very close to that of the 
SSGA. By increasing the value of p, effect of aging is in- 
creased. When p goes very close to one, the effect of func- 
tional value is mostly ignored for deciding the suitability of 
individuals; thus degrading the performance. Our empirical 
results, on stationary function optimization also corroborate 
to this intuitive feeling. For visual inspection the mean of 
50 simulations of the best solutions obtained at the end of 
20000 iterations are displayed against the corresponding 
values in Fig. 5. 
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As can be noticed from Fig. 5 ,  the aGA showed supe- 
rior performance than the SSGA for the stationary function 
also. This is because the aGA maintains more diversity in 
the population (Fig. 2), and can come out from local op- 
tima; thereby increasing the mean best performance. This 
result also strengthens our claim that the aGA can maintain 
more diversity in the population than the SSGA which may 
be useful for other purposes. 

4. Conclusions 

In the present study we made an attempt to investigate the 
utility of incorporating the effect of age of individuals (suit- 
able for GAS having overlapping populations) for 
nonstationary function optimization. Effective fitness or 
overall suitability of an individual is determined by both of 
its functional value and age, and changes dynamically. This 
helps to maintain diversity in the population and can be used 
to trace changing environments. 

The present results show some promise that the aGA 
may be useful for nonstationary function optimization, i.e., 
the tractability of the aGA to changing environment is bet- 
ter than the SSGA. Shape of the aging function h and the 
aging factor p may depend on problem and needs to be thor- 
oughly investigated. A systematic comparison of this algo- 
rithm with other existing works on non-stationary environ- 
ment [3] and sharing [ 121 is yet to be done. Application to 
other types of nonstationary problems would also constitute 
another part of future investigation. 
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