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Abstract: In order to solve the problem between searching performance and convergence of genetic algorithms, a fast genetic algorithm-
generalized self-adaptive genetic algorithm (GSAGA) is presented. (1) Evenly distributed initial popylation is generated. (2) Superior
individuals are not broken because of crossover and mutation operation for they are sent to subgeneration directly. (3) High quality im-
migrants are introduced according to the condition of the population schema. (4) Crossover and mutation are operated on self-adaptation.
Therefore, GSAGA solves the coordination problem between convergence and searching performance. In GSAGA, the searching per-
formance and global convergence are greatly improved compared with many existing genetic algorithms. Through simulation, the val-

idity of this modified genetic algorithm is proved.
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In genetic algorithms, convergence is realized
through reproduction and searching performance is
achieved through crossover and mutation. Some indi-
viduals with high average fitness survive and repro-
duce through evolution, and finally develop into super-
individuals, which cause closed-competition and close
breeding, slow down or even cease the process of evol-
ution. This may result in the convergence of the local
optimal solution too soon. Mutation operation widens
the searching area in order to find the global optimum,
but the increase of mutation effects the speed of con-
vergence. The existing modified genetic algorithms
help solve the problems between searching perform-
ance and convergence, but the approximate global op-
timum can only be reached on the condition of many
iterative steps, which causes difficulties in practice. So
the Generalized Self-Adaptive Genetic Algorithm
(GSAGA) is raised for the problem in this paper.

1 Principles of GSAGA
1.1 Generate initial population

In many modified genetic algorithms, initial popula-
tion is randomly generated, which neglects how the in-
itial population is distributed in the solution space.
Some individuals may integrate in certain area. It is dis-
advantageous to widen the searching space and con-
verge on the global optimum. In GASGA, certain dis-
tance or equal distance between individuals is required
in generating initial population, so that the initial indi-
viduals are evenly distributed in the solution space.

Definition The different corresponding bits of two

numeric string of the same length using a as its radix is
defined as general hamming distance, signaled as GH.

Assume the individual is based on g as its radix, & as
the length, N as the size of the population. Then the GH
of the individuals in the initial population should be re-
quired as

GH, = (k—b), (i+)) (n

where i, j stand for two individuals (ij=1,2,,N); b is
a constant, decided by the codes. When the code is a bi-
nary string, b =int(k/2). If the code is a decimal string,
b>2.

The population size N influences the efficiency of
the algorithms. When N is too small, the algorithms
will be inefficient or can't reach the solution. While N
is too big, then convergence takes too much time. So,
assume

N=3k,(k>4).

An a-based character string of length & has o* code
string. There are *“"®*' code string whose GH is gre-
ater than or equal to (k—b) in the a* code string. So in
GSAGA, the size of population N =3k is far less than
a~**!_ This means GH > (k—b) can be fully achieved
in the initial population.

GH is the general hamming distance of the two char-
acter strings of length L. 2~ is the amount of the same
schema contained in the two character strings and 2* is
the schema of the character string of length L. So the
different schema of the two character string is (2:—
27°%), The greater the GH is, the more will be the types
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of schema between character strings and the schema of
the population will be increased as well. If the initial
population is generated in this way, individuals can be
evenly distributed in the solution space. The distinct in-
dividual difference and abundant schema of the initial
population can be guaranteed. So this algorithm has
better chance to locate the local optimal solution.

1.2 Fitness function

In genetic algorithms, statuses of individuals are
evaluated by fitness function. The calculation of fitness
could be either simple or complicated. It depends on
optimization itself. For some problems, only a mathe-
matical formula is needed; for some problems without
such formula, they can be resolved through a series of
inference procedures based on rules; for some other
ones, the combination of the mentioned methods is
used.

A mathematical formula is adopted to calculate the
fitness in GSAGA. The object function of optimization
is assumed as J(x), and fitness function as f(x), then

F00) = )~y e @

where,
N N

oo =Min J(x,), Joee =max J(x,).
i=1 i=1

1.3 Reproduction operator

To make sure the best individual obtained will not be
broken because of the selection, crossover and muta-
tion operators, 0.1N (10%) superior individuals with
higher fitness in father generation population are di-
rectly delivered to the subgeneration and turned into in-
dividuals of it. The left 0.9N (90%) individuals are sor-
ted in ascending order according to their fitness. As-
sume the corresponding individual sorting number is
(i=1,2,-+,0.9N), then the individuals are reproduced as

in’{ X 0.9 X N+ 0.5] 3)
v
i=1

where int (-) stands for integer function.
1.4 "High quality" immigration

In order to avoid super individual and closed compe-
tition, individual difference is taken into consideration
in deciding the necessity and quantity of immigration.
The individuals of high quality whose fitness is greater
than or equal to average fitness are required in immi-
gration. When GH of the individuals in the mating set
is less than A, randomly produced high quality individu-
als immigrate in and randomly replace certain individu-
als till the average GH is greater than or equal to 1. 4 is
a constant , in most cases 4 = 0.01.
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1.5 Self-adaptive crossover operator

Crossover operates on 0.9N individuals in the mating
set. For the two randomly chosen mating individuals
with small GH (which means the individuals are simi-
lar), the value of crossover is not obvious, so the oper-
ation should decrease or stop. This means the crossover
probability p. should be small or zero. While with a gre-
ater GH, there are more chances to generate new indi-
viduals. So p. should be greater in order to improve sea-
rching performance.

In GSAGA, p. is formulated as

0, +_,‘GH,--—C£ 0
0.001+GH

GH,~GH
Pe=1%* 500168 O=**ooorsoHs! 0@

0.001+GH

1, + SHoGH

0.001 +GH
where i, j are two mating individuals; GH; is the GH
between two mating individuals; GH is the average GH
of all the individuals in the mating set; a is a constant
(0.2-0.8).

P is the variable along with the mating individual.
The larger the distance, the more chances for crossover
there are, and vice versa.

1.6 Self-adaptive mutation operator

Self-adaptive operator guarantees solving each prob-
lem on the solution space and achieving global conver-
gence. A small GH suggests individuals of the popula-
tion are approaching unanimity, and the schema of the
population is monotonous. This might result in stagna-
tion of evolution. The algorithms might converge at lo-
cal optimal solution too early. Mutation operation can
change this situation.

Before crossover operation, GH is used to evaluate
the difference between the mating individuals. The in-
dividual difference, the individual fitness and GH de-
cide the mutation probability p..

In GSAGA, the individuals mutate according to the
following p., after crossover operation:

o= b — )
(fo —F) x GH+(GH—-GH) +0.001

where f.. is the maximum fitness, fis the average fit-

ness, GH is the average general hamming distance, and

£ is a constant , often as 0.005.

faux »f and GH reflect the overall convergence degree
of the population. When they are small, which means
the population is converging, the p,, should be greater.

After immigration, crossover and mutation, 0.9N in-
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dividuals in the mating set enter a new generation of
population.

1.7 Condition for convergence

In GSAGA, if there is no conspicuous improvement
of optimal fitness in M generations, the algorithm ends.
When M is too large, it takes too much time to con-
verge. While M is too small, there is a wide gap be-
tween the genuine optimal solution and the one having
been obtained. Assume M = N/3 according to popula-
tion size N,

2 Simulation of GSAGA

In reference [3], some modified genetic algorithms
are compared with each other. The same optimization
problem is used to evaluate GSAGA, and the results are
compared with that of in reference [3].

2.1 Optimization problem

The object function

J= O.S—Sinz(\/;z-%-—yz) 6)
T+10.001 % (21D (

where x€[~100,+100], y&[—100,+100].

The optimization problem is to find the maximum
value of J.

The function features a few maximums and they are
very close to submaximums. The genuine optimal sol-
ution is 0.5, obtained at point (0, 0).

2:2 Realization of algorithms

The domain of variable x and y are converted to deci-
mal strings of length 8, so that —100 is represented as
"00000000" and +100 is represented as "99999999".
The length of individual string, represented as &, is 16.
Population size N = 3k = 48. Condition for stopping
iteration: M = N/3 = 16.

The fitness function is defined as

J max —J min

Lo o ™
where i represents the ith individual, J,,, represents the
minimum object function of the population, and J,... re-
presents the maximum object function of the popula-
tion.

f; =']1_Jmin+

A flow chart for the process is shown in figure 1,
programmed in VB.

2.3 Result Analysis

In order to get rid of the disturbances caused by ran-
domness, the algorithms are repeated 30 times. Experi-
mental result data is shown in table 1. From the table,
it shows that when the object function is less than
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!

*————JCalculate the fitness of the individuag‘

!

l Sort individuals in ascending order according to the ﬁtnessJ

:

Directly pass int (0.1N) individuals with higher fitness
from the father generation to the subgeneration

|

( Reproduce the left individuals to the mating set‘

!

‘ Calculate GI:I of the individuaﬂ

] Immigrate in high quality individuals ‘

!

Randomly mate individuals and calculate the correspon-
ding p. and p,

Crossover occurs at a random position x (1<x<n-—1) abi-
ding by p.

l Mutate individuals according to their pmJ

. '

\ Fill the operated individuals in the subgeneration’

—_— Ending condition is reached?

Figure 1 GSAGA flow chart.

0.499 5, the algorithm converges to the given extreme
soon. It also shows without immigration, the object
function greater than 0.499 5 can be searched through
many generations of evolution, or even fail to search
the given extreme in certain generations.

Compared with the results of reference [3] (table 2)
and many other modified GA, obvious advantages are
shown in GSAGA; and the searching performance and
convergence are greatly improved.

3 Conclusions

In GSAGA, the reasonable distribution of individual
schema is guaranteed by generating initial population
which is adaptive to solution space. Superior individu-
als are not broken because of crossover and mutation
operation for they are sent to subgeneration directly.
Meanwhile, high quality immigrants are introduced
conditionally; and the diversity of individuals in the



B Wu, X.Y. Tu, J. Wu: 75
Table 1 Generations for GASGA.

Runs of simulation 0.45 0.48 0.49 0.495 0.499 0.4995 0.4999 0.4999 5
1 6 6 9 9 13 13 19 9
2 3 3 5 5 15 15 15 29
3 8 8 8 8 9 16 16 211
4 4 10 10 11 43 48 49 63
5 1 1 22 28 56 107 163 166
6 7 13 47 47 88 167 167 248
7 0 9 12 45 45 110 144 144
8 7 7 8 17 43 44 44
9 4 4 159 211 286 287
10 0 0 13 <18 13 119
11 0 9 42 85 120 181
12 13 17 45 45 60 60 60 243
13 5 7 7 7 10 10 10 93
14 8 1 11 11 46 46 52
15 3 4 9 9 40 102 155 156
16 17 18 46 46 81 96 120 123
17 7 10 56 56 56 56 149 206
18 0 0 31 31 31 94 167 167
19 2 2 2 2 2 2 2 2
20 2 2 2 9 9 20 23 50
21 7 7 10 10 10 10 10 97
22 4 11 11 12 12 16 16 180
23 5 7 7 9 22 22 285 285
24 0 17 17 17 17 17 21 30
25 0 7 7 7 7 10 21 72
26 8 12 12 21 23 23 48 620
27 7 10 10 10 14 14 19 111
28 3 3 3 14 14 14 21 146
29 11 14 14 21 27 29 34 130
30 13 18 50 50 75 106 106 348

average 5.17 8.17 16.37 19.07 34.03 52.50 78.30 154.73
Table 2 Generations for different algorithms in reference [3].

Object function 0.45 0.48 0.49 0.495 0.499 0.4995 04999 049995

Simple genetic algorithm (SGA) 8 15 28 41 129 * * *

Uniform crossover 6 15 24 39 117 195 Cok *

Non-biased immigration GA 7 16 27 38 * * * *

GA in reference [3] 6 14 24 37 67 103 153 199

Note: * means the object function fails afier the algorithm having run 200 generations.

population is provided efficiently. Finally, p. and p,, of
the individuals in the mating set are fixed self-adaptiv-
ely, which solve the coordination problem between
convergence and searching performance. In GSAGA,
from initiation of population to immigration and the fix
of p., pn, are all determined by the specific condition of
the individuals, and are variable along with evolution.
GSAGA, which embodies excellent searching per-
formance and convergence quality, is superior to many
existing GA.
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