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Abstract

It is necessary to enhance the performance of interactive genetic algorithms in order to apply them to complicated optimization prob-
lems successfully. An adaptive interactive genetic algorithm with individual interval fitness is proposed in this paper in which an indi-
vidual fitness is expressed by an interval. Through analyzing the fitness, information reflecting the distribution of an evolutionary
population is picked up, namely, the difference of evaluating superior individuals and the difference of evaluating a population. Based
on these, the adaptive probabilities of crossover and mutation operators of an individual are presented. The algorithm proposed in this
paper is applied to a fashion evolutionary design system, and the results show that it can find many satisfactory solutions per generation.
The achievement of the paper provides a new approach to enhance the performance of interactive genetic algorithms.
� 2007 National Natural Science Foundation of China and Chinese Academy of Sciences. Published by Elsevier Limited and Science in
China Press. All rights reserved.
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1. Introduction

In recent years, genetic algorithms (GAs), a kind of glo-
bal and probabilistic optimization algorithms with high
performance, have been paid broad attentions by research-
ers world wide, and plentiful achievements have been
made. Traditional genetic algorithms do not require the
optimization problems be continuous and differentiable,
but often require that their indices are well defined in order
to calculate an individual fitness. This is difficult for many
complicated optimization problems, because the indices of
these problems are usually fuzzy and described qualita-
tively, and one calls them implicit indices. Therefore, tradi-
tional genetic algorithms cannot be applied to these
problems.

Interactive genetic algorithms (IGAs), proposed in mid-
dle 1980s, are effective methods to solve optimization prob-
lems with implicit indices [1]. They combine traditional

evolutionary mechanism with human’s intelligent evalua-
tion, and an individual fitness is assigned by human rather
than by a function that is difficult or even impossible to
describe explicitly. IGAs are a new cooperation mode that
combines human with computers, and this interaction
embodies a human’s preference fully. Up to now, they have
been applied successfully to such fields as face identifica-
tion, fashion design, music composition, linguistics pro-
cessing and rhythm control, knowledge acquisition and
data mining, and so on [2–6].

The obvious characteristic of IGAs, compared with tra-
ditional GAs, is the evaluation of an individual assigned by
human. The problem of human fatigue results in a small
population size and evolutionary generations of IGAs [7],
which influences the performance of IGAs and restricts
their applications to complicated optimization problems
with implicit indices. Accordingly, how to evaluate an indi-
vidual to improve the performance of these algorithms
becomes one of the key issues.

Generally speaking, there are two methods to evaluate
an individual as follows. One is that human evaluates an
individual directly based on his or her preference, a fitness
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assignment method combining continuous with discrete fit-
ness [8] was proposed. The other is that the evaluation is
based on either human or approximate models. Sugimoto
et al. estimated an individual fitness using fuzzy logic based
on the distance and angle between the evaluated individual
and the optima [9]. Biles and Zhou et al. adopted neural
networks to learn human’s intelligent evaluation, and the
number of individuals evaluated by human is reduced by
use of neural networks in appropriate time [10,11]. Llora
et al. estimated an individual fitness based on support vec-
tor machine [12], while Hao et al. did it based on the ‘‘fit-
ness” of gene sense units [13]. Wang et al. transformed the
evaluation on an individual assigned by human into an
absolute rating fitness and applied it to train a surrogate
to evaluate an individual [14].

But the fitness in all these methods above is precise. As
we all know, the cognition process of human is fuzzy and
gradual, therefore the evaluation on an individual assigned
by human should also be fuzzy and gradual. It is difficult to
reflect the above characteristics if a precise value is adopted
to describe an individual fitness.

It is significant to improve the performance of IGAs by
picking up the knowledge on a population, and applying it
to the subsequent evolutions. In addition to produce
approximate models and estimate an individual fitness
mentioned before, there are many other ways. For exam-
ple, Wang et al. constructed the parents of a population
by support vector machine to enlarge the range of superior
parents [15]. Hu et al. applied rough set theory to pick up
the knowledge on an evolution process to speed up the con-
vergence rate of an algorithm [16]. Jiang et al. gained a
human’s preference through summing up these results from
genetic operation in the first several generations, which is
applied to guide selection and mutation operators [17].
Gong et al. divided the whole search space into satisfactory
subspace, taboo subspace, and unknown subspace, which
were evolved by common operator and distinct operator,
resulting in shrinking the satisfactory subspace and
improving the ability in exploitation [18].

There is another effective method that improves the per-
formance of IGAs by improving traditional genetic opera-
tors, in which a typical one is to change the probabilities of
crossover and mutation operators adaptively according to
a population evolution. There are a lot of achievements
on adaptive probabilities of crossover and mutation opera-
tors in traditional GAs, one refers Ref. [19] to a compre-
hensive review given by Gong et al., while few about
those in IGAs [20]. The reason is that it is difficult to estab-
lish a quantitative relation between these probabilities and
an individual fitness.

In order to embody the cognition law of human on an
evaluated object, and reduce human fatigue resulting from
evaluating an individual, an interval is adopted to express
an individual fitness in this paper. Based on the knowledge
on a population, novel probabilities of crossover and muta-
tion operators, which are changeable adaptively, and an
adaptive interactive genetic algorithm with individual inter-

val fitness (AIGA-IIF) will be proposed. The algorithm
proposed can find many satisfactory solutions and reduce
human fatigue at the same time. The feasibility and effi-
ciency of the algorithm will be verified through its applica-
tions in a fashion evolutionary design system.

2. Individual interval fitness

In IGAs, the evaluation of an individual is an interactive
process between human and computers. In traditional
IGAs, the evaluation of an individual is assigned by human
in the range of fitness according to his or her preference,
and it is a precise value. It is easy to understand that the
greater the value, the more human prefers the evaluated
object. But this kind of evaluation method cannot reflect
human’s preferences exactly because of fuzzy and gradual
human’s cognition. In addition, in order to assign precise
evaluation, many times of maps from sentient thought to
rational thought is necessary, therefore increasing human
fatigue inevitably.

In order to reflect the human’s cognition on an evalu-
ated object exactly, an interval is adopted to express its fit-
ness in this paper, namely, the fitness of an individuals is an
interval. When an interval is adopted to express an individ-
ual fitness, only the approximate upper and the lower limit
of the fitness of the individual are required, which alleviates
human’s load during his or her evaluation process
dramatically.

Let the ith individual of a population in the tth genera-
tion be xi(t), i = 1,2, � � � ,N, and the population size be N.
Because of fuzzy human’s cognition on xi(t), one can
hardly assign xi(t)’s fitness exactly, but does assign its range
easily, which can be expressed with an interval. Therefore,
xi(t)’s fitness can be described as follows.

f ðxiðtÞÞ ¼ ½f ðxiðtÞÞ; �f ðxiðtÞÞ� ð1Þ

Its width w(f(xi(t))) can be defined as

wðf ðxiðtÞÞÞ ¼ �f ðxiðtÞÞ � f ðxiðtÞÞ ð2Þ

and its midpoint m(f(xi(t))) can be defined as

mðf ðxiðtÞÞÞ ¼
f ðxiðtÞÞ þ �f ðxiðtÞÞ

2
ð3Þ

where f (xi(t)) and �f ðxiðtÞÞ are the lower limit and the upper
limit of human’s evaluation on xi(t), respectively.

Generally speaking, human has different preferences to
different individuals, resulting in different fitness intervals.
It is easy to see that the greater the lower limit of f(xi(t))
together with the smaller of its width, the higher and the
more exact the evaluation on xi(t) is; otherwise, the smaller
the upper limit of f(xi(t)) together with the greater its width,
the lower and the rougher the evaluation on xi(t) is. In gen-
eral, the human’s cognition on xi(t) is fuzzy at early stage of
a population evolution, therefore w(f(xi(t))) is great. This
cognition will become clearer and clearer along with the
evolution, and therefore w(f(xi(t))) will become narrower
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and narrower. Compared with a precise fitness, an interval
fitness is more approximating the mode of human thought
which embodies fuzzy and gradual cognition of human on
evaluated objects validly.

3. Populations distribution

When an interval is adopted to express an individual fit-
ness, all fitness intervals form the fitness interval of a pop-
ulation. It is easy to understand that the greater the lower
limit of an individual fitness, the more human prefers it,
and hence it is a superior one. Therefore, one can find such
an individual by analyzing the distribution of intervals with
great fitness. On the contrary, the smaller the upper limit of
an individual fitness, the less human prefers it, and hence it
is an inferior one. Therefore, one can find such an individ-
ual by analyzing the distribution of intervals with small
fitness.

3.1. Superior fitness interval

Considering a population x(t), an interval that the fit-
ness of superior individuals belong to is called a superior
fitness interval, and denoted as fs(t). Then one has

fsðtÞ ¼ max
xiðtÞ2xðtÞ

f ðxiðtÞÞ; max
xiðtÞ2xðtÞ

�f ðxiðtÞÞ
� �

ð4Þ

which is shown as Fig. 1a. The individuals whose fitness fall
into the superior fitness interval entirely or partly are satis-
factory with the number of M. That is to say, an individual
xj(t) is satisfactory if and only if fs(t) \ f(xj(t)) 6¼ ;.

3.2. Inferior fitness interval

Considering a population x(t), an interval that the fit-
ness of inferior individuals belong to is called an inferior
fitness interval, and denoted as fi(t). Then one has

fiðtÞ ¼ min
xiðtÞ2xðtÞ

f ðxiðtÞÞ; min
xiðtÞ2xðtÞ

�f ðxiðtÞÞ
� �

ð5Þ

which is shown as Fig. 1b. The individuals whose fitness
fall into the inferior fitness interval entirely or partly are

unsatisfactory. That is to say, an individual xk(t) is unsat-
isfactory if and only if fi(t) \ f(xk(t)) 6¼ ;.

3.3. Difference of evaluating superior individuals

Considering a superior individual xj(t), the part of its fit-
ness falling into the superior fitness interval is
½maxxiðtÞ2xðtÞf ðxiðtÞÞ; �f ðxjðtÞÞ�, whose midpoint is
ðmaxxiðtÞ2xðtÞf ðxiðtÞÞ þ �f ðxjðtÞÞÞ=2. For all superior individu-
als, the average midpoint is 1

M

PM
j¼1ðmaxxiðtÞ2xðtÞf ðxiðtÞÞþ

�f ðxjðtÞÞÞ=2, and the difference between the midpoint of
the superior fitness interval and the average above is called
the difference of evaluating superior individuals, and
denoted as D1(t). Then one has

D1ðtÞ ¼ mðfsðtÞÞ �
1

M

X

M

j¼1

ðmaxxiðtÞ2xðtÞf ðxiðtÞÞ

þ �f ðxjðtÞÞÞ=2 ð6Þ

D1(t) describes the distribution of individual fitness in the
superior interval. In general, at early stage of a popula-
tion evolution, the difference among individuals is great,
so is the difference among the fitness of superior individ-
uals. Therefore, the dispersion degree of the fitness inter-
val of these superior individuals is great, resulting in a
large D1(t). Along with the evolution, the fitness of dif-
ferent individuals is closer and closer to each other,
and the difference among the fitness of these superior
individuals becomes smaller and smaller, resulting in a
small D1(t).

3.4. Difference of evaluating population

The difference between the midpoint of the superior fit-
ness interval and that of the inferior fitness interval is called
the difference of evaluating a population, and denoted as
D2(t). Then one has

D2ðtÞ ¼ mðfsðtÞÞ � mðfiðtÞÞ ð7Þ

D2(t) is the distance between the midpoint of the superior
fitness interval and that of the inferior fitness interval,
and reflects the difference between the superior individuals
and the inferior ones. At early stage of a population evolu-
tion, the distribution of evolutionary population is ran-
dom, and the difference between the superior individuals
and the inferior ones is great, resulting in a large D2(t).
Along with the evolution, the superior individuals are con-
served, whereas the inferior ones are discarded, which leads
to the difference between the superior individuals and the
inferior ones decrease, and so does that of fitness, resulting
in a small D2(t).

D1(t) and D2(t) describe the change of individuals’ fitness
during a population evolution, and reflect the homogeniza-
tion of these fitness from different aspects, which can be
used to adjust the probabilities of crossover and mutation
operators adaptively.Fig. 1. Superior fitness interval (a) and inferior fitness interval (b).
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4. Probabilities of crossover and mutation operators

4.1. Probability of crossover operator

The idea of the probability of crossover operator pre-
sented in this paper is as follows.

Firstly, the probability of crossover of an individual will
be great if the midpoint of its interval fitness is close to that
of the superior one.

Secondly, the probability of crossover of an individual
will be small if the difference of evaluating superior individ-
uals and (or) the difference of evaluating a population are
(is) great, implying large dispersion degree among the
individuals.

Lastly, the probability of crossover of an individual will
be small along with the population evolution. For the aim
of a population evolution is to ensure the convergence of
an algorithm at later stage of the evolution.

Based on those above, the probability of crossover
pc(xi(t)) of an individual xi(t) is given as follows.

pcðxiðtÞÞ ¼
1

1þ exp �k1 � T
t �

D1ðtÞþD2ðtÞ
mðfsðtÞÞ�mðf ðxiðtÞÞÞ

� � ð8Þ

where T is the termination generation, and k1 is an adjust-
able coefficient.

Considering two parents xi(t) and xj(t), firstly, calculate
pc(xi(t)) and pc(xj(t)) according to Formula (8), then choose
the larger one as their probability of crossover, and per-
form crossover.

4.2. Probability of mutation operator

Similarly, the idea of the probability of mutation opera-
tor presented in this paper is as follows.

Firstly, the probability of mutation of an individual will
be great if the midpoint of its interval fitness is close to that
of the inferior one.

Secondly, the probability of mutation of an individual
will be small if the difference of evaluating superior individ-
uals and (or) the difference of evaluating a population are
(is) great, implying large dispersion degree among the
individuals.

Lastly, the probability of mutation of an individual will
be small along with the population evolution, for the aim
of a population evolution is to ensure the convergence of
an algorithm at later stage of the evolution.

Based on those above, the probability of mutation
pm(xi(t)) of an individual xi(t) is presented as follows.

pmðxiðtÞÞ ¼
1

1þ exp �k2 � T
t �

D1ðtÞþD2ðtÞ
mðf ðxiðtÞÞÞ�mðfiðtÞÞ

� � ð9Þ

where k2 is another adjustable coefficient.
Considering xi(t), firstly, calculate pm(xi(t)) according to

Formula (9), and then perform mutation with this
probability.

5. Steps of the algorithm

The steps of the algorithm proposed in this paper
include:

Step 1: Set the values of control parameters in the algo-
rithm. Let t = 0, and initialize a population
denoted as x(t).

Step 2: An interval fitness is assigned on an individual.
Step 3: Produce parents by tournament selection.
Step 4: Perform crossover and mutation operators

according to Formula (8) and (9), and produce off-
spring. Let t = t + 1.

Step 5: Judge if the termination criterion is met, if yes,
then go to step 6; otherwise go to step 2.

Step 7: Output the optima and stop the algorithm.

6. Applications in a fashion evolutionary design system

Fashion design is a very popular vocation for everyone
who likes to wear fashion ably but few can design a satis-
factory one. In fact, design of fashion is a very complicated
process and often completed by designers who have been
trained professionally. Although there are some softwares
available for fashion design, they are often too special for
an ordinary person to use. With the development of social
life style pursuing personality becomes a fad. That is to say,
human often likes to wear fashion with some personalities.
It is very useful if there is a fashion design system for an
ordinary person to design his or her satisfactory fashion.

We hope to establish a fashion design system for an
ordinary person to generate a suit by combining all parts
from different databases. That is to say, parts of suit are
stored in databases in advance. What human does is to
combine different parts into his or her most satisfactory
suit by using the system. In fact, the above is a typical com-
bination optimization problem and can be solved by evolu-
tionary optimization methods.

But what is ‘‘the most satisfactory suit”? Different per-
sons have different opinions on it because of different per-
sonalities and these opinions are often fuzzy and implicit.
Therefore, it is impossible to get a uniform and explicit
index to be optimized. It is infeasible for traditional GAs
to deal with it, whereas it is suitable for IGAs to do.

Therefore, we developed a fashion evolutionary design
system based on AIGA-IIF by using Visual Basic 6.0. We
also developed corresponding fashion evolutionary design
systems based on an IGA with continuous fitness, called
traditional IGA (TIGA), and an IGA with interval individ-
ual fitness (IGA-IIF) by using the same development tool,
and did some experiments to compare their performances.

The same individual code is adopted in these systems.
For simplification, the phenotype of an individual is a suit
composed of coat and skirt, and its genotype is a binary
string of 18 bits, where the first 5 bits express the style of
coat, the 6th to 10th bits express the style of skirt, the
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11th to 14th bits express the color of coat, and the last 4
bits express the color of skirt. There are 32 styles for coat
and skirt, and their names correspond to the integers from
0 to 31, which are also their decimals of these binary codes.
The colors and their codes are shown in Table 1. They are
all stored in different databases. According to human’s
preference, these systems look for ‘‘the most satisfactory
suit” in the design space with 25 � 25 � 24 � 24 = 262144
suits during evolutionary optimization.

6.1. Parameter settings

The minimal and the maximal individual fitness are
f (xi(t)) = 0, �f ðxiðtÞÞ ¼ 1000, respectively. The population
size and the number of individuals in tournament selection
are 8 and 2, respectively. In the experiment, the probabili-
ties of crossover and mutation operators in IGA-IIF and
TIGA are listed in Table 2. k1 = k2 = 9 in Formulas (8)
and (9). Stop a population evolution manually when the
population converges or human is satisfied with the evolu-
tionary results.

6.2. Performance analysis

Firstly, the algorithm proposed in this paper is consid-
ered. After an evolution stops, the number of satisfactory
solutions in this run is calculated, and the algorithm
is run 20 times independently with the results listed in
Table 3.

Then IGA-IIF and TIGA are considered. For the cases
of different probabilities of crossover and mutation opera-
tors listed in Table 2, the evolutionary generations and the
number of satisfactory solutions in each run are calculated,
and the algorithm is run 20 times independently with the
results listed in Tables 4 and 5.

It can be seen from Tables 4 and 5 that the evolutionary
generations and the number of satisfactory solutions of
IGA-IIF and TIGA will increase when the probability of

crossover operator is constant while the probability of
mutation operator increases, and so as to the case when
the probability of mutation operator is constant while the
probability of crossover operator increases, but the later
case has great influence on them, implying that crossover
is the main operator, while mutation is secondary.

In addition, it can be seen from Tables 4 and 5 that the
evolutionary generations of IGA-IIF is fewer than that of
TIGA, while the number of satisfactory solutions found
by IGA-IIF is more than that of TIGA under the same
conditions, reflecting that an interval adopted to express
an individual fitness can enhance the performance of
algorithm.

Finally, the three algorithms, namely AIGA-IIF, IGA-
IIF and TIGA, are considered. The number of satisfactory
solutions per generation with different probabilities of
crossover and mutation operators is calculated, and the
results of 20 independent runs are listed in Table 6.

It can be seen from Table 6 that for 9 different condi-
tions above, the number of satisfactory solutions per gener-
ation found by AIGA-IIF is the most, IGA-IIF the second,
and TIGA the least, which indicates that the performance
of IGAs can be enhanced in different degrees by adopting
an interval fitness and adaptive probabilities of crossover
and mutation operators to them.

Table 1
Colors and their codes

Code Color Code Color

0000 Black 1000 Gray
0001 Blue 1001 Bright blue
0010 Green 1010 Bright green
0011 Cyan 1011 Bright cyan
0100 Red 1100 Bright red
0101 Carmine 1101 Bright carmine
0110 Yellow 1110 Bright yellow
0111 White 1111 Bright white

Table 2
Probabilities of crossover and mutation operators in IGA-IIF and TIGA

1 2 3 4 5 6 7 8 9

pc 0.50 0.50 0.50 0.60 0.60 0.60 0.70 0.70 0.70
pm 0.05 0.08 0.10 0.05 0.08 0.10 0.05 0.08 0.10

Table 3
Evolutionary generations and number of satisfactory solutions

No. of
experiment

Evolutionary
generations

No. of satisfactory
solutions

1 9 27
2 9 22
3 8 24
4 11 30
5 9 27
6 10 29
7 8 26
8 9 28
9 11 30

10 9 26
11 8 25
12 10 26
13 11 28
14 9 30
15 8 26
16 8 25
17 10 23
18 12 32
19 11 24
20 9 26

Average 9.4 26.7
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7. Conclusion

The key of applying IGAs broadly is to improve their
performance. Compared with traditional IGAs, the algo-
rithm proposed in this paper has two features: the first
one is that an interval is adopted to express an individual
fitness, reflecting human’s cognition appropriately; the
second one is that the probabilities of crossover and
mutation operators change adaptively with a population
evolution, maintaining the diversity of population avail-
ably and establishing a foundation for finding several sat-
isfactory solutions. The proposed algorithm has been
applied to a fashion evolutionary design system, and
compared with other algorithms on the evolutionary gen-
erations and the number of satisfactory solutions. The
experimental results show that the proposed algorithm
has good performance.

There are two issues should be further studied: one is
that other uncertain methods, such as fuzzy number and
stochastic number, are adopted to express an individual fit-
ness based on human’s cognition process; the other is based
on different expressions above, picking up the knowledge
on a population and guiding subsequent evolutions to
improve the performance of algorithms.
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