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This paper describes a conceptual intelligent design system, which chiefly consists 

of a searching mechanism and a classifier. The searching mechanism is based on genetic 
algorithm (GA) to search for various evolved types of clothing combinations, and the 
classifier is constructed through learning and knowledge acquisition by an artificial neu-
ral network (ANN) to play a roll of evaluation mechanism to classify the evolved cloth-
ing wearing style combinations. With the assistance of this system, a user without any 
expertise of fashion design can effectively find out the design schema, which is the best- 
fitted solution for the demand.   
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1. INTRODUCTION 

Recently, application of computer technology in the textile field is widely spreading. 
The computer has enhanced a lot not only the functions of the hardware but the applica-
tions of software. However, most of its applications in textile industry focus on manu-
facturing processes and quality improvement [1]. Some of them are applied to the com-
puter aided design (CAD) systems [2-6]. H. Rödel et al. [2] emphasized the necessity of 
development of powerful 3D CAD systems for the textile and clothing industry in the 
paper. The research reported in [3] proposed a 3D-CAD system consisting of a meas-
urement system for the wearer’s body shape and a garment simulation system to perform 
the simulation of Japanese yukata. The basic techniques for realization of the deformable 
body model were investigated in [4]. Moreover, a new 3D garment simulation result up-
date algorithm for the 2D garment pattern design modification was presented in [5]. With 
this approach, the 3D garment fitting simulation does not need to repeat the entire simu-
lation for every modification and can react to the 2D pattern modification efficiently and 
speedily. In order to mass-customize clothes, it is essential to consider individual body 
shape using computerized 3D body models. The development of an interactive body 
model that can be altered with individual body shape for the purpose of computerized 
pattern making was described in [6]. 
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The developed CAD system mentioned above is indeed added more and more help-
ful functions by means of the enhanced power of computer to enable the user to proceed 
apparel design more quickly and accurately. However, the perceptions and inspirations 
for apparel styling design still deeply depend on the experiences and expertise of profes-
sional designers and cannot be supported by the CAD system. Apparel styling design is a 
broad-based art to combine types, colors, materials, and the fashion design elements, 
related to variables of perceptions and inspirations. Despite the enhancing power of com-
puter, it still cannot be helpful for all the design procedure of clothing design. To create a 
prefect apparel styling design still deeply depends on a professional designer, who is of 
expertise and experience, to provide his/her perceptions and inspirations. A CAD system 
for apparel design still cannot produce design inspiration for a designer so far. The lack 
of perceptions and inspirations for most of CAD systems applied in the clothing design 
needs improving a lot. 

As a nonlinear relationship of “1 to n” between “Value” and “Object” for product 
designing [7, 8], the designing of wearing styles proposed in this study is deemed to be a 
nonlinear problem. Because there are limitless combinations of various garments appro-
priate for a given occasion, a search method is necessary to be adopted to help find the 
best-fit solution to the demanded wearing style. In this paper, a genetic algorithm (GA) 
[9], a population-to-population approach to work from a rich database of points simulta-
neously (a population of strings) combing many peaks in parallel to keep the search from 
local optima, is used. In this study, we propose an intelligent decision making system for 
apparel styling design based on a GA and neural network to search for appropriate ap-
parel styling for consumers’ demand. Nowadays, it is more and more important for peo-
ple to dress properly for different occasions to show their politeness. There are in fact 
already many studies confirm that higher order needs, such as belonging and self-esteem, 
can be satisfied through clothing [10]. Some people might even regard clothing as a tool 
for validation of the self or illustration in social interaction through which the self can be 
established. Without professional suggestions from an experienced designer, customers 
can hardly show appropriate wearing styles on their own. Generally, there are four kinds 
of wearing style classified as “Modern”, “Elegant”, “Casual”, and “Sporty” [11, 12]. The 
sense of wearing style can be reflected through different combinations of various types of 
garments. It is limitless, and there is no longer one type of garment for a given occasion. 
Therefore, to help the consumer by showing him/her the various combinations possible 
for various occasions with different wearing styles becomes more and more important for 
a salesperson in the apparel industry. 

To solve these problems, in this paper we extract wearing style information from the 
experts, using ANN to acquire their knowledge through learning various wearing style 
instances designed by the professional designer. Thus, a professional wearing styling 
classifier can be constructed. To obtain various combinations of garment types, A GA 
search method based on the mechanism of genetic inheritance is adopted in this paper. 
The evolved combinations of garment type by the GA search mechanism can be evalu-
ated how close to each other between the specific sense of wearing style desired by the 
customer and itself. After generations, the one closest to the customer’s demand can thus 
be acquired. Through the developed system with intelligence, a user or an apparel sales-
person can effectively determine what types of garments should be put together into a 
combination to show the sense of wearing style demanded by the customer.   
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2. FRAMEWORK OF INTELLIGENT DECISION MAKING SYSTEM 

As shown in Fig. 1, the system consists of four major components, such as search 
mechanism, evaluation mechanism, and knowledge database, and user interface, each of 
these is described briefly as follows. 

User interface 
 
 
 

SEARCH 
MECHANISM 
(GA based) 

 
Result Display: 

 
Search results 

& 
Evaluation 

results EVALUATION
MECHANISM
(ANN based) 

Ploblem 
Domain #1 

KB 

Ploblem 
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KB 

Ploblem 
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KB 

Categories of 
Problem KBs 

Knowledge
acquisition

module 

Menu 
module

Result 
display 
module

USER 

INTELLIGENT CONCEPTUAL DESIGN SYSTEM 

Knowledge Base 

 
Fig. 1. Overall structure of the intelligent conceptual design system. 

(1) Search Mechanism 
The search mechanism is based on genetic algorithm (GA), which is an optimization 

technique inspired by biological evolution [9]. Based on the natural evolution concept, the 
GA is computationally simple and powerful in its search for improvement and is able to 
rapidly converge by continuously identifying solutions that are globally optimal with a 
large search space. By using the random selection mechanism, the GA has been proven to 
be theoretically robust and empirically applicable for searching in complex space. 

 
(2) Evaluation Mechanism, Knowledge Base, and User Interface 

The knowledge database consists of two parts, one is the database of already trained 
connection weights, and the other is the database of training sets and testing sets. The 
user interface allows the user to modify and upgrade the knowledge database to create 
bases for new problem domains to be included in the evaluation mechanism to keep them 
facile. Through the interaction between the search mechanism and evaluation mechanism, 
several fit solution (i.e., chromosome), which are evaluated by evaluation mechanism 
using ANN to be of fitness approaching to 1, can thus be obtained from evolutions by 
search mechanism. 
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3. ESTABLISHMENT OF SEARCH MECHANISM 

To solve a problem, the GA randomly generates a set of solutions for the first gen-
eration. Each solution is called a chromosome that is usually in the form of a binary 
string. According to a fitness function, a fitness value is assigned to each solution. The 
fitness values of these initial solutions may be poor, however, they will rise as better so-
lutions survive in the next generation. A new generation is produced through the follow-
ing three basic operations [9]. 
 
(1)  Randomly generate an initial solution set (population) of N strings and evaluate each 

solution by fitness function. 
(2)  If the termination condition does not meet, do 

Repeat {Select parents for crossover. 
Generate offspring. 
Mutate some of the numbers. 
Merge mutants and offspring into population. 
Cull some members of the population.} 

(3)  Stop and return the best fitted solution. 
 
3.1 Encoding 
 

In order to apply GAs to our problem, we firstly need to encode the parameters of 
the factors as a binary string. Two important factors need determining, i.e., the “type” 
and “color”. The former denotes the garment “type” used in the clothing combination for 
wearing style. The latter denotes the garment “color” used in the clothing combination 
for wearing style. There are five basic categories including coat, shirt, vest, skirt, and 
trousers, which are five different “type” factors in this paper. Each of them is equipped 
with various attributes. For instance, there are four options during wearing for the “coat” 
attribute of “type” factor, i.e., (a) none (b) coat (c) odd jacket (d) sport jumper, which can 
be illustrated as Fig. 2. Thus, there are two bits needed for encoding the “coat” type. In 
other words, the encoding ways such as (a) 00 (b) 01 (c) 10 (d) 11, which are the ob-
tained solutions from the search mechanism and represent “nothing” dressed, dressed in 
“coat”, dressed in “odd jacket”, and dressed in “sport jumper” respectively. 

The adopted color tones for the garment “type” factor mentioned above are con-
cluded as the “color” factor. The CMYK color model [13], which is defined with primary  

(a) None (b) Coat (c) Odd jacket (d) Sport jumper 

 

  
(a) 00 (b) 01 (c) 10 (d) 11 

Fig. 2. Illustrations of attribute “coat”. 
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Table 1. Match factors and attributes for apparel styling. 

Match Parameters Attributes the Encoded the Decoded Gene size
(bits) 

Bit orders in 
chromosome 

coat F1 

none 
Coat 
Odd jacket 
Sport jumper 

00 
01 
10 
11 

0.0000 
0.3333 
0.6667 
1.0000 

2 1~2 

shirt F2 

none 
Shirt 
T-shirt 
High-necked blouse

00 
01 
10 
11 

0.0000 
0.3333 
0.6667 
1.0000 

2 3~4 

vest F3 
none 
on 

0 
1 

0.0000 
1.0000 1 5 

skirt F4 

none 
Pant skirt 
Tight skirt 
Pleats skirt 

00 
01 
10 
11 

0.0000 
0.3333 
0.6667 
1.0000 

2 6~7 

Type 

trousers F5 

none 
AB trousers 
Long-kneed trousers
Half trousers 

00 
01 
10 
11 

0.0000 
0.3333 
0.6667 
1.0000 

2 8~9 

F11 C 0~15 level 0000~1111 0~1 
f12 M 0~15 level 0000~1111 0~1 
f13 Y 0~15 level 0000~1111 0~1 coat 

f14 K 0~15 level 0000~1111 0~1 

4 
4 
4 
4 

10~13 
14~17 
18~21 
22~25 

f21 C 0~15 level 0000~1111 0~1 
f22 M 0~15 level 0000~1111 0~1 
f23 Y 0~15 level 0000~1111 0~1 shirt 

f24 K 0~15 level 0000~1111 0~1 

4 
4 
4 
4 

26~29 
30~33 
34~37 
38~41 

f31 C 0~15 level 0000~1111 0~1 
f32 M 0~15 level 0000~1111 0~1 
f33 Y 0~15 level 0000~1111 0~1 vest 

f34 K 0~15 level 0000~1111 0~1 

4 
4 
4 
4 

42~45 
46~49 
50~53 
54~57 

f41 C 0~15 level 0000~1111 0~1 
f42 M 0~15 level 0000~1111 0~1 
f43 Y 0~15 level 0000~1111 0~1 skirt 

f44 K 0~15 level 0000~1111 0~1 

4 
4 
4 
4 

58~61 
62~65 
66~69 
70~73 

f51 C 0~15 level 0000~1111 0~1 
f52 M 0~15 level 0000~1111 0~1 
f53 Y 0~15 level 0000~1111 0~1 

C
olor tones 

trousers

f54 K 0~15 level 0000~1111 0~1 

4 
4 
4 
4 

74~77 
78~81 
82~85 
86~89 

  
74~89 58~73 42~57 26~41 10~25 8,9 6,7 5 3,4 1,2 
F51~f54   f41~f44    f31~f34    f21~f24   f11~f14    F5     F4      F3     F2     F1 

89 bits 

Types: F1: coat  F2: shirt  F3: vest  F4: skirt  F5: trousers 
Coloring: f11~f14, f21~f24, f31~f34, f41~f44, f51~f54: denote four original colors (i.e., C(4bits), 

M(4bits), Y(4bits), K(4bits)) for coat, shirt, vest, skirt, and trousers. 
 

Layout of
chrom

osom
e 
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colors Cyan, Magenta, Yellow, and Black (i.e., C, M, Y, and K) are applied in this study. 
Besides, there are 16 tone levels used for each of the original color above. Thus, each of 
the four original colors is encoded with 4 bits. There are totally 65,536 (= 24 × 24 × 24 × 
24) kinds of color tones can be shown by the combinations of the four original color, i.e., 
C, M, Y, K. Table 1 shows the two parameters and their attributes. 
 
3.2 Chromosome 
 

A main difference between genetic algorithms and more traditional optimization 
search algorithms is that genetic algorithms work with a coding of the parameter set and 
not the parameters themselves [9]. Thus, before any type of genetic search can be per-
formed, a coding scheme must be determined to represent the parameters in the problem 
in hand. In this study, a binary coding is utilized and the bit-sizes of the encoding for the 
ten variables are as follows. Five of them are for the “pattern” such as “coat”(F1), “shirt” 
(F2), “vest”(F3), “skirt”(F4), and “trousers”(F5), the bit-size of each of them is 2 bits for 
F1, 2 bits for F2, 1 bit for F3, 2 bits for F4, and 2 bits for F5 respectively. The other five of 
them are for the “color” of each pattern, the bit-size for each single original color of C, M, 
Y, or K is all set as 4 bits. Thus a chromosome string consisting of 89 bits can be formed 
and its layout is shown in Table 1. 
 
3.3 Fitness Function 
 

There are four sets of apparel styling targets in this study, including Modern, Ele-
gant, Casual, and Sporty. Each of them was encoded with 4-bit gene string, i.e., 1000, 
0100, 0010, and 0001 respectively. The 4-bit gene strings were utilized as the default 
output values for output nodes of ANN during learning. But it is possible for a consumer 
to desire a mixed fashion styling of the four above-mentioned styling. For instance, cer-
tain kind of apparel styling on much stronger modern fashion but not far away from ele-
gant, a bit of leisure and a little of sporty feeling. In this circumstance the user can ex-
press the exact desired feeling in an alternative way by a quantification method instead of 
using linguistic way to describe the exact demand of apparel styling. Therefore, the user 
can indicate his desire by setting the weight vector, for instance, (0.8, 0.6, 0.2, 0.2) as the 
default desired styling target for the search mechanism to search for. In order to evaluate 
how close to the default target for each solution obtained by the evolution of search 
mechanism, each solution, consisting of 89 bits string, is decoded into 25 values ranging 
at [0, 1], and taken as the input values of input nodes for ANN to test. The ANN, which 
is of splendid fault tolerance capability, is applied to set up an evaluation mechanism to 
evaluate the fitness of each chromosome (i.e., solution) obtained from evolutions of search 
mechanism shown as Fig. 1. Before the neural network is of evaluation capability in the 
application field, it has to go through training procedure so as to play an evaluator roll to 
give a fitness value for each chromosome by judging how close it approach to the target 
demanded. Comparing the tested output vector (i.e., Yi′) with default one (i.e., the cus-
tomer desired fashion target vector: Yi), the less difference between them, the closer the 
fitness approach to 1, representing the searched chromosome is closely approaching to 
the default desired target fashion. The fitness of GA used in search mechanism can thus 
be set as Eq. (1). 
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4

1
( ) 1 | | / 4i i i

i
Fitness Y Y Y

=

′ ′= − −∑                                         (1) 

where 
 
Yi: default target value. 
Yi′: output value for each generation. 
 
3.4 Necessary to Set Constrained Condition 
 

There are some violations for the combination of apparel styling such as (a) simul-
taneously the trousers and skirts are dressed (b) simultaneously the trousers and skirts are 
not dressed. The constrained conditions essentially needed to give consideration during 
dressing can be illustrated as follows.  
 
(1)  The decoded of F4 = 0 and the decoded of F5 = 0. 
(2)  The decoded of F4 ≠ 0 and the decoded of F5 ≠ 0. 
 

The resolution for the problem applied in this study is, firstly, set the two above- 
mentioned constrained circumstances to check out if there are any chromosomes violat-
ing against one of them. When anyone of the above-mentioned circumstance does hap-
pen, the fitness of the chromosome is set as ‘0’, representing not available. Otherwise the 
chromosome is available.  
 
3.5 Necessary to Recheck Chromosome 
 

After generations of evolution by GA, several available chromosomes, which are of 
different values of fitness, can be acquired. Next, we examine the generated chromo-
somes to check out if there are any corresponding genes of coloring not zero despite of 
the genes of type not being dressed. The decoded values of those chromosomes that 
cause the above-mentioned circumstances evaluated through evaluation mechanism (i.e., 
ANN) will not come up with correct answers of outputs. Under this circumstance, all the 
corresponding genes for coloring to the genes of types, which are not dressed, should be 
reset as ‘0000’ for all the original colors (i.e., C, M, Y, and K). In other words, there are 
four conditions needed for the decoded of each chromosome to check out and shown as 
follows. 
 
(a) IF (the decoded of F1 = 0) Then (the decoded of f11 = 0, the decoded of f12 = 0, the 

decoded of f13 = 0, and the decoded of f14 = 0) 
(b) IF (the decoded of F2 = 0) Then (the decoded of f21 = 0, the decoded of f22 = 0, the 

decoded of f23 = 0, and the decoded of f24 = 0) 
(c) IF (the decoded of F3 = 0) Then (the decoded of f31 = 0, the decoded of f32 = 0, the 

decoded of f33 = 0, and the decoded of f34 = 0) 
(d) IF (the decoded of F4 = 0) Then (the decoded of f41 = 0, the decoded of f42 = 0, the 

decoded of f43 = 0, and the decoded of f44 = 0) 
 

And then take all the decoded of the modified chromosome as the input value of the 
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input nodes for ANN to test again so as to obtain the correct output vector of an available 
chromosome. Finally, through Eq. (1), the exact fitness of the available chromosome can 
thus be acquired. Judging from the fitness of chromosome whether approaching closely 
enough to 1 or not to decide if the solution lives up to the desired apparel styling of the 
customer can thus be achieved.  

4. ACQUISITION OF KNOWLEDGE 

A neural network consisting of one input layer, one output layer, and one hidden 
layer is used in the knowledge acquisition of wearing style in this paper. Its construction 
is illustrated in Fig. 3. The back propagation algorithm [14] is used for data training. Re-
ferring to a professional portrait booklet of apparel fashion styling [11], four basic types 
of fashion styling, i.e., “modern”, “elegant”, “casual”, and “sporty” were adopted. There 
were 30 styling samples selected for each type of apparel styling from the booklet. Next, 
each of the 30 selected samples was randomly and equally divided into two sets (i.e., 15 
samples for each), training and testing.  

Input Output 

INPUT 
LAYER 

HIDDEN 
LAYER

OUTPUT 
LAYER  

Fig. 3. A multi-layer perception with one hidden layer. 

4.1 Learning Sets and Testing Sets 

There are two basic factors for wearing style, i.e., “type” and “color” applied for ap-
parel styling design in this paper. The coding for the two factors and their attributes are 
illustrated as Table 1. But for the sake of decreasing the number of input nodes in ANN, 
we decode the obtained solution (i.e., 00, 01, 10, or 11 for the attributes of type factors; 
0000, 0001, 0010, 0011, …, and 111 for those of color factors shown in Table 1) from the 
search mechanism as input vectors to represent different kinds of clothing wearing style. 
For example, Fig. 4 shows a model with a modern styling (i.e., expected outcome = 1000), 
dressed in “odd jacket” (i.e., F1

 = 0.6667), “T-shirt” (i.e., F2
 = 0.6667), “pleats skirt” (i.e., 

F4 = 1.0000), but not dressed in vest (i.e., F3 = 0000), and trousers (i.e., F5 = 0000). As for 
the adopted color tones for each clothing elements mentioned above, we can directly refer 
to the calibration of color bar to acquire the ones (i.e., C, M, Y, K) of the odd jacket, 
T-shirt, and pleats skirt as (0, 90, 85, 0), (80, 50, 0, 0) and (85, 50, 20, 10) respectively. 
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Pleats skirt
(1.000)

Odd jacket 
(0.6667) 

T-shirt 
(0.6667) 

C   M  Y   K  
0   90  85   0 

80  50   0   0 

8 85  50   20  10

 
Fig. 4. Illustration of a model with a “modern” styl-

ing.
 

Table 2. Input vector and output vector for a “modern” styling. 

Styling sample
Input vector 
(F1

D,F2
D,F3

D,F4
D,F5

D, f11
D,f12

D,f13
D,f14

D,f21
D,f22

D,f23
D,f24

D,f31
D, 

f32
D,f33

D,f34
D,f41

D,f42
D,f43

D,f44
D,f51

D,f52
D,f53

D,f54
D) 

Output vector 

Modern 
(0.6667,0.6667,0.0000,1.0000,0.0000,0.00,0.90,0.85,0.00,0.80,
0.50,0.00,0.00,0.00,0.00,0.00,0.00,0.85,0.50,0.20,0.10,0.00, 
0.00,0.00,0.00) 

(1, 0, 0, 0) 

F1
D~F5

D: the decoded of F1~F5    f11
D~f54

D: the decoded of f11~f54 

 
Before taking values of the color bar as input values, each of CMYK value was divided 
by 100 to limit its value to the range of [0,1]. An input vector (0.6667, 0.6667, 0.0000, 
1.0000, 0.0000, 0.00, 0.90, 0.85, 0.00, 0.80, 0.50, 0.00, 0.00, 0.00, 0.00, 0.00, 0.00, 0.85, 
0.50, 0.20, 0.10, 0.00, 0.00, 0.00, 0.00) for the modern styling sample can thus be ob-
tained. There are four sets of apparel styling targets in this study, including Modern, Ele-
gant, Casual, and Sporty. Each of them is encoded with 4-bit gene string, i.e., 1000, 0100, 
0010, and 0001 respectively. Therefore, the 4-bit gene string, i.e., 1000, representing the 
“modern” styling is utilized as the target output vector for output nodes of ANN during 
learning. The training and testing sets, consisting of input vector and output vector for the 
example of a modern styling shown in Fig. 4 are illustrated as Table 2. 
 
4.2 Training of the Neural Network 
 

The major training steps of back propagation algorithm are as follows [14]: (a) Ini-
tialize all the values of connection weight (Wijs) between node j in the upper layer and 
node i in the layer below. (b) Present an input for each node in the input layer and specify 
the desire output for each node in the output layer. (c) Calculate actual outputs of all the 
nodes using the present value of Wijs. The output of node j, denoted by Yj, is a nonlinear 
function (called a sigmoid function) of its total input. 

1
1 ij

j netY
e−

=
+

                                                     (2) 

where .ij i ij
i

net YW= ∑  (d) Find an error term for each output node and hidden node. If dj  

(1.0000)

Fig. 4. Illustration of a model with a “modern” styling. 
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and Yj stand for desired and actual values of a node, respectively, for an output node, 

δj = (dj − Yj)Yj(1 − Yj),                                               (3) 

and for hidden layer node, 

(1 ) ,j j j k ij
k

Y Y Wδ δ= − ∑                                               (4) 

where k is over all nodes in the layer above node j. (e) Update weights by 

Wij(t + 1) = Wij(t) + αδjYi + γ(Wij(t) − Wij(t − 1)),                          (5) 

where Wij(t) stands for connection weight value between node j in the upper layer and 
node i in the layer below, α is a learning rate, and the momentum factor γ is a constant 
between 0 and 1. (f) Return to step (b) to present another new input for each node until 
all the training sets have been learned and the weights have stabilized. 

5. THE EXPERIMENT AND RESULTS 

5.1 Design Demand 
 

In this session we apply the developed system to a seasonal product planning to help 
the designer to create an innovative wearing style. Supposed that there is a fashion topic 
demand, which is of the sense of some kinds of styling fashion on completely “casual” 
and with a little “sporty”, required by the customer. Through the assistance of the search 
mechanism, a designer can obtain several solutions to realize the abstract demand for 
some kinds of fashion styling on completely “casual” and with a little “sporty” using 
weight vector such as (0, 0, 1, 0.6). The applied design example, whose constrained con-
ditions and required demands mentioned above, are illustrated as Table 3. 

Table 3. Set target, known conditions and constrained conditions. 

Example Known conditions & Set target Constrained conditions 
Demand 

Linguistic expression Quantity vector
Expression 

Apparel 
styling 
design Completely “casual” 

and with a little 
“sporty” 

(0, 0, 1, 0.6) 

The followings are forbidden: 
(1) (the decoded of F4 = 0) and  

(the decoded of F5 = 0) 
(2) (the decoded of F4 ≠ 0) and  

(the decoded of F5 ≠ 0) 
where 
F4: type factor of “skirt” 
F5: type factor of “trousers” 

5.2 The Created Results 

The key parameters consisting of population size, crossover rate needs to be defined 
first developing GA computer programs. A theory that can concisely guide the assign-
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ment of these values is rarely seen [15]. Initially, the population size, crossover rate and 
mutation rate were adopted as 10, 0.5 and 0.03 respectively in this research. Firstly, there 
were totally 10 chromosomes randomly generated one by one during proceeding with the 
search process. Secondly, the fitness value for each of the generated chromosome will be 
obtained through both the evaluating of the ANN classifier and the calculation of Eq. (1). 
After the 1st generation in search process, the best approximate solution for wearing 
combination can be acquired and illustrated as Table 4. 

 
5.3 Modifying the Generated Chromosome 

 
Among these 10 chromosomes listed in Table 4, there are not any case such as si-

multaneously dressing both or none of the trousers and shirts. Nevertheless, there is the 
case that the corresponding genes of coloring are not zero despite of the genes of type 
being not dressed for all the ten chromosomes. Therefore, we should modify those de-
coded value of genes of coloring not to be zero but the genes of the corresponded genes 
of pattern being not dressed (i.e., the encoded is “0”) with zero to obtain a more appro-
priate chromosome (i.e., solution) for practical use. For instance, in the fifth chromosome, 
whose fitness is as high as 0.8501 shown as Table 4, it is not the case that both the de-
coded value of the “coat” gene and that of the “trousers” gene of coloring are the same as 
not to be zero (i.e., the decoded values of CMYK for “coat” and “trousers” are (0.87, 
0.33, 0.93, 0.80) and (1.00, 0.47, 0.40, 0.87) respectively) despite of the genes of “coat” 
type and “trousers” type being not dressed (i.e., F1 = 0 and F5 = 0). Therefore, we modify 
the decoded values of CMYK for “coat” and “trousers” from (0.87, 0.33, 0.93, 0.80) and 
(1.00, 0.47, 0.40, 0.87) to (0.00, 0.00, 0.00, 0.00) and (0.00, 0.00, 0.00, 0.00) so as not to 
violate the conditions mentioned above. Next, we take the reformed decoded 25 parame-
ters as the input values of the input nodes for ANN to re-test so as to obtain the accurate 
output vector to calculate the fitness correctly with Eq. (1). Thus, a recalculated fitness of 
the fifth chromosome can be obtained as 0.4821. Table 5 shows the four recalculated 
results, i.e., No. 1, No. 7, No. 8, and No. 10, whose fitness values are larger than 0.5 as 
0.7022, 0.6976, 0.7009, and 0.7037 respectively, can be selected as templates of fashion 
styling design for the target demand of “completely casual” with “a little sporty”. 
 
5.4 Illustrations of Costume for Solutions 
 

Both the illustrations and fitness of the modified chromosomes can be effectively 
displayed on a monitor for comparison by using display module of the system. Each gen-
erated chromosome (i.e., solution), the types and their colors included, is illustrated by 
both type and color together as coat, shirt, vest, skirt, and trousers from left to right in 
each row. Besides, the fitness of each solution is shown to the end of each row. Through 
displaying the illustrations with both type and color together included for each chromo-
some on the monitor, the wearing senses of chromosomes can be far easier compared 
with one another. According to the value of fitness, a user can select some good solutions 
of wearing styling with fitness closer to 1 to refer. 

Furthermore, In accordance with the 25 acquired parameters of each chromosome, 
the illustration for the combinations of all the clothing elements can be accomplished 
with the commercial CAD software such as Photoshop or CorelDraw tool kits. Fig. 5  
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Table 4. Results of the first generation. 

chromosome 10001011100111000110110011100001001011011010011011010100001000111011010110
0001010000110001 

Input vector 0.3333 0.0000 1.0000 0.3333 0.0000 0.67 0.00 0.73 0.40 0.47 0.27 0.53 0.67 0.87 0.27 
0.73 0.33 0.13 0.00 0.60 0.87 0.53 0.60 0.73 0.53 

1 

fitness 0.6953 

chromosome 00101000111011000100010101000111001010000001001000000111100101101100011001
000101010001001 

Input vector 0.3333 0.6667 0.0000 0.0000 0.3333 0.33 0.27 0.40 0.80 0.40 0.60 0.47 0.00 0.13 0.07 
0.53 0.13 0.47 0.27 0.33 0.27 0.80 0.93 0.53 0.13 

2 

fitness 0.3453 

chromosome 00101000111011000110010101000111001010000001001001000111110010110110000100
1000101010001001 

Input vector 0.3333 0.6667 0.0000 0.0000 0.3333 0.33 0.27 0.13 0.80 0.40 0.60 0.47 0.27 0.13 0.07 
0.53 0.13 0.47 0.27 0.33 0.40 0.80 0.93 0.53 0.13 

3 

fitness 0.2940 

chromosome 01101011000100100001001100111001110011000010010101111001111111100100000010
111011110000010 

Input vector 0.6667 0.0000 0.0000 0.0000 1.0000 0.73 0.73 0.00 0.27 0.93 1.00 0.60 0.47 0.33 0.13 
0.80 0.80 0.60 0.20 0.20 0.07 0.13 0.07 0.73 0.40 

4 

fitness 0.6958 

chromosome 11010110011111111000101011110001010101111000100001100010010010001100111001
011101001011100 

Input vector 0.0000 1.0000 1.0000 0.6667 0.0000 0.87 0.33 0.93 0.80 0.53 0.27 0.13 0.40 0.53 0.53 
0.47 0.33 0.07 1.00 0.67 0.53 1.00 0.47 0.40 0.87 

5 

fitness 0.8501 

chromosome 01101011000100000001001110111001100010000010110101111001110111100100000010
111011110000011 

Input vector 1.0000 0.0000 0.0000 0.0000 1.0000 0.73 0.73 0.00 0.27 0.93 0.87 0.60 0.47 0.87 0.13 
0.53 0.53 0.60 0.73 0.20 0.07 0.00 0.07 0.73 0.40 

6 

fitness 0.3493 

chromosome 10000111010111011111001101111001010101111000110001100010010100001100111001
011101001011100 

Input vector 0.0000 1.0000 1.0000 0.6667 0.0000 0.87 0.33 0.93 0.80 0.00 0.33 0.13 0.40 0.80 0.53 
0.47 0.33 0.60 0.47 0.20 1.00 0.87 0.33 0.47 0.53 

7 

fitness 0.7017 

chromosome 01010110011111111010101111000111000101011001011010101011000100110100110011
100011010010100 

Input vector 0.0000 0.3333 1.0000 0.0000 0.3333 0.20 0.93 0.80 0.27 0.20 0.07 0.73 0.67 0.40 0.60 
0.33 0.07 0.47 0.80 0.73 0.67 1.00 0.47 0.40 0.33 

8 

fitness 0.8503 

chromosome 01101011000100000001001100111001100011000010110101111001110111100101000010
111011110000010 

Input vector 0.6667 0.0000 0.0000 0.0000 1.0000 0.73 0.73 0.00 0.33 0.93 0.87 0.60 0.47 0.87 0.13 
0.80 0.53 0.60 0.20 0.20 0.07 0.00 0.07 0.73 0.40 

9 

fitness 0.6802 

chromosome 00011110011110001000001110111110111111011011010111111010101010010010011110
100100001010001 

Input vector 0.3333 0.0000 1.0000 0.6667 0.0000 0.27 0.67 0.47 0.13 0.60 0.67 0.67 1.00 0.33 0.73 
0.87 1.00 0.93 0.73 0.20 0.53 0.53 0.47 0.93 0.07 

10 

fitness 0.6588 
Population: 10   Chromosome: 89bits   Generation: 1   Crossover probability: 0.5   Mutation probability: 0.033 
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Table 5. Modified results of the first generation with fitness more than 0.5. 

chromosome 1000101110011100011011001110000100101101101001101101010000100011101101011
00001010000110001 

Input vector 0.3333 0.0000 1.0000 0.3333 0.0000 0.67 0.00 0.73 0.40 0.00 0.00 0.00 0.00 0.87 0.27 
0.73 0.33 0.13 0.00 0.60 0.87 0.00 0.00 0.00 0.00 

1 
( ) 

fitness 0.7022 

chromosome 1000011101011101111100110111100101010111100011000110001001010000110011100
1011101001011100 

Input vector 0.0000 1.0000 1.0000 0.6667 0.0000 0.00 0.00 0.00 0.00 0.00 0.33 0.13 0.40 0.80 0.53 
0.47 0.33 0.60 0.47 0.20 1.00 0.00 0.00 0.00 0.00 

7 
( ) 

fitness 0.6976 

chromosome 0101011001111111101010111100011100010101100101101010101100010011010011001
1100011010010100 

Input vector 0.0000 0.3333 1.0000 0.0000 0.3333 0.00 0.00 0.00 0.00 0.20 0.07 0.73 0.67 0.40 0.60 
0.33 0.07 0.00 0.00 0.00 0.00 1.00 0.47 0.40 0.33 

8 
( ) 

fitness 0.7009 

chromosome 0001111001111000100000111011111011111101101101011111101010101001001001111
0100100001010001 

Input vector 0.3333 0.0000 1.0000 0.6667 0.0000 0.27 0.67 0.47 0.13 0.00 0.00 0.00 0.00 0.33 0.73 
0.87 1.00 0.93 0.73 0.20 0.53 0.00 0.00 0.00 0.00 

10 
( ) 

fitness 0.7037 
Population: 10   Chromosome: 89bits   Generation: 1   Crossover probability: 0.5   Mutation probability: 0.033 
 

(a) (b) (c) (d) 

    

Coat + Vest + Pant skirt High-necked blouse + 
Vest + Tight skirt 

Shirt + Vest + AB 
trousers 

Coat + Vest + Tight 
skirt 

Fig. 5. Illustrations of costume for solutions (chromosomes) matched with demand (a) No. 1 (b) No. 
7 (c) No. 8 (d) No. 10. 

 

shows illustrations of No. 1, No. 7, No. 8, and No. 10 drawn and painted with Photoshop. 
A kind of “casual” is the so-called coordinate or separate that consists of two or more 
items of apparel with the same or contrasting fabrics, colors, patterns, and trimmings, 
which are together for joint sales in the market [16]. For instance, jackets and skirts (e.g., 
No. 1 and 10), shirts and jeans (e.g., No. 8), skirts and pullovers (e.g., No. 7) may be co-
ordinated. According to the professional view mentioned above, the generated solutions 
are all well in accordance with the perception of “casual”. Moreover, colors connect with 
human sentiment [17], e.g., green connects with fresh and safe; blue is with quiet and 
bright; red is with passionate and warm. The colors of garments for them all are of tones 
of green, blue, and red, which are linked with “fresh & safe”; “quiet & bright”; and “pas-
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sionate & warm” respectively. Thus, it is proved that the obtained solutions (i.e., No. 1, 
No. 7, No. 8, and No. 10) go pretty well with the needed wearing style of “completely 
casual with a little sporty”. 

6. CONCLUSIONS 

This paper proposed a GA based approach to create innovative design schema to 
improve the inspiration to the designer. Through the assistance of this developed con-
ceptual design system, a salesperson can easily acquire innovative apparel styling solu-
tions as references like a consultant to give suggestions of apparel styling more smoothly. 
Besides, it can be applied as a computer-aided professional skill-training tool for the em-
ployee of apparel industry. The color texture is related to both the material and the color 
of the fabric. However, in this paper only the simple color types are concerned with. We 
are now trying to extend our solution model to be even more available for color textures. 
In addition to the application aspect of apparel styling design, this intelligent system can 
also be implemented to other product design by changing the methodology of coding in 
accordance with different design factors and attributes. Through the developed intelligent 
computer aided system and its implementation, it is accomplished that a computer is no 
longer just to play limited rolls of a machine for feature drawing, shape simulation and 
data storing, but furthermore can be a supplier of creative inspirations and professional 
expertise.  
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