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Abstract:

In orderto improve the precision of clothing development of fast fashion brands, consumers’ sense of experience, and
brand loyalty, a design method of clothing pattern is proposed by combining Kansei engineering theory and improved
particle swarm optimization (IPSO)—back propagation neural network (BPNN) model. First, based on the theory of
Kansei engineering, the perceptual image experiment of clothing patterns was designed, and the mean value of
perceptual image evaluation of clothing patterns by young consumers was obtained through an online questionnaire
survey. Second, based on the IPSO and the BPNN, the nonlinear correlation mapping model between the design
elements of clothing pattern and consumers’ perceptual image is established. Finally, based on the calculation of
target image weight by analytic hierarchy process (AHP) method and IPSO-BPNN model, the optimal combination of
clothing pattern design elements under the requirement of multi-target image is output. Taking the paper-cut pattern
of sweater shirt as an example, the feasibility of this research method is verified. The research not only helped the
designer to design a costume pattern that meet the individual emotional needs of consumers, but also provided a
clear design index and reference, and made the costume design process more targeted, precise, and intelligent.
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1. Introduction

With the advancement of science and technology and the devel-
opment of society, the trend of global economic integration is
becoming more and more obvious, and the pace of product itera-
tion and updating is also accelerating. Therefore, people’s con-
sumption concepts and consumption methods have also under-
gone tremendous changes. Nowadays, when consumers
purchase products, they not only satisfy basic functions but also
pay attention to individuality, fashion, and emotional needs [1,2].
Different from traditional clothing, fast fashion brands are cultural
brands with “fashion” as their attitude and “culture” as their core.
Young people use fast fashion clothing to express their youthful
personality and display their unique aesthetic preferences. The
consumption of fast fashion brands is fundamentally a result of
young people’s identification with brand culture and their choice
of positioning their own cultural identity. As a fast fashion brand, it
naturally pays more attention to designing products that cater to
consumers’ psychological expectations in order to enhance the
competitiveness of its products. In fashion design, pattern is one
of the most eye-catching elements in appearance design, which
directly affects consumers’ purchasing psychology [3]. The
inherent aesthetic characteristics of clothing patterns can attract
consumers’ attention and promote clothing sales. At the same
time, its unique attributes convey certain emotional meanings to
the audience and trigger the audience’s emotional response.
The special business model of fast fashion brands requires
that clothing products be designed, produced, and sold quickly.
At such a fast pace, how to achieve clothing pattern design that

meets the emotional needs of consumers and design clothing
products that cater to consumers’ psychological expectations
has become a problem that needs to be solved urgently.

With the transformation of the production model of clothing
enterprises, the widespread application of personalized custo-
mization models has strengthened the user-driven nature of
clothing design. It has gradually become an industry consensus
to carry out design practice activities based on the personalized
needs of users. However, traditional clothing design is mostly
led and executed by designers, following the design method
under a fixed process, and the degree of user participation is
relatively limited. The design result depends on the designer’s
perceptual thinking and experience accumulation, and there is
a certain deviation from the user's demand, which cannot
achieve the cognitive match between the designer and the
user, and obtain the clothing products with a high degree of
personalization. Therefore, it is essential to clearly understand
the emotional needs of consumers and integrate them into
fashion design, which can help designers design clothes that
are popular with consumers and meet the real needs of the
public [4,5]. However, the emotional needs of consumers are
complex, a highly cohesive deep psychological and emotional
activity, full of ambiguity and uncertainty, and the extraction of
consumer emotional needs has always been a difficult problem.

Perceptual image is subjective and emotion-driven. It is the
overall impression people form of a product through their five
senses and cognitive activities. It reflects the user’s preference
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for the product and evaluation criteria. It is a synthesis of the
user’s intuition and thinking reaction and is the basic way for
people to recognize the product [6,7]. Since the perceptual
image of a product is the sensory response and intuitive asso-
ciation generated by users with their own senses, it fully con-
veys the emotional needs of users and the evaluation criteria of
the product, and is an important medium for designers to accu-
rately grasp the real feelings and expected images of users and
understand the emotional cognition of users on the product [8].
However, for a long time, consumers’ perceptual image of pro-
ducts involves complex psychological feelings and psychological
changes, full of ambiguity and uncertainty, so it is always a difficult
problem to extract the law of consumer feeling. In the face of the
current consumption trend and research status, Kansei's engi-
neering theory can provide an effective solution to this problem.

Kansei engineering is a customer demand-oriented product
development technology, and it is an engineering technology
meant to transform customer feelings and images into design
elements. It mainly studies how to apply human feeling, percep-
tion, emotion, and other factors to product design, combining
psychology, ergonomics, computer science, and other disci-
plines, so as to meet the deep emotional needs of users
[9,10]. Kansei engineering technology is relatively mature in
Japan and has been widely used in many fields such as home
appliances, machinery, and automobiles, bringing considerable
profits to the industry. With the development of Kansei engi-
neering becoming more and more mature, more and more scho-
lars are devoted to exploring the perceptual value of textile and
garment products. A variety of clothing elements need to be
considered in the process of fashion design, among which the
application of Kansei engineering can be roughly divided into the
following three aspects: (1) perceptual research on fashion
styles, (2) perceptual research of clothing color, and (3) percep-
tual research of clothing fabrics. The style of clothing is the unity
of all design elements, which can bring consumers direct psy-
chological feelings. Many researchers have carried out percep-
tual evaluation studies on suits, vests, dresses, cheongsam,
bras, and other clothing, so as to understand consumers’ per-
ceptual cognition and demand preferences, and then determine
the best clothing style design [11-15]. As one of the three ele-
ments of fashion design, color has attracted the attention of
designers and researchers, and launched the emotional experi-
ence and feeling evaluation of modern consumers on clothing
color, and understood and mastered the perceptual characteris-
tics of clothing color, which helps designers and consumers to
match clothing color more reasonably [16,17]. Fabric is the mate-
rial body of clothing. With the gradual improvement of life quality,
consumers’ demand for clothing fabrics is also gradually moving
toward sensibility, requiring clothing fabrics to bring comfort to
consumers while having higher aesthetic appearance value. In
order to identify the aesthetic characteristics of fabrics of different
materials, researchers have expanded the relationship function
between the sensory image of yarn-dyed fabrics for shirts, tweed
fabrics, and other clothing fabrics of different materials and the
preferences of subjects, so as to facilitate designers to grasp the
perceptual information implied by different fabrics [18-20].

The pattern of clothing is varied, and different patterns have an
obvious influence on the style and perceptual image of clothing.

At present, the perceptual research of clothing patterns mainly
focuses on simple geometric patterns such as stripes, plaid,
polka dots, etc., in terms of pattern types, the perceptual
research of complex patterns is lacking, resulting in insufficient
depth and perfection of the perceptual research system of
clothing patterns [21-23]. In terms of the research content, it
mainly discusses consumers’ emotional response to clothing
patterns and extracts the main factors affecting the perceptual
image of patterns. The lack of in-depth analysis of the corre-
sponding relationship between pattern design elements and
consumers’ emotional psychology leads to the inability to con-
nect consumers’ tacit knowledge with pattern design knowl-
edge, and the practical application value of the research results
is limited [24]. In terms of research methods, most of them
extract perceptual factors through factor analysis, determine
the importance of factors by using triangular fuzzy number
and gray relational degree analysis, and use partial least squares
method, quantitative type | theory, etc. to establish mathematical
models to simplify and quantify complex psychological phenomena
[25—-27]. Since consumers’ emotional demands themselves have
great uncertainty and ambiguity, the above quantitative analysis
methods are difficult to accurately grasp consumers’ emotional
demands for clothing patterns.

In Kansei engineering research, artificial intelligence tech-
nology can well deal with the fuzzy relationship between con-
sumers’ subjective information and objective indicators, solve
various fuzzy problems, and transform fuzzy perceptual needs
into definite perceptual values. At present, artificial intelligence
methods are used in many fields to carry out perceptual
research. Back propagation neural network (BPNN) is an arti-
ficial neural network trained on the backpropagation (BP) algo-
rithm, which can calculate the error between the network output
and the actual target and backpropagate it, constantly adjusting
the network weight to reduce the error until it meets the preset
criteria. BPNN has the characteristics of strong nonlinear map-
ping ability and parallel information processing ability and can
learn and store the mapping relationship between input and
output [28-30]. Compared with Class | of quantitative theory,
BPNN does not need to be limited to the hypothesis of linear
relationship and the hypothesis of mutual independence of vari-
ables, which is less restrictive in research, and can establish a
nonlinear correlation model between design elements and per-
ceptual image of products, improve user satisfaction through
quantitative research. For example, Misaka and Aoyama studied
the relationship between the crack pattern and the perceptual
image of the cup by using NNs after analyzing the perceptual
image data of the crack pattern. By modeling the actual crack
generation mechanism, a system meeting the requirements of
users was generated [31]. Wang et al. built a correlation model
between user preference and perceptual cognition of pattern
through BPNN, and conducted a multidimensional discussion
on the selection of clothing patterns [32].

Although BPNN has the strong nonlinear fitting ability and gen-
eralization ability, it also has some disadvantages such as long
training time, slow convergence speed, easy falling into local
optimal solution, and difficulty in determining the hidden layer
number. At the same time, BPNN is sensitive to the selection of
parameters such as initial weight and learning rate, which
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needs to be repeatedly tested and adjusted, and the degree of
automation is not high, which is difficult to deal with complex
problems [33,34]. In view of the above shortcomings, many
researchers have proposed improvement strategies. In the optimiza-
tion process of the improved BPNN algorithm, compared with other
commonly used optimization algorithms (such as traditional gradient
descent method, genetic algorithm [GA], simulated annealing, etc.),
the improved particle swarm optimization (IPSO) algorithm shows a
series of unique advantages. First, IPSO is a global optimization
algorithm that can effectively avoid the local optimal problem com-
monly seen in the BP network training process. The traditional gra-
dient descent method usually relies on gradient information for
updating, and it is easy to fall into the local optimality in the optimiza-
tion problem of non-convex functions, resulting in an unsatisfactory
optimization effect [35]. Second, compared with the GA, IPSO has
fewer hyperparameter adjustment requirements [36]. Finally, IPSO
has strong adaptability and flexibility. Compared with algorithms
such as simulated annealing, IPSO has lower computational com-
plexity and can converge to a better solution in a shorter time [37].
For example, Bai et al. established a ship trajectory prediction model
combining IPSO and BPNN, and used ship historical sailing trajec-
tory data to predict future ship movement [38]. Shen and Ji used this
method to propose a standard sewing time prediction model [39].

In general, Kansei engineering, as a translation technology of
“sensitivity-image-design elements,” can help guide the design
of clothing products that are more in line with consumer prefer-
ences and emotional experiences, and plays an important role
in the clothing field. However, the current Kansei engineering
research in the field of clothing pattern design does not focus on
the Kansei engineering of paper-cut patterns and lack of

research on the implicit correlation between clothing pattern
modeling characteristics and perceptual images, and does not
establish a mathematical model of clothing pattern evaluation
and design, so it is impossible to construct a clothing pattern
design system with rational logic. Therefore, this article takes
the paper-cut pattern of sweater shirt as an example and pro-
poses a personalized design method of clothing patterns based
on Kansei engineering and IPSO-BPNN. By exploring the implicit
knowledge between consumers’ emotional needs and paper-cut
pattern design, as well as the calculation of intelligent models,
the optimal combination of clothing pattern design elements
under the diversified and personalized emotional needs of con-
sumers is recommended, to help designers improve design effi-
ciency and design satisfaction.

2. Research process

Taking the paper-cut pattern of sweater shirt as an example,
this article researches the design of clothing patterns based on
Kansei engineering and IPSO-BPNN. The research is divided
into three steps. First, the perceptual evaluation of representa-
tive clothing patterns by young consumers is obtained through
the perceptual image experiment of clothing patterns. This step
is important because it ensures that the design process is in line
with consumers’ preferences and provides a basis for subsequent
design. Second, the IPSO-BPNN model is constructed and ver-
ified by simulation. The key to this step is that the IPSO-BP model
combines the IPSO algorithm and the BP neural network, which
improves the effect of the model in design parameter optimization
and ensures that the model can accurately reflect consumers’
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perceptual preferences. Finally, the model is combined with ana-
lytic hierarchy process (AHP) and weighted sum method to seek
intelligent recommendations of clothing pattern design scheme
under the multi-objective image of consumers, and design prac-
tice and evaluation of the recommended scheme are carried out
to further verify the reliability and effectiveness of the proposed
method. This step solves the problem of consumers’ diverse
preferences, provides a balanced design scheme, and verifies
the reliability and effectiveness of the method through design
practice and evaluation. These three steps together achieve
the goal of this research: to develop a clothing pattern design
method that can both meet consumers’ emotional needs and be
practical by combining perceptual engineering and intelligent
models. The research process of this article is shown in Figure 1.

3. Perceptual image experiment of clothing
pattern

3.1. Selection of perceptual image words

Through consulting relevant literature and using an octopus
harvester to collect thousands of comments on clothing on e-com-
merce platforms such as Jingdong and Taobao, the perceptual
image words related to clothing patterns were collected, and 126
groups of perceptual words were obtained. First, according to the
semantic difference method in Kansei Engineering, the perceptual
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image words with similar meanings are deleted. Second, the
research object of this article is clothing pattern, and the words
inconsistent with the perceptual image of clothing pattern are
eliminated. Finally, six field experts, scholars, and practitioners
were invited to form focus groups for discussion, and according to
the relevance and importance of clothing pattern design and per-
ceptual images, the image words were scored using the 1-7 scale
method, and the top three words were screened out, namely simple
— complex, modern — tradition, and unique — ordinary.

3.2. Clothing pattern screening and stimulus image
production

The application of paper-cut patterns in clothing adds a unique
artistic sense to clothing and is loved by modern consumers.
However, there are a variety of paper-cut patterns, and some
patterns are very similar, so it is necessary to screen out some
representative paper-cut patterns as test patterns. Through the
field investigation of the paper-cut inheritors and the collation of
paper-cut related documents and pictures, more than 200 paper-cut
pictures were collected, and the pictures such as fuzzy picture and
poor angle were initially screened out. Then, focus group members
were invited to select representative samples, and samples that
were selected more than 4 times were used as experimental sam-
ples, and finally 24 representative samples were obtained. At the
same time, in order to avoid the influence of color, clothing style,
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and other factors on perceptual image evaluation, the representa-
tive samples were uniformly decolorized and placed in the front
center position of the sweater shirt, as shown in Figure 2.

3.3. Carry out the perceptual image experiment of clothing
pattern

This experiment uses the Questionnaire Star website as an
evaluation tool to send online questionnaires. This research
selected 100 consumers of different genders aged 20-35 as
participants because this group is the main consumer group of
fast fashion, with a high frequency of fashion consumption and
sensitivity to trends. Consumers in this age group have a strong
emotional demand for clothing, which is in line with the research
objectives of Kansei engineering. The respondents were not
affected by region and cultural literacy and scored based on
their subjective feelings. Finally, 95 questionnaires were col-
lected, of which 90 were valid, with an efficiency of 90%. The
data obtained from the 90 questionnaires were sorted and
counted, and the average semantic evaluation scores of the
three perceptual words corresponding to the 24 representative
samples were obtained, as shown in Figure 3. Then, Cron-
bach’s a coefficient and split-half reliability coefficient were
used to evaluate the reliability of questionnaire data. Through
the analysis of SPSS 26.0 statistical software, the overall Cron-
bach’s a coefficient of the questionnaire was 0.873, and the
Cronbach’s a coefficient of each dimension was 0.796-0.934.
The total broken half reliability is 0.795, and the broken half
reliability of each dimension is 0.784—-0.966. The reliability of
all dimensions is good, and all are >0.75, indicating that the
reliability of the questionnaire is good and the data are reliable.

4. Construction and verification of IPSO-BPNN
model

4.1. Construction of IPSO-BPNN model

4.1.1. IPSO algorithm

The traditional particle swarm optimization algorithm regards
each solution of the optimization problem as a particle, and
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multiple particles constitute a population. In each iteration,
each particle combines the information of individual extreme
values and global extreme values to update its own speed
and position, so as to search for the optimal solution. Assume
that in a D-dimensional search space, there are M particles
forming a population {Xj, X5, ... X}, the position of the ith par-
ticle can be expressed as X; = (Xj1, Xi2, ... Xp)l ,i=1,2, ... M.
The speed of the ith particle can be expressed as
Vi=(Viy, Vg, ... Vip)', i = 1, 2,... M. Then, the fitness function
value of each particle is calculated, and the speed and position
of each particle are updated according to equations (1) and (2).
Assume that the maximum number of iterations of the particle
swarm optimization algorithm is ¢, the fithess function is F,
and the set minimum error value is E. When the fitness function
value Fis less than or equal to the set minimum error value E or
the number of iterations f is greater than or equal to the max-
imum number of iterations f,a«, stop searching and output the
search results.

Vi = wV + on(Pf=X{) + cara(Py =X, (1)

XV =Xt + v, )

where w is the inertia weight, ¢4 is the individual learning factor,
¢, is the group learning factor, ry and r, are random numbers in
[0,1]. V} is the speed of the ith particle in the tth generation, V/*'
is the speed of the ith particle in the t + 1th generation, X/ is the
position of the ith particle in the tth generation, X/*' is the posi-
tion of the ith particle in the t + 1th generation, P! is the indivi-
dual extreme position searched by the ith particle up to the fth
generation, and Pé is the global extreme position searched by
all particles up to the tth generation.

By setting the upper-speed limit V,.x and position limit of the
particle Xnax in a certain dimension, the speed and position of
the particle will be regulated within Vi,ox and Xmax, respectively.

Traditional particle swarm optimization algorithm tends to con-
verge to local optimal values, thus reducing the optimization
effect. In order to improve the local and global search capabil-
ities of particle swarm optimization algorithm, the traditional
particle swarm optimization algorithm is improved in terms of
evolutionary strategy and parameter setting.
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Figure 3. Kansei image evaluation mean of representative samples.
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(@) Add mutation operation

In order to increase the diversity of particles and
enable particles to jump out of the local optimal value,
the mutation operation is introduced into the particle
swarm optimization algorithm. In each iteration, each par-
ticle has a certain probability of mutation, and the position
and speed of the mutated particle will be re-initialized
randomly.

(b) Dynamically adjust the inertia weight, individual learning
factor, group learning factor, and maximum speed.

In order to better balance the local search ability and
global search ability of the particle swarm optimization
algorithm, the inertia weight, individual learning factor,
group learning factor, and maximum speed are dynami-
cally adjusted. The inertia weight, individual learning
factor, group learning factor, and maximum speed of the
tth generation are shown in equations (3)—(6).

w = e'nwmax_(f_ﬂx(|nwmax_|nwmin)/(tmax_1), (3)
t-1
€1= Ctmax ~ (C1max = Cimin) X 1) 4)
fmax = 1
t-1
C2 = C2min + (C2max = C2min) ¥ 1) (5)
fnax = 1
t-1
Vimax = V1= (v = V) % , (6)
fmax = 1

where wnay is the maximum inertia weight, Wi, is the minimum
inertia weight, ¢1max is the maximum individual learning factor,

Cimin IS the minimum individual learning factor, Comax is
the maximum group learning factor, Comin is the minimum
group learning factor, vy is the maximum speed limit, and v,
is the minimum speed limit. It can be seen that the inertia
weight decreases exponentially, the individual learning factor
decreases linearly, the group learning factor increases linearly,
and the maximum speed decreases linearly. The dynamic
adjustment of parameters enables the population to enhance
the global search capability and expand the search range in the
early stage, and enhance the local search capability and accel-
erate the convergence speed in the later stage, which is con-
ducive to searching for the optimal solution.

4.1.2. Using IPSO algorithm to optimize BPNN prediction
model

The essence of optimizing BPNN with the IPSO algorithm is to
use the IPSO algorithm to optimize the initial weights and
thresholds of BPNN to improve the prediction accuracy of
BPNN. The specific steps of the IPSO-BPNN algorithm are
as follows:

(a) Determine the search range of the particle swarm and
initialize the position and speed of the particle swarm.
The position of each particle represents the initial connec-
tion weight and threshold of the BPNN. The input of the
BPNN is the design element encoding the clothing paper-
cut pattern, and the output is the corresponding percep-
tual image value.

(b) Initialize the connection weight and threshold of the cor-
responding BPNN according to each particle.

(c) Train each BPNN with the training set, take the mean
square error of the validation set as the fitness function F,
and calculate the fitness function F of each particle. The
expression of the fitness function F is shown in formula (7).

F =

M=

;= 0)?, )
/

where u is the number of samples in the validation set, y; is
the true value of the ith validation set sample, and o; is the
predicted value of the ith validation set sample.

(d) Determine the individual extreme value and group extreme
value of the particle value according to the fitness function
F of the particle.

(e) Update the weight coefficient, individual learning factor,
group learning factor, and speed upper limit.

(f) Determine whether the number of iterations exceeds the
maximum value. If it exceeds the maximum value, output
the optimal initial connection weight and threshold of the
BPNN; if it does not exceed the maximum value, update
the speed and position of the particle, and ensure that the
position and speed of the particle are within the set range,
and then go to step (2).

(g) When the fitness function value is less than or equal to the
set minimum error value, or the number of iterations
exceeds the maximum value, output the optimal initial
connection weight and threshold of the BPNN, initialize
the connection weight and threshold of the BPNN, train
the BPNN, and test the BPNN.

4.2. Simulation verification of IPSO-BPNN model

4.2.1. Deconstruction and coding of design elements of
clothing paper-cutting patterns

Since clothing pattern design elements cannot be directly used
as input parameters of the model, they need to be deconstructed
and coded. Two paper-cut inheritors and two clothing designers
were invited to extract and classify design elements based on
representative clothing pattern samples. The clothing paper-cut
patterns were divided into six design elements by morphological
analysis. Then, the design element types were analyzed based
on representative samples, and 23 types of design elements
were obtained, as shown in Table 1. The design elements of
24 representative samples were coded using switch-type nom-
inal scale coding, and qualitative design elements were con-
verted into quantitative data, as shown in Table 2.

4.2.2. Simulation verification

In order to verify the accuracy of the algorithm proposed in this
article in predicting the perceptual image of clothing patterns, a
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Table 1. Design element space of clothing paper-cut patterns
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Table 2. Design element coding of representative samples

Sample no. Design element coding
1 00100000000100100101001
2 00010000000100110001001
23 01000000000101000101001
24 00010000010000110001001

simulation experiment was conducted through Matlab. A total of
18 samples were randomly selected from all samples as training
samples, and the remaining 6 were used as test samples. At the
same time, BPNN and PSO-BPNN were selected for compara-
tive analysis.

The PSO-BPNN parameters adopt a 3-layer BPNN structure to
construct and train the association mapping model between
clothing pattern design elements and three representative image
words. The input layer data is clothing paper-cut pattern design
elements. From Table 1, it can be seen that the number of input
layer nodes of the network is 23, and the output layer is the
clothing paper-cut pattern image evaluation value, so the
number of nodes is 3. The number of hidden layer nodes is
selected by repeated experiments using Matlab. When the
number of hidden layer neuron nodes is 9, the neural network
training result is the best, so the number of hidden layer nodes
of the network is finally determined to be 9. Therefore, the
3-layer BPNN structure is determined to be 23-9-3. Other
parameters are set as follows: training times 1000, learning
rate 0.1, learning target 0.0001. The hidden layer activation
function is the S-type tangent function, and the output layer acti-
vation function is a linear function. The IPSO algorithm search
space dimension D = 246; the population size M is 40; the
learning factor Cimax =16, Cimin=0.9, Comax = 2.3,
Comin = 1.3, the maximum number of iterations = 300; the initial
and final values of the inertia weight w are 0.9 and 0.4, respec-
tively; the particle speed range is [0.05, 0.2].

For fairness, the parameters of the PSO-BP algorithm are the
same as above. About the traditional BPNN, the default para-
meters in the system library are used. In addition, the number of
training times, learning rate, and learning target are the same
as those of the IPSO-BPNN. As shown in Figure 3, the simula-
tion results of the perceptual image prediction of six test sam-
ples using three network prediction models: IPSO-BPNN, PSO-
BP, and BP.

It is not difficult to find from Figure 4 that the three network
prediction models can well predict the perceptual image of
clothing paper-cut patterns. Compared with the BPNN predic-
tion model and the PSO-BPNN prediction model, the IPSO-
BPNN prediction model has the best effect, and the predicted
value is very close to the actual value. From the above results, it
can be concluded that the IPSO-BPNN reliability prediction model
proposed in this article has higher prediction accuracy than the
other two network prediction models, and can make more accu-
rate predictions on the perceptual image of clothing patterns.
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Figure 4. Prediction results of perceptual image reliability of test samples by three networks.

5. Clothing pattern design based on IPSO-BPNN

Consumers’ image cognition and personalized emotional needs
are complex and multifaceted. In the practice of clothing pattern
design, it is generally necessary to consider multi-objective
images at the same time, rather than only design innovation
under a single dimension. Under multiple target dimensions,
the optimal design element combination corresponding to objec-
tive image A and objective image B may be different. At this time,
the IPSO-BP network will have contradictions and difficulties in
recommending the optimal design element combination. In order
to achieve the optimization of clothing pattern design schemes
under multi-objective dimensions, this article first uses the AHP
method to assign weights to each objective image to reflect its
relative importance and then uses the weighted sum method to
seek the design element combination of the best solution for
clothing patterns under multi-objective images.

5.1. Calculate the weights of multi-target images

According to the research objectives, the personalized clothing
pattern design scheme is taken as the target layer, and the
three perceptual images of Simple — Complicated, Modern —
Traditional, and Unique — Ordinary are taken as the criterion
layer to construct a hierarchical analysis model of clothing pat-
tern perceptual images, as shown in Figure 5.

According to the AHP analytic hierarchy process, using the 1-6
scale method, the focus group members were invited to score
the importance of each image. When the importance of the two
images was equal, the calibration value was 1; when one of
them was much more important than the other, the calibration

value was 6. The calibration table of the judgment matrix is
shown in Table 3. The evaluation index is compared pairwise,
the judgment matrix is constructed according to the scores, and
the corresponding weights of each criterion layer, and sub-cri-
terion layer are calculated.

After the judgment matrix is obtained, the eigenvector needs to
be solved. Because the perception of sample data has high
precision requirements, this article adopts the root method,
which has a complicated calculation process, to calculate the
weight of each. The specific steps are as follows:

Step 1: Calculate the product of the comparison results of each
row of design elements with other design elements M;,

M = [je. (8)
j=1

Step 2: Calculate the m root of each element and obtain the
geometric mean value q; of each element,

a; = g/M;. (9)

Step 3: Normalize the geometric mean value of each element

and find the relative weight wj,
g

Yia

Step 4: Calculate the maximum eigenroot Amax of the judgment
matrix,

wj = (10)

(AW /w)

max —

(11)

n

Personalized design schemes for clothing patterns Eesmeemmmm—— Target layer

Figure 5. Hierarchical analysis model of perceptual image of clothing patterns.
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Table 3. 1-6 Scale values and their meanings

Calibration value Definition
1 Factor i is as important as factor j
2 Factor i is slightly more important than factor j
4 Factor i is more important than factor j
6 Factor i is absolutely more important than factor j
3,5 The median of two adjacent judgments
Table 4. Random consistency index
N 1 2 3 4 5 6 7 8 9
i 0.00 0.52 0.89 1.12 1.26 1.32 1.41 1.46 1.52

Step 5: Consistency test Ic is carried out after vector weights
are obtained,

Amax -m
- 12
ler==""—3 (12)
I
ler =1 (13)
RI

In the formula, Icr is the consistency ratio and Ig, is a random
consistency index, as shown in Table 4. When Icr < 0.1, it indi-
cates that the matrix has passed the consistency test and can
be accepted.

The team members calculated the weight value of each image
according to the weight value calculation formula in the AHP
method, and the result is shown in Table 5.

After calculation, the above judgment matrix, Cg = 0.009 < 0.10,
meets the requirements of the consistency test in the hierarchical
analysis method. The judgment matrix in Table 3 is more reason-
able and the weight value is more reliable. Therefore, the
weight values of each objective image are set as follows:
0.1055 (Simple — Complicated), 0.2124 (Modern — Tradition),
and 0.6821 (Unique — Ordinary).

5.2. Recommendation of optimal combination of clothing
pattern design elements under multi-objective image

requirements

In order to recommend the combination of clothing pattern
design elements under multi-objective image requirements,
according to Table 1, the exhaustive method is used to re-

Table 5. Criterion layer judgment matrix and weight

combine the paper-cut pattern design elements, and a total of
6x6x3x3x2x3=1944 schemes are obtained, code all
possible schemes, build a sample database of garment paper-cut
patterns. The trained IPSO-BPNN model is used to calculate the
evaluation values of three groups of perceptual image words. After
calculation, sample S106 (00001000001010001010010), S275
(00000100000110001001001), and S629 (10000000000101001001001),
these three groups of codes are, respectively, the optimal design
element combinations corresponding to the three single image
dimensions of Simple, Modern, and Unique.

Combined with Table 3, the perceptual image prediction values
of these three groups of optimal encodings under multiple
image dimensions are calculated, as shown in formula (14).

Y = [ Vo, Y5l % a4, @2, @3], (14)

where Y represents the multi-image perceptual predicted value
encoded by each group after final weighting, [y;, y», 3]  is the row
vector of the sample predicted value under each image dimen-
sion, and [ay, az, as] is the column vector of the weight coefficient.

After calculation, the optimal combination code of clothing pattem design
elements under multiple images is S629 (10000000000101001001001),

Figure 6. Design scheme.

Perceptual image Simple — Complicated

Modern — Tradition

Unique — Ordinary Weight values

Simple — Complicated 1 1/2 1/2 0.1055
Modern — Tradition 2 1 1/3 0.2124
Unique — Ordinary 2 3 1 0.6821
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Figure 7. Evaluation sample set.

and the corresponding combination of design elements is
Central composition method, No outline, Vary, Daily life scene,
Thick and fine lines, and Yin and Yang carving.

6. Discussion

In this section, we discuss the reliability of the above research
method. Taking the optimal combination of clothing pattern
design elements under multiple images obtained above as an
example, it is tested through clothing pattern design practice and
combined with further perceptual image evaluation experiments.

Two college students majoring in design and one young paper-
cutting enthusiast are invited. According to the optimal design ele-
ment combination obtained above, Central composition method,
No outline, Vary, Daily life scene, Thick and fine lines, and Yin and
Yang carving were used for clothing pattern design, and three
design schemes were obtained, as shown in Figure 6.

In order to objectively verify the effectiveness of the proposed
method, the design scheme was subjected to a perceptual eva-
luation experiment again. Samples 14 and 21 with high consumer
evaluations in the original sample set were used as control sam-
ples to form an evaluation sample set, as shown in Figure 7.

Then, image questionnaires were distributed online to 30 young
consumers, and a total of 28 valid questionnaires were recov-
ered. The data of image evaluation are processed by 1-4
scoring methods. According to consumers’ rating of each
design scheme in a certain image dimension, the scheme
with the highest score is given 4 points, and the rest are given
3 points, 2 points, and 1 points, respectively. Set under an
image, the number of a scored by design scheme i is b, (i, a,
and b are positive integers, i € [1,4], a € [1, 4], b € [1, 28]), then
the evaluation score V; of design scheme i under this image is
shown in equation (15).

Table 6. Image score of design scheme 1

4
Vi = ab,. (15)

a=1
Take design scheme 1 as an example, and the result is shown
in Table 6. According to Table 6, design scheme 1 scores 53,
80, 96 in each target image. Combined with the weight values
of the above three target images, the final score of design
scheme 1 is 90 points. According to this method, the final
scores of other design schemes are calculated, and the results
are shown in Table 7.

According to the evaluation results, the multi-objective percep-
tual image scores of design schemes are higher than those
of the representative samples, indicating that the design
schemes generated by the method in this article meet the
multi-image needs of consumers, and verify the effectiveness
of the method.

Although the optimal combination of clothing pattern design
elements under multiple images is obtained based on the
method in this article, which provides designers with a clothing
pattern design strategy with specific directions and clear ele-
ments, helps designers improve design efficiency and better
meet users’ diverse emotional needs, but the fixed combination
of design elements may also limit the designer’s design crea-
tivity to a certain extent. It is recommended that designers com-
bine methods such as extension graphic semantics to carry out
divergent thinking and effective convergence under specific
combinations, so as to provide a more sufficient and reliable
method for clothing pattern design.

7. Conclusion

In order to improve the accuracy of fast fashion brand clothing
development, consumer experience, and brand loyalty, this
article proposes a personalized design method for clothing pat-
terns based on Kansei engineering theory and IPSO-BPNN

10

Score Design scheme 1 Table 7. Final score of the design scheme
Simple Modern Unique Design scheme Score
4 7 10 15 Design scheme 1 90
3 6 8 10 Design scheme 2 95
2 6 6 3 Design scheme 3 92
1 9 4 0 Representative sample 14 86
Summation 67 80 96 Representative sample 21 83
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model and verifies the effectiveness of the research method by
combining design practice and program evaluation. The
research conclusions are as follows: Based on Kansei engi-
neering and IPSO-BPNN, the mapping relationship between
clothing pattern design elements and consumers’ perceptual
images can be obtained, and the perceptual images of clothing
patterns can be accurately predicted; the importance weight of
each target image can be obtained through the AHP method; by
calculating the optimal combination of design elements corre-
sponding to a single image dimension and combining the
weights of each target image, the multi-image perceptual pre-
diction value of each sample can be obtained, and the optimal
combination of design elements can be output to provide
designers with a clear clothing pattern design strategy, helping
them to improve design efficiency, increase the rapid response
of fast fashion brands to the market, design the most popular
fashion in the shortest time, and meet customer needs to the
greatest extent. At the same time, the method proposed in this
article can also be applied to the pattern design of other types of
clothing such as luxury fashion, sportswear, sustainable clothing,
etc. Based on the optimal combination recommendation of
clothing pattern design elements provided by this method,
designers can combine the current intelligent generation tools
to try to generate design sketches or preconceived concept
drawings intelligently, which is also the next research goal of
the research group.
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