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Abstract: The study applies Kansei engineering in analyzing the color and texture of leather footwear,
utilizing neural network verification to mirror consumers’ visual and tactile imageries onto varieties
of leather. This aids in the development of an advanced system for selecting leather footwear based
on such impressions. Initially, representative word pairs denoting consumers’ visual and tactile
perceptions of leather footwear were delineated. Post-evaluation of these perceptions through a
sensibility assessment questionnaire was administered, using 54 samples of leather footwear pro-
vided by manufacturers, with each leather type codified in terms of visual and tactile sensibilities.
Subsequently, a customized software algorithm was crafted to isolate the primary color and adhe-
siveness as color features from the leather sample images. Analyzing grayscale values of the images
and using pixel neighborhood as a base, the associated calculation methods, such as LBP, SCOV,
VAR, SAC, etc., were proposed to extract texture features from the images. The derived color and
texture feature values were used as the input layer and the sensory vocabulary quantified values as
the output layer. Backpropagation neural network training was conducted on 49 leather samples,
with five leather samples used for testing, culminating in the verification of neural network training
for three types and 17 combinations. The outcome was an optimal method for leather footwear
Kansei engineering and neural network training, establishing a design process for leather footwear
characteristics assisted by sensory vocabulary and a backpropagation neural network. Additionally, a
computer-aided system for selecting leather footwear, based on these impressions, was designed and
validated through footwear design. This study utilized symmetry in footwear design. By using the
design of a single shoe to represent the imagery of a pair of symmetrical shoes, we verified whether
the leather samples recommended by the leather imagery selection query system met the expected
system input settings.

Keywords: kansei engineering; visual-tactile perception; back propagation neural (BPN) networks;
color and texture features; computer-aided leather footwear design system

1. Introduction

With advancements in technology and elevations in human living standards, shoes
have become a significant focal point of fashion [1,2]. Consequently, consumer demand
for footwear has become increasingly stringent. Customers not only demand comfort
and fit, but also focus on elegance and trendiness, and consider various psychological
aspects. Utilizing a variety of materials, a myriad of shoe types can be created, with
a significant proportion made from leather, due to its distinctive natural texture and
how it feels post-production. Leather that is superior in color and textural quality is
considered a symbol of taste and status, and the crafting of good pairs of symmetrical
shoes is quite challenging [3]. Crafting a quality pair of shoes is a complex task, and
with shifts in the economic environment placing significant pressure on the footwear
industry, the ability to upgrade and transform has become vital for its development. Yeh [4]
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proposed that invoking emotional resonance is crucial for product design success in a
highly competitive market. Modern leather manufacturers and designers pay considerable
attention to the aesthetics, visual appearance, and tactile sensation of leather apparel, as
these factors significantly impact purchasing decisions [5]. Key aspects of design that
cannot be overlooked are the shape, color, material, quality, symmetry and function of the
products, and the sensory effects of the materials. However, designers often select materials
based on their personal experiences and aesthetics, potentially leading to a gap between
the product and consumer’ perception of the product.

Symmetry plays an indispensable role in footwear design, profoundly influencing its
innovation and diversity. This not only stems from the natural symmetry of human feet,
but also from our basic cognition of beauty. Numerous studies [6-8] regard symmetry as a
characteristic of beautiful objects, positing that beauty is a result of symmetry. Furthermore,
Gjoni [9] indicates that consumers pursue design, with perfect symmetry being a key
condition for product differentiation. Hence, symmetry is the cornerstone of footwear
design, and designers must take it into due consideration and employ it ingeniously during
the design process.

Smart manufacturing is the primary trajectory for global industrial development,
wherein the manufacturing sector serves as the main battlefield for innovation-driven
transformation and upgrades in the digital economy [10]. Shoe design is stepping into the
era of intelligence, necessitating the harnessing of novel technologies in the conception of
superior footwear designs [11]. There is an expectation of digitizing the selection of shoe
material, particularly leather, so as to explore the relationship between affective vocabulary
values and inherent color and texture features of leather. By utilizing computer software to
assist design with leather footwear characteristics, and coupling objective leather data with
consumer sensory perceptions for training in neural networks, designers can scientifically
identify suggested leather types through the affective vocabulary values regarding leather
footwear. A computer-aided footwear system for leather sample evaluation is undertaken,
herein, providing a reference for designers. The goal is to enhance the competitiveness of
footwear design amidst a highly competitive environment, meet market demands, and
boost corporate competitiveness.

2. Literature Review
2.1. Kansei Engineering and Computer-Aided Kansei Engineering

Kansei Engineering is a product development method originating in Japan, and and
developed by Nagamachi in the 1970s, which incorporates subjective perceptions and
emotions into the design process [12]. The aim is to connect the emotional responses
of consumers with the actual product design attributes. In shoe design, this method
is highly applicable, creating products that deeply resonate with consumers, driving
preference, and, ultimately, influencing purchasing decisions. A Computer-Aided Kansei
Engineering (CAKE) system is an advanced application of Kansei Engineering. It uses
computer technology to enhance and simplify the processes involved in the user-centered
design method. CAKE systems primarily facilitate the quantitative analysis of subjective
data collected during the Kansei Engineering process. The system can efficiently collect,
organize, and analyze large data sets related to consumer emotional reactions to different
product attributes. In relevant studies, Hsiao et al. [13] employed a Kansei Engineering
System (KES) to convert consumer psychological ideas into quantifiable image vocabulary.
Using GA’s optimization characteristics, all component combinations are compared with
their predicted counterparts to find optimized shaping combinations. Lai [14] proposed a
user-oriented design methodology to transform user perception into the design of product
elements. Wang et al. [15] proposed a sneaker design process combining Kansei engineering
and artificial neural networks. Lin [16] applied Kansei Engineering and artificial neural
networks to conduct sound image research, studying the relationship between the sound of
electric shavers and consumer emotional evaluation. Huang and Cui [17] extracted features
from target face images by means of Principal Component Analysis (PCA), reducing the



Symmetry 2023, 15, 1462

3 0f27

dimensions of the image. The improved BP neural network was then adopted to classify
the feature coordinates of the face image. Finally, the proposed face recognition algorithm
was implemented on Matlab and trained with the improved BP neural network. Shieh and
Yeh [18] primarily focused their research on running shoes, integrating neural networks
and affective engineering. They sought to understand the interplay between shoe form
and consumers’ emotional responses. By employing sensory adjectives for running shoes,
and using survey methods for data collection, they gathered customer questionnaire data.
This data was, subsequently, preprocessed using Principal Component Analysis (PCA) and
Partial Least Squares (PLS) to reduce data dimensions, remove redundancy, and clarify
mixed or unclear learning data. Finally, they employed PCA-NN and PLS-NN neural
networks to establish predictive models.

2.2. Five Sensory Systems

Current studies usually utilize five sensory systems to acquire various forms of infor-
mation from the external environment, and these sensory systems operate independently
and interactively [19]. Schifferstein et al. [20] found that people could understand most
product details through visual and tactile senses. Stadtlander and Murdoch [21] noted that
about 60% of the identification and description of product characteristics were obtained
through the visual sense, and 32% through the tactile sense. Pietra [22] conducted the
design, and preliminary testing, of a virtual reality driving simulator capable of communi-
cating tactile and visual information to promote ecologically sustainable driving behaviors.
Abbasimoshaei and Kern [23] explored the relationship between hardness and roughness
perceptions during the pressing of materials with different surface textures under different
forces. The results showed a significant correlation between perceptions of perception
and roughness, as well as the influence of applied force on the perception of roughness.
Osman et al. [24] presented a method for surface detection using a robot and vibrotactile
sensing. Machine learning algorithms were used to classify different surfaces, based on the
vibrations detected by an accelerometer.

From a physical perspective, light inherently lacks ‘color’; color is purely a perception
created by one’s eyes and brain in response to light frequencies. Different spectra can be
perceived as the same color by humans, indicating that color definition is highly subjective.
In 1931, the International Commission on Illumination (CIE) proposed the first generation of
chromaticity coordinates, establishing color identities based on the corresponding values of
mixed red (R), green (G), and blue (B) light, and RGB became a universal color identification
method. The YC;,C; color space is predominantly utilized in continuous image processing in
television computer vision technology, or in digital photography systems. The YC,C, color
space, stemming from the CCIR Recommendations 601 (1990) standard, represents color
through luminance (Y) and the chroma of blue and red (Cp, C;). Here, Y is the grayscale
value when converting color to grayscale images. The conversion formulae between YC;,C,
and RGB are as follows:

Y = 0.299R + 0.587G + 0.114B 1)
Cp = —0.169R — 0.331G + 0.500B = 128 @)
C, = 0.500R — 0.419G — 0.081B = 128 ®3)

Pass et al. [25] proposed the Color Coherent Vector (CCV) method to improve the
shortcomings of the color histogram. This method, based on color histogram processing,
also considers color space information to extract image color features. The same color
area is called the “cohesive area,” and the number of a certain color in the cohesive area is
defined as the “cohesiveness” of this color. Pixels are classified into two types, cohesive and
non-cohesive, to measure pixel cohesiveness. Cohesive pixels are in some continuous area
of a certain size, while non-cohesive pixels are not in this area. The color adhesive vector
can represent the classification of each color in the image. Research by Hong Liu et al. [26]
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used the Grab Cut auto segmentation algorithm to segment garment images and extract
the image’s foreground. Then, the color coherence vector (CCV) and the dominant color
method were adopted to extract the color features to conduct garment image retrieval.
Reddy et al. [27] proposed an algorithm which incorporates the advantages of various other
algorithms to improve the accuracy and performance of retrieval. The accuracy of color
histogram-based matching can be increased by using the Color Coherence Vector (CCV) for
successive refinement.

To illustrate, consider a 6 X 6 grayscale image, with each pixel’s grayscale value
as shown in Figure 1. The image can be quantified into three color components. Each
quantified color component is called a bin. For instance, binl contains grayscale values
from 10 to 19, bin2 contains grayscale values from 20 to 29, and bin3 contains grayscale
values from 30 to 39. After quantification, we can obtain the results as shown in Figure 2.

22110 |21 22|15|16

24121 |13 |20 |14 |17

23|17 (38|23 |17 |16

2525|2214 |15 |21

27 122112112120

24121 |10|12|22 |23

Figure 1. Example of 6 X 6 gray scale image.

2112 |2|1 1

Figure 2. Quantized image.

Using the “Connected Component Labeling” method, we can identify connected
regions, as shown in Figure 3. Each component is labeled with an English letter (A, B, C, D).
Different letters are used to label regions with the same color that are present in different
contiguous areas.

B|C|B|B|A]|A

B|B|C|B|A]|A

B|C|[D B |A|A

B|B|B|A|A|E

B|B|A|A|E]|E

B|B|A|A|E|E

Figure 3. Connected area after marking.

Create a table to record the color corresponding to each mark and the quantity of this
color, as shown in Table 1.
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Table 1. Connection Components Table.

Mark A B C D E
Color 1 2 1 3
Quantity 12 15 3 1 5

We now set an adhesive threshold value T = 4 (the size of the adhesive threshold value
can be determined by oneself). If the number of connected components of pixels exceeds
the threshold, T, these pixels are adhesive. If it is less than the threshold, these pixels are
non-adhesive. Alpha (o) represents the number of adhesive pixels, and beta (3) represents
the number of non-adhesive pixels. In Table 2, the number of pixels marked as A, B, and E
all exceed the threshold, T, hence they are marked as adhesive pixels; the number of pixels
marked as C and D are less than the threshold T, hence they are marked as non-adhesive
pixels. In the end, the color adhesion vector is obtained. The color adhesion vector of this
image can be expressed as ((17, 3), (15, 0), (0, 3)).

Table 2. Color adhesion vector table.

Color 1
o 17(12 + 5) 15 0
) 3 0 1

The HSI color space is a color determination method grounded in three fundamental
properties of color: hue, saturation, and intensity. Stemming from our visual system, the
HSI color space conforms more closely to human visual characteristics, compared to the
RGB color space. Research by Smith and Chang [28] pointed out that the hue in the HSI
color space is composed of the three primary colors of red, green, and blue, distributed
every 120°. The hue component of the image is quantized every 20°. Quantifying the
hue component into 18 (360/20) bins is sufficient to distinguish various colors in the hue
component. The saturation component only needs to be quantized into three bins to
provide enough perceptual tolerance. Therefore, it can be combined into 18 x 3 = 54 kinds
of quantized color, which are encoded into numbers 1-54. The numbers 1-54 represent
these 54 different quantized colors. By using the adhesive vector method to judge a pixel’s
eight-neighborhood and defining a high threshold T«, if the number of pixels with the
same color as the center pixel exceeds T, the adhesiveness (x) of this color is incremented
by 1. By scanning all the (M-2) x (N-2) pixels in the entire image, we can obtain all the
high-adhesive colors in the image. The main color of this image, and its corresponding
adhesion, can be represented by the numbers 1-54, which can be used to represent the color
characteristics of the image. Thoriq et al. [29] identified the level of ripeness of bananas
using the image of a plantain fruit in its skin that was still intact. The image of the plantain
fruit was preprocessed using HSI (Hue Saturation Intensity) color space transformation
feature extraction.

Texture refers to the grooves on the surface of an object that appear uneven, with dif-
ferent characteristics, such as direction and roughness, which are the qualities of the surface
of the substance. Mathematically, texture is the visual representation of the correlation of
gray level changes or color space in adjacent pixels in the image, such as shape, stripes,
color blocks, etc.

Local Binary Pattern (LBP) is a basic invariant of grayscale structure statistics. LBP is a
powerful feature algorithm in texture classification problems. It uses a 3 x 3 computational
dimension to calculate the difference between the central pixel and the surrounding eight-
neighborhood pixels. The mask equation can judge the difference value, get the mask of
the difference value and correspondingly multiply it with the weight mask, and then add it
all up. The LBP operation formula is as follows below [30]. The neighborhood pixel value
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is compared with the central pixel value;1 if larger and 0 if smaller. The schematic diagram
of the LBP operation is shown in Figure 4.

1 if Pi = Pcenter
d; = . 4
! {O lf Pi < Pcenter @

P;: Calculate the 3 x 3 neighborhood pixel values of the mask.
Peenter: Calculate the center pixel value of the 3 x 3 mask.

p—1 ,
LBPp = ) _ d;-2' 5)
i—0

1

2: Indicates the weight value of each position of the neighborhood pixel.
di: The 0 and 1 values obtained by comparing the neighboring pixels with the

central pixel.

Ojala et al. [31] achieved excellent performance in their research by using LBP analysis

on images. Additionally, they introduced three other calculation methods to identify the
relationship between image pixels and grayscale texture: SCOV, VAR, and SAC. Similar to

LBP,

these three methods also operate on a 3 x 3 basis of pixels, as shown in Figure 5, and

calculate the correlations between the eight neighboring pixels and the center pixel. A brief
description of each is provided below:

P, Py P, d, d, d, 20 2t 22
P3 Pcent P4 ’ d3 d4 o 23 24 ‘ |'BPvalue
P | P | P ds | dg | d, 25 | 28 | 27

Xy | X3 | X4
X, X,
X, | X' | X,

Figure 5. The 3 x 3 area contains four groups of pixel pairs in the center of symmetry.

@

@)

®)

SCOV measures the correlation between textures, and is used in unnormalized local
grayscale variables.
14
SCOV = 2} (xi — p) (xi — p) )
1
u represents the local average, that is (x1 + x2 + x3 + x4 + x1' 4+ x2' + x3' + x4')/8
VAR measures the variation of gray scale values.

1 4
VAR = §Z<xi2 n xgz) — 2 @)

i

SAC is the correlation of 8 values in the measurement area, and the gray scale variable
after normalization is used, and the SAC value will be limited between —1 and 1.

SCoV
SAC= TR ®)
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In undertaking relevant research on color and texture, Hayati [32] aimed to classify
types of roses by applying the k-nearest neighbor (K-NN) algorithm, based on extraction
color characteristics of hue, saturation, value (HSV) and local binary pattern (LBP) texture.
Rusia and Singh [33] proposed a practical approach combining Local Binary Patterns (LBP)
and convolutional neural network-based transfer learning models to extract low-level
and high-level features. Three color spaces (i.e., RGB, HSV, and YC;C,) were analyzed to
understand the impact of the color distribution on real and spoofed faces for the NUAA
benchmark dataset. Vangah, et al. [34] combined the statistical Local Binary Pattern (LBP),
having Hue Saturation Value (HSV) and Red Green Blue (RGB) color spaces fusion, with
frequency (Gabor filter and Discrete Cosine Transform (DCT)) descriptors for the extraction
of visual textural and colorimetric features from direct view images of rocks.

This study converts the RGB value of the sample image into the HSI value, uses hue
(H) and saturation (S) components for color analysis, and uses color adhesion to calculate
the top six colors with the highest adhesion as the main color. The corresponding adhesion
combination is used as the color feature of the sample image. The decomposed intensity
component (I) is changed to the calculation method of the Y value in the YC,C, color
space to get the image grayscale value, and methods such as LBP, SCOV, VAR, SAC, etc.
are used to analyze the correlation between image grayscale values for image texture
feature extraction.

2.3. The Backpropagation Neural Network

The backpropagation neural network (BPN) generally uses the error backpropagation
algorithm (EBP) for learning. It learns the internal correspondence between the input value
and the target output value of the learning training sample. Through the hidden layer
design, it learns the internal correspondence between the input value and the target output
value of the learning training sample. By comparing its output value with the original
target value of the training sample, the network error is obtained, and the concept of the
Gradient Steepest Descent Method is used to minimize the error function and make the
network use the concept of the steepest descent to modify the network weighting value
(weight and bias weight). The basic structure is shown in Figure 6.

Input Layer Hidden Layer Out Layer

Figure 6. Inverted transfer neural network structure.

1.  Set the parameters of the backward transfer neural network. According to the
type of problem, the network designer sets the number of neurons, the number
of hidden layers, learning considerations and error tolerances, etc. to determine the
network structure.

2. Set the initial weight matrix: set the weight matrix W_xh and W_hy between 0 and 1, and
the partial weight vectors 6_h and 6_y with uniformly distributed random numbers.

3. Set the input and output of the network: input the training sample vector X and
the target output vector T. The input value X can be any real number. In BPN, the
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log-sigmoid transfer function is often used as the nonlinear transformation function
of the neuron, and the calculation formula is as follows:

1

f(X)ZW

)

The value range of the inference output value of the network is between [0, 1], and
the value range of the target output value T also falls between [0, 1].
Calculate the output vector Y

(@) Hidden layer output vector H

net, = W_xhy, - X; — 6_hy, (10)
H —f(net)—; (11)
b= W=7 + exp "¢t

(b) Deduce the output vector Y

netj = ZW_thhj . Hh — G_yi (12)
h
1
Yj = f(netj) = T ™ (13)
Calculate the gap ¢:

(a) Output layer gap ¢
5 =Y;(1=-Y;)(Tj = Y) (14)

(b) Hidden layer gap &
6j = Hy(1— Hh)Zw_xhyhj(sj (15)

]

Through the concept of the steepest slope, calculate the weight matrix correction value
AW and the partial weight vector correction value Ag:

(a) Output layer weight matrix correction amount AW_hy and partial weight
vector correction amount Af_y

AW_hyh/- = 77§]Hh (16)

Ae_yj = —175] (17)

(b)  Hidden layer weight matrix correction AW_xh and partial weight vector cor-
rection A6_h
AW_Xhl'h = 17(5th' (18)

AO_hy, = —yoy (19)

Update the weight matrix W, and the bias weight matrix vector 6:

(a) Output layer weight matrix W_hy, and partial weight vector correction value
AO_y

AW_hyhj = 775]Hh (20)

6_y; = 0_y; + A0_yj 21)

(b)  Hidden layer weight matrix W_xh and partial weight vector 0_y

W_xh;;, = W_xhy, + AW_xhy, (22)
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0_hy, = 6_h, + A6_hy, (23)

8.  In order to make the error converge (reduce to zero), repeat steps 3-7, or execute the
preset number of learning cycles;
9.  To verify the learning results, enter the root mean square error:

(17-v)’

M-N

MR

RMSE = (24)
In which:
T]P is the target output value of the jth output unit of the Pth sample

Yjp is the inferred output value of the jth output unit of the Pth sample

M is the number of samples

N is the number of processing units in the output layer

Once the above results have completed the convergence of the BPN Network, i.e., the
learning has been achieved, then the network’s recall can be performed, as follows:

1. Set the parameters of the BPN Network;

2. Read in the weight matrix W_xh and W_hy, and the partial weight vector A8_h and
AB_y;

3. Read in the input vector X of the test example;

4. Calculate the inferred output vector Y:

(@) Hidden layer output vector H
net, =Y W_xhy, - X; — 0_hy, (25)
i

1

Hh = f(}’leth) = HTp_n@th (26)

(b) Inference output vector Y
I’Z(i‘t]' = ;W_hyh] . Hh — G_y] (27)

1

_ 28
1+expin€tf ( )

Yj = f(netj) =
When the network completes the above learning process, it can use the recall steps to
identify the input sample.

3. Materials and Methods
3.1. Research Process

Neural networks can provide model construction for non-linear and complex research
topics. This, together with the fact that consumer aesthetic experience is complex and
changeable, means relying solely on Kansei engineering to interpret answers presents
multiple possibilities but is still insufficient. However, combined with the use of neural
networks, better research results can be achieved. The purpose of this study was to establish
an auxiliary design process based on Kansei engineering, combined with neural network
training, to assist shoe designers in analyzing the characteristics of shoe leather. The
study first used 54 shoe leather samples, provided by the manufacturers, measured the
sensuality of the visual touch, and explored the correlation between leather color, texture
and lexical imagery.

The first stage was the sensory measurement part: First, adjectives suitable for describ-
ing leather were collected, and, through discussion using the focus group method, pairs
of visual touch adjectives were obtained for use in the visual touch sensibility assessment
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questionnaire. After the questionnaire survey, the score was rated according to the score
of each sensual vocabulary pair. After the experiment, the sensual vocabulary score was
statistically calculated, and the average value of the sensual vocabulary for a leather sample
could be obtained.

The second stage was the extraction and classification of sample features. Pictures
of the leather samples provided by the manufacturers were taken and saved, an image
processing program was written, and the color feature value and texture feature value of
the leather picture were extracted, to obtain the leather sample database. Since there were
only 54 pieces of leather samples, in order to enable the neural network to have sufficient
training samples to get better verification results, 49 samples were used for neural network
training, and 5 samples were reserved for neural network verification. The color values
and texture feature values of the 54 leather samples were divided into 5 groups through the
K-Mean method of the statistical software SPSS, and the center samples of these 5 groups
were used as the verification samples of the neural network. The remaining 49 samples
were used for neural network training.

The third stage involved the construction and training of the Back Propagation Neural
Network. The color and texture feature values of the training samples were used as the
input layer for the neural network, and the quantified values obtained from the Kansei
Engineering questionnaire were used as the output values for neural network learning
and training. The feature values of the validation samples were then used as the input
layer, and the degree of error between the predicted values generated by the trained neural
network and the quantified values of the Kansei questionnaire were compared to assess the
convergence effect. A user interface was designed for a computer-aided leather footwear
evaluation query system, and the output samples were used to design footwear. Since the
left and right feet of footwear have symmetry, the design verification used one shoe sample
for evaluation, verified the Kansei image numerical values of the footwear, and compared
these with the original input Kansei numerical values.

This study was conducted in three stages. Each task is briefly described, as shown in
Figure 7.

’ Selected leather samples for target products

Collect Leather-related
Vocabulary

Focus group method

10 groups of visual and tactile
adjectives

Leather photo shoot to get
photo

5. Write color and texture
processing programs

Extract sample color and
texture feature values

Questionnaire Survey on
Sensitivity of Leather Sheets

Divide into 5 groups using K
mean method of SPSS

Use EXCEL for statistics

Take 1 copy of each of the 5
group centers as the
verification copy

Verification
comparison,

Design leather evaluation query
intelligent system

49 remaining samples are
training samples

Obtain the visual and tactile
sensory quantification value of
the sample

The first stage The second stage

Using MATLAB to perform
backward transfer neural
network training and
verification comparison

Qualified

Use output samples to design
shoes

Sensibility Questionnaire
< Verification
The third stage

Figure 7. Analysis and process description of this research.
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3.2. Leather Sample Collection

In this study, a catalog of leather samples provided by a footwear company was
employed, and experts in footwear design were invited to make recommendations. After
multiple assessments and screenings, we finally selected 54 samples of various types of
leather textures that were most representative. For each texture of leather, experts in
footwear design recommended and selected colors frequently used and representative
in shoe design. The leather sample book provided by the shoe company for this study
is shown in Figure 8. The leather samples were numbered in the order of the leather
sample book. Such random numbering prevented the samples from being close during
the sensibility assessment questionnaire survey and ensured that confusion during the
questionnaire test was less. Referring to the literature, the types of leather were divided
into: bead surface leather, waxed leather, embossed leather, and throw-flower oil leather.

To obtain information related to the sensory imagery of shoe leather samples, a total of
80 suitable adjectives for describing leather were collected from shoe and clothing fashion
magazines, leather-related books, and the Internet. A focus group discussion on the initially
collected 80 sensory words related to shoe leather imagery, together with the shoe leather
samples, was conducted, and 10 groups of visual and tactile sensory vocabulary pairs were
selected through expert discussion. The design of the content of the sensibility assessment
questionnaire is shown in Table 3.

Table 3. Design of leather perceptual visual and tactile questionnaire.

2 3 4 5 6 7

Classic
Warm
Casual
Refined
Stable
Fashionable
Smooth
Durable
Heavy

Soft

Avant-garde
Breathable
Sporty
Coarse
Flamboyant
Vintage
Rough
Fragile
Lightweight
Stiff

3.3. The Questionnaire Subjects

The questionnaire subjects were 35 design professionals, who had keen observations
and feelings, and could make suitable sensory evaluations of color and texture. A further
45 random survey personnel, to reflect consumers’ intuitive feelings and respond to some
consumer perceptions, were also subjects. The testers observed and touched the leather
samples provided by the manufacturers, and scored sensory impression values of the
leather samples using the 10 pairs of sensual vocabulary words in the visual and tactile
questionnaire. The average score of the 10 pairs of visual and tactile sensual vocabulary
words for each sample was obtained, and its average value divided by 7 (in the imagery
sense scoring experiment, while the sensory score was 7 levels), to normalize its value,
which was between 0 and 1, so as to perform neural network training.

3.4. Leather Sample Collection

The shooting equipment was the Canon EOS 650D, and shooting was conducted under
abundant natural light conditions. The set-up platform was at a 20° angle to the desktop,
with the camera lens at an appropriate distance and parallel to the platform. The camera
settings were set to a focal length of 135, an aperture of 5.6, a shutter speed of 1/30, an ISO
of 800, and a photo size of 5184 x 3456 pixels. After shooting, the photos were cropped
using Adobe Photoshop software. The central pixels of 160 x 160 in the photo were used
as the images for the image feature extraction program, as shown in Figure 9.
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Figure 8. 54 leather samples provided by manufacturers.
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Figure 9. Sample 1 takes the center 160 x 160 pixels.

This section is divided by subheadings. It should provide a concise and precise
description of the experimental results and their interpretation, as well as the experimental
conclusions that can be drawn.

3.5. Leather Sample Feature Extraction

The RGB values of the 160 x 160 pixels image of the leather sample were converted
to HSI values, and then the hue (H), saturation (S), and intensity (I) components were
decomposed and analyzed for color and texture, separately, to extract the color features
and texture features of the leather samples, as shown in Figure 10.

8P LBP2 ... \BP LBM

29 30
7NN 77NN
Aviv|v|v vivi|v|v
wet [ Jviv|vi v viv|vi v
LBPZ |“ v v v v A v v v
Ny vy v v|iv|v|v
v v v v A v v v
/1
/
LeP29 (/ viv|iviv viv| v v
LBP30 ‘:\, v ' v v A v v v
Sy v v v vivi|v|v

Figure 10. (32-2) x (32-2) quantized value operation.

3.6. Leather Sample Color Feature Extraction

The hue component was quantized into 18 bins, and the saturation component was
quantized into 3 bins, which could be combined into 18 x 3 = 54 quantized colors, and
were encoded into numbers 1~54. The numbers 1-54 represented the 54 different quantized
colors. The calculation method of the color adhesion vector was used and the pixels of
the entire image scanned, so that the six colors with the highest color adhesion in the
image could be extracted as the main colors, and, at the same time, the corresponding
color adhesion could be calculated. The values of the main colors ranged from 1 to 54, and
the highest color adhesion did not exceed 25,600 (160 x 160). A color feature vector of 6
(main color) + 6 (corresponding color adhesion of the main color) was obtained. Matlab
software was used to write a color analysis program to obtain the color feature vector data
of the sample.

3.7. Leather Sample Texture Feature Extraction

The RGB value of the 160 x 160 pixels image of the leather sample was converted
to HSI value, and the intensity component (I) separated to convert the color image into
a grayscale image. Since I = (R + G + B)/3, to avoid converting the three colors, R, G,
B, (255,0,0), (0,255,0), (0,0,255), respectively, into the same I value when converting to a
grayscale image, the calculation method of the intensity component was changed to the
intensity calculation method of the YC,C; color space, as in Formula (1). Methods such as
LBP, SCOV, VAR, SAC, etc., were used to analyze the correlation between the grayscale
values of the images to extract image texture features, as in Formulae (5)—(8).
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The research divided the 160 x 160 pixels grayscale image of the leather sample into
25 32 x 32 pixels blocks, and analyzed the texture of the small area with 4 methods, such
as LBP, SCOV, VAR, SAC, etc. In the 32 x 32 small area, a texture mask operation with
3 x 3 pixel area was performed, and 900 quantized values obtained, as shown in Figure 10.
The average of the total average was taken to obtain 25 values representing the textural
features of the samples.

3.8. Cluster Analysis

SPSS software was used to analyze the leather data. The leather image data was
analyzed through methods such as LBP, SCOV, VAR, and SAC, to obtain 4 different texture
data clusters. Each of the 4 texture features were paired with the image color features. The
data obtained from 54 leather samples were divided into 5 groups by the K-Means method,
and the representative samples of each group obtained, which was convenient in order to
find the center sample of each group.

In order to prove the accuracy of the trained neural network, the color adhesion
data obtained from the leather sample images in this study were respectively paired with
4 different textural analysis data clusters. SPSS software was used for K-Means cluster
analysis. After being divided into 5 groups, 5 representative samples were taken as
the center sample for verification. The results of the grouping after the calculation was
completed, the center samples obtained from the color adhesion and LBP were samples
33, 2, 20, 37, and 32, the center samples obtained from color adhesion and SCOV were
samples 33, 2, 20, 37, and 32, the center samples obtained from color adhesion and VAR
were samples 29, 2, 20, 37, and 51, and the center samples obtained from color adhesion
and SAC were samples 33, 2, 20, 37, and 51.

Among them, sample 2 only had one cluster, which meant that there was only one
sample similar to it, so it could not be used as a representative verification sample and was
classified as a training sample. After comparison, it was decided to use samples 20, 32, 33,
37, and 51 as the verification samples for the neural network, as shown in Table 4. The
remaining 49 samples were used for neural network training.

Table 4. Center sample selection for BPN neural verification.

Number 20 32 33

Sample
picture

3.9. The BPN Network

To conduct neural network learning, the BPN network takes the color feature vectors
of leather sample images and pairs them with four different texture analysis results as the
input layer, and, as the output layer, takes the sensory word pairs from the 10 groups of
visual-tactile questionnaires.

In this study, MATLAB software was used to write programs for BPN network training
and validation. In the construction of the BPN network, the number of neurons in the input
layer, the number of neurons in the hidden layer, the number of neurons in the output layer,
the number of training times, and the source of verification samples were utilized. The
number of neurons in the hidden layer of the backpropagation neural network affects the
network’s ability to describe problems. The number of neurons in the hidden layer in this
study was set as follows: the number of hidden layer units equaled the number of input
layer neurons plus the number of output layer neurons.

This study used the measurements obtained from the visual-tactile sensory language
questionnaire as the output layer of the backpropagation neural network, and the color
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features and texture features of the leather sample images as the input layer. The 49 training
samples were used as the input layer, allowing the backpropagation neural network to
receive training, and, then, the five selected center samples were used as verification
samples to verify the trained neural network. The calculation formula for the error rate in
the study is:

Error Rate = |(T —S)/ S| (29)

- T represents the Test Result
- Srepresents the Survey Result.

The verification result was the visual sensory language pair value obtained by the BPN
network C5, and the questionnaire result was the data obtained from the questionnaire and
normalized, so that its value was between 0-1.

4. Results
4.1. Training of BPN-A1~A4 with Color and Texture Features as Input Layer

The input layer consisted of 49 leather sample texture quantization results, which
yielded 12 color feature vectors and 25 texture feature vectors, along with the sample
numbers, totaling 39 neurons. The output layer consisted of 10 neurons representing the
equalized values of the 10 visual-tactile sensory linguistic evaluation pairs, which were
normalized between 0 and 1. There was one hidden layer with 49 neurons, which was the
sum of the neurons in the input and output layers. The BPN neural network structure is
depicted in Figure 11.

Layer Layer

Input i ] Qutput
39
49

Figure 11. The structure diagram of BPN network.

4.2. A1 Color Feature with LBP Texture Feature

The color features obtained from LBP analysis and the texture features were used as
the input layer. After 10,000 iterations of learning, the mean squared error (MSE) converged
to 0.000997, as shown in Figures 12 and 13. The texture quantization feature vectors of
the previously selected 5 validation samples were used as the input layer to validate the
trained BPN network. The results are shown in Table 5.

Best Training Performance is 0.00099925 at epoch 3926

Best

Mean Squared Error (mse)
B

[ 500 1000 1500 2000 2500 3000 3500
3926 Epochs

Figure 12. BPN—AL1 after training.
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Training: R=0.99312

Output ~= 0.95*Target + 0.025

0 01 02 03 04 05 06 07 08 09 1
Target

Figure 13. BPN—AL1 linear regression graph after training.

The validation results were the visual-tactile sensory linguistic evaluation values
obtained from the BPN network C5, and the questionnaire results were the data obtained
from the questionnaire and normalized between 0 and 1. The verification results showed
that the average error rate for sample 20 was 18.681%, for sample 32 it was 11.34%, for
sample 33 it was 8.53%, for sample 37 it was 23.34%, and for sample 51 it was 20.38%, The
overall average error rate was 16.45%.

4.3. A2 Color Feature with SCOV Texture Feature

The color features obtained from the SCOV analysis and the texture features were
used as the input layer. After 10,000 iterations of learning, the MSE converged to 0.00373,
as shown in Figures 14 and 15. The texture quantization feature vectors of the previously
selected 5 validation samples were used as the input layer to validate the trained BPN
network. The results are shown in Table 6.

Best Training Performance is 0.0037291 at epoch 9982

Train
Best
- Goal

Mean Squared Error (mse)

1078

104t )
o 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
10000 Epochs

Figure 14. BPN—A2 after training.

The validation results were the visual-tactile sensory linguistic evaluation values
obtained from the BPN network C6, and the questionnaire results were the data obtained
from the questionnaire and normalized between 0 and 1. The verification results showed
that the average error rate for sample 20 was 16.15%, for sample 32 it was 9.67%, for sample
33 it was 13.99%, for sample 37 it was 17.6%, and for sample 51 it was 27.42%, The overall
average error rate was 16.79%.
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Training: R=0.97292

Output ~= 0.9*Target + 0.051

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Target

Figure 15. BPN—A2 linear regression graph after training.

4.4. A3 Color Feature with VAR Texture Feature

The color features obtained from the VAR analysis and the texture features were used
as the input layer. After 10,000 iterations of learning, the MSE converged to 0.000999,
as shown in Figures 16 and 17. The texture quantization feature vectors of the previ-
ously selected 5 validation samples were used as the input layer to validate the trained

backpropagation neural network. The results are shown in Table 7.

Best Training Performance is 0.00099941 at epoch 4743

Train
- Best

Mean Squared Error (mse)
3

] 500 1000 1500 2000 2500 3000 3500 4000 4500
4743 Epochs

Figure 16. BPN—A3 after training.

Training: R=0.9931

Output ~= 0.95*Target + 0.025

0 0.1 0.2 03 04 05 06 0.7 08 0.9 1
Target

Figure 17. BPN—A3 linear regression graph after training.
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Table 5. Verification of the error rate of the perceptual-vocabulary pair value obtained by BPN—A1.

Sample Classic— Warm— Casual— Refined— Stable— Fashionable— Smooth— Durable— Heavy— Soft—Stiff
P Avant-Garde Breathable Sporty Coarse Flamboyant Vintage Rough Fragile Lightweight

Test Results 0.4072 0.7737 0.586 0.5896 0.4552 0.5792 0.6042 0.6698 0.7036 0.5896

20 Q“Eizzrl‘:;a‘re 0.4071 0.5857 0.4429 0.6571 0.3643 0.7643 0.6571 0.6214 0.5857 0.4643
Error rate 0.00% 32.10% 32.33% 10.28% 24.95% 24.22% 8.05% 7.78% 20.12% 26.98%

Test Results 0.6989 0.5969 0.5997 0.5259 0.6388 0.3328 0.556 0.3884 0.4353 0.6886

32 Q“Ie{sg;?lrl‘gmre 0.6929 0.5071 0.5071 0.4571 0.7071 0.4071 0.55 0.4643 0.4643 0.7643
Error rate 0.88% 17.70% 18.24% 15.03% 9.66% 18.27% 1.09% 16.34% 6.24% 9.90%

Test Results 0.5058 0.628 0.4678 0.7042 0.4328 0.5677 0.6474 0.715 0.81 0.7181

33 Qure{it;ffl‘:s‘a‘re 0.4786 0.6071 0.4643 0.65 0.45 0.5786 0.5429 0.7643 0.7071 0.5929
Error rate 5.69% 3.43% 0.77% 8.34% 3.82% 1.88% 19.26% 6.44% 14.55% 21.13%

Test Results 0.3269 0.3975 0.5151 0.7811 0.4729 0.7486 0.8716 0.5383 0.6955 0.7248

57 Qule{fézrl‘ga‘re 0.4214 0.4929 0.35 0.7071 0.6071 0.5929 0.65 0.8071 0.8357 0.7357
Error rate 22.42% 19.36% 47.17% 10.45% 22.11% 26.27% 34.10% 33.31% 16.77% 1.49%

Test Results 0.8077 0.6754 0.5984 0.6143 0.8123 0.3052 0.7358 0.6525 0.812 0.4911

51 Q“f{set;zrl‘;alre 05 0.6143 0.4643 0.55 0.8571 0.4786 0.7643 0.7071 0.7643 0.7286
Error rate 61.54% 9.95% 28.88% 11.69% 5.23% 36.22% 3.72% 7.72% 6.24% 32.60%

Table 6. Verification of the error rate of the perceptual-vocabulary pair value obtained by BPN—A2.
Samole Classic— Warm— Casual— Refined— Stable— Fashionable— Smooth— Durable— Heavy— Soft—SHiff
P Avant-Garde Breathable Sporty Coarse Flamboyant Vintage Rough Fragile Lightweight

Test Results 0.4167 0.703 0.4985 0.5316 0.3968 0.5167 0.5649 0.598 0.6307 0.6529

20 Quliset;ffl‘:s‘a‘re 0.4071 0.5857 0.4429 0.6571 0.3643 0.7643 0.6571 0.6214 0.5857 0.4643
Error rate 2.34% 20.02% 12.57% 19.11% 8.92% 32.39% 14.04% 3.78% 7.68% 40.63%

Test Results 0.7952 0.5422 0.5467 0.6005 0.6827 0.4079 0.6777 0.4562 0.4876 0.7811

32 Q“f{sezill‘trs‘a“e 0.6929 0.5071 0.5071 0.4571 0.7071 0.4071 0.55 0.4643 0.4643 0.7643
Error rate 14.77% 6.91% 7.80% 31.35% 3.46% 0.18% 23.22% 1.74% 5.02% 2.20%
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Table 6. Cont.

Sample Classic— Warm— Casual— Refined— Stable— Fashionable— Smooth— Durable— Heavy— Soft—SHiff
p Avant-Garde Breathable Sporty Coarse Flamboyant Vintage Rough Fragile Lightweight
Test Results 0.3125 0.564 0.4429 0.5225 0.3533 0.7105 0.4928 0.7807 0.8156 0.5757
. Q“f{zzrl‘tls‘a“e 0.4786 0.6071 0.4643 0.65 0.45 0.5786 0.5429 0.7643 0.7071 0.5929
Error rate 34.69% 7.11% 4.61% 19.61% 21.50% 22.80% 9.22% 2.15% 15.33% 2.89%
Test Results 0.2787 0.5321 0.2337 0.4684 0.3982 0.49 0.579 0.7955 0.8392 0.7555
4 Q“Ie{set;zrl‘;;alre 0.4214 0.4929 0.35 0.7071 0.6071 0.5929 0.65 0.8071 0.8357 0.7357
Error rate 33.86% 7.96% 33.22% 33.76% 34.41% 17.35% 10.92% 1.45% 0.41% 2.69%
Test Results 0.7384 0.458 0.6084 0.5047 0.9218 0.2259 0.9186 0.6232 0.2984 0.6667
51 Quﬁset;irl‘:s‘a‘re 05 0.6143 0.4643 0.55 0.8571 0.4786 0.7643 0.7071 0.7643 0.7286
Error rate 47.68% 25.44% 31.04% 8.23% 7.54% 52.80% 20.20% 11.87% 60.96% 8.49%
Table 7. The error rate of the perceptual vocabulary pair value obtained by verifying BPN—A3.
Classic—Avant- Warm— Casual— Refined— Stable— Fashionable— Smooth— Durable— Heavy— .
Sample . . . . Soft—Stiff
Garde Breathable Sporty Coarse Flamboyant Vintage Rough Fragile Lightweight
Test Results 0.4548 0.758 0.4664 0.7478 0.331 0.6368 0.7997 0.6098 0.6362 0.7465
20 Que;:s?ﬁa‘re 0.4071 0.5857 0.4429 0.6571 0.3643 0.7643 0.6571 0.6214 0.5857 0.4643
Error rate 11.70% 29.42% 5.32% 13.80% 9.13% 16.67% 21.69% 1.87% 8.63% 60.78%
Test Results 0.7578 0.5831 0.4859 0.4349 0.7558 0.4126 0.548 0.6061 0.5853 0.6416
32 Queljgs‘;‘;za‘re 0.6929 0.5071 0.5071 0.4571 0.7071 0.4071 0.55 0.4643 0.4643 0.7643
Error rate 9.37% 14.97% 4.19% 4.87% 6.88% 1.34% 0.37% 30.54% 26.06% 16.05%
Test Results 0.3707 0.5133 0.4074 0.5921 0.495 0.6868 0.4892 0.7281 0.7696 0.5278
33 Q“‘i{s;‘s‘l’ﬁga“e 0.4786 0.6071 0.4643 0.65 0.45 0.5786 0.5429 0.7643 0.7071 0.5929
Error rate 22.54% 15.45% 12.24% 8.91% 10.00% 18.70% 9.88% 4.73% 8.84% 10.97%
Test Results 0.5192 0.5065 0.3919 0.6155 0.5436 0.4718 0.6717 0.7839 0.8241 0.6983
37 Queljéﬁialre 0.4214 0.4929 0.35 0.7071 0.6071 0.5929 0.65 0.8071 0.8357 0.7357
Error rate 23.20% 2.76% 11.98% 12.96% 10.46% 20.42% 3.33% 2.88% 1.39% 5.09%
Test Results 0.4463 0.4821 0.5598 0.3868 0.5447 0.254 0.7267 0.5977 0.7414 0.9124
51 Quelg‘:s?ﬁa‘re 05 0.6143 0.4643 0.55 0.8571 0.4786 0.7643 0.7071 0.7643 0.7286
Error rate 10.73% 21.51% 20.57% 29.68% 36.46% 46.94% 4.92% 15.48% 2.99% 25.23%
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The validation results were the visual-tactile sensory linguistic evaluation values
obtained from the BPN network A3, and the questionnaire results were the data obtained
from the questionnaire and normalized between 0 and 1. The verification results showed
that the average error rate for sample 20 was 17.9%, for sample 32 it was 11.46%, for sample
33 it was 12.22%, for sample 37 it was 9.44%, and for sample 51 it was 21.45%, The overall
average error rate was 14.50%.

4.5. A4 Color Feature with SAC Texture Feature

The color features obtained from SAC analysis and the texture features were used
as the input layer. After 10,000 iterations of learning, the MSE converged to 0.000990, as
shown in Figures 18 and 19. The texture quantization feature vectors of the previously
selected 5 validation samples were used as the input layer to validate the trained BPN
network. The results are shown in Table 8.

Best Training Performance is 0.00098992 at epoch 3290

o Train
Best
Goal

Mean Squared Error (mse)

0 500 1000 1500 2000 2500 3000
3290 Epochs

Figure 18. BPN—A4 after training.

Training: R=0.99321

Output ~= 0.95*Target + 0.024

0 01 02 03 04 0.5 0.6 0.7 08 0.9 1
Target

Figure 19. BPN—A4 linear regression graph after training.
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Table 8. The error rate of the perceptual vocabulary pair value obtained by verifying BPN—A4.

Sample Classic— Warm— Casual— Refined— Stable— Fashionable— Smooth— Durable— Heavy— Heavy—
P Avant-Garde Breathable Sporty Coarse Flamboyant Vintage Rough Fragile Lightweight Lightweight

Test Results 0.3548 0.5858 0.2749 0.4756 0.3573 0.738 0.6797 0.7441 0.7661 0.4261

20 Q“Eizzrl‘:;a‘re 0.4071 0.5857 0.4429 0.6571 0.3643 0.7643 0.6571 0.6214 0.5857 0.4643
Error rate 12.84% 0.02% 37.92% 27.63% 1.92% 3.44% 3.43% 19.74% 30.81% 8.22%

Test Results 0.8739 0.5644 0.5796 0.3969 0.8382 0.2064 0.6321 0.5543 0.5399 0.5595

32 Q“Iiset;?:l‘gmre 0.6929 0.5071 0.5071 0.4571 0.7071 0.4071 0.55 0.4643 0.4643 0.7643
Error rate 26.13% 11.28% 14.30% 13.17% 18.53% 49.31% 14.93% 19.38% 16.28% 26.79%

Test Results 0.3512 0.5597 0.4184 0.6819 0.3828 0.7125 0.5861 0.6646 0.7085 0.7143

33 Qure{set;ffl‘:s‘a‘re 0.4786 0.6071 0.4643 0.65 0.45 0.5786 0.5429 0.7643 0.7071 0.5929
Error rate 26.61% 7.82% 9.87% 491% 14.92% 23.16% 7.97% 13.05% 0.19% 20.49%

Test Results 0.1862 0.417 0.3851 0.5937 0.2557 0.6739 0.4437 0.5271 0.7835 0.8922

57 Quﬁfézrl‘tl;a‘re 0.4214 0.4929 0.35 0.7071 0.6071 0.5929 0.65 0.8071 0.8357 0.7357
Error rate 55.81% 15.39% 10.02% 16.04% 57.88% 13.67% 31.75% 34.69% 6.25% 21.27%

Test Results 0.797 0.6239 0.522 0.4678 0.8317 0.3617 0.5953 0.7651 0.8115 0.4159

51 Q“f{set;?:l‘;alre 05 0.6143 0.4643 0.55 0.8571 0.4786 0.7643 0.7071 0.7643 0.7286
Error rate 59.40% 1.57% 12.44% 14.94% 2.97% 24.42% 22.11% 8.19% 6.17% 42.92%
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The validation results were the visual-tactile sensory linguistic evaluation values
obtained from the BPN network A3, and the questionnaire results were the data obtained
from the questionnaire and normalized between 0 and 1. The verification results showed
that the average error rate for sample 20 was 14.6%, for sample 32 it was 21.01%, for sample
33 it was 12.9%, for sample 37 it was 26.28%, and for sample 51 it was 19.51%, The overall
average error rate was 18.86%.

In summary, among the neural network validations where the color feature of the
leather sample was paired with four different texture features as the input layer, and the
visual-tactile sensory evaluation value was the output layer, the four texture features had
lower error rates. Compared with visual sensory evaluation values, using visual-tactile
evaluation as the output layer was helpful to obtain verification results. Among them, the
result of using the color feature of the leather sample paired with the VAR texture feature
as the input layer was better, with an average error rate of 14.50%.

The error rates of the visual affective vocabulary values obtained from the four types
of BPN networks were multiplied by 100 for convenience in variance analysis. As shown in
Table 9, there were no significant differences in the error rates of the four color and texture
processing methods.

Table 9. Results of ANOVA.

Perceptual Vocabulary Pair (Mean + SD)

C}:::;i__ Warm— Casual— Refined— Stable— Fashionable— Smooth— Durable— Heavy— Heavy— P
Garde Breathable  Sporty Coarse Flamboyant Vintage Rough Fragile Lightweight Lightweight
(1=5) (n=5) (n=5) (n=5) (n=5) (n=5) (n=5) (n=5) (n=5) (n=5)
LBP 18.11 £ 16.51 £ 25.48 + 11.16 = 13.15 £ 21.37 + 13.24 £+ 14.32 £ 12.78 £ 18.42 + 0536 0839
25.90 10.80 17.26 247 9.77 12.67 13.57 11.33 6.29 12.66 ’ '
26.67 + 13.49 + 17.85 + 2241+ 15.17 £ 25.10 + 15.52 + 4.20 £ 17.88 + 11.38 +
scov 17.97 8.66 13.36 10.35 12.69 19.41 6.00 4.38 24.68 16.55 10370428
15.51 + 16.82 + 10.86 = 14.04 + 14.59 + 20.81 + 8.04 + 11.10 + 23.62 +
VAR 6.78 9.79 6.57 9.44 12.31 16.46 8.37 12.15 9-58 £9.79 22.05 0819 0.602
SAC 36.16 = 722+ 16.91 + 15.34 £+ 19.24 £ 22.80 + 16.04 = 19.01 £ 11.94 + 2394 + 1519 0175
20.38 6.47 11.89 8.14 22.79 17.06 11.28 9.99 12.03 12.59 ’ '

Thus, we conducted a comparison of the mean and standard deviations, as illustrated
in Table 10. The results indicated that pairing the color features of the leather samples with
the VAR texture features as the input layer produced relatively superior results, with an
average error of 14.50 and a standard deviation of 12.026.

Table 10. Comparison of mean and standard deviation of 4 color and texture processing methods.

n Min Max Mean SD Med
LBP 50 0.000 61.540 16.454 13.044 14.790
SCOV 50 0.180 60.960 16.966 14.747 12.220
VAR 50 0.370 60.780 14.498 12.026 11.335
SAC 50 0.020 59.400 18.859 14.821 14.935

5. Discussion

This study utilized the Matlab software program to quantify the color and texture
features of leather footwear samples, conducting BPN network training with visual-tactile
sensory language pair values. Various verification results demonstrated that a better
backpropagation neural network model could be constructed by using color features paired
with VAR texture features as the input layer and visual-tactile sensory quantized values
as the output layer. Hence, designers and manufacturers can directly use the developed
program to acquire color features and VAR texture features of newly incoming leather
samples, leading to data analysis prediction via the neural network model constructed,
having color features paired with VAR texture features as the input layer, and visual-tactile
sensory quantized values as the output layer.
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5.1. Research Applications

Applications of the BPN Network are varied. The average value of visual—tactile
sensory language for leather samples was calculated using the least squares method (cor-
relation analysis), and the scoring of 10 visual-tactile sensory language pairs adjusted to
obtain the suggested leather samples. The system is designed to input scores of visual—-
tactile sensory language pairs, to query corresponding color features and texture features
according to the results of trained sensory language value testing, and to find the leather
sample that closely matches, outputting the data of the two closest samples. A computer-
aided leather footwear evaluation query design system was written using Matlab software,
as shown in Figure 20. Designers can use this application to find the leather sample closest
to what is recommended and apply it to footwear design. The system interface design
instructions ar as follows: enter scores of 10 visual-tactile sensory language pairs on the
left, between 1-7, or click to move the slider to adjust the value, click to query, and, then,
two leather samples closest to the sensory score pop up. These results provide a reference
basis for designers to compare and select for use.
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Figure 20. Computer-aided leather footwear evaluation query smart design system.

For example, according to the scores of 10 sets of visual-tactile sensory language pairs,
the settings were: “classic-avant-garde” 2 points, “warm-breathable” 2 points, “casual-
sporty” 3 points, “delicate-rough” 4 points, “steady-assertive” 5 points, “fashionable-retro”
4 points, “smooth-rough” 4 points, “solid—fragile” 2 points, “heavy-light” 3 points, and
“soft-stiff” 5 points. The application result suggests that the recommended leather samples
are No.45 and No.1, as shown in Figure 21.
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Figure 21. The computer-aided leather footwear evaluation query smart design system.
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In practice, the computer-aided leather footwear evaluation query design system can
be provided for use by footwear designers or shoe manufacturers. It helps designers to
choose leather more objectively and scientifically. It can also be provided to the design
marketing department for market decision making, where the auxiliary design process of
this study can be referred to for more rigorous judgment. At the same time, the number
of training samples of the neural network can continue to expand the database with the
development of designers and manufacturers, giving designers suggestions on leather
styles, based on visual-tactile sensory evaluation values.

5.2. Computer-Aided Leather Footwear Design System

Symmetry is a critical factor in footwear design, profoundly impacting aesthetics
and functionality. The symmetry in shoe design stems from our body’s inherent bilateral
symmetry, with human feet typically mirroring each other in shape and size. This naturally
imposes a symmetry principle in shoe design. A typical symmetrical footwear design
starts with one shoe as a design template, specifically focusing on the lateral side and the
sole (Figure 22), before applying symmetry principles to create the other shoe, thereby
simplifying the design and manufacturing process.

Figure 22. General symmetrical shoe design sketch.

This study employed the output of a leather sample evaluation inquiry system to
determine the type of leather to be used in shoe design. The design validation used only
one shoe sample for assessment. To facilitate consumer comprehension, and perception,
of the footwear imagery, design illustrations adopted a 30° side oblique view, a common
shoe product display perspective that provides the simplest and most intuitive sense of
the shoe’s imagery. All shoe shape styles were uniform. The system-generated leather
design effect diagrams, such as in Figure 23, show Shoe A designed using Sample 45
and Shoe B using Sample 1. Thirty ordinary consumers were asked to rate the perceived
imagery of the two shoes by filling out an affective vocabulary scale. These ratings were
then compared with the affective vocabulary values set by the inquiry system to identify
any discrepancies; thus, validating the feasibility of the leather sample evaluation inquiry
system. The single-sample t-test results comparing shoe design imagery and leather sample
imagery can be found in Table 11.

A(from Sample 45) B(from Sample 1)

Figure 23. Application of leather samples and shoe design.
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Table 11. Single-sample ¢-test of shoe design image and leather sample image.

Emotional Vocabulary df MIN MAX Mean SD t 4
Classic—Avant-garde 2 1.750 2.150 1.967 0.202 16.857 0.004 **
Warm—Breathable 2 2.000 2.350 2.167 0.176 21.372 0.002 **

Casual—Sporty 2 1.350 3.000 1.933 0.925 3.620 0.069

Refined—Coarse 2 2.700 4.000 3.483 0.690 8.746 0.013 *
Stable—Flamboyant 2 4.350 5.000 4.600 0.350 22.764 0.002 **
Fashionable—Vintage 2 3.750 4.150 3.967 0.202 34.000 0.001 **
Smooth—Rough 2 4.000 5.750 4.767 0.895 9.226 0.012 %
Durable—Fragile 2 2.000 2.450 2.200 0.229 16.630 0.004 **
Heavy—Lightweight 2 3.000 3.450 3.167 0.247 22.238 0.002 **
Soft—Stiff 2 5.000 5.850 5.367 0.437 21.278 0.002 **

*p <0.05% p < 0.01.

From Table 10, it can be seen that the p-value of the casual-sporty image was greater
than 0.05, indicating a significant difference, while the other 9 items had p-values less
than 0.05, which indicated no significant difference. This indicated that the casual-sporty
image was different from the original set leather image, which might have been due to
the influence of the shoe design style. The remaining 9 items were close to the original
set image, indicating that the computer-aided leather footwear evaluation query smart
design system is feasible. These remaining 9 items were the following: “classic-avant-
garde”, “warm-breathable”, “delicate-rough”, “steady—assertive”, “fashionable-retro”,
“smooth-rough”, “solid—fragile”, “heavy-light”, “soft-stift”.

6. Conclusions

This study used a program written in Matlab to quantify the color features and texture
features of leather sample images, and trained the BPN network with visual-sensory vocabu-
lary pair values and visual-tactile sensory vocabulary pair values, leading to the development
of a leather sample evaluation inquiry system. The contributions are described below.

Utilizing Matlab, we digitized the characteristics of the leather samples, establishing a
method for parameter conversion of leather color and texture features. In this research, the
leather sample data was comprehensively documented for subsequent investigations. This
facilitates further in-depth analysis and discussions concerning the leather; for instance,
applying the leather samples in fields such as furniture design, luggage design, and
decorative design.

Through BPN network training with different input and output layers, the error rate
was compared to analyze and find a better neural network training model for designers
and manufacturers to use.

Based on the experimental data of image feeling scores by testers with a design
background and ordinary consumers, a feature analysis of leather footwear samples trained
by sensory vocabulary pair values and neural networks was conducted. This assists
designers in obtaining objective data on the sensory vocabulary pairs of leather during the
process of designing footwear.

When there are new styles of leather, the trained neural network can be used to
verify the sensory vocabulary pair values. As designers and manufacturers continuously
expand and increase the database, designers can design with more objective conditions
and information.

Designers can use the computer-aided leather footwear evaluation query smart design
system to do the following: adjust sensory vocabulary pair values, find matching leather
sample data, refer to much leather data, select leather samples that meet the needs of
designers, and further perfect the design process of shoe styles.
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