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Abstract
The demand for and design of daily ceramic products design tools is one of the application With the continuous de-

velopment of society, the demand for daily ceramic product design tools is increasing, among which Back Propagation
neural network (BPNN) and Kano model are widely used in the design field. This paper aims to optimize these two
models and explore the methods of daily ceramic modeling design. Firstly, this paper summarizes the data and tech-
nology of daily ceramic design. Secondly, the demand of ceramic products is reclassified by Kano model, and the BPNN
and Kano model are defined and optimized. Finally, the feasibility and effectiveness of this method are verified by sim-
ulation experiments. The results show that: (1) Consumers are more interested in flower and plant patterns, accurate
pattern printing and custom pattern selection. In addition, consumer sensitive demand items are divided into 9 high
sensitive demand items and 6 low sensitive demand items. (2) The error value ranges from 0.02 to 0.06 without using
the order of magnitude normalization, but the error value ranges from 0.01 to 0.04 after using the order of magni-
tude normalization. This means that the performance of the model has been significantly improved by using order
of magnitude normalization. (3) The perceptual evaluation values of the first group of four representative samples
of ceramic products are 5.23, 4.89, 3.76 and 3.75 respectively. The perceptual evaluation values of the second group of
descriptive words are 2.98, 5.76, 5.04 and 3.16 respectively. The perceptual evaluation values of the third group of de-
scriptive words are 3.25, 6.64, 5.83 and 5.05 respectively. Different ceramic products have different evaluation values.
Overall, the evaluation value of the first group is higher, indicating that the first group is more popular. The research
in this paper provides some reference value for improving the quality of daily ceramic products.
Keywords: BP neural network, Kano model, daily ceramic product, data mining, requirement, satisfaction

I. Introduction
With rising living standards, a variety of ceramic prod-

ucts, such as tableware and kitchenware, have come in-
to the public eye. These products evolve into new styles
and types in response to changes in people‘s lifestyles. The
range of uses for daily ceramics is gradually broadening
as a result of the more varied decorative requirements for
these items than in the past and the blurring of the lines be-
tween artistic and daily ceramics 1. Back Propagation (BP)
neural networks and the Kano model have both been ap-
plied to ceramic product design as science and technology
have advanced. Customers will like the created daily ce-
ramic products thanks to the model used to identify their
preferences and needs 2.

In the field of ceramic product design, previous research
covers many aspects, including technical improvement for
the matching accuracy of the depth discontinuity area of
ceramic images, the correlation between the lifestyle of the
new Small Office Home Office (SOHO) family and de-
sign of daily ceramics, and the multivariable dynamic cus-
tomization recommendation model based on the attention
mechanism. These research results provide different per-
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spectives and technical support for ceramic product de-
sign, which has a certain direct impact on the importance
and novelty of this paper in this field. The local stereo
matching technology proposed by Zhu et al. (2021) solved
the problem of matching accuracy of the depth disconti-
nuity area on ceramic images, and provided new techni-
cal support for image processing in ceramic product de-
sign 3. In addition, Bai et al. (2020) explored the relation-
ship between the new SOHO family lifestyle model and
daily ceramic design, which provided a useful reference for
re-examining the aesthetic, relaxation and healing charac-
teristics of product design 4. Meanwhile, Dogan and Bi-
rant (2021) introduced the recommendation model of at-
tention mechanism. Although the field was different, their
method provided ideas for multivariable dynamic person-
alized design 5. Finally, although the research of Kumar
(2020) focused on the evaluation of teaching quality, the
data mining tools and analysis techniques they use pro-
vided a reference for this paper to analyze the correlation
between data and features in the field of ceramic prod-
uct design6. Turukmane et al. (2022) used a new classi-
fication method based on deep learning to improve the
performance of multi-spectral image processing technol-
ogy, which was used to classify surfaces in multi-spectral
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satellite images. Wireless communication based on the In-
ternet of Things (IoT) was monitored by using the Se-
cure Locations Sensor Network Protocol (SLSNP). Mul-
tispectral satellite images were collected from developing
and developed countries. After multispectral image da-
ta had been collected using the deep convolutional neu-
ral network (DCNN), the landmarks of multispectral im-
ages were estimated. This effectively identified resources
in a specific location 7. These studies have provided tech-
nical support and guidance for this paper, enabling this pa-
per to deeply explore the design methods for daily ceram-
ic products based on image processing, lifestyle require-
ments, personalized design, and data analysis. Therefore,
this paper shows the novelty and importance of integrat-
ing these technologies and viewpoints, and provides a new
perspective and method for the development of daily ce-
ramic product design.

The above research covers many aspects, focusing on the
design and use of daily ceramic products. Among them,
the research methods using the BPNN and Kano models,
and the algorithms and models applied to product design
and data analysis are mentioned. These studies address the
new ideas and technologies of ceramic product design, es-
pecially the exploration of the use of algorithms to op-
timize the product design and analysis process. In these
studies, the emphasis is on using advanced technologies to
improve the design and analysis of daily ceramic products,
such as the use of the BPNN and Kano models to reclassi-
fy demand items, constructing the relationship model be-
tween product elements and perceived images, and veri-
fying the correlation between product elements and im-
age vocabulary. These methods provide researchers with
a more comprehensive perspective to better understand
the relationship between product design and user needs,
and thus improving customer satisfaction and design qual-
ity of products. Compared with the existing research re-
sults, the innovation of this paper lies in the combination
of the Kano model and BPNN model, which are applied
to the design of daily ceramic products. This integration
method provides researchers with a more comprehensive
analysis perspective to better understand the relationship
between product design elements, image vocabulary and
customer satisfaction. In this way, this paper is committed
to improving the design quality for daily ceramic products
and meeting the needs of consumers more accurately. This
comprehensive method has certain innovation and practi-
cal value for the field of daily ceramic product design.

II. Application of the BP network and Kano model in
ceramic product design

Fundamentals of BP neural networks
BPNN is a common artificial neural network, which is

used to simulate the signal transmission process among
human brain neurons. It is mainly composed of an input
layer, hidden layer and output layer. The input layer is
used to receive data input from the outside. In the design
of ceramic products, these inputs may be the consumer‘s
description, evaluation or other related information. The
hidden layer is the place where information is processed
within the network. The neurons in the hidden layer trans-

form and process the input data to capture the complex re-
lationship between the data. The output layer finally re-
turns the final result of the network. BPNN learns the
patterns and relationships between data through training.
This training process is divided into two stages: forward
propagation and backward propagation. Forward propa-
gation means that data is transmitted from the input layer
to the hidden layer and the output layer, and the network
generates prediction results. Back propagation is used to
compare the difference between the predicted results and
the actual results, and the network adjusts the internal pa-
rameters to reduce the prediction error. This process is re-
peated, which enables the network to be continuously op-
timized and improve the accuracy of prediction. In the
design of ceramic products, BPNN can be used to ana-
lyze consumers’ preferences and demands, and predict the
satisfaction or the importance of product characteristics.
It can help designers better understand consumers’ ideas
and guide product design and improvement to better meet
market demand.

BPNN is an important tool, especially in understand-
ing consumer preferences and needs. It is a machine learn-
ing technology, which can identify a complex relation-
ship between data and use it for prediction and classifi-
cation. In the design of daily ceramic products, BPNN is
used to analyze consumers’ preferences and satisfaction
with products. Specifically, the application of BPNN in
this field is mainly reflected in the following aspects: (1)
Consumer preference prediction: Based on training of the
BPNN model, consumers’ historical data, demand evalu-
ation and other characteristics can be used to predict their
preferences for different characteristics of ceramic prod-
ucts. This helps designers to ascertain more accurately
the trend in consumers’ preferences, and use this knowl-
edge to guide the design and improvement of products. (2)
Product characteristic optimization: BPNN can be used
to analyze and optimize product characteristics. Through
the study of consumer feedback data, people can deter-
mine which product features are valued by consumers and
which features may need to be improved. This provides
clues and directions for manufacturers to improve prod-
uct design. (3) Market positioning and segmentation: With
reference to the analysis of consumer preferences based
on BPNN, market positioning and segmentation can be
carried out more accurately. Different consumer groups
may have different preferences for products. BPNN can
help identify these differences and provide support for
customized design and marketing. Through these appli-
cations, BPNN plays an important role in the design of
daily ceramic products. It can not only help designers gain
a deeper understanding of consumer demands, but also
guide product design and market strategy to better meet
the changing market demand.

Design of daily ceramic products

Although the term “daily ceramics” refers to pottery and
porcelain, it also encompasses stoneware, earthenware,
and porcelain. All everyday objects that are shaped, sculpt-
ed, and calcined clay and other natural minerals are togeth-
er referred to as daily ceramics. People often use various
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Fig. 1: Examples of new daily ceramic products.

Table 1: Vocabulary of ceramic modeling images.

Classification Image Vocabulary Pair

Product form Tradition – Modern Simplicity –
Complexity

Ordinary – Strange Compact –
Atmospheric

Technology Function - Decoration – – –

Size Scale Harmony - Contrast – – –

Material type Gorgeous - Simple – – –

Color Matching Simplicity – Colorful Feminine –
Cool and elegant

– –

decorative techniques, such as cosmetic coating, coloring,
and glaze, to beautify blank products and give them more
spiritual qualities beyond their intended use. Ceramic art
must be able to master the design sensibilities and material
skills, the craftsmanship and aesthetics, and people‘s imag-
ination and modeling talent 8. Japanese ceramics, as well as
those from China and other nations, are frequently used in
daily life, but the majority of them are primarily utilized as
eating utensils 9. Fig. 1 depicts a few current innovations in
daily ceramic items.

Daily ceramics are ceramics made for everyday use, typ-
ically based on their practical qualities, and can be broadly
categorized into tableware, tea sets, coffee sets, wine sets,
kitchen utensils, and other items 10. Industrial porcelain
(building ceramics, chemical stoneware, electric ceramics,
and special ceramics), which can also be split into porous
ceramics and dense ceramics according to different materi-
als, is another type of porcelain that is available in addition
to home porcelain 11. The vocabulary of ceramic modeling
images obtained by classifying the intentional vocabulary
of ceramic design is shown in Table 1.

The demand classification of the Kano model for users
of daily ceramic products

The Kano model plays an important role in product de-
mand assessment, and its reclassification can be support-
ed by deeper explanation and concrete basis. This classifi-

cation is based on the understanding and analysis of con-
sumer demand, covering the priority and influence of dif-
ferent types of demand. The re-classification basis of this
model usually includes a detailed analysis of consumer sur-
vey data 12. This paper first collects a wide range of cus-
tomer input, covering the requirements for various prod-
uct features and functions. Then, these requirements are
classified, and based on the degree of influence of different
requirements on consumer satisfaction, they are divided
into six categories: Q, A, R, I, M and O. These classifica-
tions are not only a simple summary of consumer demand,
but also a comprehensive analysis result based on in-depth
market research and customer feedback data 13. Specifi-
cally, the Q-type requirement is usually regarded as stan-
dard functions expected by customers, and the existence
of these functions is necessary for improving product sat-
isfaction. The A-type requirement covers those extra func-
tions that can significantly improve customer satisfaction,
and they are often innovative in product design. The R-
type demand refers to a demand that consumers have not
yet explicitly stated, but once realized, it will lead to an
increase in satisfaction14. The I-type requirement refers
to missing functions, and their implementation usually
does not affect product satisfaction, but the lack of them
may lead to dissatisfaction. M-type and O-type require-
ments indicate that consumers have nothing to do with or
have low expectations for certain features or functions in
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products. By reclassifying these requirements, manufac-
turers can more accurately understand the key features and
functions of products, and accordingly establish product
roadmaps to better meet market demand. This reclassifi-
cation provides a deeper insight, enabling manufacturers
to give priority to and rationally plan the characteristics
and functions of products to enhance market competitive-
ness. The classified user requirements of Kano model are
shown in Table 2.

Table 2: The classification of Kano model user require-
ments.

Character Symbol meaning

Q There is an error. Generally, it is impossi-
ble for the same customer to choose “sat-
isfied” with the function of the ceramic
product.

A Customers will be surprised that the prod-
uct has this function, which is an element
of ceramic product identification.

R Consumers do not want to use this pattern
or technology in daily ceramic products.

I This requirement item is optional.
Whether the function is available or not
has no impact on most consumers.

M Basic needs.

O Category of demand items to be valued.

Because the Kano model has two types of positive and
negative problems, the user‘s satisfaction can be obtained
by analyzing the classification of the meaning of the Kano
model and the positive and negative problems 15. The re-
sults are shown in Table 3.

Table 3: Comparison of Kano model results.

Reverse
problem/
forward
problem

Satis-
fied

It
should
be

All
right

Accept-
able

Inad-
missi-
bility

Satisfied Q A A A O

It should
be

R I I I M

All right R I I I M

Accept-
able

R I I I M

Inadmis-
sibility

R R R R Q

It is important to calculate the Better-Worse coefficient
after doing a qualitative study of each requirement to de-
termine the demand degree for each requirement using the
Better-Worse coefficient analysis method 16. Consumer
happiness with daily ceramic products is represented by
the Better coefficient when the Demand Item is included,

and Consumer Dissatisfaction with the Demand Item is
represented by the Worse coefficient 17. This is how the
Better-Worse coefficient is determined:

SSI =
SA+SO

SA+SO+SM+SI
(1)

DDSI = -
SM+SO

SA+SO+SM+SI
(2)

ω = SR

√
(SSI)2 + (DDSI)2 (3)

SSI stands for the Better coefficient. DDSI stands for the
Worse coefficient. SA, SO, SM, SI and SR are the number of
times the demand item is selected, and x is the demand in-
dex. In the process of research, the Kano question-answer-
ing model mainly involves two aspects, one is the related
demand of technology, and the other is the related demand
of pattern. There are 15 demand items in total and they are
numbered. The specific contents are shown in Table 4.

Table 4: Kano model requirement item content.

Requirement
item number

Requirements item content

Y1 Beautiful design

Y2 Ceramic modeling

Y3 Custom graphics

Y4 Safe and efficient production process

Y5 Accurate pattern printing

Y6 Processing parameters

X1 Complete design concept

X2 Reasonable pattern layout

X3 The pattern has valuable connotation

X4 Flower pattern

X5 Pattern of attracting wealth and treasure

X6 Siheruyi pattern

X7 Traditional dragon and tiger pattern

X8 Animation pattern

X9 New art patterns

Analysis of daily ceramic materials based on the BP neu-
ral network model

The BP neural network is now the most extensively used
neural network model because it is one of the multi-layer
feedforward networks based on error back propagation
training 18. The following two components make up the
majority of this network model: The first is the effective
spread of knowledge. The rearward propagation of mis-
takes is the second 19. The network input layer is primar-
ily in charge of efficiently obtaining input data from the
outside world and swiftly transmitting it to the interme-
diate layer. The middle layer‘s primary duty as one of the
internal information processing layers is to efficiently con-
vert the information it receives 20. Meanwhile, the mid-
dle layer can be developed in the direction of a single hid-
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den layer structure or, of course, the multi-hidden layer
structure can also be taken into consideration 21 depend-
ing on the requirements of information change ability. It
will transmit the pertinent data sent by the middle layer to
the output layer as a hidden layer for further processing.
The information will now be processed by the output layer
and returned to the outside world, marking the successful
completion of a learning forward propagation process 22.

If the actual output and the anticipated output do not
match, the error will be introduced into the back propa-
gation stage, where its ownership value will be fixed using
the error gradient descent method, and it will then be re-
turned to the input layer 23. This makes the forward and
backward propagation process identical to the process of
adjusting the weights of each layer, and it also makes it pos-
sible to think of it as a network‘s learning and training pro-
cess 24. Until the output error of the network is decreased
to a level that is acceptable or until a predetermined num-
ber of learning cycles have passed, this cycle is repeated 25.
In fact, the BP network also belongs to the category of
multi-layer neural networks. The model structure of the
dual-layer BP neural network is shown in Fig. 2.

When adopting a linear transfer function, the output lay-
er of a multi-layer BP network can take on any value. The
BP neural network uses the elastic algorithm, the steep-
est descent method, the momentum algorithm, the vari-
able learning rate algorithm, and the variable learning rate
algorithm 26. The steepest descent method, also referred
to as the steepest slope method, is an iterative procedure
for estimating nonlinear regression model parameter least
squares. The weights and thresholds are corrected when
all the samples are entered and the total error is comput-
ed. Batch processing is the name of this corrective tech-
nique 27. The batch processing approach converges more
quickly than the single processing method when there are
many samples 28. The momentum BP algorithm is actually
an algorithm based on gradient descent, which introduces
momentum factor. The equation is as follows:

Δx(k + 1) = ηΔx(k) + α(1 - η) (4)
x(k + 1) = x(k) + Δx(k + 1) (5)

In the equation, Dx is the change of information before
and after, k is the number of iterations, g is the momentum
factor, a is the learning rate, and x is the input information.

Fig. 2: Dual-layer BP neural network model.
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Whether it is the steepest descent or momentum BP algo-
rithm, its learning efficiency belongs to the constant cate-
gory, and its value always remains unchanged. The perfor-
mance of the algorithm is sensitive to the choice of learn-
ing rate. When the learning rate is too high, the algorithm
may oscillate and become unstable 29. The convergence
speed will be slow and the training period would length-
en if the learning rate is too slow. To pick the ideal learn-
ing rate before training, though, is impractical. In fact, the
algorithm can be altered along the error performance sur-
face and the learning rate can fluctuate with the training
process 30. The learning step should be maximized, and
the algorithm should become more stable, using a gradi-
ent descent method that adaptively changes the learning
rate. According to the local error surface, the learning rate
is modified 31. Finally, the elastic algorithm‘s primary ap-
plication is to entirely reverse the negative effects brought
on by the gradient‘s amplitude. Due to the fact that the
amplitude of the partial derivative will have no effect on
the weight correction process, just the sign of the partial
derivative is often used in this process. Currently, the cor-
rection process simply depends on the weight‘s correc-
tion value, which is often independent of the amplitude 32.
In the event that two iterations follow one another while
maintaining the same gradient direction, the goal of in-
creasing the correction value can be achieved by multiply-
ing the correction value by the increment factor, while the

goal of reducing the correction value can be achieved by
multiplying the correction value by the decrement factor
in the event that the gradient direction is in the opposite
direction 33, 34.

Daily ceramics can be categorized into four groups based
on their internal structure and physical characteristics:
feldspar porcelain, sericite porcelain, phosphate porcelain,
and talc porcelain. Of these four groups, feldspar porce-
lain and sericite porcelain are the most widely used, and
they are both used in daily ceramics. Phosphate and talc
porcelain are mostly used for high-end everyday tea sets or
ornamental art porcelain. According to the raw materials
used, daily ceramics can be categorized into three groups:
flux raw materials, non-plastic quartz raw materials, and
plastic clay raw materials.

Optimization of the Kano Model and BP Neural Net-
work Model

In order to further enhance the Kano model‘s decision-
making assistance for subjective issues, it is necessary to in-
vestigate the relationship between the consumer satisfac-
tion metric and a number of other parameters. Since this
research has broad potential applications, it is necessary to
enhance the Kano model‘s unique procedure. The major
steps in this optimization process are to expand the cate-
gories of demand items and tighten the screening criteria.
Fig. 3 depicts the precise procedure.

Fig. 3: Flowchart showing the optimized Kano model.
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BPNN has many advantages, such as high classification
accuracy, strong learning ability, robustness and fault tol-
erance to noise data, and associative memory ability. It
can effectively approximate various nonlinear relation-
ships and be used for feature extraction. However, the neu-
ral network method has obvious defects such as numerous
parameter settings, long learning process and the possibil-
ity of falling into local optimal solution. Therefore, this
paper focuses on data preprocessing as the most effective
strategy to prevent these problems. In the process of op-
timizing the neural network model, this paper adopts a
series of detailed strategies and methods. Firstly, for the
data preprocessing stage, this paper emphasizes strict da-
ta cleaning measures to eliminate noise data and inconsis-
tencies and ensure data quality and consistency. Secondly,
in the data preparation stage, appropriate data conversion
technology is used to ensure that the data is more accurate
and reliable in the modeling process. In addition, accord-
ing to the requirements of a specific model, data recon-
struction and feature engineering are carried out to make
the data closer to the actual application scenario and im-
prove the interpretability and effect of the model. The im-
plementation of these optimization strategies not only im-
proves the stability, accuracy and generalization ability of
the model, but also ensures the integrity and reliability of
the data while improving the performance of the model.
With these carefully designed optimization steps, this pa-
per successfully meets the challenges of complex parame-
ter adjustment and long learning process faced by the neu-
ral network method, making the model more robust and
better adapted to different data situations. The successful
application of these optimization strategies provides valu-
able method reference and experience accumulation for
future related research. The data preprocessing flow of the
optimized BPNN model is shown in Fig. 4.

It is very important to optimize the data preprocessing
process of the BPNN model, which ensures the accura-
cy and reliability of data quality. The key factors of data
quality usually include three aspects: missing or inconsis-
tent data, noisy data with wrong attribute values, and in-
completeness that only provides partial aggregated data.
These problems often appear in practical applications, but
they can be solved by effective data cleaning and process-
ing methods. The incompleteness of data may come from
many situations. For example, some information may be
regarded as secondary information when it is registered in
the market and is not included. In addition, for various rea-
sons, relevant information may not be recorded, resulting
in inconsistency with the recorded information, and may
even be accidentally deleted. To remedy these situations,
a powerful and accurate data cleaning program is need-
ed to ensure the integrity and accuracy of data. This pa-
per adopts a series of optimization strategies and methods
to deal with data quality problems. Firstly, the data clean-
ing stage covers the identification and processing of miss-
ing data, erroneous values and abnormal values. Second-
ly, data filling and interpolation methods are used to com-
plete the missing data and reduce the impact of incomplete
data. In addition, data reconstruction and merging meth-
ods are adopted to ensure the integrity and consistency
of datasets. The application of these detailed optimization
strategies and methods not only improves the quality of
data, but also lays a solid foundation for the accuracy and
reliability of the model. These methods can effectively deal
with the data quality problems in real life and provide re-
liable data support for model training and prediction. The
successful application of these optimization strategies and
methods provides valuable experience and technical guid-
ance for future-related research.

Fig. 4: Optimized BP neural network model data preprocessing process.
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III. Experimental data design
The data used in the experiment comes from two main

channels: Firstly, this paper collects the sales data of ce-
ramic products from different regions, including sales vol-
ume, feature description and customer satisfaction. Sec-
ondly, based on the survey data of the Kano model, the
survey object is the potential consumers of ceramic prod-
ucts to understand their preferences for the design char-
acteristics of ceramic products. Data features: The dataset
includes 500 sales records of ceramic products, covering
product features, prices, sales areas and other informa-
tion. Among them, 30 % of the data have some missing
values, which are mainly concentrated in product feature
description. In addition, there are 5 % outliers in the da-
ta, which needs to be processed in the data preprocessing
stage. Kano model survey data: The survey covered 300
potential consumers and scored different ceramic prod-
uct design elements. The data includes consumers’ subjec-
tive evaluation of product design characteristics, which in-
cludes ceramic patterns, material texture, price and so on.

Data processing process: (1) Data cleaning: For sales da-
ta, the missing values and abnormal values are processed,
and the methods of mean filling and eliminating abnormal
values are adopted. The survey data of the Kano model are
de-duplicated and invalid data are eliminated. (2) Data in-
tegration: The sales data and Kano model survey data are
integrated and matched based on product feature descrip-
tion to create a comprehensive dataset including product
sales and consumer preference scores. (3) Data simula-
tion method: During the simulation of data, the changes in
different consumers’ preferences are considered, and the
diversity of actual market feedback is simulated by ran-
domly generating consumers’ scores on specific design el-
ements. (4) Experimental verification process: The dataset
is divided into training set and test set with the cross-vali-
dation method, and the performance of the BPNN model
is evaluated under different pretreatment conditions.

IV. Design and analysis of daily ceramic products based
on BP optimization model and Kano model

Analysis on the results of consumer demand for daily
ceramic products under the Kano model

The final 15 demand items identified by the model are
assessed in positive and negative dimensions, and artifi-
cial intelligence (AI) is used to imitate customer behav-
ior for tests. This is done in an effort to minimize the da-
ta pollution brought on by cognitive short-term inertia.
Following statistics, Fig. 5 displays the pertinent technolo-
gy demand results together with the associated Better and
Worse coefficients.

Fig. 5 shows the distribution of demand for daily ceram-
ics design. These requirements are classified into different
categories according to their importance and satisfaction,
and reclassified according to the Kano model. First, it is
important to point out the key design requirements in dai-
ly ceramic products. Under the framework of the Kano
model, the pattern printing and ceramic texture represent-
ed by Y1 and Y2 are classified as A-type requirements, that
is, characteristics that are very important to consumers and
expected to be satisfied in products. This means that these

two factors are regarded as standard requirements in dai-
ly ceramic products. On the other hand, the demand of
Y3 and Y6 is classified as O-type, which means that con-
sumers have low expectations for these features, but if they
can be realized, they will improve product satisfaction.
Therefore, considering these characteristics in the design
stage may win additional competitive advantages for the
product. Y4 and Y5 are classified as M-type requirements,
which means that these two features are not particularly
concerned or expected by consumers. In product design,
the realization of these characteristics has little influence
on product satisfaction. In the study of the Kano model,
the better-worse coefficient is also used to judge the sen-
sitivity of demand. Y1, Y2, Y3, Y5 and Y6 are classified as
very sensitive, which means that consumers are very sen-
sitive to changes in these characteristics. In contrast, the
sensitivity of Y4 is low, which means that the change of this
feature does not affect the satisfaction of consumers. This
classification and sensitivity evaluation provide guidance
for the design of daily ceramic products, and help manu-
facturers to know more clearly which characteristics are
the priority of consumers, and how to weigh and consider
these needs in product design. Fig. 6 displays the associat-
ed demand findings of the patterns along with the corre-
sponding Better and Worse coefficients.

Fig. 5: Related demand results of technology and Better-Worse
coefficient.

Fig. 6 shows consumers’ demands for daily ceramic pat-
terns, which are arranged according to their priorities.
These requirements are reclassified under the Kano mod-
el and analyzed according to their attributes. Firstly, X4,
X5, X7, X1, X9, X3, X6, X2 and X8 represent various pat-
tern requirements for daily ceramic products. In the Kano
model, these demands are reclassified according to con-
sumers’ attention and expected satisfaction. The attributes
of X1 and X5 are classified as A-type, which means that
consumers attach great importance to and expect these de-
mands. These requirements include selecting and person-
alizing patterns, printing accurate patterns and using pat-
terns from various sources. This means that these charac-
teristics are very critical for the design of daily ceramics
and attract consumers’ attention. X2 and X8 are classified
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as I-type requirements, indicating that consumers attach
less importance to these features. These requirements in-
clude daily ceramic production methods, logical pattern
arrangement and animation pattern style. These charac-
teristics are not the focus of consumers’ special attention
in product design. X3 and X6 are classified as M-type re-
quirements, indicating that consumers’ attention to these
requirements and expected satisfaction are relatively neu-
tral and do not have a significant impact on product satis-
faction. X4, X7 and X9 are classified as O-type require-
ments, indicating that consumers have low expectations
for these requirements, but if they can be realized, they
may improve product satisfaction. In addition, according
to the better-worse coefficient, the demand is divided in-
to several groups. X4, X5, X7 and X1 are identified as ex-
tremely sensitive demands, and consumers are very sensi-
tive to changes in these demands. In contrast, X9, X3, X6,
X2 and X8 are identified as low-sensitivity demands, and
changes in these demands are unlikely to affect consumers’
satisfaction. These classification results provide guidance
for daily ceramic product design, and help manufacturers
to better understand consumers’ priorities and expecta-
tions in order to better meet market demand.

Fig. 6: Related demand results of patterns and Better-Worse coeffi-
cient.

Analysis results of BP optimization model for daily ce-
ramic products

In the daily firing process of ceramics, different moisture
and element contents in raw materials have an impact on
the manufacture of ceramics. For example, when the water
content is too high, insufficient firing time may lead to un-
even patterns on the ceramic surface, while excessive car-
bon leads to darker color after firing, both of which should
be taken into account. The University of California Irvine
(UCI) dataset is a commonly used standard test dataset for
machine learning, and it is a database for machine learning
proposed by the University of California, Irvine. Dataset
1 is high-temperature firing data, which contains the con-
tent records of various mineral components and elements
of ceramic samples at high temperature. High-tempera-

ture firing may lead to the crystallization, phase transfor-
mation and lattice arrangement of mineral elements, thus
affecting the texture, strength and surface characteristics of
ceramics. Dataset 2 is low-temperature firing data, which
records the data of ceramic samples fired at low temper-
ature. The dataset includes the content records of vari-
ous mineral elements in ceramic samples at low temper-
ature. Low-temperature firing may lead to a loose crystal
structure of mineral elements, which affects the compact-
ness and compressive strength of ceramics. Dataset 3 is dif-
ferent in water content, and the dataset includes the con-
tent records of various mineral components and elements
of ceramic samples under different water content condi-
tions. The change of water content may affect the temper-
ature control and crystallization process of ceramics dur-
ing firing, and then affect its texture, color and appearance.
Dataset 4 is the data source of different firing time, and
records the data of ceramic samples under different firing
time conditions. This dataset includes the content records
of various mineral elements in ceramic samples at differ-
ent firing times. The change of firing time may lead to the
change in crystal morphology and crystallinity of mineral
elements and affect the uniformity and quality of ceramics.
Dataset 5 is the content data of different components, and
the dataset includes the content records of different miner-
al components in ceramic samples. The content of differ-
ent components may affect the strength, color and surface
characteristics of ceramics, such as the depth of color and
the thickness of texture. Dataset 6 is the data of different
glaze coating, and the dataset includes the content records
of various mineral components and elements of ceram-
ic samples under different glaze coating conditions. Dif-
ferent glaze coating methods may lead to different glossi-
ness, wear resistance and antifouling properties of ceram-
ic surface, thus affecting its appearance and practicality. In
this paper, six groups of ceramic fired mineral data in UCI
database are preprocessed, and the error between the pre-
processed data and the actual value is calculated. Tetraflu-
oroethylene (TFe), ferrous oxide (FeO), carbon (C) and
water content are the predicted data in this paper. The ex-
perimental results are shown in Fig. 7.

Fig. 7: Prediction results of the BP neural network optimization
model.
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Two different data processing strategies are compared
and trained in the experiment. Data preparation without
order-of-magnitude normalization is one type, which in-
volves the experimental original data. Preprocessing the
normalized data comes after another set of trials that in-
clude normalizing the original data by an order of magni-
tude. Table 5 displays the discrepancy between the actual
number and the outcome that was projected.

Table 5: Error between predicted value and true value of
BP neural network model.

Dataset
number

The error between the
predicted value and
the real value of the
operation without us-
ing the order of mag-
nitude normalization

Error between oper-
ation predicted value
and real value using
order of magnitude
normalization

1 0.04 0.01

2 0.03 0.02

3 0.02 0.04

4 0.06 0.03

5 0.06 0.04

6 0.6 0.01

In the experimental group that does not use the order-of-
magnitude normalization operation, there is a big error be-
tween the predicted value and the actual value through the
learning of BPNN algorithm. The data in the table shows
the error between the predicted value and the actual val-
ue in two different cases, one is when the order-of-mag-
nitude normalization operation is not used, and the oth-
er is when the order-of-magnitude normalization is used.
The error value ranges from 0.02 to 0.06 without using the
order of magnitude normalization, while the error value
ranges from 0.01 to 0.04 after using the order of magni-
tude normalization. This means that the performance of
the model has been significantly improved by using order-
of-magnitude normalization. In most cases, the error be-
tween the predicted value and the actual value is reduced
after using order-of-magnitude normalization. For exam-
ple, in dataset 1 and dataset 6, the error decreases from 0.04
and 0.60 to 0.01. This decrease may mean that the mod-
el predicts the actual value more accurately and improves
the prediction accuracy. The operation of order-of-mag-
nitude normalization plays a key role in reducing the er-
ror value, especially in dataset 6, the error is reduced from
0.60 to 0.01, which is a huge improvement. These improve-
ments show that the optimization method has a significant
impact on improving the model performance and reduc-
ing the error rate, especially when dealing with data with
different numerical ranges, the use of order of magnitude
normalization can better adapt to the training and predic-
tion process of the model.

Analysis of ceramic modeling image vocabulary and
product modeling satisfaction

Determination of output parameters of the neural net-
work: (1) Sample selection: According to four represen-
tative ceramic samples and six groups of descriptive words
selected in the second chapter, the representative samples
are analyzed. T1 is traditional-modern. T2 is simplicity-
complexity. T3 is ordinary-strange. T4 is compact-atmo-
spheric. T5 is function-decoration. T6 is harmony-con-
trast. (2) Statistical analysis of data: The average value is
obtained by means of analysis and calculation according
to the scale data, and the result is shown in Fig. 8.

Fig. 8: Representative sample perceptual evaluation value (T).

The perceptual evaluation values of the first group of
four representative samples of ceramic products are 5.23,
4.89, 3.76 and 3.75, respectively. The perceptual evaluation
values of the second group of descriptive words are 2.98,
5.76, 5.04 and 3.16, respectively. The perceptual evalua-
tion values of the third group of descriptive words are 3.25,
6.64, 5.83 and 5.05, respectively. Different ceramic prod-
ucts have different evaluation values. On the whole, the
evaluation value of the first group is higher, which shows
that the first group is more popular with people.

The input data for the BP neural network and the value of
characteristic elements of ceramic verification samples are
used as the input data for the BP neural network prediction
model, and the output data of the BP neural network and
the value of sample image vocabulary are used as the out-
put data. Because the number of ceramic modeling feature
elements and the number of ceramic representative images
remain the same, the number of input data and output data
of BP neural network prediction model is 14 and 6 respec-
tively. In MATLAB software, taking 6 ∼ 18 hidden layers
as examples, the number of hidden layers is selected, and 12
hidden layers with the smallest error are selected as the fi-
nal number of hidden layers. Training neural network with
MATLAB. The output data of the BP neural network pre-
diction model are shown in Table 6.
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Table 6: The perceptual evaluation of the second network verification sample.

1 2 3 4

Tradition - Modern 0.7443 0.6905 0.5450 0.5335

Simplicity - Complexity 0.4677 0.8165 0.7042 0.4587

Ordinary - Strange 0.4611 0.9466 0.8230 0.7177

Compact - Atmospheric 0.4633 0.8395 0.6870 0.6015

Function - Decoration 0.4537 0.7652 0.5684 0.6524

Harmony - Contrast 0.5684 0.8542 0.4598 0.6584

Gorgeous - Simple 0.5372 0.4633 0.4427 0.5418

Feminine - Cool and elegant 0.6654 0.5744 0.5547 0.6475

Satisfaction with ceramic modeling 0.7625 0.7505 0.8301 0.6912

According to the data in the table, the satisfaction of ce-
ramic modeling is 0.7625, 0.7505, 0.8301 and 0.6912. The
neural network is trained by MATLAB, and the output
data of BP neural network prediction model are 0.7625,
0.7501, 0.8300 and 0.6915, which are similar to the satis-
faction value of ceramic modeling in the table, so it is con-
sidered that the BP neural network prediction model con-
forms to the prediction accuracy. In this paper, the Kano
model and BPNN model are integrated to analyze and
predict the design of daily ceramic products. Compared
with traditional methods, this comprehensive method can
understand consumer demand more comprehensively and
predict customer satisfaction. Compared with other stud-
ies, this paper obtains different consumer preferences and
ranks the importance of different characteristics in a simi-
lar way. The BPNN model proposed here is more reliable
for predicting customer satisfaction. Compared with oth-
er studies in the same field, the data preprocessing and op-
timization strategy adopted has achieved better results.

V. Conclusions
With the application of daily ceramics in life, people pay

more attention to the design of daily ceramics. This pa-
per has made an important exploration and contribution
in the field of daily ceramic product design. The innova-
tion of this paper lies in the combination of the Kano mod-
el and BPNN models, which are applied to the design of
daily ceramic products. This integration method provides
researchers with a more comprehensive analysis perspec-
tive to better understand the relationship between prod-
uct design elements, image vocabulary and customer sat-
isfaction. In this way, this paper is committed to improv-
ing the design quality of daily ceramic products and meet-
ing the needs of consumers more accurately. This com-
prehensive method has a certain innovation and practical
value for the field of daily ceramic product design. First-
ly, through the application of the Kano model, this paper
deeply understands the consumer‘s demand for daily ce-
ramic products. The items that consumers value most in
design are found, such as flower patterns, accurate pattern
printing and custom pattern selection, as well as relative-
ly low-demand items, such as production technology, pat-
tern layout, and animation pattern style. These findings
provide powerful guidance for the future design of dai-

ly ceramic products. On the other hand, the application
of BPNN provides a new perspective for predicting cus-
tomer satisfaction. The optimized model successfully ap-
proximates customer satisfaction, indicating that the neu-
ral network has considerable forecasting potential in this
field. This provides a reliable tool for future product de-
sign and marketing, and can better meet customer needs.
However, people should also pay attention to the problem
that optimizing data preprocessing in BPNN may lead to
increased computational complexity. The future research
direction should include improving the prediction accu-
racy and optimizing the calculation efficiency. By simpli-
fying data preprocessing or adopting more effective algo-
rithms, the calculation burden can be reduced, so that it
can be better applied to actual product design and market
operation. In the future, the development of daily ceramic
product design should focus on combining advanced pre-
diction models and consumer insight to achieve more per-
sonalized design that meets market demand. With the da-
ta-driven method, the matching degree between product
characteristics and consumer expectations is continuously
optimized to promote product innovation and improve-
ment. Meanwhile, people should pay attention to product
manufacturing technology, pattern design and technolog-
ical innovation to improve product quality and differen-
tiation and meet the changing market demand. Generally
speaking, this paper provides important empirical analy-
sis and prediction model support for daily ceramic prod-
uct design, provides guidance for future research and prac-
tice, and encourages further exploration to promote devel-
opment and innovation in this field.
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