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Abstract: Product appearance is essential in shaping consumers’ preferences. Thus, we predicted
consumer preference by establishing a feasible threshold for appearance innovation with a novel
method. We used deep learning (DL)-based image classification and the Waikato Environment for
Knowledge Analysis (WEKA) as the implementation tool. Advanced DL algorithms were adopted to
classify images of disparate products according to their aesthetics. The results of the classification
presented that the method could explain the level of innovation in appearance that consumers
favored. The result can be used as a guideline for industrial designers in the creation of new products.
Moreover, the method can be used to assess existing products that need enhancement to meet
consumer preferences. The proposed method assists industrial designers in understanding consumer
preferences and product innovation. Future research is required to ensure the successful design of
new products.

Keywords: industrial design; product development; deep learning; image recognition; consumer
preferences

1. Introduction

With advancements in Artificial Intelligence (AI), Data Mining, and the Internet
of Things (IoT), various approaches and conceptualizations in healthcare and pharma-
ceuticals [1], artistic creation [2], and agriculture have been proposed. However, such
applications in industrial design and product design have been scarce. When it comes
to designing a product’s appearance, designers depend on their personal experience and
individual aesthetic concepts, not on objective and quantified means. One major reason
for this is the substantial time and effort required to collect and analyze data on market
opportunities, competing products, and design strategies. Data associated with the ap-
pearance of products include images, which inherently challenges the quantified analysis.
These challenges are barriers to designing product appearance strategically. Therefore, we
used image classification and machine learning (ML) to find a way of innovative designs
for predicting consumer preferences. The result helps designers find suitable designs for
products and predict consumer preference for the designs.

2. Related Work
2.1. Typicality, Novelty, and Consumer Preference

Typicality refers to the appearance, shape, texture, and functional characteristics of
product design. It signifies the wide recognition of people for a product or brand. For
example, Apple Inc. has shown a unique round shape and polished appearance in product
design, which has now become the trademark. Similarly, when one mentions “mammals”,
people are reminded of cats, dogs, pigs, or sheep rather than platypuses or dolphins. This
signifies a stronger sense of typicality.
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The aesthetics of a product are an important indicator for consumers to discern
products. Brands nowadays have been striving to exhibit their distinctive brand style
in their products’ appearance. The design of vehicles is the most evident for typicality.
Regardless of whether it is budget-friendly or luxurious, brand recognition with aesthetic
design is the design goal of companies. The design of vehicles generally adheres to two
design strategies: the single-driven and the market-driven approaches. The single-driven
strategy is used for creating iconic product design elements and establishing a family
look to attract target audiences. On the contrary, the market-driven strategy is used
to develop diversified styles based on market demand to attract consumers. With the
importance of aesthetic design, companies are emphasizing product appearance [3] and
require innovations in design. Traditional and manual identification of styles is conducted
by observing lines, curvatures, and other features that cannot match the speed of innovation
and style shifts. For the innovation of product design, a balance between innovation,
retaining brand style, and maintaining typicality is significant for designers and companies.

The concept of novelty corresponds to finely crafted design features. Consumers’
judgment of a product’s novelty is subjective. Hung and Chen [4] used 88 chairs in various
shapes and applied them to the prototype production. They researched the semantic differ-
ence of bipolar adjectives to understand the impact on novelty and aesthetic preference.
The results validated Berlyne’s hypothesis [5] that novelty and aesthetic preference showed
an inverted U-shaped relationship. Moderate novelty can enhance aesthetic preference.

2.2. Integrity of Specifications

Style encapsulates the character of a designer or brand. The brand style is one of
the most applied design strategies in the market, and it serves as a crucial component in
brand recognition. Chan [6] stated that style was discerned by recurring features, forms,
and context. Car manufacturers developed a symbolic brand appearance in the market
by repetitively employing similar design elements [7]. Chan [6] proposed a measurement
method based on classification. However, measuring product styles was a challenge. Hyun
put forth a quantitative method to evaluate the similarity of the styles of vehicles [8] using
Fourier decomposition of the data of eye-tracking on shapes. Through the analysis of visual
semantics, the significance of the design elements of vehicles was weighted to find the
similarity of vehicle designs. Features are more restrictive than styles, concentrating more
on the characteristics or symbolic implications of logos. Chan [6] claimed that designs with
higher stimulation in shapes were more easily distinguishable than other designs. The
measurement of features for the identification of features was categorized into a manual
setting definition [9] and coding feature definition [10].

2.3. Design Freedom and Brand Recognition

Design freedom is the threshold with which designers deviate from existing designs
for innovative designs. It pertains to the permissible variation that does not stray from the
brand value and recognition. Hung and Chen’s experiments affirmed that moderately inno-
vative designs gained more popularity than excessively radical designs [4]. To investigate
how to establish the range of design freedom, Burnap defined the distance across design
and the difference between novel concept designs from existing ones. By incorporating
customer feedback into the measurement function of design freedom, values of design
freedom could be obtained for each design concept [11]. Brand recognition underscores the
affiliation with the brand. Customer feedback is a key factor in purchasing decisions and
affects the ranking of products [12]. In the automotive industry, the association between
brand loyalty and consumer feedback is more prominent. A favorable market response
can be secured if the design of the exterior of a vehicle is created within the appropriate
range of design freedom. The front image of the vehicle is more significantly correlated
with brand recognition than the side and rear views [13]. The front view unifies colors and
the brand logo. Burnap confirmed that excessive design freedom would diminish brand
recognition [11].
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3. Methods

We used a deep learning (DL) method for image classification with machine learning
(ML). The research was conducted in three phases: determining the reliability of ML in
image classification, probing consumers’ subjective perceptions of product innovation, and
finding the feasibility of deploying ML in predicting consumer preferences and analyzing
product innovation.

3.1. Reliability of ML in Image Classification

Liu [14] and Landwehr [9,15] researched the design innovation of vehicles using key
features of product innovation using ML. In total, 28 frontal images of vehicles of four
high-end brands (BMW, Mercedes Benz, LEXUS, and VOLVO) were collected in 2021
and 2022 for experiments. The sample images were collected from the online database
of Consumer Reports issued by the American Consumer Union (CU), which is a non-
profit and advertisement-free organization without any biased opinions. The database
includes detailed information and images of consumer products as the source for collecting
target images. The uniform image specification by Hyun [8] was employed to classify
the front images of vehicles for the X-axis transformation, Y-axis transformation, and
proportional transformation at different rates of 25, 75, and 100%. The morphed images
were classified into training and testing sets as shown in Figure 1. The training group
contained 24 deformed samples of models, while the test group consisted of four deformed
samples of vehicle models.
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Figure 1. Classified image samples.

The training set samples were converted into files in Attribute-Relation File Format
(ARFF) and fed into the Waikato Environment for Knowledge Analysis (WEKA). The
“JpegCoefficientFilter filter” in the WEKA was used to analyze the data of the sample
images. On the WEKA’s “Classify page”, sequential minimal optimization (SMO) was used
to categorize the data. As displayed in Figure 2, the outcomes using WEKA for the training
set showed an accuracy of 100%. The samples in the testing set were converted into ARFF
files and fed into the model. As shown in Figure 3, an accuracy of 100% was obtained in
classification. It was found that ML classified the images accurately.
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3.2. Consumer Perceptions of Product Innovation

The relationship between consumer perceptions of innovation and consumer pref-
erence for a particular brand or product was found in this study. The samples were
collected from the images of BMW M3 series vehicles as the experimental sample to eval-
uate “Typical-Novel” and “Dislike-Favored”. To evaluate consumer perception of the
vehicles, a questionnaire survey was conducted using the Semantic Differential Scale [16].
In the survey, the images of the BMW M3 model in the sixth generation were shown
regarding research typicality and consumer preference. A total of 200 valid questionnaires
were collected from 147 males and 53 females. In the data analysis, we obtained scores for
consumer perception of the vehicle as depicted in Table 1. E36 scored the lowest (2.295).
The key characteristics of the remaining five M3 models (E30, E46, E92, F80, and G80) were
also scored in terms of innovation in the design of the front images. As shown in Figure 4,
the order of consumer preference was E46, E30, E92, and F80. A substantial decline was
found for G80 as it showed a significant decrease in favorability and innovation compared
to the scores of other models: 10% (E46), 20% (E30), 40% (E92), and 50% (F80). To maintain
the appropriate level of consumer preference, the innovation of the front images compared
to the most typical M3 model E36 was required.
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Table 1. Questionnaire survey results.

E30 E36 E46 E92 F80 G80

Typical–Novel 2.34 2.295 2.59 3.08 3.42 3.885
Dislike–Favored 3.14 2.84 3.07 3.185 3.645 3.355
Innovation level 20% 0 10% 40% 50% 330%
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3.3. ML for Predicting Consumer Preferences and Analyzing Product Innovation

To investigate the capability of ML in predicting consumer preferences and identifying
a suitable range of product innovation, a series of image samples was created based on
the M3 and E36 models as they were regarded as typical models according to consumer
perception. These samples were shown in three dimensions at different transformations of
the images ranging from 10 to 100% and −10 to −100%. According to the rule of “the degree
of innovation between 10 and 50%”, they were inputted into WEKA for the ML analysis
to explore the relationship between innovation and consumer preference as displayed in
Table 2.

Table 2. Sample images for design innovation.
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Furthermore, the front grilles of the remaining five M3 models were transplanted onto
the iconic M3 model, E36, to serve as a test to evaluate the accuracy of WEKA’s prediction
model in forecasting consumer preferences.

Subsequently, the grouped transformed image samples were utilized in WEKA to
establish a prediction model capable of classifying the innovation level of BMW M3 models
based on consumer preferences. These image samples yielded a prediction model with
a classification accuracy of 84.127% after ten layers of Cross-validation, as depicted in
Figure 5.
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Image samples of the front images of the M3 and E36 models were used in the unknow
innovation level for testing the WEKA prediction model. The model analyzed these image
samples and made predictions as illustrated in Figure 6. The model’s prediction results
were compared with the actual images as shown in Table 3. The accuracy of prediction was
high. The result showed that ML was effective in predicting consumer preferences and
determining the threshold of product design innovation.
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Table 3. Prediction results of WEKA prediction model.

Unknow_1 Unknow_2 Unknow_3 Unknow_4 Unknow _5

Prediction
Results Dislike Favored Favored Favored Favored

Correct
Answer Dislike Favored Favored Favored Favored

Correct/
Incorrect Correct Correct Correct Correct Correct

4. Conclusions

Using the images of the renowned M3 model of BMW, we investigated the performance
of the WEKA prediction model with ML in predicting consumer perceptions and the
threshold of design innovation. The result showed that the model was effective in predicting
consumer perception and can be applied to other consumer-related parameters.
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