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Introduction: 
As science and technology continue to mature, differentiating products based on performance, 
functional features, or price becomes increasingly challenging. Consequently, companies must 
distinguish their products by focusing on subjective and abstract qualities such as aesthetics and 
comfort, which are assessed based on customers' feelings. In Japanese, this concept is referred to as 
"Kansei." The qualities evaluated by customer Kansei are known as "Kansei quality." 

In the field of Kansei engineering (referred to as affective or emotional engineering), the methods 
for measuring customer Kansei or the impression of products have been developed and applied to 
many case studies. In these methods, semantic differential (SD) method [9] is widely used. Based on 
the measurement and analysis methods of customer Kansei, various aesthetic design methods have 
also been developed. These methods generate a new aesthetic design that a customer prefers best by 
revealing the relationships between the results of customers’ Kansei evaluation of the same type of 
existing products as the design target and their aesthetic features. In these methods, various analysis 
methods such as artificial neural network [2],[3], rough set theory [4],[8],[11], GAN (Generative 
Adversarial Network) [1],[5],[9], Image generative AI [6],[7], etc. are used.  

In Kansei engineering, rough set theory is frequently employed to analyze the correspondence 
between customer preferences and product aesthetics. In rough set theory, the relationship between 
decision attributes and condition attributes is represented by decision rules. When applied to Kansei 
engineering, customer preferences are typically treated as decision attributes, while product aesthetics 
are treated as condition attributes. There are two approaches to deriving decision rules in rough set 
theory, known as the upper and lower approximations. The upper approximation represents a set of 
objects that possibly belong to a target concept, allowing a certain degree of ambiguity, whereas the 
lower approximation represents a set of objects that certainly belong to the target concept and thus 
provides more reliable decision rules. In most studies applying rough set theory to Kansei engineering, 
including the authors’ previous work, the lower approximation has been predominantly used. In 
contrast, this study attempts to utilize the upper approximation. The lower approximation does not 
allow the existence of objects that contradict a given decision rule, whereas the upper approximation 
allows the existence of such objects. As a result, the use of the lower approximation yields highly 
reliable decision rules, whereas the use of the upper approximation enables the extraction of a larger 
number of diverse decision rules. Therefore, when generating diverse product aesthetics to explore 
customer preferences, it is more appropriate to emphasize possibility rather than certainty. 

In recent years, image generative AI has attracted increasing attention in Kansei engineering. Such 
techniques are commonly implemented using diffusion-based models, which can generate images 
from natural language text inputs, referred to as prompts. Decision rules extracted by rough set 
theory, which represent product aesthetics preferred by customers, are expressed in natural language. 
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For example, in the case of seating furniture, such decision rules are described using attributes such 
as type: office chair, backrest: mesh, and seat: fabric cushion. As a result, customers are required to 
imagine the corresponding concrete product aesthetics from these descriptions, which is less intuitive. 
In this study, product images are generated from decision rules using image generative AI, thereby 
facilitating Kansei evaluation of product aesthetics by customers. 

Proposed Method: 
In this study, a method is developed that combines the upper approximation of rough set theory with 
image generative AI to extract the relationships between customer preferences and product aesthetics 
in the form of decision rules, and to generate product images from these decision rules for broad 
exploration of product aesthetics aligned with customer preferences. The proposed method consists of 
the following three steps: 

 

Step 1: Questionnaire Survey 

Step 2: Analysis of Customer Preferences Using Rough Set Theory 

Step 3: Generation of Product Aesthetics Using Image Generative AI 

 
Step 1: Questionnaire Survey 
First, a questionnaire survey is conducted to collect customers’ preference evaluations regarding 
existing products. 
Step 2: Analysis of Customer Preferences Using Rough Set Theory 
Next, customer preferences are analyzed using rough set theory. First, the aesthetics of existing 
products used in the questionnaire survey are decomposed into a set of design attributes. For example, 
in the case of seating furniture, these attributes include type, backrest, seat, and legs, among others, 
which are treated as condition attributes. For each product, the design attributes that constitute the 
product are then identified and treated as the attribute values of the condition attributes. For example, 
a product can be described as type: sofa, backrest: leather, and seat: leather. Customer preference 
evaluations for each product are treated as decision attributes, and rough set analysis based on the 
upper approximation is conducted to extract decision rules associated with the preference “like.” 

Next, the covering index (CI) is calculated for each extracted decision rule. Finally, column scores 
of attribute values are calculated from the decision rules and their CI values. The column score 
indicates the degree to which each attribute value contributes to the decision attribute and, in the 
proposed method, represents the strength of its association with customer preferences. 
Step 3: Generation of Product Aesthetics Using Image Generative AI 
Finally, product aesthetics are generated using image generative AI based on text prompts. Prompts are 
constructed using the following two approaches: 

• Column-score-based approach 
For each design attribute, the attribute value with the highest column score is selected and included in 
the prompt. 

• CI-based approach 
The decision rule with the highest CI value is selected, and attribute values for design attributes not 
included in the selected rule are determined either randomly or by combining multiple high-CI 
decision rules without contradiction. The resulting attribute values for all design attributes are then 
incorporated into the prompt. 

Case study: 
To verify the effectiveness of the proposed method, it was applied to nine male students from Toyota 
Technological Institute. All participants provided informed consent prior to participation, and the 
study was conducted in accordance with institutional ethical guidelines. The design target was seating 
furniture. Since preferences for seating furniture vary across individuals, questionnaire results were 
analyzed separately for each participant, and product images were generated on a per-participant 
basis. 
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Step 1: Questionnaire Survey 
First, approximately 3,000 images of seating furniture with a left-front view were collected from the 
Internet, and their backgrounds were removed. To ensure diversity in the questionnaire, image 
clustering based on visual similarity was performed, and the images were classified into 11 clusters. 
Fifteen images were then selected from each cluster, resulting in a total of 165 images used in the 
questionnaire. The survey was conducted online using Google Forms. An example of the questionnaire 
sheet is shown in Fig. 1. 
 

 
 

Fig. 1: An example of a questionnaire sheet (好き: like, 嫌い: Dislike). 

 
Step 2: Analysis of Customer Preferences Using Rough Set Theory 
Next, decision rules were extracted using rough set analysis, where the design attributes constituting 
the seating furniture were treated as condition attributes and preference evaluations (like/dislike) 
were treated as decision attributes. For comparison, decision rules were derived using both the upper 
and lower approximations. Tab. 2 summarizes the highest-ranked decision rules obtained by the upper 
and lower approximations for each participant, and Fig. 2 illustrates the proportion of upper- and 
lower-approximation decision rules among the top 100 rules. These results indicate that the upper 
approximation yields substantially more decision rules than the lower approximation and that the CI 
values of upper-approximation decision rules are generally higher. Based on the extracted upper-
approximation decision rules, column scores were calculated for each attribute value. Tab. 3 presents 
a subset of the column scores for Participant 1. 

 

Best CI rank Like Dislike Best CI rank Like Dislike

1 1 13 38 15 3 0

2 1 16 14 42 4 0

3 1 19 9 14 7 0

4 1 18 27 96 3 0

5 1 10 7 9 4 0

6 1 9 4 15 5 0

7 1 29 22 105 5 0

8 1 10 15 14 3 0

9 1 12 8 99 3 0

Upper approximation Lower approximation

Subject

 

 

Tab. 2: Highest-ranked decision rules extracted by the upper and lower approximations and the 
numbers of seating furniture evaluated as “like” and “dislike” that satisfy each rule for each subject. 
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Fig. 2: Upper- and lower-approximation decision rules among the top 100 rules. 

 

Type Score Armrest Score Backrest Score Seat Score

Armchair 3.66 None 3.89 Plastic 2.43 Leather 2.69

Dining chair 1.65 Wood 1.8 Fabric 2.41 Plastic 2.39

Office chair 1.47 Fabric 1.53 Leather 1.78 Fabric 2.34  

 

Tab. 3: Examples of column scores for design attribute values for Subject 1. 

 
Step 3: Generation of Product Aesthetics Using Image Generative AI 
In the case study, product aesthetics were generated using Stable Diffusion v1.5 [10]. Using the 
column-score-based approach, ten images of seating furniture were generated by constructing 
prompts that included, for each design attribute, the attribute value with the highest column score. 
Using the CI-based approach, ten images were generated by determining attribute values from the 
decision rule with the highest CI value, while attribute values not included in the selected rule were 
determined randomly. For comparison, an additional twenty images were generated using fully 
random attribute values. Examples of the generated images are shown in Fig. 3. The total of forty 
generated images were then re-evaluated by the participants. Tab. 4 shows the proportion of images 
evaluated as “like.” The results indicate that seating furniture generated based on CI values or column 
scores was preferred over randomly generated furniture. Although furniture generated using column 
scores was slightly more preferred than that generated using CI values, the difference was small. 
These results confirm that the proposed method can generate product aesthetics preferred by 
customers based on questionnaire results for existing seating furniture. 

 

 

 
Fig. 3: Examples of generated product images. 
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Subject Column-score-based CI-based Random

1 0.3 0.8 0.25

2 0.7 0.6 0.45

3 0.7 0.9 0.6

4 0.3 0.7 0.6

5 0.9 0.6 0.6

6 0.7 0.7 0.75

7 0 1 0.5

8 0.5 0.4 0.4

9 0.9 0.5 0.45  
 

Tab. 4: Proportion of generated product images evaluated as “like” by subjects. 

 

Conclusion: 
This study proposed a method that integrates rough set theory based on the upper approximation 
with image generative AI for exploring product aesthetics aligned with customer preferences. By 
extracting possibility-oriented decision rules, the proposed method enables broad capture of customer 
preferences, and by visualizing these rules as product images, it facilitates intuitive Kansei evaluation 
of product aesthetics. A case study on seating furniture suggests that the proposed approach is 
effective for generating product aesthetics preferred by customers. 
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