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Abstract 

Color schemes are a crucial component of modern product design and user experi-

ence, closely linked to users’ emotional needs. However, emotional experiences with 

product colors are inherently complex and abstract. Accurately capturing these emo-

tional tendencies and translating them into effective color schemes has long been a 

challenge in emotional design. This study proposes an emotional experience-based 

approach to product color matching, grounded in Kansei Engineering (KE). To estab-

lish a robust closed-loop between design and evaluation, both forward and reverse 

KE models were developed, accompanied by comprehensive evaluation methods 

ranging from color factor analysis to the optimization of final schemes. Given the 

vagueness and complexity of the experiential data obtained from 216 questionnaires, 

the Pleasure-Arousal-Dominance (PAD) model was integrated with fuzzy Grey Rela-

tional Analysis (GRA) to extract nuanced and meaningful insights. Using the color 

design of a household hair dryer as a case study, the feasibility of the framework 

was demonstrated. Comparative results showed that, the proposed PAD–fuzzy GRA 

approach produces more stable and discriminative evaluation outcomes for interme-

diate schemes. Moreover, the resulting rankings exhibited a higher degree of con-

sistency with independent eye-tracking measurements, indicating a closer alignment 

with users’ actual visual attention and emotional perception. The proposed methodol-

ogy effectively captures users’ emotional responses to specific color schemes without 

relying on overly complex calculations or experimental conditions. It aligns with 

subjective visual preferences and identifies color combinations that evoke positive 

emotions. By incorporating practical design psychology methods, this hybrid design 

and evaluation framework offers an intuitive and applicable reference for emotional 

experience, extending beyond conventional color matching.
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Introduction

Color serves as a crucial medium in human-product interaction, linking products, 
designers, and users. In product design, color schemes extend across the entire 
product lifecycle. They convey both functional information and brand concepts, and 
they strongly influence emotional experiences [1]. Color can shape a user’s psycho-
logical response from the first encounter, and these effects may persist unconsciously 
[2]. It plays an irreplaceable role in shaping emotional engagement with products. 
Beyond practical utility, the quality and personalization of color design have become 
key objectives [3]. Furthermore, with the establishment of “Brand Days” in countries 
like the U.S. and China, brand concepts are gaining significant attention in consumer 
markets. Consequently, color design’s role in brand creation and communication is 
increasingly prominent, aiding in product differentiation and brand promotion [4].

Over the past fifty years, product color design has placed greater emphasis on the 
emotional impact of design schemes and their evaluation. With the evolution of mod-
ern aesthetic preferences, users’ emotional needs for product colors have become 
more diverse and personalized [5]. This growing variability creates uncertainty 
that challenges traditional design methods. It calls for more flexible and adaptive 
approaches [6]. Guided by Kansei Engineering (KE), researchers combined tradi-
tional methods such as Likert-scale evaluation and semantic differential (SD) anal-
ysis with advanced technologies like Grey System Theory (GST), neural networks 
(NNs), and genetic algorithms (GAs). These approaches aim to identify color design 
factors that align with users’ emotional needs and to gradually optimize product color 
schemes.

To assess how product colors influence users’ moods, Ding et al. [7] analyzed 
electroencephalogram (EEG) data, event-related potentials (ERPs), and affec-
tive evaluation scales. The study used images of colored electric hand drills. They 
found that color systems had a stronger impact than hue relationships. Warm col-
ors and distinct hues evoked proactive moods. In contrast, neutral colors, similar 
hues, and gray tones produced ambiguous moods and slower reaction times. To 
improve emotion-driven color design and better capture user preferences, Zhang et 
al. combined GST with SD [8] and Chaos Theory with SD [9] in two distinct studies. 
Both approaches were demonstrated through modeling-sedan case studies. The first 
approach identified trends in sedan colors as macro factors and found correlations 
between hue, saturation, brightness, and “natural/stylish” feelings as micro factors. 
The second approach, using the predictability of nonlinear chaotic patterns, extracted 
“stylish” and “natural” as core descriptors for sedan brand images. Likewise, using 
Likert-scale and SD methods, Guo et al. [10] determined five key perceptual fea-
tures—order, excitement, temperature, color harmony, and users’ emotional pref-
erence. They developed tricolor schemes for baby carriages and electric cars with 
NNs and a GA. These schemes optimized both color harmony and emotional pref-
erence, underscoring the role of color-area ratio in emotional experiences. Yeh et al. 
[11] and Deng et al. [12] examined sports shoes and cultural products, respectively. 
Their GA-based models achieved similar results, integrating user preferences to 
improve design efficiency, predict consumer preferences, and balance subjective and 
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objective aesthetics. In advertising, Zhu et al. [13] examined how color and design complexity affect advertisement effec-
tiveness using Pleasure-Arousal-Dominance (PAD) model, providing insights into matching graphics with color design to 
better evoke consumer emotions. It is evident that current research on product color emotional experience increasingly 
integrates multidisciplinary theories and methods, becoming fairly comprehensive and diverse. The focus is shifting from 
cognitive and perceptual color preferences to enhancing satisfaction with emotional experiences [2,7,10]. Physiological 
measurements and quantitative analysis, supported by big data and computing technologies, have become essential for 
collecting, designing, and evaluating emotional data.

While these approaches enhance the reliability of design schemes, they also face challenges related to experimental 
conditions and algorithmic complexity. Drawing from practical design psychology and current research, this study pro-
poses a hybrid design method combining the PAD model with fuzzy Grey Relational Analysis (GRA). The PAD model iden-
tifies color forms that evoke positive emotions in users, while the fuzzy GRA method offers a multidimensional evaluation 
and optimization of design schemes. Specifically, we developed a hybrid Kansei Engineering System (HKES) framework, 
comprising both forward and backward KE systems, for the color design of a household hair dryer. In the forward KE 
system (FKES) stage, 216 participants conducted PAD scaling measurements and assessed their emotional experiences 
with the color-matching schemes. In the subsequent backward KE system (BKES) stage, these schemes were evaluated 
and optimized using fuzzy GRA. This approach aims to provide a clear theoretical reference and a practical pathway for 
designing product color experiences that better meet users’ emotional needs.

In light of the above review, this study investigates the following three key research questions (RQs): RQ1: how can 
users’ emotional responses to product colors be captured with accuracy while relying on methods that remain accessible, 
time-efficient, and do not require complex experimental setups or advanced equipment? Existing physiological measures 
are often costly or context-dependent, and there is a need for practical alternatives that maintain reliability. RQ2: how 
can the outcomes of emotional measurement be effectively linked to the evaluation of design schemes, thereby creating 
a closed-loop between “design” and “evaluation”? Bridging this gap is critical to ensure that emotional tendencies iden-
tified at the measurement stage can meaningfully inform the optimization of product color schemes. RQ3: when faced 
with multi-dimensional and often ambiguous emotional data, how can designers reasonably filter, prioritize, and optimize 
among competing objectives so that the final design schemes are both emotionally resonant and aesthetically appealing 
to users?

This article is structured as follows: The Literature Review section outlines the theoretical basis, reviewing Kansei 
Engineering, the PAD emotional model, and fuzzy grey relational analysis to establish the study’s conceptual foundation. 
The Methods and Framework section describes the methodology and details each step of the proposal, highlighting the 
integration of forward and backward Kansei systems within a hybrid framework. The Case Research and Results section 
presents a detailed case study using a household hair dryer, demonstrating how the proposed method is applied to real 
product color design and validating its feasibility. The Discussion section examins the research results, offers insights 
into both theoretical and practical implications, and outlines directions for future work to broaden the scope of emotional 
design research. The Conclusions and Limitations section summarizes the key findings and offers suggestions for future 
research directions.

Literature review

Hybrid Kansei engineering

KE was founded by M. Nagamachi in Japan in the early 1970s. It is widely used in product color emotional design due to 
its accessibility and practicality [14,15]. The term “kansei” is Japanese for “feeling and image”, encompassing a compound 
of human psychological processes influenced by societal development, fashion trends, and lifestyle concepts [14,16,17]. 
Via qualitative reasoning and quantitative analysis, KE practically captures users’ psychological feelings and needs 
regarding products, enhancing experiences and services by integrating these insights into product design.
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Among the six updated KE types—category classification, KE system (KES), HKES, KE modelling, virtual KE, and col-
laborative KE designing [16,18,19]—HKES was noteworthy as a particularly powerful design tool. HKES comprises FKES 
and BKES. Specifically, FKES translates users’ potential needs into specific design elements, aligning designs more 
closely with user desires; while BKES evaluates and optimizes based on users’ emotional needs [18,20]. By incorporat-
ing multidisciplinary theories and technologies in design element collection and scheme evaluation, HKES facilitates the 
creation of product designs that align with market demands.

To address real-world multi-objective optimization, Yang [21] integrated a multi-objective genetic algorithm (MOGA) 
into FKES to generate product alternatives and support vector regression (SVR) for predicting emotional responses. 
This was demonstrated with a mobile phone design case. Shieh et al. [22] advanced this methodology by incorporating a 
multi-objective evolutionary algorithm (MOEA) into FKES. Among the tested MOEAs, the non-dominated sorting genetic 
algorithm-II (NSGA-II) and the strength Pareto evolutionary algorithm-2 (SPEA2) excelled in convergence and diversity, 
respectively, as shown in a vase design case study. Wang [23] also adopted SVR within BKES, whereas he incorporated 
GST into FKES to accurately estimate the influence weighting of high-price machine tool shape parameters. In the high-
speed train seat color study by Xie et al. [24], typical color schemes were generated via the practical color coordinate 
system. Within FKES, factor analysis and multidimensional scaling translated users’ emotional characteristics, while the 
analytic hierarchy process (AHP) and the independent weight coefficient method were employed for weighting. In BKES, 
the technique for order of preference by similarity to ideal solution (TOPSIS) optimized the color schemes, indicating that 
tones with medium brightness and saturation—light and soft—are preferable choices.

HKES features bi-directional translation, making it suitable for designing products that meet users’ emotional needs or 
preferences. In both FKES and BKES, the methodology applies consistent standards when selecting analytical tools and 
techniques. Specifically, the quantitative analysis of design factors in FKES should be based on users’ primary needs, and 
vice versa for the emotional or affective evaluation of design schemes in BKES [17,18,20]. This ensures that the selected 
designs closely match the users’ real-world contexts.

Pleasure-arousal-dominance model

When people interact with product colors, visual and neural processing can subconsciously trigger emotional fluctuations 
and value judgments. These reactions occur through relevant emotional representations in the brain. At the same time, 
emotional signals that align with aesthetic preferences are generated. This reflects the brain’s integrated response to 
color perception [25,26]. Color functions both as a visual attribute and as an emotional medium. It is closely connected to 
environmental factors, cultural norms, and human behaviors. The way color is presented, and the emotional or affective 
responses it elicits, are strongly dependent on context [27,28].

Understanding how color’s emotional representation forms is essential for accurately assessing color experiences. 
Over time, many psychological measurement frameworks have been developed to analyze and categorize emotional 
responses in different contexts. These range from the James–Lange Theory of Emotion in the 1880s to the Con-
structed Emotion Theory in the 2000s [29, 30]. The PAD model, introduced by A. Mehrabian and J. Russell in the 1970s, 
scaled emotional states through three dimensions: pleasure-displeasure (P), arousal-nonarousal (A), and dominance-
submissiveness (D) [30,31]. This model views human emotions as multidimensional psychological phenomena and has 
been widely used in emotional designs and related KE processes [32].

The PAD emotional scale is practical for evaluation and data processing. It is minimally influenced by external factors 
such as the environment and equipment. For this reason, it has been adopted in diverse fields including architecture, interior 
design, fashion, consumer goods, and electronics. Using the PAD scale and related theory, Tantanatewin et al. [33] and Div-
ers [34] examined emotional responses to interior color in restaurant and therapeutic settings, respectively. Tantanatewin et 
al. found that pleasure was the strongest predictor of whether people would enter a restaurant, with bright and warm colors 
enhancing this feeling. Divers highlighted the nuanced effects of color value and chroma—beyond just hue—on emotions, 
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advocating for an evidence-based approach to creating inviting environments. In rural accommodation lighting, Wei et al. [35] 
discovered that colored lighting combinations influenced arousal but had limited effects on pleasure and dominance. Warm 
white light combined with blue-yellow or green-yellow hues prominently boosted visual comfort and alleviated anxiety, while 
blue-red light increased attraction. Moreover, cool white light combinations could lessen the sensation of warmth.

Particularly, the Institute of Psychology at the Chinese Academy of Sciences developed a localized PAD scale to aid 
Chinese users. Using this scale, Gao et al. [36] and Zhao et al. [37] analyzed users’ emotional responses in Chinese 
Weibo texts and mobile library interfaces, respectively, confirming its applicability across various themes. Notably, Li et 
al. [31] reported that the Chinese version demonstrated reasonable reliability and validity in the P and D dimensions, but 
showed limitations in the A dimension.

Fuzzy grey relation analysis

The targeted evaluation of design prototypes or schemes is essential in the user preference assessment phase. This 
step is also a key part of the BKES process. Current evaluation methods mainly rely on users’ emotion scales or custom 
Likert-scale questionnaires [38,39]. Users’ emotional responses to product features often involve randomness and uncer-
tainty. Grey System Theory (GST), developed by Deng in the 1980s, was designed to analyze systems with uncertain 
or incomplete information. It is therefore a suitable mathematical approach for this context. In particular, Grey Relational 
Analysis—a widely used GST model—is commonly employed in emotional experiences and related KE processes [40,41]. 
It assesses the correlation between emotional responses and product features, refining designs by prioritizing features 
that evoke desired emotions.

Applying fuzzy weighting to grey relational degrees enhances the emotional preference assessment process. This com-
bined method allows more nuanced decision-making in uncertain contexts. It also clarifies relationships between compet-
ing objectives. Researchers have extended this approach by combining GRA and fuzzy logic with other decision-making 
tools such as the Analytic Hierarchy Process (AHP), the Technique for Order Preference by Similarity to Ideal Solution 
(TOPSIS), and Quality Function Deployment (QFD).

Yadav et al. [42] introduced an integrative approach combining GRA, fuzzy AHP, and Taguchi methods to upgrade 
aesthetic quality in car profile design. By quantifying customer emotions and designer insights, they identified five key 
aesthetic attributes: originality, family-feeling, masculine, elegant, and modern. This approach effectively handled vague 
data, theoretically raising customer satisfaction and market competitiveness. Wang et al. successively conducted two 
studies using GRA and fuzzy logic to explore product evolution and user emotional experiences. Their GRA-fuzzy TOPSIS 
approach [43] captured consumer emotions and prioritized design alternatives, bridging cognitive gaps between consum-
ers and designers, as demonstrated with smart capsule coffee machines. Additionally, their GRA-fuzzy QFD approach 
[44] mapped emotional needs to design parameters in wickerwork lamps, improving customer satisfaction and product 
distinction in competitive markets. Via combining fuzzy GRA and fuzzy AHP, Olabanji et al. [45] amended the conceptual 
design of pipe bending machines. This method evaluated feature weights and sub-features, comparing designs to an ideal 
benchmark, successfully identifying optimal solutions. Xue et al. [46] (Xue et al. 2019) and Zhou et al. [47] used a Kan-
sei Engineering framework that incorporated fuzzy GRA to match the design elements of train seats and electric recliner 
chairs with user perceptions. Through 3D modeling and real-time evaluation based on relevant quantified design element 
matrix, both studies effectively predicted visualized product prototypes to match consumer imagery.

In summary, subjective evaluations in emotional design often contain ambiguity. Combining GRA with fuzzy sets helps 
to transform multi-objective evaluation metrics into manageable single-objective problems [45,47]. Specifically, GRA quan-
tifies the similarity between referenced and evaluated emotional states, identifying emotional preferences and correspond-
ing design features. Fuzzy sets offer a nuanced representation of users’ emotional preferences by effectively handling the 
vagueness inherent in their emotional responses. This synergy fosters more flexible and accurate evaluations, leading to 
more rational decision-making and raising the reliability of outcomes in complex environments.
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Application of eye-tracking technology in color analysis

Eye-tracking experiments capture a series of eye movement behaviors, such as fixations and saccades, which are elicited 
by visual perceptual stimuli and reflect changes in observers’ perceptual and cognitive demands. Eye-tracking technol-
ogy records these ocular movements and provides quantitative physiological data that can be used to infer underlying 
cognitive processes and predict psychomotor performance. Owing to its ability to objectively reveal users’ perceptual 
and attentional patterns, eye-tracking has been widely applied in research on product appearance design [48], interface 
design [49], and landscape design [50].

Color variation is a critical visual stimulus that significantly influences eye movement behavior and visual atten-
tion allocation. Consequently, eye-tracking methods have been increasingly adopted in color-related design stud-
ies. For example, Lee et al. [51] employed eye-tracking technology to investigate the effects of different graphic 
designs on participants’ cognition, emotion, and perception, with particular emphasis on the role of color in emo-
tional responses and coffee flavor perception. Pradhan et al. [52] explored the complex relationship between color 
psychology and consumer preferences in coffee packaging design. Yu et al. [53] combined eye-tracking data with 
subjective evaluations to examine preferences for rosewood and wenge wood under different hue and lightness 
conditions. Hu et al. [54] integrated eye-tracking techniques with questionnaire surveys to analyze the relationships 
between color and visual perception in historical museum exhibition environments, focusing on hue, saturation, and 
brightness.

Overall, these studies demonstrate that eye-tracking technology provides a powerful and objective means for analyz-
ing color perception and visual attention. In this study, eye-tracking is therefore adopted as an independent validation 
approach to support the analysis of color emotional evaluation results.

Methods and framework

Based on the guideline of HKES, we integrated the PAD model and fuzzy GRA in the approach for our product color emo-
tional design. The proposed approach comprises four stages, with Stage 1 and Stage 2 serving as the primary stages:

1)	Color Emotional Design: Developing color design schemes using the PAD emotional scaling.

2)	User Preference Assessment: Evaluating and optimizing design schemes through fuzzy GRA.

Stage 1 follows the FKES framework, while Stage 2 operates within the BKES framework. The detailed approach is 
illustrated in Fig 1.

Preliminary stage: extraction of product color schemes

Before conducting the formal Kansei Engineering analysis, it is necessary to first extract product colors and construct rep-
resentative color schemes, which serve as the basis for subsequent evaluation and measurement. In this study, an initial 
screening of product color schemes was performed by combining k-means clustering with expert visual assessment. The 
overall procedure is illustrated in Fig 2.

The process begins with the extraction of representative colors from existing product images. After removing back-
ground elements and mitigating illumination interference, the k-means clustering algorithm is independently applied to 
each product image to identify visually dominant color components. To ensure mathematical rigor in the color extraction 
process, the k-means clustering method adopted in this study aims to minimize the within-cluster sum of squared errors, 
which can be expressed as follows [55]:

	
min{

µ1,µ2,...,µk
}

k∑
i=1

∑
x∈Ci

∥x – µi∥2

	 (1)
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Here, x denotes a pixel in the product image represented as a vector in the color space; Ci represents the i-th cluster; μi is 
the centroid color of cluster Ci; and k is the number of clusters. The k-means algorithm partitions image pixels into multiple 
regions by iteratively minimizing intra-cluster variance, grouping pixels with similar color attributes together. Each cluster 
is represented by a centroid, which can be regarded as a representative single color reflecting a major component of the 
product’s appearance.

Fig 1.  Detailed flow of the research approach.

https://doi.org/10.1371/journal.pone.0341895.g001

Fig 2.  Process and methods for extracting initial product color schemes.

https://doi.org/10.1371/journal.pone.0341895.g002

https://doi.org/10.1371/journal.pone.0341895.g001
https://doi.org/10.1371/journal.pone.0341895.g002
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Considering the characteristics of product color composition and to reduce the influence of highlights and shad-
ows, the number of clusters was set to 5 during the color extraction stage. In practice, the k-means clustering was 
implemented in a Python environment using standard clustering functions to process pixel-level image data. Upon 
convergence, the algorithm outputs the centroid colors of each cluster along with their corresponding pixel propor-
tions. These centroid colors are treated as representative single colors for subsequent screening and color scheme 
construction.

For each product, the extracted colors are ranked according to their pixel proportions, and the top-ranked colors are 
retained as primary single-color candidates. Subsequently, all extracted single colors from different products are matched 
to the closest Pantone color references to form a unified single-color library. Based on this color library, a group of experts 
with backgrounds in product design and color design were invited to combine the extracted single colors into feasible 
two-color and three-color schemes, following criteria of color harmony and suitability for the product. Through expert 
discussion and evaluation, a set of representative color schemes was finally selected and used as the base schemes for 
subsequent PAD-based evaluation and analysis.

Stage 1: color emotional design

This stage primarily involved creating the PAD emotional scale and measuring, analyzing, and screening color-matching 
prototypes based on the scale. Each dimension—P, A, D—contained four pairs of opposite adjectives, listing from V

1
 to 

V
12

, as displayed in Table 1. These pairs applied a nine-point scale from −4 to +4 to describe users’ emotional responses 
[56]. Through scaling these responses along the adjective axes, each emotion is mapped to a specific PAD coordinate. 
For color design, this three-dimensional description visualizes how different colors evoke emotions, helping identify those 
that elicit positive responses [30]. By inserting measurement results into Equation system (2), the actual PAD coordinate 
(P, A, D) for a test prototype’s emotional response is obtained.

	



P = V1–V4+V7–V10

4

A = –V2+V5–V8+V11
4

D = V3–V6+V9–V12
4 	 (2)

Furthermore, ten distinct color-perception-linked emotional characteristics—five positives and five negatives—were 
selected from previous studies [20,34,56,57]. As exhibited in Table 2, these emotional states and their PAD coordinates 
served as reference points for assessing PAD-coordinated emotional responses and corresponding color schemes. As is 
known, emotional discrepancy refers to the absolute distance between the participates’ actual emotional response and 
the reference emotion in the PAD dimensions. The minimal distance, calculated using Equation (3), indicates how closely 

Table 1.  PAD emotion scale with 12 pairs of opposite adjectives.

P A D

V1 Angry-Interested V2 Awake-Sleepy V3 Controlled-Master

○-4○-3○-2○-1○0○1○2○3○4 ○-4○-3○-2○-1○0○1○2○3○4 ○-4○-3○-2○-1○0○1○2○3○4

V4 Friendly-Dismissive V5 Calm-Excited V4 Dominant-Submissive

○-4○-3○-2○-1○0○1○2○3○4 ○-4○-3○-2○-1○0○1○2○3○4 ○-4○-3○-2○-1○0○1○2○3○4

V7 Miserable-Happy V8 Interested-Relaxed V7 Humble-Arrogant

○-4○-3○-2○-1○0○1○2○3○4 ○-4○-3○-2○-1○0○1○2○3○4 ○-4○-3○-2○-1○0○1○2○3○4

V10 Excited-Irritated V11 Stiff-Surprised V12 Influential-Affected

○-4○-3○-2○-1○0○1○2○3○4 ○-4○-3○-2○-1○0○1○2○3○4 ○-4○-3○-2○-1○0○1○2○3○4

https://doi.org/10.1371/journal.pone.0341895.t001

https://doi.org/10.1371/journal.pone.0341895.t001
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the participates’ emotional state aligns with the reference, revealing the specific emotional characteristic evoked by a 
color-matching prototype [20,56,57].

	 Lmn =
√

(Pm – pn)
2
+ (Am – an)

2
+ (Dm – dn)

2
(m ∈ {1, 2, . . . , 20}, n ∈ {1, 2, . . . , 10})	 (3)

Here, Lmn represents the emotional discrepancy between an actual emotional response and each emotional characteristic 
(No. n) for each color-matching prototype (No. m). The variables m and n refer to the specific color-matching prototype 
and emotion characteristic reference, respectively. Meanwhile, (Pm, Am, Dm) and (pn, an, dn) denote the PAD coordinates for 
the corresponding prototype’s emotional response and the specific reference, respectively.

The minimum value, Lmn-min
, within the result set [Lmn] reveals the emotional characteristic of the prototype. After identi-

fying and eliminating prototypes likely to evoke negative emotions, the remaining color-matching schemes were prepared 
for further optimization. To empirically validate this stage, participants were recruited to evaluate the color-matching proto-
types. Measurements were collected from 216 participants during the recruitment period from 10/10/2024–25/11/2024.

Stage 2: user preference assessment

Stage 2 primarily focused on the targeted assessment and optimization of the emotional preferences associated with the 
remaining color-matching schemes. Additionally, to upgrade qualitative analysis, an extra dimension—user satisfaction 
(S)—was introduced into the PAD coordinate system. For four-dimensional PADS emotional responses, the fuzzy GRA 
calculation and assessment process can be divided into the following steps [45,56,58]:

1)	Establishing comparison “emotion” matrix and reference sequence, normalizing original “emotion” data.

2)	Computing fuzzy membership degrees, determining absolute differences between normalized “emotion” values and 
grey relational coefficients.

3)	Calculating fuzzy grey relational degrees.

In the first step, all remaining schemes’ PADS-coordinated emotional responses were integrated into a comparison 
matrix X, as displayed below:

	

X =



xP(i)
xA(i)
xD(i)
xS(i)


 =



xP(1) xP(2) · · · xP(10)
xA(1) xA(2) · · · xA(10)
xD(1)
xS(1)

xD(2)
xS(2)

· · · xD(10)
· · · xS(10)


 (xu’(t) ∈ X, u ∈ {P, A,D, S}, i ∈ {1, 2, . . . , 10})

	 (4)

Table 2.  10 adopted emotion characteristic references and their PAD coordinates.

No. Emotion Description P-value (pn) A-value (an) D-value (dn)

01 Positive Joyful 2.77 1.21 1.42

02 Relaxed 2.19 −0.66 1.05

03 Surprised 1.72 1.71 0.22

04 Dependent 0.39 −0.81 −1.48

05 Mild 1.57 −0.79 0.38

06 Negative Bored −0.53 −1.25 −0.84

07 Sad −0.89 0.17 −0.70

08 Anxious −0.95 0.32 −0.63

09 Contemptuous −1.58 0.32 1.02

10 Disgusted −1.80 0.40 0.67

https://doi.org/10.1371/journal.pone.0341895.t002

https://doi.org/10.1371/journal.pone.0341895.t002
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Due to the vagueness in emotions and their evaluations, min-max normalization ensured all evaluation data fell within the 
[0,1] range, enhancing computability. As shown in Equation (5) and (6), xu’(i), X were normalized from xu(i), X, respectively.

	
x′u(i) =

xu(i) – xumin
xumax – xumin 	 (5)

	

X′ = [x′u(i)] =



x′P(i)
x′A(i)
x′D(i)
x′S(i)



	 (6)

In the second step, a fuzzy similarity matrix was constructed based on X’ using the cosine angle method, followed by the 
calculation of fuzzy membership degrees [45,58]:

	

ru =

∑10
i=1 x

′
u(i)x

′
umax√∑10

i=1 x
′2
u (i)

√∑10
i=1 x

′2
u max 	 (7)

Here, ru represented the fuzzy membership degree for each remaining scheme, x’umax referred to the optimal emotional 
response within xu(i) in each emotional dimension.

Next, the absolute differences of xu’(i) were calculated as follows:

	 ∆x′u(i) =
∣∣x′u(i) – x′umax

∣∣
	 (8)

	

∆X′ =
[
∆x′u(i)

]
==



∆x′P(i)
∆x′A(i)
∆x′D(i)
∆x′S(i)



	 (9)

The maximum absolute difference, Δx’max, and the minimum, Δx’min, among ΔX’ were used in Equation (10) to work the 
grey relational coefficient out. To strengthen the distinction between obtained coefficients, the resolution coefficient, ρ, was 
typically set to 0.5 [58,59].

	
δu(i) =

∆x′min + ρ∆x′max
∆Xu(i) + ρ∆x′max 	 (10)

Since grey relational coefficients were based on absolute differences between comparison and reference sequences, they 
were fairly dispersed, complicating overall comparison. Therefore, when calculating the relational degree, these coeffi-
cients were averaged into a single value.

	

Ru =
1
2




∑10
i=1 x

′
u(i)x

′
umax√∑10

i=1 x
′2
u (i)

√∑10
i=1 x

′2
u max

+
1
10

10∑
i=1

δu(i)



	 (11)

With the fuzzy grey relational degree, Ru, obtained using Equation (11), color-matching schemes could be ranked and 
screened according to their fuzzy grey relational degrees.
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Verification stage: eye-tracking experiment

To validate the rationality and accuracy of the proposed HKES approach in color scheme evaluation, an eye-tracking 
experiment was conducted to objectively examine the consistency between the model-based ranking results and users’ 
actual visual behavior. The verification procedure included experimental design, eye-tracker calibration, and eye-tracking 
data collection and analysis.

Attention heatmaps were used to visualize the spatial distribution of visual attention across different color schemes, 
providing an intuitive indication of their relative visual attractiveness. [60] However, as heatmaps primarily reflect over-
all attention patterns and are limited in quantitative comparison, total fixation duration was further adopted as a key 
eye-tracking metric. This indicator represents the cumulative time participants fixated on a given stimulus and is widely 
associated with visual interest and preference [61].

By combining attention heatmaps and total fixation duration, the visual attention characteristics of different color 
schemes were analyzed and compared with the rankings obtained from the HKES model. The consistency between 
eye-tracking results and model-based evaluations provides additional evidence supporting the effectiveness and cognitive 
plausibility of the proposed HKES approach.

The experiment was conducted according to the guidelines of the Declaration of Helsinki and approved by the Institu-
tional Ethics Committee of Anhui University (protocol code: BECAHU-2024–014).

Case research and results

Color scheme extraction and participants recruitment

In this case study, a typical household hair dryer with diverse color designs was selected as the research object. Prod-
uct images were collected from online retail platforms, brand official websites, and live-streaming channels. A total of 36 
representative product images were selected as samples for color extraction. Following the color extraction procedure 
established in Section 3.1, k-means clustering was applied to process the color information of the product images. Each 
product image was analyzed independently to extract its primary visual color components, and the extracted results were 
subsequently aggregated and screened. As a result, an initial set of 36 × Top 2 = 72 single-color candidates was obtained.

Subsequently, these candidate colors were standardized and matched to Pantone color references. Single colors with 
highly similar color attributes were merged, resulting in a unified single-color library consisting of 25 representative colors. 
This color library effectively reflects the mainstream color characteristics commonly observed in household hair dryer 
products.

Based on the constructed single-color library, six experts with backgrounds in product design and color design were 
invited to participate in the color scheme construction through offline group discussions. Guided by principles of color 
harmony and the practical application characteristics of household hair dryers, the experts combined the single colors to 
generate initial two-color and three-color schemes. During the scheme construction process, minor adjustments to indi-
vidual colors were permitted based on conventional color-matching guidelines, such as warm-cool color balance and the 
coordination of lightness and saturation, in order to enhance overall visual harmony and product suitability. Through multi-
ple rounds of visual evaluation and group discussion, schemes that did not align with the product’s aesthetic characteris-
tics or practical applicability were gradually eliminated. Ultimately, 20 representative product color schemes were selected 
as the input for subsequent PAD-based emotional dimension evaluation, enabling analysis of the effects of different color 
combinations on users’ emotional experiences.

The 20 suitable color schemes were categorized into dual-color and tri-color combinations. In the dual-color schemes, 
each design consisted of a primary and a secondary color. The tri-color schemes included a primary, secondary, and 
accent color. As depicted in Fig 3, cases C-01 to C-10 are dual-color, and C-11 to C-20 are tri-color. Each category con-
tained 10 samples covering cool, warm, and neutral tones, presented on visual test boards for subjective evaluation.
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To ensure the validity of the color PAD emotional experience test, participants needed familiarity with hair dryer selec-
tion and usage, as well as color perception and cognition. Participants were selected based on three criteria: 50% male 
and female distribution, ages 21–50 and generally healthy with normal corrected vision, free from color blindness or other 
ocular conditions. Ultimately, 216 participants were chosen, equally split by gender.

Emotional experience of color-matching case

Based on the case sample set and the Chinese version of the PAD emotional experience scale, we developed a Likert 
scale questionnaire to assess participants’ emotional responses to the hair dryer color-matching samples. The complete 
questionnaire is provided in S1 File. The questionnaire was conducted via an online survey. Participants remotely rated 
standardized color-matching stimuli (dual-color and tri-color schemes) using Likert scales displayed on the questionnaire 
interface. Participants were recruited during the period from 10/10/2024–25/11/2024. A total of 216 individuals completed 
the survey. After removing 8 incomplete questionnaires with missing or incorrect selections, the effective response rate 
was 96.296%, resulting in valid measurement data of 208 × 20 × 12, totaling 49,920 data points.

After importing the data into SPSS 23.0 for reliability testing, a Cronbach’s alpha of 0.796 was revealed, indicating 
satisfactory reliability for further analysis. We then calculated the PAD mean values for each of the 20 cases (as shown in 
Table 3). These mean values were substituted into Equation (2) to obtain the actual PAD measurements for each case. 
One-way ANOVA was conducted on the PAD emotional ratings obtained from the survey to examine whether different 
color schemes elicited statistically significant differences in emotional responses. The results showed significant main 
effects of color scheme on pleasure (P: p = 0.017 < 0.05), arousal (A: p = 0.048 < 0.05), and dominance (D: p = 0.031 < 0.05), 

Fig 3.  10 dual- and 10 tri-color test cases applied to color-matching prototypes during Stage 1.

https://doi.org/10.1371/journal.pone.0341895.g003

https://doi.org/10.1371/journal.pone.0341895.g003
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indicating that the proposed color combinations produced distinguishable emotional experiences across these three 
dimensions. By comparing these measurements with the PAD benchmark coordinates in Table 2 using Equation (3), we 
determined the proximity of each sample’s emotional response to the reference emotional characteristics, as presented in 
Table 4. The data marked with an asterisk in Table 4 indicate the PAD emotional characteristics of the 20 color schemes.

The results indicated that both dual-color and tri-color schemes could evoke positive and negative emotions, suggest-
ing no conspicuous difference in emotional preference based on the number of colors. However, dual-color schemes 
were more likely to evoke positive emotions in 6 cases, compared to 4 for tri-color schemes, indicating a user preference 
for dual-color designs. Overall, 50% of the color schemes elicited positive emotions, demonstrating that current market 
designs align with user preferences but have room for improvement. Specific dual-color cases (C-01, C-04, C-07, C-09) 
and tri-color cases (C-11, C-13, C-15, C-16, C-18, C-20) were more likely to evoke negative emotions such as boredom, 
sadness, anxiety, contempt, and disgust. Issues included the use of similar adjacent colors, overly bright or dark tones, 
and mismatched styles with the product’s function. Adjustments in color choices, particularly avoiding overly monotonous 
or contrasting schemes, could enhance user satisfaction.

To optimize the emotional design of hair dryer colors, we excluded 10 color schemes that tended to evoke negative 
emotions. We then conducted a PAD emotional analysis on color schemes that elicited positive emotions. This analysis, 
informed by design principles and participant feedback, provides insights for designing emotionally appealing products.

For the dual-color schemes, six cases (C-02, C-03, C-05, C-06, C-08, and C-10) were identified as positive 
designs. Among them, C-02 and C-03 adopted bright tones such as green and yellow, which effectively enhanced 
user pleasure and attention, though slight reductions in saturation could further balance excitement levels. In con-
trast, C-05 and C-10 relied on neutral combinations of gray and white, generating feelings of calmness and comfort, 

Table 3.  Mean statistics from PAD scaling measurements of color-matching case samples during Stage 1.

Case No. P A D

V1 V4 V7 V10 V2 V5 V8 V11 V3 V6 V9 V12

C-01 −1.212 0.755 0.553 1.163 0.904 −1.601 1.245 −1.716 −0.596 1.303 −0.861 0.207

C-02 2.072 −1.346 2.197 −2.279 0.144 −1.197 0.404 −0.803 1.558 −0.058 0.798 −2.125

C-03 1.851 −1.514 1.899 −1.688 −2.048 1.351 −1.654 1.798 1.149 −0.048 0.255 −0.101

C-04 0.149 0.755 −1.048 1.596 −0.096 0.058 −1.255 −0.649 0.601 0.351 −0.942 1.558

C-05 0.852 −0.188 0.505 0.399 1.899 −1.851 −0.702 0.197 −1.197 0.649 −1.702 1.303

C-06 1.534 −1.764 2.413 −2.442 −0.947 2.351 −0.904 0.548 1.731 −1.226 1.308 −1.385

C-07 −1.505 1.899 −0.649 −1.702 1.048 −2.048 1.851 0.495 −0.947 0.298 −2.101 0.755

C-08 0.601 0.399 2.149 0.452 0.962 −1.346 1.899 0.755 −1.202 0.202 −2.351 1.798

C-09 −1.159 1.106 −0.837 0.548 −1.452 −0.798 −0.553 −0.154 −0.409 0.452 −0.082 0.755

C-10 2.255 −1.135 0.952 −2.308 1.899 −1.303 0.048 −0.202 0.649 −1.755 −0.048 0.404

C-11 −0.505 0.096 −2.303 −0.452 0.702 −1.755 1.144 −0.952 −0.149 1.601 −1.351 0.851

C-12 0.303 −2.048 1.798 −2.351 −1.601 2.048 −0.856 2.245 −0.538 1.163 0.442 −1.909

C-13 −1.803 0.452 −1.399 2.096 −0.087 1.221 −0.688 −0.346 1.034 −0.587 0.856 −1.173

C-14 2.447 −1.755 1.846 −2.303 −1.442 0.601 −1.202 1.505 −0.087 −2.245 1.543 −1.952

C-15 −1.207 1.361 −2.255 1.875 −0.913 0.192 −0.452 0.144 1.601 −1.149 1.255 1.452

C-16 −1.053 0.048 −0.899 0.101 0.197 −1.798 1.298 −1.558 −0.101 1.659 −1.495 0.798

C-17 1.245 −1.851 1.899 −1.755 −2.082 1.755 −1.351 1.962 −0.308 −1.149 0.048 −0.264

C-18 −2.255 1.106 −1.865 1.875 0.303 0.851 −0.755 0.548 0.697 −0.952 0.351 −1.053

C-19 1.495 −1.048 1.606 −1.702 1.255 −0.548 1.144 −0.505 0.202 1.101 −0.154 −1.952

C-20 −0.606 1.255 −1.899 1.793 −0.505 0.635 −0.351 0.159 1.452 −1.505 1.745 1.149

https://doi.org/10.1371/journal.pone.0341895.t003

https://doi.org/10.1371/journal.pone.0341895.t003


PLOS One | https://doi.org/10.1371/journal.pone.0341895  February 2, 2026 14 / 28

with increased brightness expected to improve user interest. Meanwhile, C-06 and C-08 combined magenta with blue 
to create a more harmonious and balanced appearance, where adjustments in brightness could contribute to a more 
uplifting overall mood.

For the tri-color schemes, four cases (C-12, C-14, C-17, and C-19) were identified as positive designs. Specifically, 
C-12 and C-17 employed contrasting colors such as blue and orange, which successfully captured attention and evoked 
a sense of surprise, though further adjustments in brightness and saturation could help achieve a more balanced emo-
tional response. C-14 combined gray, white, and pink to produce a joyful effect, with an increase in the brightness of gray 
recommended to avoid visual monotony. In contrast, C-19 applied neutral tones accented with cool colors, generating a 
soothing and comfortable impression, and enhancing the accent color would likely strengthen its emotional impact. This 
analysis shows that both dual-color and tri-color schemes can effectively cater to diverse emotional preferences, offering 
guidance for future color design strategies.

User preference assessment of color-matching schemes

During this stage, we used previous positive emotional color schemes as references, focusing on dual-color and tri-color 
combinations. Dual-Color Schemes included 6 designs (S-01 to S-06) featuring main colors like yellow and green, with 
magenta and blue as accents. Each design incorporates varying proportions of neutral tones. Tri-Color Schemes included 
4 designs (S-07 to S-10) inspired by “Pop Art” and “Minimalism.” These use ultramarine and black as main colors, with 
orange-red and purple as accents, and gray and yellow as highlights. Minimalist designs use black, white, and gray with 
pink and cobalt blue as accents. The color renderings were created using KeyShot software, resulting in  

Table 4.  PAD-coordinated values and emotional characteristics closeness of color-matching prototypes.

Case No. Actual PAD coordinates User’s emotional character tendency of PAD Model

Positive emotions Negative emotions

Pm Am Dm Joyful Relaxed Surprised Dependent Mild Boring Sadness Anxiety Contempt Disgust

C-01 −0.643 −1.367 −0.742 4.791 3.424 3.996 1.385 2.546 0.189* 1.562 1.719 2.614 2.542

C-02 1.974 −0.637 1.135 2.031 0.233* 2.532 3.062 0.870 3.248 3.496 3.547 3.682 3.941

C-03 1.738 1.713 0.388 1.544 2.505 0.169* 3.416 2.509 3.928 3.236 3.194 3.654 3.784

C-04 −0.813 0.188 −0.563 4.221 3.513 3.057 1.812 2.743 1.492 0.158* 0.202 1.764 1.594

C-05 0.288 −0.713 −1.213 4.098 2.957 3.158 0.302* 2.046 1.047 1.559 1.715 3.089 3.024

C-06 2.038 1.188 1.413 0.732* 1.889 1.340 3.883 2.280 4.197 3.752 3.722 3.741 3.988

C-07 −0.588 −1.113 −1.025 4.759 3.497 3.853 1.120 2.595 0.237* 1.358 1.530 2.687 2.575

C-08 0.475 −0.863 −1.388 4.177 2.988 3.280 0.136* 2.081 1.208 1.845 2.001 3.379 3.318

C-09 −0.913 0.263 −0.425 4.227 3.558 3.073 1.991 2.815 1.615 0.291 0.216* 1.593 1.416

C-10 1.663 −0.863 0.488 2.528 0.797 2.588 2.344 0.160* 2.593 2.999 3.079 3.493 3.691

C-11 −0.613 −1.138 −0.988 4.770 3.498 3.875 1.164 2.600 0.203* 1.368 1.539 2.663 2.554

C-12 1.625 1.688 0.163 1.766 2.573 0.113* 3.235 2.488 3.779 3.062 3.022 3.589 3.694

C-13 −1.438 0.413 0.913 4.313 3.786 3.484 3.250 3.283 2.581 1.721 1.621 0.201* 0.436

C-14 2.088 1.188 1.413 0.682* 1.886 1.353 3.904 2.291 4.228 3.791 3.763 3.790 4.036

C-15 −1.675 0.425 0.638 4.581 4.035 3.654 3.206 3.475 2.510 1.572 1.464 0.407 0.131*

C-16 −0.525 −1.213 −1.013 4.759 3.454 3.886 1.104 2.551 0.177* 1.464 1.636 2.756 2.657

C-17 1.688 1.788 0.288 1.669 2.613 0.108* 3.400 2.582 3.927 3.200 3.155 3.657 3.773

C-18 −1.775 0.463 0.763 4.653 4.131 3.750 3.367 3.592 2.656 1.735 1.625 0.353 0.115*

C-19 1.463 −0.863 0.225 2.726 1.118 2.586 2.015 0.202* 2.293 2.731 2.820 3.360 3.527

C-20 −1.388 0.413 0.888 4.267 3.739 3.433 3.204 3.233 2.547 1.682 1.583 0.251* 0.466

https://doi.org/10.1371/journal.pone.0341895.t004

https://doi.org/10.1371/journal.pone.0341895.t004
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10 color-matching schemes for hair dryers (refer to Fig 4, with all colors using the HSV model [62]). This completes Stage 
1 based on the FKES framework.

The BKES framework was utilized to assess the PAD emotional responses associated with ten hair dryer color design 
schemes. The evaluation questionnaire encompassed four dimensions: Pleasure (P), Arousal (A), Dominance (D), and 
Satisfaction (S), each rated on a scale from −4 (“strongly disagree”) to 4 (“strongly agree”). Concurrently, following the 
PAD emotional experience assessment, participants were asked to provide subjective evaluations of their visual prefer-
ences concerning the product’s color design. This evaluation metric, termed Subjective Visual Preferences (V), was con-
sistent with the dimensions employed in the PAD assessment scale. The complete questionnaire is provided in S2 File.

Considering the requirement for collecting a relatively large number of questionnaire responses, the emotional experi-
ence evaluation was conducted via an online questionnaire survey. A total of 216 questionnaires were distributed, yielding 
212 valid responses and resulting in an effective response rate of 98.148%. This provided a valid dataset comprising 
212 × 10 × 4 and 212 × 10, totaling 10,600 data points. The data was imported into SPSS 23.0 for reliability testing, which 
revealed a Cronbach’s alpha of 0.817, indicating good structural reliability for further analysis. Subsequently, the average 
scores for each design scheme were calculated (Table 5), and one-way ANOVA was conducted on the PAD emotional rat-
ings obtained from the second questionnaire survey to further examine whether the ten color schemes elicited statistically 
significant differences in emotional responses. The results revealed significant main effects of color scheme on pleasure 
(P: p = 0.008 < 0.05), arousal (A: p = 0.017 < 0.05), dominance (D: p = 0.035 < 0.05), and satisfaction (S: p = 0.026 < 0.05). 
Fuzzy Grey Relational Analysis was conducted using formulas (4) to (10). This analysis determined the fuzzy member-
ship and grey relational degrees for each scheme. These results were applied to formula (11) to compute the fuzzy grey 
relational degree, facilitating the prioritization of the color design schemes. Additionally, after the fuzzy grey relational 
analysis, the mean values of subjective visual preference evaluations were normalized to further prioritize the color design 

Fig 4.  Confirmed color-matching schemes for Stage 2.

https://doi.org/10.1371/journal.pone.0341895.g004

https://doi.org/10.1371/journal.pone.0341895.g004
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schemes based on subjective assessments, as shown in Table 7. The resulting order of preference was S-06, S-05, S-04, 
S-07, S-01, S-03, S-08, S-10, S-02, S-09.The emotional experience evaluation of hair dryer color design schemes, based 
on fuzzy grey relational analysis, resulted in the following priority order (Table 7 and Fig 4): S-06, S-05, S-04, S-01, S-07, 
S-08, S-03, S-10, S-02, S-09.

The top-ranked schemes, S-06, S-05, S-04, S-01, and S-07, emerged as the preferred options from this evaluation. 
Additionally, the root mean square error (RMSE) was computed between the fuzzy grey relational degrees and the nor-
malized subjective visual preferences for the ten color design schemes in Table 6 and Table 7. An RMSE value of 0.111, 
which is close to 0, indicates the reliability of both subjective and objective assessment results, affirming the credibility of 
the scheme prioritization. This concludes Stage 2 of the BKES framework, establishing a research framework for product 

Table 5.  Mean statistics of PAD-coordinated emotional responses in Stage 2.

Scheme No. User emotional experience of comprehensive evaluation 
index

P A D S

S-01 1.014 0.736 1.566 1.575

S-02 −0.392 −0.302 0.146 0.198

S-03 0.297 −0.052 0.354 0.651

S-04 1.505 1.745 1.882 2.104

S-05 1.807 1.245 2.052 2.396

S-06 2.495 1.349 1.948 2.849

S-07 0.703 0.665 1.349 1.547

S-08 0.552 0.929 1.099 0.981

S-09 −0.203 0.165 −0.297 −0.604

S-10 0.057 −0.443 0.245 0.495

https://doi.org/10.1371/journal.pone.0341895.t005

Table 7.  Subjective visual preferences of Mean statistics & Normalized results in Stage 2.

Subjective Visual Preferences Scheme No.

S-01 S-02. S-03. S-04. S-05. S-06. S-07. S-08. S-09. S-10

Mean Statistics 1.594 0.358 1.118 2.146 2.462 2.825 1.703 0.929 0.146 0.519

Normalized Results 0.541 0.079 0.363 0.747 0.865 1.000 0.581 0.292 0.000 0.139

Prioritization 5 9 6 3 2 1 4 7 10 8

https://doi.org/10.1371/journal.pone.0341895.t007

Table 6.  Results of fuzzy grey correlation analysis of color-matching schemes in Stage 2.

Scheme No. Fuzzy membership degree Grey relational grade Fuzzy grey relational grade Prioritization

S-01 0.982 0.574 0.778 4

S-02 0.792 0.364 0.578 9

S-03 0.969 0.406 0.687 7

S-04 0.986 0.777 0.881 3

S-05 0.994 0.789 0.891 2

S-06 0.997 0.913 0.955 1

S-07 0.977 0.536 0.756 5

S-08 0.973 0.508 0.741 6

S-09 0.602 0.356 0.479 10

S-10 0.833 0.381 0.607 8

https://doi.org/10.1371/journal.pone.0341895.t006

https://doi.org/10.1371/journal.pone.0341895.t005
https://doi.org/10.1371/journal.pone.0341895.t007
https://doi.org/10.1371/journal.pone.0341895.t006
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color emotional design that integrates mixed emotional engineering with PAD emotional measurement and fuzzy grey 
relational analysis.

Moreover, Fig 5 illustrates the comparison between subjective and objective prioritization results for the ten 
color-matching schemes in Stage 2. The horizontal axis represents the different schemes (S-01 to S-10), while the vertical 
axis shows their relative prioritization values. The dark bars correspond to the fuzzy grey relational degrees (objective 
evaluation), and the light bars represent the normalized results of subjective visual preference assessments. As shown in 
the figure, both evaluation perspectives reveal a consistent preference order, with schemes S-06, S-05, and S-04 ranking 
highest, followed by S-01 and S-07. The strong alignment between subjective and objective prioritization further validates 
the reliability of the proposed evaluation framework, confirming that the integrated PAD–fuzzy GRA approach can accu-
rately capture users’ emotional preferences in color design.

Eye-tracking experimental verification

To ensure the objectivity and feasibility of the eye-tracking experiment, a total of 24 participants were recruited for the 
color imagery cognition experiment, including 12 males and 12 females aged between 21 and 50 years. All participants 
were in good physical condition, had normal or corrected-to-normal vision, and reported no color blindness, color weak-
ness, or other ocular diseases.

The eye-tracking experiment was conducted using a Tobii Pro X3-120 eye tracker in combination with a desktop 
computer. The device accurately records participants’ gaze positions and has a sampling rate of 120 Hz. The eye tracker 
measures 324 mm (12.7 inches) in length, weighs 118 g (4.2 oz.), and can be mounted directly onto computer monitors 
up to 25 inches using the provided magnetic mounting bracket. The experimental computer was equipped with a Win-
dows 10 (64-bit) operating system, an Intel Core™ i7-14700 CPU, and 32 GB of RAM. The display resolution was set to 
1920 × 1080 in full-screen mode.

Prior to stimulus presentation, areas of interest (AOIs) were defined to ensure the validity of the collected eye-tracking 
data. In the visual test panel, a total of ten AOIs were delineated, each corresponding to one color scheme sample, as 
shown in Fig 6.

During the experiment, the 24 participants completed the eye-tracking tasks sequentially following a standardized 
experimental procedure. The experiment consisted of five stages: an introduction page, a gaze calibration page, an 

Fig 5.  Subjective and objective prioritization of color-matching schemes in Stage 2.

https://doi.org/10.1371/journal.pone.0341895.g005

https://doi.org/10.1371/journal.pone.0341895.g005
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instruction page, a stimulus presentation page, and a concluding page (Fig 7). The instruction presented to participants 
was: “Please carefully observe the following hair dryer color schemes and determine which color scheme you consider to 
be the optimal one.”

After the experiment, eye-tracking data were exported to generate attention heatmaps (Fig 8). The heatmap results 
indicate that participants’ visual attention was primarily concentrated on schemes S-06, S-05, and S-04, while relatively 
less attention was allocated to schemes S-01, S-07, and S-03.

The average fixation duration for each color scheme was calculated. The original fixation duration statistics for color 
schemes are provided in S3 File. To facilitate comparison with the evaluation results obtained from the HKES model, the 
eye-tracking metrics were further normalized, and a ranking of the color schemes was derived, as summarized in Table 8.

The fixation duration results reveal significant differences in visual attention among the ten color schemes. The final 
ranking based on eye-tracking data is: S-06, S-05, S-04, S-01, S-07, S-03, S-08, S-10, S-02, and S-09. Among them, 

Fig 6.  Areas of interest (AOIs) for experimental samples.

https://doi.org/10.1371/journal.pone.0341895.g006

Fig 7.  Eye-tracking experimental procedure.

https://doi.org/10.1371/journal.pone.0341895.g007

https://doi.org/10.1371/journal.pone.0341895.g006
https://doi.org/10.1371/journal.pone.0341895.g007
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scheme S-06 exhibits the longest fixation duration, followed by S-05 and S-04, whereas scheme S-09 consistently 
receives the lowest level of visual attention.

The ranking obtained from eye-tracking data is highly consistent with the evaluation results derived from the HKES 
model, indicating strong agreement between model-based assessments and users’ actual visual behavior. This consis-
tency demonstrates that the proposed HKES method effectively captures users’ visual preferences in color scheme evalu-
ation. Therefore, the eye-tracking results provide objective empirical evidence supporting the feasibility and effectiveness 
of the proposed HKES framework.

Finally, the color scheme S-06, which achieved the best overall evaluation performance, was selected and applied to 
the overall design of the hair dryer product. Based on this scheme, further optimization was conducted on the product 
modeling and rendering, including refinements to surface materials and structural details. The final product design render-
ing is presented in Fig 9.

Discussion

This article presents a hybrid product color emotional design method that integrates the PAD emotional model with fuzzy 
grey relational analysis. It emphasizes a closed-loop process that combines design and evaluation, aiming to reduce 
reliance on advanced technologies by employing accessible methods for emotional measurement and assessment. 

Fig 8.  Attention heatmap results.

https://doi.org/10.1371/journal.pone.0341895.g008

Table 8.  Fixation duration statistics of color schemes.

Scheme S-01 S-02 S-03 S-04 S-05 S-06 S-07 S-08 S-09 S-10

Mean fixation duration 6.456 3.491 4.502 7.604 7.835 9.148 5.544 4.403 3.360 4.081

Normalized value 0.535 0.023 0.197 0.733 0.773 1.000 0.377 0.180 0.000 0.125

Prioritization 4 9 6 3 2 1 5 7 10 8

https://doi.org/10.1371/journal.pone.0341895.t008

https://doi.org/10.1371/journal.pone.0341895.g008
https://doi.org/10.1371/journal.pone.0341895.t008
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Based on hybrid Kansei engineering, the method first establishes a positive design model for analyzing and creating the 
emotional experience of existing product color schemes. It then constructs a BKES framework to evaluate and prioritize 
these designs. This approach ensures that, even under limited technical conditions and user familiarity, the design and 
evaluation of product color schemes can be carried out conveniently and objectively, ultimately enhancing users’ positive 
emotional experiences with color designs. The application to hair dryers demonstrates its strong feasibility and practicality, 
offering valuable support for designers.

The evaluation of the emotional experience of hair dryer color design schemes, based on fuzzy grey relational analy-
sis, revealed a priority order: S-06, S-05, S-04, S-01, and S-07. Among these, four are dual-color schemes and one is a 
tri-color scheme, indicating a preference for dual-color designs. This result is consistent with the findings from the previous 
PAD scaling measurements.

We can summarize the results as follows: First, Top Design (S-06): Features white as the main color and light gray as 
the accent, achieving a high fuzzy grey relational degree of 0.955. This scheme aligns well with users’ emotional pref-
erences, highlighting a soft, relaxed aesthetic that complements the clean functionality of hair dryers. Second, Other 
Preferred Designs (S-05, S-04): These use gray and white with magenta and blue accents, scoring 0.891 and 0.881, 
respectively. The low saturation and high brightness help avoid negative emotions like harshness or glare. Third, Addi-
tional Designs (S-01, S-07): S-01 uses green and gray, while S-07 employs ultramarine, orange, and gray. These designs 
evoke freshness and vibrancy, appealing to younger consumers seeking trendy aesthetics. Overall, the results indicate 
that dual-color schemes are generally more suitable for the emotional color design of household hair dryers compared to 
tricolor combinations.

As this study establishes a hybrid product color emotional design paradigm by integrating the PAD emotional model 
with fuzzy grey relational analysis, the key aspects of this paradigm include: First, Closed-Loop Process: To address 
users’ multi-dimensional emotional experiences, the paradigm connects design factor analysis with design scheme 
evaluation, creating a seamless link between “design” and “evaluation”. Second, Accessible Methods: It reduces reli-
ance on advanced technologies and complex conditions, using manageable and objective methods for color emotional 

Fig 9.  Rendering of the product with the optimal color scheme.

https://doi.org/10.1371/journal.pone.0341895.g009

https://doi.org/10.1371/journal.pone.0341895.g009
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measurement and evaluation. This enables effective design and preference evaluation without specialized equipment. 
Third, Consistency and Reliability: By using consistent dimensions for both design factors and evaluation, the para-
digm enhances the reliability and validity of research outcomes, accurately reflecting user preferences and emotional 
responses.

Compared with traditional methodologies, this HKES-driven approach extends beyond conventional techniques such 
as semantic differential analysis and principal component analysis. It takes users’ positive emotional responses to color as 
the benchmark. By integrating the PAD model with the Chinese PAD emotional scale and Euclidean distance calculations, 
it conducts a comprehensive analysis of existing color schemes, thereby guiding the development of designs that are 
more likely to elicit positive emotions. The use of established tools for PAD measurement ensures operational feasibility 
and reduces common constraints in quantitative analysis, such as environmental limitations and methodological com-
plexity. In particular, during Stage 2, the BKES framework surpasses standard perceptual methods by combining fuzzy 
membership degree calculations with grey relational analysis, enabling a rational and practical evaluation process. This 
integrated approach not only identifies optimal color schemes but also provides multiple viable design options, offering 
flexibility within a defined range.

HKES features bidirectional translation, making it suitable for designing products that meet users’ emotional needs 
or preferences. In both FKES and BKES, the methodology applies consistent standards when selecting analytical tools 
and techniques. Specifically, the quantitative analysis of design factors in FKES is based on primary user needs, and 
vice versa for the emotional or affective evaluation of design schemes in BKES [17,19,20]. This ensures that the selected 
designs closely match the users’ real-world contexts.

As illustrated in Fig 10, the bidirectional translation mechanism of the proposed HKES model is realized through an 
explicit interaction between the FKES and BKES. In the FKES process, online data are collected to identify primary user 
needs, which form the basis for the evaluation and validation of design schemes. The evaluation results provide feedback 
on how well candidate schemes satisfy users’ emotional needs or preferences. Conversely, in the BKES process, design 
elements are used to generate initial design schemes, which are subsequently screened and refined according to the 
evaluation feedback obtained from FKES. Through this iterative bidirectional loop, user needs and design evaluations are 
continuously translated into design decisions, ensuring consistency between analytical standards and design outcomes.

Fig 10.  Operational mechanism of the HKES model.

https://doi.org/10.1371/journal.pone.0341895.g010

https://doi.org/10.1371/journal.pone.0341895.g010
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Product color scheme selection is an affective design problem, as users’ emotional responses to color are subjec-
tive and perceptual in nature [63]. This study focuses on the decision-oriented evaluation of a finite set of product color 
schemes according to their consistency with users’ emotional expectations in the PAD space. Rather than pursuing 
large-scale affective prediction, the objective is to support design decision-making by enabling systematic comparison and 
transparent ranking of alternative color schemes within a specific design context. To address this requirement, a HKES 
paradigm is adopted, as it allows the integration of complementary analytical techniques to jointly consider emotional 
perception, uncertainty, and comparative evaluation within a unified framework. From a broader methodological perspec-
tive, existing KE approaches can be broadly grouped into several representative paradigms. Traditional KE relies primar-
ily on questionnaires and conventional statistical analyses to explore general affective tendencies [64]. HKES extends 
this foundation by integrating multiple methods for comprehensive design evaluation. Qualitative-analysis-based HKES 
emphasizes interviews, expert judgment, and thematic analysis, and is mainly applied in early-stage concept exploration. 
Deep-learning-based HKES focuses on modeling complex non-linear affective relationships from large-scale data. In con-
trast, the PAD–FGRA–based HKES framework proposed in this study targets decision-oriented evaluation and ranking of 
design schemes within an explicit emotional space [65], as shown in Table 9.

Among these paradigms, deep-learning-based HKE represents an important methodological trend. By leveraging neu-
ral networks, such approaches can effectively model complex non-linear mappings between design features and affective 
responses, and they are particularly suitable for large-scale affective prediction when sufficient labeled data are available 
[66]. However, these methods typically involve high data and training requirements, and their limited interpretability may 
constrain their applicability in design decision-making contexts where transparent evaluation logic and explainable ranking 
outcomes are required.

The PAD–FGRA framework is adopted in this study because it is well aligned with the characteristics of color emotional 
design evaluation. First, the evaluation task is inherently comparative, as the objective is to rank a finite number of color 
schemes based on their relative consistency with users’ emotional expectations. GRA is specifically designed to measure 
relative closeness among alternatives, making it suitable for scheme ranking. Second, emotional modeling is conducted 
in the PAD space, which provides a low-dimensional and semantically explicit representation of affective perception. 
Under such conditions, the analytical focus lies in assessing overall emotional consistency across multiple dimensions 
rather than learning latent features. GRA provides an effective relational mechanism for aggregating multi-dimensional 
PAD information. Third, emotional evaluations in design research are often uncertain and subjective, and sample sizes 
are typically limited. By integrating fuzzy modeling with GRA, the proposed framework can account for uncertainty while 
maintaining robustness under small-to-moderate sample conditions. Therefore, the adoption of GRA in this study reflects 
a methodologically appropriate choice driven by the research objective, data characteristics, and application target.

Table 9.  Method-level comparison of representative Kansei Engineering paradigms.

Method paradigm Primary analytical focus Data requirement Interpretability Implementation 
cost

Application target

Traditional Kansei Engineering Statistical relationship analysis Medium Medium Medium General affective trend 
analysis

Hybrid Kansei Engineering Multi-method integration Medium Medium Medium Broad design evaluation 
problems

Qualitative-analysis-based 
Hybrid KE

Exploratory affective 
understanding

Low–Medium High Medium Early-stage concept 
exploration

Deep-learning-based Hybrid 
KE

Non-linear affective prediction High Low High Large-scale affective 
prediction

PAD–fuzzy GRA–based Hybrid 
KE (Proposed)

Decision-oriented evaluation 
and ranking

Low–Medium High Low Color scheme evaluation 
and selection in PAD space

https://doi.org/10.1371/journal.pone.0341895.t009

https://doi.org/10.1371/journal.pone.0341895.t009
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To further complement the above methodological comparison, a data-level comparison was conducted using the 
same evaluation dataset. Specifically, the proposed PAD-based FGRA method was compared with traditional grey rela-
tional analysis without fuzzy modeling, as well as a fuzzy membership degree–based evaluation approach. All methods 
were applied to the same set of color schemes and PAD-based emotional evaluation data to ensure comparability. As 
eye-tracking reflects users’ actual visual attention behavior during the perception of design schemes, evaluation results 
that are more consistent with eye-tracking patterns can be regarded as being closer to users’ real visual cognitive charac-
teristics. Therefore, eye-tracking results were used as a behavioral reference, and a radar chart (Fig 11) was constructed 
to intuitively compare the evaluation outcomes obtained using different methods across all color schemes. To ensure 
scientific comparability, the final results for each scheme were normalized prior to visualization.

The five methods exhibit similar overall ranking tendencies, indicating that the proposed framework preserves the fun-
damental evaluation trend. However, clear differences can be observed in their ability to discriminate among intermediate 
schemes. The fuzzy membership degree–based results tend to produce relatively concentrated value distributions, with 
generally high scores. Schemes such as S-01, S-03, S-04, S-05, S-06, S-07, and S-08 cluster near the outer region of the 
radar chart, showing limited differentiation and thereby restricting discriminative capability. Traditional grey relational anal-
ysis improves relative differentiation by introducing relational structure; however, it does not explicitly address the inherent 
uncertainty and fuzziness in affective evaluation. As a result, the stability of evaluation outcomes for intermediate schemes 
(e.g., S-01, S-03, and S-07) is relatively weak, and their consistency with PAD-based affective scores and eye-tracking 
patterns is limited. In contrast, the proposed FGRA method produces smoother and more stable value distributions for 
mid- and high-ranked color schemes, reflecting the combined effects of fuzzy modeling and relational analysis. More 

Fig 11.  Radar chart comparison of color scheme evaluation results obtained using different methods.

https://doi.org/10.1371/journal.pone.0341895.g011

https://doi.org/10.1371/journal.pone.0341895.g011
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importantly, FGRA-based results demonstrate stronger alignment with both PAD-based affective scores and independent 
eye-tracking outcomes.

This advantage becomes more evident when examining specific numerical cases. For example, in the mid-to-high rank-
ing region (S-04 to S-07), the traditional grey relational grade drops sharply from 1.000 (S-06) to 0.323 (S-07), whereas 
the corresponding decrease in the FGRA results is much more gradual, from 1.000 to 0.582. Notably, this FGRA variation 
closely matches the change observed in PAD-based affective scores (from 1.000 to 0.581), indicating improved structural 
consistency. Similar patterns can be observed for intermediate schemes such as S-01 and S-03. Traditional grey relational 
analysis yields relatively low values for these schemes (0.392 and 0.091, respectively), whereas FGRA produces more 
moderate evaluations (0.628 and 0.437), which are closer to both PAD scores and eye-tracking indicators (0.541/0.535 for 
S-01 and 0.363/0.197 for S-03). The observed consistency among FGRA, PAD, and eye-tracking results indicates that the 
proposed framework more effectively captures users’ emotional perception and visual preference structure. Overall, this 
data-level comparison and behavioral validation provide empirical support for the effectiveness and cognitive plausibility of 
the proposed hybrid Kansei Engineering framework in decision-oriented color scheme evaluation.

Theoretically, this study extends the hybrid Kansei Engineering framework by establishing a clear closed-loop mecha-
nism that links forward design generation with backward evaluation, thereby enhancing the methodological completeness 
of emotional design research. Practically, the proposed approach provides a lightweight yet systematic tool for designers, 
particularly in small appliance industries, to align product color schemes with users’ emotional expectations. The dual 
emphasis on methodological rigor and practical usability highlights both the academic and industrial value of this work.

Conclusions and limitations

This study addresses the long-standing challenge of translating users’ complex and often ambiguous emotional responses 
to product colors into practical and optimized design schemes. By integrating the PAD model with fuzzy grey relational 
analysis within a hybrid Kansei Engineering framework, it establishes a closed-loop approach that connects emotional 
measurement with design evaluation, thereby ensuring that user-centered insights can directly inform color design prac-
tice. In response to these research questions, several conclusions can be drawn. First, regarding the accurate capture of 
emotional responses, this study demonstrates that the PAD emotional scale—particularly its localized adaptation—offers 
a practical and effective tool for quantifying users’ affective experiences with product colors, balancing methodological 
simplicity with robustness. Second, the establishment of a hybrid Kansei Engineering framework that integrates both 
forward and backward systems effectively bridges the gap between design and evaluation. The forward system translates 
emotional responses into color design schemes, while the backward system, supported by fuzzy grey relational analysis, 
provides systematic evaluation and optimization, thereby ensuring a continuous feedback mechanism. Third, the integra-
tion of fuzzy set theory with grey relational analysis enables a rational transformation of complex, multi-dimensional emo-
tional data into manageable evaluation results. This approach makes it possible to rank and prioritize schemes objectively, 
ultimately identifying those color designs that resonate most strongly with users’ positive emotions. Together, these find-
ings not only confirm the feasibility of the proposed framework but also establish a replicable pathway for emotion-driven 
product color design.

Clearly, there were several certain shortcomings in our study: The scaling measurements did not account for variables 
such as income levels, education, or cultural differences in emotional responses. Moreover, the assessments following the 
measurements did not consider traditional factors like gender and relationship status.

We did acknowledge that variables such as income levels and gender can significantly influence measurements and 
assessments. However, ensuring the protection of participants’ privacy and related information is essential [67]. In addi-
tion, we aim to develop a more diverse and comprehensive emotional experience approach that is de-gendered, or even 
de-contextualized [68]. Future research will explore these possibilities to enhance the robustness and inclusivity of the 
methodology.
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Product color is undoubtedly a critical factor in consumer decision-making, as it captures users’ visual preferences and 
emotional needs. This enhances user satisfaction and significantly boosts product competitiveness. In today’s context of 
addressing users’ emotional needs, design schemes that evoke visual and emotional experiences—beyond color match-
ing—should be carefully designed to align with the aesthetic preferences of the target group while fostering emotional 
resonance (Barata et al. 2023; Wegman and Said 2011).

This study underscores the pivotal role of product color in consumer decision-making and highlights the importance 
of aligning design schemes with the aesthetic preferences of target groups to enhance user satisfaction and market 
competitiveness. Future research will expand participant diversity and increase case samples to better understand 
how different user groups perceive color-related emotional experiences. It will also explore how variables such as 
color proportions, shapes, and materials affect emotions across various product types, as well as the influence of 
factors like gender, occupation, and culture on emotional satisfaction. Furthermore, the study will examine short-term 
predictions of color design styles for identifying optimal schemes, with the aim of enriching and refining the hybrid 
emotional design methodology.

Supporting information

S1 File. Color scheme emotional experience questionnaire. 
(PDF)

S2 File. User preference assessment of color-matching schemes. 
(PDF)

S3 File. Fixation duration statistics for color-matching schemes. 
(PDF)

Acknowledgments

We appreciate the volunteers who participated in the experiment.

Author contributions

Conceptualization: Tianyu Wu, Tianlu Zhu, Cengjuan Wu.

Data curation: Tianyu Wu.

Formal analysis: Tianyu Wu.

Funding acquisition: Tianyu Wu.

Investigation: Tianyu Wu, Tianlu Zhu.

Methodology: Tianyu Wu, Tianlu Zhu, Cengjuan Wu.

Resources: Tianlu Zhu, Yiqian Zhao.

Software: Yiqian Zhao.

Supervision: Yiqian Zhao, Cengjuan Wu.

Validation: Tianlu Zhu.

Visualization: Cengjuan Wu.

Writing – original draft: Tianyu Wu.

Writing – review & editing: Yiqian Zhao, Cengjuan Wu.

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341895.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341895.s002
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341895.s003


PLOS One | https://doi.org/10.1371/journal.pone.0341895  February 2, 2026 26 / 28

References
	 1.	 Crilly N, Moultrie J, Clarkson PJ. Seeing things: consumer response to the visual domain in product design. Design Studies. 2004;25(6):547–77. 

https://doi.org/10.1016/j.destud.2004.03.001

	 2.	 Kuo L, Chang T, Lai C-C. Research on product design modeling image and color psychological test. Displays. 2022;71:102108. https://doi.
org/10.1016/j.displa.2021.102108

	 3.	 Barata J, Cardoso JCS, Cunha PR. Mass customization and mass personalization meet at the crossroads of Industry 4.0: A case of augmented 
digital engineering. Systems Engineering. 2023;26(6):715–27. https://doi.org/10.1002/sys.21682

	 4.	 Yang H. Colour creation muse (CCM): Focusing on primary colours for an imagination based creativity generation. In: Proceedings of the IEEE/
CVF Winter Conference on Applications of Computer Vision, 2024.

	 5.	 Saniuk S, Grabowska S, Gajdzik B. Personalization of Products in the Industry 4.0 Concept and Its Impact on Achieving a Higher Level of Sustain-
able Consumption. Energies. 2020;13(22):5895. https://doi.org/10.3390/en13225895

	 6.	 Sun Z, Xie S, Xu W, Xu L, Li H. User-tailored privacy: unraveling the influences of psychological needs and message framing on app users’ privacy 
Disclosure intentions. Curr Psychol. 2024;43(44):33893–907. https://doi.org/10.1007/s12144-024-06867-9

	 7.	 Ding M, Ding T, Chen X, Shi F. Using event-related potentials to identify user’s moods induced by product color stimuli with different attributes. 
Displays. 2022;74:102198. https://doi.org/10.1016/j.displa.2022.102198

	 8.	 Zhang X, Yang M, Su J, Yang W, Qiu K. Research on product color design decision driven by brand image. Color Research & Application. 
2020;45(6):1202–16. https://doi.org/10.1002/col.22540

	 9.	 Zhang X, Li Y, Pei H, Ding M. Research on chaos of product color image system driven by brand image. Multimed Tools Appl. 2023;82(16):24425–
44. https://doi.org/10.1007/s11042-023-14549-0

	10.	 Guo F, Li F, Nagamachi M, Hu M, Li M. Research on color optimization of tricolor product considering color harmony and users’ emotion. Color 
Research & Application. 2019;45(1):156–71. https://doi.org/10.1002/col.22447

	11.	 Yeh Y-E. Prediction of Optimized Color Design for Sports Shoes Using an Artificial Neural Network and Genetic Algorithm. Applied Sciences. 
2020;10(5):1560. https://doi.org/10.3390/app10051560

	12.	 Deng L, Zhou F, Zhang Z. Interactive genetic color matching design of cultural and creative products considering color image and visual aesthetics. 
Heliyon. 2022;8(9):e10768. https://doi.org/10.1016/j.heliyon.2022.e10768 PMID: 36193531

	13.	 Zhu Y, Tessitore T, Harrigan P, Coussement K. A Guide to Graphic Design For Functional versus Experiential Ads. Journal of Advertising Research. 
2023;63(1):81–104. https://doi.org/10.2501/jar-2023-002

	14.	 Nagamachi M. Kansei Engineering: A new ergonomic consumer-oriented technology for product development. International Journal of Industrial 
Ergonomics. 1995;15(1):3–11. https://doi.org/10.1016/0169-8141(94)00052-5

	15.	 Nagamachi M. Kansei engineering as a powerful consumer-oriented technology for product development. Appl Ergon. 2002;33(3):289–94. https://
doi.org/10.1016/s0003-6870(02)00019-4 PMID: 12164511

	16.	 Schütte * STW, Eklund J, Axelsson JRC, Nagamachi M. Concepts, methods and tools in Kansei engineering. Theoretical Issues in Ergonomics 
Science. 2004;5(3):214–31. https://doi.org/10.1080/1463922021000049980

	17.	 Coronado E, Venture G, Yamanobe N. Applying Kansei/Affective Engineering Methodologies in the Design of Social and Service Robots: A Sys-
tematic Review. Int J of Soc Robotics. 2020;13(5):1161–71. https://doi.org/10.1007/s12369-020-00709-x

	18.	 Nagamachi M. Kansei Engineering, 2 Volume Set. CRC Press. 2010.

	19.	 Nagamachi M, Lokman AM. Innovations of Kansei engineering. CRC Press. 2016.

	20.	 Matsubara Y, Nagamachi M. Hybrid Kansei engineering system and design support. International Journal of Industrial Ergonomics. 1997;19(2):81–
92. https://doi.org/10.1016/s0169-8141(96)00005-4

	21.	 Yang C-C. Constructing a hybrid Kansei engineering system based on multiple affective responses: Application to product form design. Computers 
& Industrial Engineering. 2011;60(4):760–8. https://doi.org/10.1016/j.cie.2011.01.011

	22.	 Shieh M-D, Li Y, Yang C-C. Comparison of multi-objective evolutionary algorithms in hybrid Kansei engineering system for product form design. 
Advanced Engineering Informatics. 2018;36:31–42. https://doi.org/10.1016/j.aei.2018.02.002

	23.	 Wang K-C. A hybrid Kansei engineering design expert system based on grey system theory and support vector regression. Expert Systems with 
Applications. 2011;38(7):8738–50. https://doi.org/10.1016/j.eswa.2011.01.083

	24.	 Xie X-H, Xu Y, Guo S, Zhu H, Yan H. Evaluation and Decision of a Seat Color Design Scheme for a High-Speed Train Based on the Practical Color 
Coordinate System and Hybrid Kansei Engineering. Systems. 2024;12(8):316. https://doi.org/10.3390/systems12080316

	25.	 Agoston GA. Color theory and its application in art and design. Springer. 2013.

	26.	 Wegman E, Said Y. Color theory and design. WIREs Computational Stats. 2011;3(2):104–17. https://doi.org/10.1002/wics.146

	27.	 Cassidy T. Environmental psychology: behaviour and experience in context. Psychology Press. 2013.

	28.	 Zhang P. The Affective Response Model: A Theoretical Framework of Affective Concepts and Their Relationships in the ICT Context1. MIS Quar-
terly. 2013;37(1):247–74. https://doi.org/10.25300/misq/2013/37.1.11

https://doi.org/10.1016/j.destud.2004.03.001
https://doi.org/10.1016/j.displa.2021.102108
https://doi.org/10.1016/j.displa.2021.102108
https://doi.org/10.1002/sys.21682
https://doi.org/10.3390/en13225895
https://doi.org/10.1007/s12144-024-06867-9
https://doi.org/10.1016/j.displa.2022.102198
https://doi.org/10.1002/col.22540
https://doi.org/10.1007/s11042-023-14549-0
https://doi.org/10.1002/col.22447
https://doi.org/10.3390/app10051560
https://doi.org/10.1016/j.heliyon.2022.e10768
http://www.ncbi.nlm.nih.gov/pubmed/36193531
https://doi.org/10.2501/jar-2023-002
https://doi.org/10.1016/0169-8141(94)00052-5
https://doi.org/10.1016/s0003-6870(02)00019-4
https://doi.org/10.1016/s0003-6870(02)00019-4
http://www.ncbi.nlm.nih.gov/pubmed/12164511
https://doi.org/10.1080/1463922021000049980
https://doi.org/10.1007/s12369-020-00709-x
https://doi.org/10.1016/s0169-8141(96)00005-4
https://doi.org/10.1016/j.cie.2011.01.011
https://doi.org/10.1016/j.aei.2018.02.002
https://doi.org/10.1016/j.eswa.2011.01.083
https://doi.org/10.3390/systems12080316
https://doi.org/10.1002/wics.146
https://doi.org/10.25300/misq/2013/37.1.11


PLOS One | https://doi.org/10.1371/journal.pone.0341895  February 2, 2026 27 / 28

	29.	 Calvo RA, D’Mello S. Affect Detection: An Interdisciplinary Review of Models, Methods, and Their Applications. IEEE Trans Affective Comput. 
2010;1(1):18–37. https://doi.org/10.1109/t-affc.2010.1

	30.	 Viola A, Pavlovic V, Yoon S. Constructivist approaches for computational emotions: A systematic survey. In: 2021.

	31.	 Li X, Zhou H, Song S, Ran T, Fu X. The reliability and validity of the Chinese version of abbreviated PAD emotion scales. In: 2005.

	32.	 Muratbekova M, Shamoi P. Color-Emotion Associations in Art: Fuzzy Approach. IEEE Access. 2024;12:37937–56. https://doi.org/10.1109/
access.2024.3375361

	33.	 Tantanatewin W, Inkarojrit V. The influence of emotional response to interior color on restaurant entry decision. International Journal of Hospitality 
Management. 2018;69:124–31. https://doi.org/10.1016/j.ijhm.2017.09.014

	34.	 Divers E. Theory to practice: Pleasure‐Arousal‐Dominance (PAD) theory for architectural color design. Color Research & Application. 
2023;48(5):445–52.

	35.	 Wei Y, Zhang Y, Wang Y, Liu C. A Study of the Emotional Impact of Interior Lighting Color in Rural Bed and Breakfast Space Design. Buildings. 
2023;13(10):2537. https://doi.org/10.3390/buildings13102537

	36.	 Gao F, Sun X, Wang K, Ren F. Chinese micro-blog sentiment analysis based on semantic features and PAD model. In: 2016.

	37.	 Zhao Y, Cao W, Yang B. Measurement of Mobile Library Users’ Emotional Experience: A Research Based on the PAD Model. In: Proceedings of 
the ACM/IEEE Joint Conference on Digital Libraries in 2020, 2020:449–50. https://doi.org/10.1145/3383583.3398558

	38.	 Alaniz T, Biazzo S. Emotional design: the development of a process to envision emotion-centric new product ideas. Procedia Computer Science. 
2019;158:474–84. https://doi.org/10.1016/j.procs.2019.09.078

	39.	 Magalhães M, Coelho A, Melo M, Bessa M. Measuring users’ emotional responses in multisensory virtual reality: a systematic literature review. 
Multimed Tools Appl. 2023;83(14):43377–417. https://doi.org/10.1007/s11042-023-16918-1

	40.	 Sutono SB. Grey-based Taguchi Method to Optimize the Multi-response Design of Product Form Design. J Optimasi Sist Ind. 2021;20(2):136–46. 
https://doi.org/10.25077/josi.v20.n2.p136-146.2021

	41.	 Wang N, Kang X, Wang Q, Shi C. Using grey-quality function deployment to construct an aesthetic product design matrix. Concurrent Engineering. 
2023;31(1–2):49–63. https://doi.org/10.1177/1063293x221142289

	42.	 Yadav HC, Jain R, Singh AR, Mishra PK. Robust design approach with fuzzy-AHP for product design to enhance aesthetic quality. IJDE. 
2012;5(1):65. https://doi.org/10.1504/ijde.2012.050289

	43.	 Wang T. A Novel Approach of Integrating Natural Language Processing Techniques with Fuzzy TOPSIS for Product Evaluation. Symmetry. 
2022;14(1):120. https://doi.org/10.3390/sym14010120

	44.	 Wang T, Yang L. Combining GRA with a Fuzzy QFD Model for the New Product Design and Development of Wickerwork Lamps. Sustainability. 
2023;15(5):4208. https://doi.org/10.3390/su15054208

	45.	 Olabanji OM, Mpofu K. Appraisal of conceptual designs: Coalescing fuzzy analytic hierarchy process (F-AHP) and fuzzy grey relational analysis 
(F-GRA). Results in Engineering. 2021;9:100194. https://doi.org/10.1016/j.rineng.2020.100194

	46.	 Xue L, Yi X, Lin YC, Drukker JW. An approach of the product form design based on gra-fuzzy logic model: A case study of train seats. International 
Journal of Innovative Computing, Information and Control. 2019;15(1):261–74.

	47.	 Zhou C, Jiang L, Kaner J. Study on Imagery Modeling of Electric Recliner Chair: Based on Combined GRA and Kansei Engineering. Applied Sci-
ences. 2023;13(24):13345. https://doi.org/10.3390/app132413345

	48.	 Zhu T, Wu C, Zhang Z, Li Y, Wu T. Research on Evaluation Methods of Complex Product Design Based on Hybrid Kansei Engineering Modeling. 
Symmetry. 2025;17(2):306. https://doi.org/10.3390/sym17020306

	49.	 Sun N, Jiang Y. Eye movements and user emotional experience: a study in interface design. Front Psychol. 2025;16:1455177. https://doi.
org/10.3389/fpsyg.2025.1455177 PMID: 40177033

	50.	 Zhou X, Cen Q, Qiu H. Effects of urban waterfront park landscape elements on visual behavior and public preference: Evidence from eye-tracking 
experiments. Urban Forestry & Urban Greening. 2023;82:127889. https://doi.org/10.1016/j.ufug.2023.127889

	51.	 Lee MF, Chen JZ. Investigating the influence of color on various perceptions using eye-tracking technology. In: International Conference on Fron-
tier Computing, 2024.

	52.	 Pradhan J, Fathima F, Khan MR. Impact of color psychology on consumer perceptions and preferences for coffee packaging. In: 2025.

	53.	 Yu N, Wang J, Hong L, Tao B, Zhang C. Evaluation of the color aesthetics of fine wood based on perceptual cognition. BioRes. 2021;16(2):4126–
48. https://doi.org/10.15376/biores.16.2.4126-4148

	54.	 Hu L, Li J, Chen L, Shan Q, Jin Y, Ren G. A study on color visual perception of museum exhibition space based on eye movement experiments. 
Front Psychol. 2024;15:1431161. https://doi.org/10.3389/fpsyg.2024.1431161 PMID: 39588127

	55.	 Abernathy A, Celebi ME. The incremental online k-means clustering algorithm and its application to color quantization. Expert Systems with Appli-
cations. 2022;207:117927. https://doi.org/10.1016/j.eswa.2022.117927

	56.	 Deng L, Wang G. Application of EEG and Interactive Evolutionary Design Method in Cultural and Creative Product Design. Comput Intell Neurosci. 
2019;2019:1860921. https://doi.org/10.1155/2019/1860921 PMID: 30733799

https://doi.org/10.1109/t-affc.2010.1
https://doi.org/10.1109/access.2024.3375361
https://doi.org/10.1109/access.2024.3375361
https://doi.org/10.1016/j.ijhm.2017.09.014
https://doi.org/10.3390/buildings13102537
https://doi.org/10.1145/3383583.3398558
https://doi.org/10.1016/j.procs.2019.09.078
https://doi.org/10.1007/s11042-023-16918-1
https://doi.org/10.25077/josi.v20.n2.p136-146.2021
https://doi.org/10.1177/1063293x221142289
https://doi.org/10.1504/ijde.2012.050289
https://doi.org/10.3390/sym14010120
https://doi.org/10.3390/su15054208
https://doi.org/10.1016/j.rineng.2020.100194
https://doi.org/10.3390/app132413345
https://doi.org/10.3390/sym17020306
https://doi.org/10.3389/fpsyg.2025.1455177
https://doi.org/10.3389/fpsyg.2025.1455177
http://www.ncbi.nlm.nih.gov/pubmed/40177033
https://doi.org/10.1016/j.ufug.2023.127889
https://doi.org/10.15376/biores.16.2.4126-4148
https://doi.org/10.3389/fpsyg.2024.1431161
http://www.ncbi.nlm.nih.gov/pubmed/39588127
https://doi.org/10.1016/j.eswa.2022.117927
https://doi.org/10.1155/2019/1860921
http://www.ncbi.nlm.nih.gov/pubmed/30733799


PLOS One | https://doi.org/10.1371/journal.pone.0341895  February 2, 2026 28 / 28

	57.	 Zhang T, Qi Z, Guan W, Zhang C, Jin D. Research on the measurement and characteristics of museum visitors’ emotions under digital technology 
environment. Front Hum Neurosci. 2023;17:1251241. https://doi.org/10.3389/fnhum.2023.1251241 PMID: 37731667

	58.	 Ayağ Z. A comparison study of fuzzy-based multiple-criteria decision-making methods to evaluating green concept alternatives in a new product 
development environment. International Journal of Intelligent Computing and Cybernetics. 2021;14(3):412–38.

	59.	 Fu C-F, Li X, Luo Q, Yang J. Two-dimensional multilayer M2CO2(M = Sc, Zr, Hf) as photocatalysts for hydrogen production from water splitting: a 
first principles study. J Mater Chem A. 2017;5(47):24972–80. https://doi.org/10.1039/c7ta08812d

	60.	 Lee Y, Jung K. The Effect of Visual Attention Dispersion on Cognitive Response Time. J Eye Mov Res. 2025;18(5):52. https://doi.org/10.3390/
jemr18050052 PMID: 41149954

	61.	 Hayashi K, Aono S, Fujiwara M, Shiro Y, Ushida T. Difference in eye movements during gait analysis between professionals and trainees. PLoS 
One. 2020;15(4):e0232246. https://doi.org/10.1371/journal.pone.0232246 PMID: 32353030

	62.	 Schwarz MW, Cowan WB, Beatty JC. An experimental comparison of RGB, YIQ, LAB, HSV, and opponent color models. ACM Trans Graph. 
1987;6(2):123–58. https://doi.org/10.1145/31336.31338

	63.	 Peng F, Qin L, Long M. Face presentation attack detection based on chromatic co-occurrence of local binary pattern and ensemble learning. Jour-
nal of Visual Communication and Image Representation. 2020;66:102746. https://doi.org/10.1016/j.jvcir.2019.102746

	64.	 Guo F, Qu Q-X, Nagamachi M, Duffy VG. A proposal of the event-related potential method to effectively identify kansei words for assessing 
product design features in kansei engineering research. International Journal of Industrial Ergonomics. 2020;76:102940. https://doi.org/10.1016/j.
ergon.2020.102940

	65.	 Li X, Su J, Zhang Z, Bai R. Product innovation concept generation based on deep learning and Kansei engineering. Journal of Engineering Design. 
2021;32(10):559–89. https://doi.org/10.1080/09544828.2021.1928023

	66.	 Zhou X, Rau P-LP, Ohkura M, Laohakangvalvit T, Wang B, editors. A Deep Learning-Based Approach to Facilitate Cross-cultural Kansei Design. 
International Conference on Human-computer Interaction; 2022: Springer.

	67.	 Chen X, Yang R, editors. Understanding Users’ Decision-Making on Privacy Disclosure from a Configurational Perspective Perceived Values, 
Privacy Concerns, Cognitive Style, and Trust. International Conference on Information; 2024: Springer.

	68.	 Daminger A. De-gendered Processes, Gendered Outcomes: How Egalitarian Couples Make Sense of Non-egalitarian Household Practices. Am 
Sociol Rev. 2020;85(5):806–29. https://doi.org/10.1177/0003122420950208

https://doi.org/10.3389/fnhum.2023.1251241
http://www.ncbi.nlm.nih.gov/pubmed/37731667
https://doi.org/10.1039/c7ta08812d
https://doi.org/10.3390/jemr18050052
https://doi.org/10.3390/jemr18050052
http://www.ncbi.nlm.nih.gov/pubmed/41149954
https://doi.org/10.1371/journal.pone.0232246
http://www.ncbi.nlm.nih.gov/pubmed/32353030
https://doi.org/10.1145/31336.31338
https://doi.org/10.1016/j.jvcir.2019.102746
https://doi.org/10.1016/j.ergon.2020.102940
https://doi.org/10.1016/j.ergon.2020.102940
https://doi.org/10.1080/09544828.2021.1928023
https://doi.org/10.1177/0003122420950208

