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Heritage apparel and accessories embody the culture, history and aesthetics of certain region or
nation, and their colors reflect profound social level, religious belief and lifestyles of the wearers.
However, existing studies on their colors are fragmented and inefficient, leading to a limited
understanding of their color characteristics and hindering deeper insight into the culture behind. To
address these challenges, this study has developed an advanced color discrimination model for
heritage apparel and accessories based on computational algorithms and introduce Bonpo apparel
and accessories as case study to validate themodel. By applying the FuzzyC-Means (FCM) algorithm,
the Elbow method, and Gaussian Mixture Model (GMM), this model systematically captures and
discriminates key color characteristics, including color ratios, LAB color space, Euclidean distance,
and color co-occurrence frequency. This systematic color discrimination model for heritage apparel
and accessories that can be employed for both further studies and new designs.

Heritage apparel and accessories refers to traditional clothing and its
adornments passed down through generations, serving as significant
carrier of intangible cultural heritages, such as national identities, regional
customs, history, and so on1. Their colors are not merely decorative ele-
ments but reflect profound social levels, religious belief, and lifestyles of
the wearers. For instance, in ancient China, bright yellow was exclusively
used for imperial garments, while commoners were forbidden from
wearing it, reinforcing the class system2; Tibetan Buddhist monks wear
robes primarily in red and yellow, symbolizing wisdom, ascetic practice,
and purification3; The traditional Djellaba in the coastal areas ofMorocco
are commonly light blue andwhite, reflecting theMediterranean aesthetic
and a sense of freshness4. In addition, the colors of heritage apparel and
accessories play a key role in the implementation of heritage restoration,
museum display, and modern design. In particular, some antient apparel
and accessories have lost their original vibrancy over time, and accurate
color characteristics can help experts restore them by matching the ori-
ginal hues5. Nowadays, many museums have conducted digital recon-
structions of the heritage apparel by establishing its dynamic 3D models,
which also requires specific color characteristics6. Besides, when creating
the modern apparel design, the colors characteristics of heritage apparel
are important reference for its classic coloration and elegant vibe7.
Therefore, the accurate the color characteristics of heritage apparel and
accessories can be discriminated, the better they can be preserved and
inherited.

Generally, there are a few color characteristics of heritage apparel and
accessories. First, the color composition of heritage apparel and accessories
varieswidely. Someapparel and accessories featuremonochromatic schemes,
where similar hues dominate, making color discrimination challenging8.
Others adopt polychromatic schemes, with distinct contrasting colors,
facilitating easier discrimination9. For example, the heritage apparel of the
Bedouin people primarily consists of earthy tones such as deep brown, beige,
and red10, creating a typical example of color similarity within the same color
family,which causes trouble in color discrimination, especially inhistorical or
low-resolution images11. In contrast, the Tuareg people’s deep blue robes
paired with white turbans create a strong visual distinction12, reducing the
challenges associatedwith color similarity.Moreover, the resources regarding
the color of heritage apparel and accessories often limited in faded, aged, and
historical images, making color discrimination challenging13.

Existing studies about color discrimination for heritage apparel and
accessories primarily adopt descriptive or computational approaches.
Regarding descriptive approaches, Kvaerne reviewed ancient texts indicat-
ing that yellow has been widely applied in Bonpo hats, but there is no clue
that which kind of yellow it is14. Zhao conducted field research and select a
few images ofNingbo gold, silver, and color embroidery to analyze the color
composition, but ignoring comprehensiveness regarding the color diversity
of Ningbo embroidery15. Cho photographed and recorded the process of
creating embroidered rear skirt panels to figure out the colors prefer to be
used byMiaowomen, but no any information shows the dominated color16.
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Although these studies provide valuable qualitative insights into heritage
apparel and accessories’ colors, they often rely on manual observation or
traditional classification methods, such as historical text interpretation and
descriptive image analysis, which are inefficient for processing large-scale
datasets. Moreover, these studies frequently lack rigorous quantitative
analysis, relying instead on subjective visual assessments or expert judg-
ments, leading to potential inaccuracies.

A computational algorithm is realized in the form of a computational
process to discriminate the colors, which fix the problems of efficiency and
accuracy to some extent. For monochromatic schemes, Caelin applied the
K-means algorithm to discriminate red dye mixtures in woolen historical
textiles, but the method proved effective only for single-color samples,
limiting its applicability to broader datasets17. Similarly, Kaplan proposed a
color image processing technique to differentiate natural-indigo-dyed fab-
rics from synthetic alternatives but restricted analysis to only two categories
(light blue anddeepblue), insufficient fordistinguishing awider spectrumof
colors18. For polychromatic schemes, Dorozynski utilized deep learning
(DL) algorithms to analyze European silk textiles, achieving high accuracy
but requiring an extensive dataset of 80,880 images, which is impractical for
historical garments with limited samples19. Zhao et al. applied K-means
clustering to analyze the color characteristics of Yi costumes but arbitrarily
selected the number of clusters, potentially leading to inaccuracies20.
Cerrillo-CuencausedGaussianMixtureModels (GMM) to emphasize color
separation of rock paintings with RGB and LHCUv (Luminance, Hue,
Chroma) imagery21. Intharah proposed the GMM to segment characters
frommural images automatically by discriminate the colors and detect the
edges of the characters22. Zhou applied GMM to recognize, segment, and
restore the color details of mural images23. The colors of rock paintings and
mural in these studies both appear to be monochromatic, and located in a
certain small region with limited dataset, and GMM well manage these
situations. It is noted that GMM offer a more common, flexible, and data-
driven approach to color discrimination andovercome several limitationsof
the aforementioned algorithms. Regarding the problem of the suboptimal
results of predetermined clusters, GMMoffers flexibility in determining the
number of clusters instead of assuming spherical clusters, offering a more
advanced soft clustering approach. Regarding the requirement of both
smaller and large-scale projects, GMM accommodates datasets of varying
sizes24. Even though GMM has not yet been quite applied in the heritage
apparel and accessories, it is potential to deal with the color discrimination
in this area.

In this paper, the study aims to address the issues of inefficiency,
inaccuracy, and unsystematic discrimination of colors in heritage
textile and accessories. In order to do so, more suitable computational
algorithms were applied to develop a color discrimination model. This
model was designed to be applied in both small and large scale of the
dataset and scenarios where monochromatic and polychromatic color
schemes were both available. These images can be collected as clear and
many as possible from various places, such as personal photographs or
collected from papers, books, or multiple online resources. Particu-
larly, the model can be used in both academic research related to
heritage studies of apparel and accessories, as well as in practical
applications for the preservation and restoration of heritage apparel
and accessories. The rest of the paper is organized as follows: the sec-
ond section is themethodology for developing the color discrimination
model. The third section interprets the results. The last section is the
discussion.

Methods
The research framework of the methodology consists of two main phases
regarding the model development and the case study. For the model
development, it integrates two steps regarding data process with Bigjpg, PS,
and FCM, and the data analysis with the Elbowmethod and GMM. For the
case study, it includes two steps regarding the application of the developed
model and model validation. The overall research frame work is demon-
strated in Fig. 1.

Color discrimination model development
To collect the images of heritage apparel and accessories as input data,
methods as literature review and field investigation are conducted for col-
lecting images. For the former one, books, articles, and online sources are
looked up, and images for heritage apparel and accessories can be collected.
In particular, the images collected from literature review are most complete
and undamaged among existing remains. For the latter one, images are
collected by photographing heritage apparel and accessories wearing by
certain wears’ like minority groups in various contexts.

Images collected from books, articles, online sources, and museum
photographs often show some information loss, including color distortion
and lowpixel resolution25. This information loss is due to either the quality of
the original images or improper photography26. To ensure that the collected
images are standardized therefore themodel’s robustness, preprocessing steps
are implemented to address variations in lighting, resolution, and image
clarity. Particularly, Both AI-powered andmanual methods are employed to
preprocess the input collected images and output the optimal ones. AI-
powered one offers high precision and efficiency for the image restoration,
and the manual method can deal with the images that require complex
adjustments, such as correcting intricate details or addressing characteristics
that AI may overlook27. In this study, Bigjpg program as an AI-powered
method and Adobe Photoshop as amanual tool are applied. Bigjpg program
features deep learning algorithms analyzing the textures, colors, anddetails of
thedamaged images andperforms tasks suchas scratch removal,missingarea
reconstruction, andnoise reduction to improve the image quality. Photoshop
is applied todealwith certain colors deviating from intendedappearance. The
original collected images of the heritage apparel and accessories are intro-
duced in the Bigjpg program as input to automatically improve the quality of
the images, then being optimized by Photoshop and output to be quality-
improved images.

Even though the aforementioned images are preprocessed, they may
contain complex backgrounds that display various environmental colors.
These complexities may impact the color discrimination results by incor-
porating background colors into the analysis. Thus, the preprocessed data are
fed into theFuzzyC-Means (FCM)algorithmas input in this study inorder to
segment the images of heritage apparel and accessories, isolating main
regions, and output images with apparel and accessories dominating. FCM
algorithm is awild-usedunsupervised algorithmbasedon fuzzy theory, and it
was selected for its ability to assign a degree of membership to each pixel
across multiple clusters, offering flexibility when processing images with
blurred boundaries, especially for heritage apparel with colorful fabrics and
faded regions28–31. The objective function of the FCM algorithm is defined as:

J ¼
XC
i¼1

Xn
j¼1

Xd

k¼1

uαijkjjxjk � Cikjj2 ð1Þ

Here, jjxjk � Cikjj2 denotes the distance between the kth component of
the jth pixel and the corresponding component of the ith cluster center. uijk
demotes the membership degree of pixel xjk to cluster kcik denotes the
Centroid of cluster k. The parameter α > 1 controls the degree of fuzziness.
The algorithm is subject to the following constraint:

XC
i¼1

Xd

k¼1

uαijk ¼ 1; j ¼ 1; 2; 3; . . . ; n ð2Þ

Fig. 1 | The overall research framework of the methods.
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Using the Lagrange multiplier method, the cluster centers and new
membership functions are updated iteratively:

Cik ¼
Pn

j¼1u
α
ijkxjkPn

s¼1u
α
isk

; i ¼ 1; 2; 3; . . . ; c; k ¼ 1; 2; 3; . . . ; d ð3Þ

uijk ¼
1

Pd
h¼1

Pc
s¼1ð

dijk
dsjh
Þ

2
ðα�1Þ

; j ¼ 1; 2; 3; . . . ; n ð4Þ

After completing these steps, the membership values of each pixel
across all components are summed to obtain:

uij ¼
Xd

k¼1

uijk ð5Þ

The algorithm iterates the membership values until the difference
between consecutive iterations for both samples xj and cluster centersCi falls
below a predefined error threshold, indicating convergence to an optimal
solution. Once the convergence criteria are met, the algorithm terminates
and outputs the segmented image.

In order to develop the color discrimination model for heritage
apparel and accessories, color cluster is essential to be conducted, and
the determination of number for color clusters becomes critical. The
Elbow method provides a data-driven mechanism for determining the
optimal number of clusters k. This prevents both under and over
clustering, which is especially important when analyzing highly diverse
and visually complex apparel and accessories, and it is proved to be
effective when combining with GMM32–35. In particular, it evaluates the
sum of squared errors (SSE) across different k values to determine
through the segmented images as input, where adding more clusters
yields diminishing improvements in segmentation. This ensures that
all meaningful colors are identified without introducing unnecessary
complexity or noise36. The SSE is calculated as:

SSE ¼
Xk
i¼1

X
x2Ci

k x � μi k2 ð6Þ

where Ci is the set of points in the ith cluster, and μi is the centroid of that
cluster, and k is the number of clusters being evaluated. As the number of
clusters increases, the SSE decreases. The optimal k is determined by
identifying the “elbow point” in the SSE curve, where the decrease begins to
flatten.This balance helps capture bothdominant and subtle colors found in
various layers of heritage apparel and accessories.

GMM was chosen over other methods for its capacity to model non-
spherical andoverlapping color distributions, typical inheritage apparel and
accessories imagery. The soft assignment andprobabilistic frameworkmake
GMM better suited to identify nuanced hues and subtle chromatic varia-
tions. It can cluster the main colors and their color characteristics of the
heritage apparel and accessories as output through the segmented images as
input, according to the clusters k determined by the Elbow method37. The
GMM assumes that the dataset follows a mixture of k Gaussian distribu-
tions, where each distribution represents a color cluster. Initially, the image
data are transformed into the RGB color space, where each pixel xi is
represented by its red, green, and blue components. The initial parameters,
including themeans μi, covariancematrices

P
i, andmixing coefficients πi,

are set. The clustering process uses the Expectation-Maximization (EM)
algorithm. During the E-step, the posterior probability γij for each pixel xi
belonging to cluster j is calculated as follows:

γij ¼
πjNðxi μk;

P
jÞ

��
PK

k¼1xkNðxi μk;
P

kÞ
�� ð7Þ

whereNðxi μk;
P

jÞ
�� denotes the probability density function of a Gaussian

distribution with mean μj and covariance matrix
P

j. In the M-step, these
probabilities were used to update the parameters:

μj ¼
Pn

i¼1γijxiPn
i¼1γij

;
X

j ¼
Pn

i¼1γijðxi � μjÞðxi � μjÞTPn
i�1γij

; πj ¼
Pn

i¼1γij
n

ð8Þ

where n is the total number of pixels. These steps are repeated until the
change in the log-likelihood function fell below a predefined threshold,
indicating convergence. It is noted that depending on the complexity and
variety of colors, the number of GMM clustering can be increased. The
initialGMMclustering can be performed to capture the color characteristics
specific to a single image. The subsequent clustering can be applied to
determine themain colors among a set of images. The determination of the
number of clusters k in the subsequent clustering can be simplified, such as
by employing expert panel and so on. Once the GMM clustering is
completed, the results of regular color spaces as RGB and HSV regarding
eachcluster canbe calculated. Furthermore, themore characteristics of color
ratios, the LAB color space, color Euclidean distance, and color co-
occurrence frequencywere calculated based on the determinedRGB so as to
unify the color space.

Color ratio refers to the proportion of different colors present in the
images, reflecting the composition of the items. The color ratios were
computed to determine the proportion of pixels in each cluster, calculated
as:

Ratioj ¼
Number of pixels in cluster j

Total number of pixels
ð9Þ

The LAB color space is a color model based on human visual per-
ception, dividing colors into three components, which is lightness (L*), the
red-green opponent channel (a*), and the yellow-blue opponent channel
(b*). To further explore the characteristics of the clustered colors, they were
mapped to the LAB color space based on the RGB values that were calcu-
lated before, offering insights into their distribution in terms of lightness
(L*), green-red (a*), and blue-yellow (b*) channels38.

Color Euclidean distance refers to the straight-line distance between
twocolorpoints in amultidimensional color spacebasedon theprinciples of
Euclidean geometry. The similarity between colors is measured using this
Euclidean distance in the RGB space:

dij ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðRi � RjÞ2 þ ðGi � GjÞ2 þ ðBi � BjÞ2

q
ð10Þ

where Ri, Gi, Bi are the color components of cluster i. Smaller distances
indicatedhigher similarity between clusters. Color co-occurrence frequency
helps to understand the relationship between colors in the images. It
represents how often pairs of colors appear adjacent to each other. The co-
occurrence frequency between color clusters and is defined as:

Cij ¼
Number of adjacent pixel pairs with colors i and j
Total number of adjacent pixel pairs in the images

ð11Þ

Byconsidering the color characteristics of color ratios, LABcolor space,
Euclidean distances, and co-occurrence frequencies, a detailed under-
standing of the color discrimination for heritage apparel and accessories can
be achieved as the outputs of the proposed color discrimination model.

Model application with Bonpo apparel and accessories
In order to validate the model, this study conducts a case study on Bonpo
apparel and accessories. Bonpo apparel and accessories are traditional
garments associated with the indigenous Bon religion in Tibet (Xizang),
reflecting history and cultural identity. These garments feature a complex
color palette including monochromatic hues such as red and brown, and
polychromatic hues like blue and yellow. This allows for the simultaneous
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evaluation of the model’s ability to distinguish between similar and con-
trasting colors. Moreover, due to the historical decline of the Bon religion
and the aging of physical artifacts, very few original Bonpo garments have
been preserved. As a typical example of heritage apparel and accessories,
Bonpo apparel and accessories present challenges in color discrimination
using conventional methods. Therefore, using it as a case study provides a
more effective way to evaluate the model’s performance.

To apply the proposed model to Bonpo apparel and accessories, this
study investigates the Changdu Monastery, Yongzhong Lading Guangfa
Temple, Yongzhong Zuopinlin Temple, and Jiewayong Zhongdajiling
Temple (Fig. 2) areas of U-Tsang, Amdo, and Kham in China39, where
Bonpo apparel and accessories aremainly distribute.Moreover, images also
are collected from Bon museums in these areas. Since the color dis-
crimination model in this study is mainly to discriminate the colors among
many colors from every single piece of Bonpo apparel or accessory, images
that have single-color apparel and accessory are ought to be removed to
ensure that the color discriminationmodel could effectively analyze a range
of co-occurring colors within each image. This can avoid a disproportionate
representation of single-color features in the dataset and further focus on
images where multiple colors could be analyzed for their relationships and
characteristics.

Once the images are obtained, AI-powered and manual methods will
be applied for preprocessing, which includes scratch removal, missing area
reconstruction, and noise reduction to enhance image quality. After pre-
processing, the Fuzzy C-Means algorithm is employed to segment the
images, effectively separating the Bonpo apparel and accessories from the
background while improving the quality of the segmented regions. To
determine the optimal number of clusters for color segmentation, the elbow
method is applied to estimate the appropriate k value. The segmented
images are then processed using the GMM algorithm, which extracts key
color characteristics. These characteristics include RGB and HSV values,
color ratios, LABcolor space information,Euclideandistances, and color co-
occurrence frequencies. This comprehensive approach ensures a detailed
and structured analysis of the color attributes present in Bonpo apparel and
accessories.

Model validation with Bonpo apparel and accessories
To ensure the reliability and applicability of the developed color dis-
crimination model regarding Bonpo apparel and accessories, this study
conducts a multi-step validation process including accuracy validation and
practical application potential validation. The validation of accuracy is
conducted by t-test validation and expert evaluation. The practical appli-
cation potential is conducted by color redesign toward Bonpo apparel.

T-test validation is achieved by comparing the RGB andHSV values of
colors generated from datasets of different sizes. Specifically, after dis-
criminate the color of Bonpo apparel and accessories regarding the full
dataset, another part of dataset was randomly selected, and the same color
discriminationmethodwas applied.The extracted colors are then compared
with those obtained from the full dataset. A t-test is conducted to evaluate
the statistical differences between the RGB and HSV values of the two
datasets, with the results determiningwhether the clustered colors remained
consistent across different sample sizes.

Expert evaluation is conducted to assess the accuracy, fidelity, and
cultural symbolism of the identified colors. In particular, accuracy refers to
the precision with which the model detects and classifies the dominant
colors present in the digital images of Bonpo heritage apparel and acces-
sories. Fidelity reflects the degree of similarity between the colors identified
by the model and the human-perceived original expression as judged by
domain experts. Cultural symbolism refers to the extent to which the
identified colors aligned with Bonpo cultural traditions. A panel of experts,
including scholars specializing in religious clothing culture, Bon historians,
and Tibetan traditional handicraft practitioners, are invited to provide
assessments. Using a five-point Likert scale, they will rate the accuracy,
fidelity and cultural symbolism regarding totally acceptable, acceptable,
neutral, unacceptable, and totally unacceptable. In particular, totally
acceptable reveals that the result is fully consistent with expert expectations.
Acceptable infers to that the result is generally correct. Neutral refers to that
the result is ambiguous or only partially aligned.Unacceptable indicates that
the result shows clear inconsistencies or noticeable flaws that reduce its
reliability. Totally unacceptable means that the result does not meet basic
expectations and is not considered usable. To further refine the evaluation,

Fig. 2 | Location of remnants of Bonpo apparel and accessories.
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the entropy weight method is employed to quantify the relative importance
of these criteria. This structured assessment ensures that themodel not only
captures the technical aspects of color identification but also maintains
cultural authenticity, making it a valuable tool for analyzing heritage
apparel.

Beyond the validation of accuracy, the model’s practical application
potential is examined through a color redesign for Bonpo apparel. A tra-
ditional Bonpo garment structure is selected, and a renewed color scheme is
developed based on the extracted colors. The process involves analyzing the
hues in HSV space to ensure diverse representation, selecting colors based
on their ratio and co-occurrence patterns, and assigning them to specific
garment regions in a balanced manner. Regarding the hue in HSV, colors
from all hues should be considered. Regarding the color ratio and color co-
occurrence frequency, the specific colors from each hue are selected.Within
each hue, the color with the highest ratio is chosen as the primary color, and
the color with the highest co-occurrence rate with the primary color is
selected as the secondary. Then, the colors are assigned to the regions
according to their ratios and the area of the region; the high their ratios are,
the large the area of the religion they will be fill in. Finally, a 3D model is
generated to visualize the redesigned garment, demonstrating the model’s
effectiveness in guiding the application of color in traditional apparel. This
highlights the model’s capability not only to classify colors accurately but
also to inform design decisions, making it a valuable tool for preserving and
revitalizing cultural heritage through color analysis and application.

Results
Color discrimination model
The developed color discrimination model includes several sections with
data acquisition, k determination, and color discrimination algorithm. In
particular, the data acquisition section provides the necessary input for the
model by collecting, improving, and segmenting images of heritage apparel
and accessories. These segmented images serve as input for both the k
determination and the color discrimination algorithm. In the k determi-
nation section, the segmented images areprocessedusing the elbowmethod,
which analyzes the SSE across different cluster numbers. This section
determines the optimal k value, ensuring accurate color classification in the
section of color discrimination algorithm. The color discrimination algo-
rithm mainly includes the GMM to categorize colors into distinct clusters
based on the segmented images and the optimal k value. The extracted color
characteristics include RGB and HSV values, color ratios, LAB color space

information, Euclidean distances, and color co-occurrence frequencies,
enabling a comprehensive and systematic analysis of heritage apparel colors.

Each section in this model is inherently interconnected. Accurate
image segmentation directly influences the effectiveness of the GMM
clustering, as well-segmented images improve the model’s ability to
analyze relevant regions. Likewise, the optimal k value determined by
the elbow method ensures that the GMM effectively and objectively
classifies colors. Finally, the color discrimination algorithm relies on
GMM clustering results to generate meaningful color metrics. Toge-
ther, these integrated sections form a robust and adaptable framework
for accurately identifying and analyzing colors in heritage apparel and
accessories. The overall structure of the color discrimination model is
presented in Fig. 3.

Color discrimination for Bonpo apparel and accessories
More than 150 images were initially collected, and 86 images were qualified
and were selected for the subsequent color discrimination. Examples of the
selected images are present in Table 1.

Figure 4 is three samples of high-precision image restoration achieved
using Bigjpg and Photoshop. In particular, Fig. 4(a) is robe of monks
wearing, Fig. 4(b) is costume wearing by performers in Bonpo ceremony,
Fig. 4(c) apparel wearing by Bonpo masters. Figure 5(a)–(c) presents the
FCM segmentation results of three samples toward the images in Fig. 4,
respectively.

Figure 6 shows the SSE curves for the images in Fig. 5, with elbow
points at k = 2, k = 6, and k = 3 for images Fig. 5(a)–(c), respectively. This
suggests optimal cluster number of 2, 6, and 3, aligning with the colors in
Bonpo apparel and accessories in Fig. 5.

By employing GMM, a color discrimination for Bonpo apparel and
accessories was conducted. In particular, the names of the colors were
assigned based on a comparison with the Pantone color system and refer-
ences to daily regular names for the colors. Figure 7 presents the color
clustering results for Fig. 5 based on the k values identified in Fig. 6. Figure
7(a) captures the dominant red and subtle orange of Fig. 5(a) in terms of
their RGB or HSV. Similarly, Fig. 7(b) reflects the diverse colors in Fig. 5(b)
based on their colors of RGB and HSV, including deep red, light beige, and
warm beige, along with light taupe, light brown, and red. Figure 7(c) cap-
tures the deep red, light orange, and deep orange combination of Fig. 5(c). It
is noted that with RGB and HSV, all colors can be identified with a specific
color name.

Fig. 3 | The overall structure of the color discrimination model.
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Figure 8 shows the results of the initial GMM clustering toward all the
86 images. The wide range of identified colors indicates the complex palette
in Bonpo apparel and accessories.

The above was the initial clustering of the images, and the second
clustering was performed based on Fig. 8 to obtain the main colors of all 86
selected images of Bonpo apparel and accessories. Based on the expert panel
method, this study decided to use the consensus-based values of k = 10 and
k = 20 to achieve the second color clustering, respectively. In Table 2, the 10
clusters emphasize the dominant colors in terms of their RGB and HSV,
such as reds, beiges, yellow, browns, taupe, and a single blue. These tones
reflect the typical hues seen in the Bonpo apparel and accessories. The
inclusion of blue and ochre yellow highlights colors associated with high-
level masters’ apparel and accessories. Table 3, with 20 clusters, captures
additional subtle variations by breaking down dominant tones of Table 2

into smaller gradations, offering greater granularity for applications that
require detailed color differentiation.

Table 4 presents the color ratios of the 10 main clustered colors from
Table 2. The first 6 colors were primarily earthy tones, which aligns with the
fact that Bonpos almost wear apparel and accessories that consist of color
like beiges, taupes, browns, and reds40. The last 4 colors in Table 4 are a mix
of yellow, sienna red, and blue, providing vibrant and light accents that
contrast with the muted tones.

The distribution of these 10 colorswithin the LAB color space is shown
in Fig. 9. In terms of lightness (L*), Bonpo apparel and accessories fall
between 10 and 80. Light beige has relatively high brightness values, while
blue, reds, yellow, taupe, and browns range from10 to 60.Dark brown, close
to black, show the lowest brightness values. In terms of the red-green
opponent channel (a*), most colors in Bonpo apparel and accessories are

Table 1 | Examples of the selected images for different characters

Location Monks Masters Yogis Performers Priests

Yongzhong Lading Changdu Monastery

Yongzhong Zuoqinling Temple

Guangfa Temple

Jiewayong Zhongdajiling Temple

Museum

Fig. 4 | Results of preprocessing for three samples.
a Robe of monks wearing, b costume wearing by
performers in Bonpo ceremony, c apparel wearing
by Bonpo masters.
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Fig. 5 | Results of FCM segmentation for three
samples. a FCM segmentation for the robe ofmonks
wearing, b FCM segmentation for the costume
wearing by performers in Bonpo ceremony, c FCM
segmentation for the apparel wearing by Bonpo
masters.

Fig. 6 | SSE curve for three samples. a SSE curve of Fig. 5(a) b SSE curve of Fig. 5(b) c SSE curve of Fig. 5(c).

Fig. 7 | The clustering result for three samples. a Clustering result of Fig. 5(a)
b Clustering result of Fig. 5(b) c Clustering result of Fig. 5(c).

Fig. 8 | Results of the initial clustering for 86 images.

Table 2 | Colors in the second clustering with k = 10

No. Color Name R G B H (°) S (%) V

1 Warm beige 174 141 129 16 26 174

2 Deep red 100 34 31 3 69 100

3 Ochre yellow 206 138 73 29 65 206

4 Light beige 212 197 185 26 13 212

5 Sienna red 181 78 74 2 59 181

6 Dark brown 44 23 23 359 47 44

7 Cerulean blue 65 102 170 219 61 170

8 Light taupe 139 108 100 12 28 139

9 Rust brown 85 63 62 2 27 85

10 Mahogany 139 72 57 11 58 139
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concentrated within a value of 15, while on the yellow-blue opponent
channel (b*), they primarily fall between 40 and 50.

As is demonstrated in the Fig. 10, colors that are closer to each other in
the matrix (darker cells) share more similarity in terms of RGB. For
example, the small distance betweenColor₁ (Warmbeige) andColor8 (Light
taupe) (26.56) and Color2 (Deep red) and Color10 (Mahogany) (29.38)
suggests these colors are quite similar. Large values such as Color₂ (Deep
red) and Color3 (Ochre yellow) with 115.9 or Color₇ (Cerulean blue) and
Color9 (Rust brown) with 139.6 indicate that these color pairs are quite
different.Colors likeColor₅ (Sienna red) andColor6 (Darkbrown)orColor2
(Deep red) and Color6 (Dark brown) have relatively small distances from
each other, suggesting they belong to a similar color family. Color4 (Light
beige) shows higher distance values with many other colors, which might

indicate it represents a unique hue or significantly different tone from
the rest.

Figure 11 displays the heatmap and data of color co-occurrence
regarding the 10 main clustered colors in Table 2, highlighting high fre-
quencies for Color3 (Ochre yellow) with Color7 (Cerulean) and Color8
(Light taupe), at 0.6 and 0.7, respectively. These pairs likely represent well-
coordinated color combinations in the image. The pair of Color2 (Deep red)
and Color4 (Light beige) has a frequency of 0.01, indicating that they rarely
appear together. Particularly, Color3 (Ochre yellow) acts as a key connector
color, with high co-occurrence across multiple pairs. It appears frequently
with other neutrals and warm tones, such as Color1 (Warm beige), Color2
(Deep red), and Color4 (Light beige), providing balance. In addition, the
suggested color pairs align with the situation that collected images reflect,
since the light beige, warm beige, and deep red are mostly used colors in the
apparel and accessories worn by Bonpo covering all kinds of position and
occasions.

Table 4 | Color ratios of Bonpo apparel and accessories

Name Light beige Warm beige Mahogany Dark brown Rust brown

Color

Ratio 0.206 0.120 0.120 0.110 0.106

Name Light taupe Ochre yellow Sienna red Deep red Cerulean blue

Color

Ratio 0.092 0.072 0.072 0.066 0.036

Table 3 | Colors of the second clustering with k = 20

1 2   3    4   5    6    7   8    9   10  11  12   13   14  15   16  17   18  19  20

Fig. 9 | LAB color space distribution.

Fig. 10 | Color Euclidean distances matrix.

https://doi.org/10.1038/s40494-025-01854-0 Article

npj Heritage Science |          (2025) 13:289 8

www.nature.com/npjheritagesci


The average execution time, average clustering error and average sil-
houette score, and average Davies-Bouldin index (DBI) for the first clus-
tering and the secondclustering inGMMarepresented inTable5. It is noted
that both clustering operations have relatively short execution times, the
average clustering errors and DBI are low, the silhouette scores are high,
indicating good performance in the clustering work.

In Fig. 12, the discriminated colors and their characteristics, such as
color appearance, color ratios, co-occurrence frequency, and the Euclidean
distances, are generated to build an overall color network for Bonpo apparel
and accessories. First, the discriminated colors are arranged in a counter-
clockwise direction based on their color ratios, with larger size color nodes
representing higher color proportions. The thickness of the connecting lines
between color nodes reflects the co-occurrence frequency, where higher co-

occurrence frequencies result in thicker lines. Particularly, the colors with
co-occurrence frequency over 0.30 were generated to conduct the con-
necting lines32. TheEuclideandistances are labelednear the lines, with larger
values indicating greater spatial separation 6.

Model accuracy for Bonpo apparel and accessories
For the t-test validation, this study randomly selected 10 images of Bonpo
apparel and accessories and introduced them to the previous color dis-
crimination steps, and compare theRGBandHSVvalues of clustered colors
from 86 and 10 images (Table 6). The results of t-test were demonstrated in
Table 7, showing that all the p-values for the RGB and HSV channels are
greater than 0.05, and indicating no significant differences in the means of
the RGB and HSV channels between the two groups. This supports the
conclusion that the two sets of colors are statistically similar in terms of their
RGB and HSV values. Thus, the color discrimination model is valid.

Moreover, Table 8 shows the distribution of expert ratings for the
accuracy, fidelity, and cultural symbolism of the identified Bonpo colors. The
ratings indicate a strong consensus towards higher acceptability with 60%,
50%, and 60% experts, respectively. Table 9 presents the entropy weight and
imply that for this evaluation, maintaining accurate color discrimination
(42.036%) and ensuring cultural symbolism (26.026%) are more prioritized
over the fidelity (31.938%). Table 10 displays the membership degrees and
their normalized weights, it shows that “totally acceptable” and “acceptable”
dominate the evaluation, and “Totally Acceptable” holds the highest nor-
malized weight (0.412), followed by “Acceptable” (0.392). This indicates that
higher levels of acceptability significantly influence the overall assessment.

Figure 13(a) and Fig. 13(b) are the selected structure of the front and
back of regular apparel for divine dancers in Bon, respectively. Figure14(a)
presents the pattern of the structure in the Fig.13, which suggests the area of
each coloring regions. Figure 14(b) symmetrically demonstrated 1–7 labels
for coloring regions according to the area of each region regarding the
pattern presented in Fig.14(a).

Fig. 11 | Heatmap and the specific data of the co-occurrence.

Table 5 | The effectiveness of the GMM

Item The first clustering The second clustering

Average execution time/s 0.0185 6.2260

Average clustering error 0.5813 0.2907

Average silhouette score 0.5497 0.6366

Average DBI 0.5126 0.4378

Fig. 12 | The color network for Bonpo apparel and accessories.

Table 6 | RGB and HSV values generated from 10 images

No. Color R G B H (°) S (%) V

1 218 197 188 17 13 218

2 57 150 222 206 74 222

3 193 51 76 349 74 193

4 45 22 20 5 55 45

5 221 137 22 35 90 221

6 94 59 52 10 45 94

7 180 134 113 17 37 180

8 156 34 12 9 92 156

9 149 88 65 16 57 149

10 122 144 161 207 24 161

Table 7 | T-test results of RGB and HSV values

Channel R G B H S V

p-value 0.7401 0.8144 0.9293 0.7262 0.3104 0.4572
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This study first analyzed the hue of the 10 colors using hue color
wheel in Fig. 15. As is noted in Fig. 15 there is yellow hues consisting of
light beige and warm beige, rust hues consisting of rust brown, light
taupe and ochre yellow, red hues consisting of sienna red and deep red,
and blue hues of cerulean blue. Then, this study determined the 7 colors
from each hue for an even distribution. However, given that the blue
hues contain only one color, this study incorporated two colors each
from the yellow, rust, and red hues to achieve the desired balance in the
color scheme. In the yellow hues, light beige andwarm beige are selected.
For the red hues, mahogany has the largest ratio, with dark brown as its
highest co-occurring color. In the rust hues, rust brown holds the highest
ratio, with ochre yellow as its closest match by co-occurrence, while
cerulean blue represents the blue hues. Finally, the colors were assigned
to the regions according to their ratios and the area of the region. Par-
ticularly, the yellow hues comprise 32.6% of the total, the rust hues
17.8%, the red hues 23%, and the blue hues 3.6%. Following this dis-
tribution, colors are accordingly applied first in the regions of the apparel
structure. Based on these steps, the color design scheme was developed
and presented in the Table 11. The 3D model of the color design result
regarding the Bonpo apparel in Fig.11 is presented in Fig. 16.

Discussion
In this paper, the computational algorithms including FCM, Elbowmethod,
andGMMwere applied to develop a color discriminationmodel for heritage
apparel and accessories, and introduce Bonpo apparel and accessories as case
study to validate the model. This color discrimination model with color
characteristics of color ratios, LAB color space, color Euclidean distance, and
color co-occurrence frequency, accurately discriminated the color of heritage
apparel and accessories. Moreover, the objective validation regarding t-test,
subjective validation regarding expert panel, and color redesign application
were conducted tovalidate theaccuracyandapplicablepotential of themodel.

The following conclusions can be drawn from the results: (1) evenwith
limited and low-quality resources and complex color compositions
regarding monochromatic schemes and polychromatic schemes, the com-
putational algorithm-based color discrimination model can accurately,
systematically, and comprehensively identify the color characteristics of
heritage apparel and accessories. (2)The results fromthismodel canprovide
valuable data support for the application and redesign of the colors
regarding heritage apparel and accessories.

The main contributions of this study are as follows: (1) the developed
color discrimination model enables more accurate and efficient analysis of
heritage apparel and accessories’ colors, supporting further theoretical
researchon color-related cultural heritage anddesign; (2) thismodel provides
a practical tool for the digital preservation, restoration, and innovative utili-
zation of heritage apparel and accessories regarding color characteristics,
facilitating accurate its application in museum and contemporary fashion
design.

The work nevertheless has some limitation and deserve further dis-
cussion. The first limitation is that the model relies heavily on centralized
clustering assumptions as GMM’s Gaussian distributions, which may over-
simplify color distributions in few heritage apparel and accessories with non-
linear or fragmented patterns as degraded dyes or mixed materials. Future
work could integrate non-parametric clustering algorithm to address this.
The second limitation is that the study only focuses on typical datasets and
scenario, which may not fully reflect the applicability of this study on the
overall heritage apparel andaccessories. Futureworkcould expanddatasets to
unearthed heritage apparel and accessories and more scenarios across mul-
tiple heritage apparel and apparel besides Bonpo garment. Moreover, future
work could further implementMachine Learning (ML) andother techniques

Table 8 | The statistics of the rating results

Item Totally acceptable acceptable Neutral Unacceptable Totally unacceptable

Accuracy 0.6 0.4 0 0 0

Fidelity 0.5 0.3 0.2 0 0

Cultural symbolism 0.6 0.3 0.1 0 0

Table 9 | Entropy weight method calculation results

Item Information
entropy (e)

Information
utility (d)

Weight

Accuracy 0.418 0.582 0.42

Fidelity 0.64 0.36 0.26

Cultural
symbolism

0.558 0.442 0.32

Table 10 | Membership degree and normalized weight results

Item Totally acceptable acceptable Neutral Unacceptable Totally unacceptable

Membership degree 0.420 0.400 0.200 0 0

Normalized membership degree 0.412 0.392 0.196 0 0

Fig. 13 | The apparel structure to be colored. a Front side of the structure b back
side of the structure.
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to process the image data and develop adaptive algorithms for theme color
extractionandcontext-awarepalette generation tailored to cultural aesthetics.

Data availability
The image data used and analyzed during the current study are not publicly
available due to participant privacy concerns. However, anonymized or
representative processed data may be available from the corresponding
author upon reasonable request and with appropriate ethical clearance.
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