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Abstract. Fish-skin painting is an important form of Hezhe intangible cultural 

heritage, yet its preservation faces challenges such as fragile materials, tacit man-

ual skills, limited teaching resources, and geographically constrained exhibitions. 

This paper proposes an AI-assisted multimodal reconstruction framework inte-

grating high-resolution image acquisition, 3D surface recording, process-video 

annotation, feature encoding, skill-comparison modeling, and cross-media de-

ployment. Based on the Fuyuan case, the study analyzes more than 200 digitized 

works, records of 5 inheritors, over 2,000 student participants, 100,000+ annual 

visitors, 500,000+ livestream viewers, 80+ cultural creative products, and 50+ 

study-tour groups. Indicator calculation shows that the ratios of student partici-

pants to digitized works, livestream viewers to offline visitors, and cultural crea-

tive products to digitized works are about 10:1, 5:1, and 0.4:1, respectively. The 

results indicate that computational reconstruction can transform fragile craft ob-

jects and tacit knowledge into searchable, measurable, teachable, and reusable 

digital resources for the living transmission of fish-skin painting. 

Keywords: fish-skin painting; intangible cultural heritage; computational re-
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1 Introduction 

Intangible cultural heritage is maintained through continuous practice, teaching, inter-

pretation, and public participation[1]. For fish-skin painting, traditional preservation 

methods based on exhibition, oral instruction, and physical storage are insufficient be-

cause fish skin is fragile, sensitive to humidity and fading, and difficult to teach through 

text alone. The craft process, including material selection, tanning, cutting, collage, 

sewing, and finishing, depends heavily on embodied knowledge and long-term appren-

ticeship. 

Existing studies have discussed image archiving, 3D reconstruction, digital story-

telling, and online dissemination in intangible cultural heritage protection[2-4]. However, 
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many projects still treat digitalization as static storage rather than computational repre-
sentation. For computer-related research, the key question is not only how to digitize 
fish-skin painting, but how to encode, compare, retrieve, evaluate, and reuse its visual 
and procedural features. 

This paper therefore proposes an AI-assisted reconstruction model. The main con-
tributions are as follows: 

1. A multimodal data model is built for fish-skin painting, integrating image, 3D, 
video, metadata, and cultural-semantic information.  

2. A feature representation method is proposed to encode texture, color, contour, 
motif, and process information.  

3. An AI-assisted skill evaluation model is designed to compare learner works with 
reference works.  

4. A case-based evaluation is conducted using Fuyuan fish-skin painting data. 

2 Multimodal Data Representation and Reconstruction 
Framework 

Fish-skin painting contains material texture, manual traces, symbolic motifs, and pro-

 

cess knowledge. Therefore, a single image archive cannot fully represent its cultural 
and technical value. As shown in Fig. 1, this study constructs a multimodal reconstruc-
tion framework covering data acquisition, feature extraction, structured storage, skill 
comparison, and cross-media reuse. 

Fig. 1. Digital Reconstruction Framework of Fish Skin Painting. 

Each digital object is defined as a multimodal unit: 

𝑂𝑂𝑖𝑖 = {𝐼𝐼𝑖𝑖 ,𝑃𝑃𝑖𝑖 ,𝑉𝑉𝑖𝑖 ,𝑀𝑀𝑖𝑖 , 𝑆𝑆𝑖𝑖} 

where 𝐼𝐼𝑖𝑖 denotes high-resolution image data,𝑃𝑃𝑖𝑖 denotes 3D point-cloud or surface-relief 
data, 𝑉𝑉𝑖𝑖 denotes process-video data,𝑀𝑀𝑖𝑖 denotes metadata, and 𝑆𝑆𝑖𝑖 denotes semantic cul-
tural annotation. 



vector: 
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For computational processing, each work is further encoded as a feature 

𝐹𝐹𝑖𝑖 = [𝑇𝑇𝑖𝑖 ,𝐶𝐶𝑖𝑖 ,𝐺𝐺𝑖𝑖 ,𝑅𝑅𝑖𝑖 ,𝑄𝑄𝑖𝑖] 

where 𝑇𝑇𝑖𝑖 represents texture features, 𝐶𝐶𝑖𝑖 color features, 𝐺𝐺𝑖𝑖 contour and geometric com-
position, 𝑅𝑅𝑖𝑖 motif category, and 𝑄𝑄𝑖𝑖 process-stage features. This structure allows fish-
skin painting resources to support retrieval, classification, similarity comparison, teach-
ing feedback, and derivative design. 

In the Fuyuan case, the dataset includes more than 200 representative works and 
process records from 5 inheritors. These data provide the basis for computational mod-
eling, indicator calculation, and heritage teaching. 

3 AI-Assisted Feature Extraction 

The feature extraction layer converts visual and procedural information into machine-
readable representations. Texture direction and roughness can be extracted using Gabor 
filters, local binary patterns, or convolutional neural networks. Color relationships can 
be represented in HSV or Lab color space. Contour and composition can be extracted 
by edge detection, segmentation models, or vision transformers[5]. Motif categories can 
be identified using image classification models or image-text models such as CLIP[6], 
while object and region segmentation can be supported by large segmentation models 
such as SAM[7]. For 3D surface data, point-cloud models such as PointNet can be used 
to describe relief and material-layering features[8-10]. 
A simplified extraction process is shown below: 

Algorithm 1. Multimodal Feature Extraction for Fish-Skin Painting 

Input: image I, 3D data P, process video V 
Output: feature vector F 

1. Segment fish-skin painting region from I 
2. Extract texture feature T from local patches 
3. Extract color feature C in Lab/HSV space 
4. Extract contour and layout feature G 
5. Classify motif category R 
6. Annotate process sequence Q from video frames 
7. Return F = [T, C, G, R, Q] 

Through this process, fish-skin painting changes from isolated craft objects into 
structured computational resources. 

4 AI-Assisted Skill Comparison Model 

Traditional craft teaching depends strongly on inheritors’ experience. To support early-
stage learning, this paper introduces an AI-assisted comparison score between learner 
work 𝐿𝐿 and reference work 𝑅𝑅: 
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𝐷𝐷(𝐿𝐿,𝑅𝑅) = 𝑤𝑤𝑡𝑡𝐷𝐷𝑡𝑡 +𝑤𝑤𝑐𝑐𝐷𝐷𝑐𝑐 +𝑤𝑤𝑔𝑔𝐷𝐷𝑔𝑔 +𝑤𝑤𝑟𝑟𝐷𝐷𝑟𝑟 + 𝑤𝑤𝑞𝑞𝐷𝐷𝑞𝑞 

where 𝐷𝐷𝑡𝑡 , 𝐷𝐷𝑐𝑐 , 𝐷𝐷𝑔𝑔 , 𝐷𝐷𝑟𝑟 , and 𝐷𝐷𝑞𝑞  represent differences in texture, color, contour, motif, 
and process sequence. The weights 𝑤𝑤𝑡𝑡 ,𝑤𝑤𝑐𝑐 ,𝑤𝑤𝑔𝑔,𝑤𝑤𝑟𝑟 ,𝑤𝑤𝑞𝑞 can be adjusted by inheritors ac-
cording to teaching priorities. 

For process comparison, dynamic time warping can be used to compare learner op-
eration sequences with expert demonstrations: 

𝐷𝐷𝑞𝑞 = 𝐷𝐷𝑇𝑇𝐷𝐷(𝑄𝑄𝐿𝐿,𝑄𝑄𝑅𝑅) 

The model does not replace human judgment. Instead, it provides interpretable feed-
back such as texture-direction deviation, edge-contour mismatch, color-coordination 
difference, motif-category inconsistency, or process-order error. This can reduce the 
uncertainty of beginner practice and improve teaching efficiency. 

In practical teaching, comparison results can generate graded feedback: texture de-
viation, contour deviation, color deviation, motif deviation, and process deviation . 
Thus, the model provides step-by-step diagnostic feedback beyond a single similarity 
score. This is crucial for intangible cultural heritage education, as beginners struggle to 
identify discrepancies from inheritors’ work. By translating expert experience into in-
terpretable indicators, the system supports repeated practice while leaving final evalu-
ation to human inheritors. 

5 Cross-Media Reuse and Evaluation 

After reconstruction and feature encoding, digital resources can be reused in exhibi-
tions, online communication, school education, cultural creative design, and tourism. 
As shown in Fig. 2, cross-media presentation forms a feedback loop: digital resources 
generate public contact, user participation produces behavioral data, and these data fur-
ther optimize teaching, exhibition, annotation, and design reuse. 

 
Fig. 2. Cross-media Communication Framework of Fish Skin Painting. 
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Compared with ordinary digital display, the computational framework supports eval-
uation-oriented reuse. The evaluation indicators are shown in Table 1. 

Table 1. Evaluation indicators of Fuyuan fish-skin painting digitalization. 

Dimension Indicator Case result 
Digital preservation Digitized representative works 200+ 
Digital preservation Recorded inheritors 5 
Skill transmission Student participants 2,000+ 
Public dissemination Annual visitors 100,000+ 
Public dissemination Livestream viewers 500,000+ 
Value transformation Cultural creative products 80+ 
Value transformation Study tour groups 50+ 
Based on these data, several derived indicators can be calculated to connect the case 

statistics with the computational reconstruction framework. The ratio of student partic-
ipants to digitized works is about 10:1, indicating that each digital work can support 
repeated teaching use. The ratio of livestream viewers to annual offline visitors is about 
5:1, showing that online platforms significantly expand the communication range. The 
ratio of cultural creative products to digitized works is about 0.4:1, suggesting that re-
constructed motifs and cultural resources have been partly transformed into reusable 
design assets. These indicators make the evaluation results more consistent with the 
paper’s data-driven and model-based research design. 

These results show that the Fuyuan project has moved beyond simple archiving. It 
forms a chain from data acquisition and feature representation to indicator calculation, 
teaching feedback, public dissemination, and cultural value transformation. 

6 Discussion 

From a computer-science perspective, the value of the proposed framework lies in three 
aspects. 

First, it transforms fish-skin painting into multimodal cultural data. Image, 3D,
video, and semantic annotations are integrated into a unified data structure, which sup-
ports later retrieval, classification, comparison, and reuse. 

Second, it introduces interpretable feature modeling. Instead of using AI as a black-
box generation tool, the framework connects computational features with craft con-
cepts, such as texture direction, contour accuracy, motif category, and process se-
quence. This makes the model more suitable for heritage teaching. 

Third, it links reconstruction with application evaluation. The framework does not 
stop at model construction but uses preservation, teaching, dissemination, and cultural-
creative indicators to evaluate practical effects. 

However, the current case data are still project-level statistics rather than controlled 
experimental results. Future work should build a labeled fish-skin painting dataset, con-
duct segmentation and classification experiments, and evaluate model performance us-
ing accuracy, precision, recall, F1-score, and user-study indicators. 
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7 Conclusion 

This paper proposes an AI-assisted multimodal reconstruction framework for fish-skin 
painting. The framework represents fish-skin painting through image, 3D, video,
metadata, and semantic annotations, and encodes texture, color, contour, motif, and 
process features. Based on this representation, an interpretable skill-comparison model 
supports teaching feedback and craft transmission, while reconstructed resources can 
be reused in exhibitions, education, online communication, cultural creative design, and 
tourism. 

The Fuyuan case provides a practical data basis, including 200+ digitized works, 5 
inheritor records, 2,000+ student participants, 100,000+ annual visitors, 500,000+
livestream viewers, 80+ cultural creative products, and 50+ study-tour groups. Derived 
indicators show ratios of about 10:1 for student participants to digitized works, 5:1 for 
livestream viewers to offline visitors, and 0.4:1 for cultural creative products to digit-
ized works. The study demonstrates that AI-assisted methods can make fragile materi-
als and tacit craft knowledge more preservable, measurable, teachable, and reusable 
while maintaining inheritors and cultural context as the core of living transmission. 
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