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Abstract: Objective Dongba paintings, as a valuable cultural heritage of the Naxi people, embody rich and diverse emo-
tional expressions through their distinctive symbolic systems, color compositions, and brushstroke techniques. These art-
works integrate religious beliefs, mythological narratives, ritual functions, and collective cultural values, forming highly
abstract, symbolic, and stylized visual representations that differ significantly from natural images and everyday visual

scenes. In Dongba paintings, emotional meanings are often conveyed implicitly through color arrangements, line direc-
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tions, spatial structures, and brushstroke textures rather than explicit semantic objects. Such characteristics pose substan-
tial challenges for automated emotion understanding and multi-label classification. However, most existing vision-language
models are pre-trained under paradigms primarily oriented toward generic object recognition and natural image understand-
ing, emphasizing object-level semantics while overlooking artistic aesthetics. When directly applied to culturally specifie
artworks such as Dongba paintings, these models struggle to establish reliable and fine-grained mappings between multi-
dimensional emotional semantics and the aesthetic characteristics of color structures and brushstroke textures. This discrep-
ancy leads to emotional semantic misalignment caused by domain shift, which severely restricts both classification perfor-
mance and model interpretability in ethnic art scenarios. To overcome these limitations, this paper proposes an emotion
classification method for Dongba paintings that explicitly integrates color and brushstroke features to enhance domain adapt-
ability, representation robustness, and semantic interpretability. Methods Focusing on the unique visual characteristics of
Dongba paintings, particularly their color structures and brushstroke textures, a dual-domain color-brushstroke feature
extraction mechanism is designed. This mechanism jointly leverages spatial-domain representations and frequency-domain
information to capture complementary aesthetic cues, including line orientations, edge distributions, texture patterns, and
structural details that are closely related to emotional expression. Spatial-domain features emphasize global color composi-
tion and structural layout, while frequency-domain features highlight local texture variations and brushstroke details. By
integrating information from both domains, the proposed feature extraction strategy enables a more comprehensive and dis-
criminative representation of artistic aesthetics that are often ignored by generic visual encoders. On this basis, a progres-
sive adaptive fusion architecture is constructed to dynamically balance the contributions of general visual features learned
from large-scale pre-training and domain-specific artistic features extracted from Dongba paintings. Through progressive
fusion, the model can gradually adjust feature importance across different layers, ensuring that culturally relevant aesthetic
features are effectively emphasized while preserving the robustness of general visual representations. This adaptive strategy
allows the model to accommodate stylistic diversity, heterogeneous painting patterns, and variations in artistic expression
across different samples. Furthermore, to address the coexistence of multiple emotions under label-imbalanced conditions,
object category prior knowledge of painting subjects is incorporated into the learning process. Since emotional expressions
in Dongba paintings are often closely associated with depicted symbolic objects, a category-guided cascaded question-
answering reasoning mechanism is introduced. This mechanism strengthens logical consistency, reinforces emotion—object
associations, and improves classification accuracy, robustness, and reliability in complex multi-emotion scenarios.
Results Extensive experiments conducted on a self-constructed multi-label Dongba painting emotion dataset demonstrate
the effectiveness and stability of the proposed method. The model achieves a mean Average Precision (mAP) of 91. 77%
and an exact match accuracy of 84. 81%, outperforming the second-ranked TAI++ model by 1.25% and 8. 86%, respec-
tively. Comparative experimental results show that explicitly modeling color-brushstroke features and incorporating
category-guided reasoning effectively alleviate domain shift, enhance discriminative emotional representations, and pro-
duce more reliable and consistent emotion predictions in culturally specific art contexts. In the visualization experiments,
the proposed dual-domain color-brushstroke feature extractor demonstrates a strong capability to efficiently capture the dis-
tinctive visual characteristics of Dongba paintings. Compared with ResNet-50 and VGG16, whose feature response patterns
mainly focus on local texture extraction, the proposed model can effectively identify color schemes and brushstroke styles
that are closely associated with specific emotional expressions, thereby validating the task-oriented design and effectiveness
of the feature extraction strategy. Moreover, the generated attention heatmaps not only accurately localize emotionally
salient regions within the paintings but also provide a quantitative representation of stylistic differences and color semantic
connotations across different subject categories, further enhancing the interpretability of the model and its ability to distin-
guish subtle variations in artistic expression. Conclusion The proposed method provides an effective and interpretable tech-
nical pathway for emotion understanding in ethnic artworks. By integrating artistic aesthetic features with adaptive fusion
and semantic reasoning mechanisms, the approach advances culturally aware visual emotion analysis and multi-label classi-
fication. Moreover, it offers meaningful technical support for the digital preservation, intelligent analysis, and sustainable
inheritance of intangible cultural heritage, highlighting the importance of incorporating cultural and artistic knowledge into

intelligent visual understanding systems.
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Fig. 1 Examples of Dongba Paintings
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Fig. 7  Visualization of Experimental Parameters for Static and

Adaptive Fusion Ratio Comparison
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Table 2 Comparison of indicators under fusion of different feature proportions

FiE 7Nl = ] = BT A L e m mAP(%) EMA(%) Precision—Micro(%) Recall-Micro(%)  F1-Micro(%)
0.5 0.5 71.41 64.56 86.36 72.15 78.62
0.6 0.4 77.43 70.89 85.52 78.48 81.85
0.7 0.3 79.96 74.68 86.49 81.01 83.66
0.8 0.2 91.77 84.81 88.02 93.04 90.46
0.9 0.1 87.97 82.28 88.68 89.24 88.96
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Table 3 Comparison of Metrics Between the Method in This Paper and Other Methods

Methods mAP(%) EMA(%) Precision-Micro(%)  Recall-Micro(%)  F1-Micro(%)
VPT(Jia % ,2022) 52.96 15.19 47.62 12.74 20.10
CoOp(Zhou % ,2022) 59.18 53.16 71.50 59.69 63.24
CoCoOp(Zhou %5 ,2022) 67.59 63.29 77.78 61.15 68.47
MaPle(Khattak 4, 2023) 65.30 56.96 80.91 56.33 66.42
ITHP(Xiao % ,2024) 52.57 41,77 86.25 44.52 58.72
TAI++(Wu % ,2024) 90.52 75.95 85.00 86.62 85.80
DASCO(Liu % ,2025) 71.18 82.28 87.18 86.62 86.90
Ours 91.77 84.81 88.02 93.04 90.46
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Table 4 Comparison of Color Stroke Classification Perfor-
mance with Different Methods

@ISR EREME  REITECR

Methods W) R (%)
Resnet—50 73.42 89.87 64.56
VGG16 53.16 60.76 30.38
ViT-B/16 75.95 89.87 68.35
Ours 82.28 92.41 77.22
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Table 5 Ablation Experiment

x X X 77.22 69.62 83.67 77.85 80.66
x x N 85.76 83.54 87.18 86.08 86.62
N N x 85.02 75.95 80.95 86.08 83.44
x J N 86.71 81.01 88.39 86.71 87.54
N N N 91.77 84.81 88.02 93.04 90.46
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Fig. 8 Visualization of Feature Extraction Comparison for Dongba Paintings’ Color and Brush Stroke Between the Proposed Method
and Classical Models

O 5 SRS PR AR AL TR I EOR BE AR, T DL
AR Ry S SOk 7 B A PR AP 2B  [R]EE B)y
R SCAL N TR TR BE A28 SR, AR RATS A AE
—ERIPR . AR L S A IR I 2, B R
FEATHHCHS N TARVE , B ] 25 280 8%, B ARG TA
SR A RoR . TEARCR TAET Kb AR
EL I 5 B (P FT SR, 25 501 S E R R TR
ARG SR, i — D sg B RIRE SR, LA IE
JT 48 07 W Tz TR K i R 2R ) 5T R
e

& % 3Lk (References)

Behzad M, Zhao G. 2025. Contrastive language-image learning with aug-
mented textual prompts for 3D/4D FER using vision-language
model//Proceedings of IEEE International Conference on Automatic
Face and Gesture Recognition. Kuala Lumpur: IEEE: [DOI: 10.
1109/FG61629.2025.11099228 |

Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X, Unter-
thiner T, et al. 2021. An image is worth 16X16 words: transformers
for image recognition at scale//Proceedings of the 9th International

Conference on Learning Representations. Addis Ababa: ICLR:

[DOI: 10.48550/arXiv.2010.11929 |

Gao J, Qiao Q, Wu T, Wang Z, Cao Z and Li W. 2025. Aim: let any
multimodal large language models embrace efficient in-context
learning//Proceedings of the AAAI Conference on Artificial Intelli-
gence. New York, USA: AAAIL: 3077-3085 [DOI: 10.1609/aaai.
v39i3.32316

Ge C, Huang R, Xie M, Lai Z, Song S and Li S. 2022. Domain adapta-
tion prompt learning for cross-domain image emotion classification//
Proceedings of the IEEE Signal Processing Letters. Piscataway,
USA: IEEE: 2106-2110 [ DOI: 10.1109/TNNLS.2023.3327962 ]

He S and Torkelson M. 1996. A new approach to pipeline fft processor//
Proceedings of the International Conference on Parallel Processing.
Bloomington, USA: IEEE: 766-770 [DOI: 10.1109/IPPS. 1996.
508145]

He K, Zhang X, Ren'S and Sun J. 2016. Deep residual learning for
image recognition//Proceedings of the IEEE/CVF Computer Vision
and Pattern Recognition Conference. Las Vegas, USA: IEEE:
[DOI: 10.1109/CVPR.2016.90 ]

Li Z, Wang Y and Chen X. 2025. Design of Chinese painting style clas-
sification model based on multi-layer aggregation CNN. Computa-
tional Intelligence and Neuroscience, 2025: 1-12 [ DOI: 10.1155/
2025/7896452]

Jia M, Tang L., Chen B C, Cardie C, Belongie S, Hariharan B, et al.
2022. Visual prompt tuning//Proceedings of the European Confer-

ence on Computer Vision. Cham, Switzerland: Springer: 709-727

13

© [ KR AR



14

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

[DOI: 10.48550/arXiv.2203.12119 ]

Khattak M U, Rasheed H, Maaz M, Khan S and Khan F S. 2023.
Maple: multimodal prompt learning for affective computing//Pro-
ceedings of the IEEE Transactions on Affective Computing. Piscat-
away, USA: IEEE: 1567-1580 [DOI: 10.1109/CVPR52729.2023.
01832]

Kolesnikov A, Beyer L, Zhai X, Puigcerver J, Yung J, Gelly S and oth-
ers. 2019. Large scale learning of general visual representations for
transfer [ DOL: 10.48550/arXiv.1912.11370 ]

Krizhevsky A, Sutskever I and Hinton G E. 2012. Imagenet classifica-
tion with deep convolutional neural networks//Proceedings of the
Advances in Neural Information Processing Systems. Lake Tahoe,
USA: NIPS: [DOIL: 10.1145/3065386 ]

LiJ, Chen D L, Yu N, Zhao Z P and Lv Z H. 2021. Emotion recogni-
tion of chinese paintings at the thirteenth national exhibition of fine
arts in china based on advanced affective computing//Proceedings
of the Frontiers in Psychology. Lausanne, Switzerland: Frontiers
Media: 741665 [ DOI: 10.3389/fpsyg.2021.741665 |

LiJ X, Zhang D, Wang X Z, Hao Z Y, Lei J D, Tan Q, et al. 2025.
Chemvlm: exploring the power of multimodal large language mod-
els in chemistry area//Proceedings of the AAAI Conference on Arti-
ficial Intelligence. New York, USA: AAAI: 415-423 [DOI: 10.
1609/aaai.v39i1.32020 ]

Lin Z, Lin M, Lin L and Ji R R. 2025. Boosting multimodal large lan-
guage models with visual tokens withdrawal for rapid inference//Pro-
ceedings of the AAAI Conference on Artificial Intelligence. New
York, USA: AAAI: 5334-5342 [DOI: 10.1609/aaai.v39i5.32567 |

LiZ, Wang Y and Chen X. 2025. Design of Chinese painting style clas-
sification model based on multi-layer aggregation CNN. Computa-
tional Intelligence and Neuroscience, 2025: 1-12 [DOI: 10.1155/
2025/7896452 ]

Liu H, He L J, Liang J X, Ren Z H, Bi H X and Li F. 2025. Depen-
dency structure augmented contextual scoping framework for multi-
modal aspect-based sentiment analysis. arXiv Preprint [ DOI: 10.
48550/arXiv.2504.11331]

Liu M and Zhang H. 2020. Image emotion classification: a survey. Pat-
tern Recognition, 105: 107232 [DOI: 10.1016/j. patcog. 2020.
107232]

Liu R B. 2024. Interpretation and Reconstruction of Dongba Script Sym-
bols in Modern Dongba Paintings. Art Literature, (12): 1-3 (X P
UK. 2024, AR Wi AR W SCEAHS IR S E A . EARC
#ik,2024 (12):1-3) [DOI: 10.16585/j.cnki.mswx.2024.12.011]

Luan S Z, Chen C, Zhang B C, Han J G and Liu J Z. 2018. Gabor con-
volutional networks//Proceedings of the IEEE Transactions on
Image Processing. Piscataway, USA: IEEE: 4357-4366 [ DOI: 10.
1109/TIP.2018.2835143 ]

Luo S, Qian W H and Liu P. 2025. Fusion of Prompt Learning and
Visual Semantic Generation for Image Captioning of Dongba Paint-

ings. Journal of Image and Graphics, 30: 3361-3376 (&' F , £k 3C

A8 X 2025. 285G B R 2 2 FIALSE 1 SCAE JUAY AR L2 I L1
it E B SR 2, 30 3361-3376) [DOI: 10.11834/jig.
240601

Pan S L, Qian W H, Cao J D and Xu D. 2023. Learning Attention for
Dongba Paintings Emotion Classification. Journal of Graphics, 44
(1): 59-66 (i fR 42, BoC e, Wkl 1R T) . 2023, L T
HL] B AR i A A 2 26 o R 272741, 44 (1) :59-66) [DOL: 10.
11996/)G.j.2095-302X.2023010059

Park Y, Lee D, Choe J and Chang B. 2025. Convis: contrastive decod-
ing with hallucination visualization for mitigating hallucinations in
multimodal large language models//Proceedings of the AAAI Con-
ference on Artificial Intelligence. New York, USA: AAAI: 6434-
6442 [DOI: 10.1609/aaai.v39i6.32689 |

Qian W H, Xu D, Xu J, He L and Zhang B. 2020. Artistic Style Ren-
dering of Dongba Paintings. Journal of System Simulation, 32 (7) :
1349-1358 (R3CHE, 4R)T BREE , (] , T3 . 2020. ZREL I Z0A
A2 . RGN FLEAR 32 (7) :1349-1358) [DOI:10.16182/
j.issn1004731x.joss.19-VR0530 ]

Radford A, Kim J W, Hallacy G, Ramesh A, Goh G, Agarwal S, et al.
2021. Learning transferable visual models from natural language
supervision//Proceedings of the International Conference on
Machine Learning. Baltimore, USA: PMLR: 8748-8763 [ DOI: 10.
48550/arXiv.2103.00020

Shou Y, Meng T, Ai W, Zhang X, Chen Y, Liu Z and Li S. 2025. Mul-
timodal large language models meet multimodal emotion recognition
and reasoning: A survey[ EB/OL].[2025-09-29].
https://arxiv.org/pdf/2509.24322.pdf

Tao J H, Fan C H, Lian Z, LyuZ, Shen Y and Liang S. 2024. Develop-
ment of Multimodal Sentiment Recognition and Understanding.
Journal of Image and Graphics,29 (6): 1607-1627 (FJ#4E , Jif7
AL, BB TR I 2004, 2 AR AU 5 R R
BUR Bt PEERIEIE 4,29 (6):1607-1627)

Tammina S, Nagalla S and Devarakonda N. 2019. Transfer learning
using vgg-16 with deep convolutional neural network for classifying
images. International Journal of Scientific and Research Publica-
tions (IJSRP) , 9: 143-150 [DOI: 10.29322/IJSRP. 9.10.2019.
p9420]

Targ S, Almeida D and Lyman K. 2016. Resnet in resnet: generalizing
residual architectures[ EB/OL].[2016-03-25].
https://arxiv.org/pdf/1603.08029.pdf

Tian M and Ding S. 2025. The Road to Divine Land: Iconography,
Deity, and Aesthetic Style. Arts, 14 (2): 22 (R, T 4.
2025. P2 M2 i R RIS o A . 2R, 14 (2)
22 [DOI:10.3390/arts 14020022 |

Wang T O, Liu Y Y, Liang J C, Zhao ] H, Cui Y M, Mao Y N, et al.
2024. M2pt: multimodal prompt tuning for zero-shot instruction
learning//Proceedings of the 2024 Conference on Empirical Meth-
ods in Natural Language Processing (EMNLP). Miami, Florida,
USA: Association for Computational Linguistics: 3723-3740

© [ KR KL AR



ﬁ%%@ ®e, XA, HiftiE
MEHBEMFENREEERY X

[DOI: 10.18653/v1/2024.emnlp-main.218 |

Wu XY, Jiang QY, Yang Y, Wu Y F, Chen Q G and Lu J F. 2024.
Tai++ text as image for multi-label image classification by co-
learning transferable prompt//Proceedings of the Thirty-Third Inter-
national Joint Conference on Artificial Intelligence. Macao, China:
1JCAIL: 5226-5234 [ DOI: 10.24963/ijcai.2024.578 |

Xu N and Mao W. 2017. Multisentinet: a deep semantic network for mul-
timodal sentiment analysis//Proceedings of the 2017 ACM Confer-
ence on Information and Knowledge Management. New York,
USA: ACM: 2399-2402 [DOI: 10.1145/3132847.3133142 ]

Xiao X, Liu G, Gupta G, Cao D, Li S, Li Y, Fang T, et al. 2024.
Neuro-inspired information-theoretic hierarchical perception for
multimodal learning//Proceedings of the 12th International Confer-
ence on Learning Representations. Addis Ababa, Ethiopia: ICLR:
[DOI: 10.48550/arXiv.2404.09403 ]

Yang Z, Yang D, Dyer C, He X, Smola A J and Hovy E H. 2016. Hier-
archical attention networks for document classification//Proceedings
of the 2016 Conference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Language Technolo-
gies. San Diego, USA: ACL: 1480-1489 [ DOI: 10.18653/v1/N16-
1174]

Yu J F, Jiang J and Xia R. 2020. Entity-sensitive attention and fusion
network for entity-level multimodal sentiment classification. IEEE/
ACM Transactions on Audio, Speech, and Language Processing,
28: 429-439 [DOI: 10.1109/TASLP.2019.2957872 ]

Zang C F. 2018. The Discovery and Value of the Naxi Dongba Scripture
The Classic of the Five Directions and Five Emperors. Journal of
Northwest Minzu University (Philosophy and Social Sciences Edi-
tion) ,6: 181-184 (FKAER, 2018. BUHA AR ATy il 2) Ik
BB A . PUAL R4 (2 2 B4R 46 181-
184) [DOI:10.14084/j.cnki.cn62-1185/c.2018.06.026 |

Zhang M L and Zhou Z H. 2013. A review on multi-label learning algo-
rithms. IEEE Transactions on Knowledge and Data Engineering,
26: 1819-1837 [DOI: 10.1109/TKDE.2013.39 ]

Zhou K'Y, Yang J K, Loy C C and Liu Z W. 2022. Conditional prompt
learning for vision-language models//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. New
Orleans, USA: IEEE: 16816-16825 [DOI: 10.48550/arXiv.2203.
05557

Zhou Y, Li J and Zhang H. 2024. Efficient Training of ResNet on Small
Datasets with Transfer Learning. IEEE Access, 12: 56789-56802
[DOI: 10.1109/ACCESS.2024.3389765 |

Zhou K, Yang J, Loy C C and Liu Z. 2022. Learning to prompt for
vision-language models. International Journal of Computer Vision,
130: 2337-2348 [DOI: 10.1007/511263-022-01653-1]

Zhou L, Palangi H, Zhang L, Lu J, Hu H and Gao J. 2020. Unified
vision-language pre-training for image captioning and VQA//Pro-
ceedings of the AAAI Conference on Artificial Intelligence. New
York, USA: AAAIL: 13041-13049 [DOI: 10.1609/aaai. v34i07.
7005]

EEE
WEREE , 2002 4R A4, Lo, WX AR, R BRSO I S IR B 2
SHHENAE . E-mail: 12024115003@stu.ynu.edu.cn
RO, 1980474 B IVER , 93, 02, 4R 0, CCF
Y23 51(38886D) F M 5T Iy 8] Rt AL GE AT AR
E-mail : whgqian@ynu.edu.cn

XU, 5B W RRgE A, =BT ) R A LA A R b
}Eo E-mail : pengliu0606@gmail.com

PEFE 95 R, EEATS )y o N LR BE B . E-mail:

jdcao@seu.edu.cn

15

© h[E KR KL AR



