- 1310 » F8 B 2025628 $56% B4 Chinese Traditional and Herbal Drugs 2025 February Vol. 56 No. 4

E T8 E 2 W 48 B DR S HFIE AL & B 2 M E IR A B

Mfgsgl, 3b &1 ZhP?
1. HFilFRERY, HifE /AT 810007
2. HilERE, HiE AT 810003

9

7

H OE. BR HERRBEZAM, SCIURZ M R A AR BRI T I B U S REAE R A e 24 4 R R R S
1% HerbiFusionNet #%4 . 1 2%, F) A tdt ¥) ResNet152-CA #5E B UGB 2544 G 0 23 (B RFAE, #4 2ET Transformer 4244 %) BERT
AT IR SCA TR SURFAE,  SEI 2 PSS FRIE B AN SR Gy X, tH R G 5 REAE ) R ARABL T, 1 S T P 5
G, I E A W AR SRR A M AR E RS R, SR M HERR B 72K SR AHEL T 55— 475 ResNet-152-CA
Y, 5N h-E SRS R AE 128 T A 2 25 11 HerbiFusionNe A7, 5k 2444 1R AIHER N 96.28%, HAERIZRIEIN T 4.40%.
$EH HerbiFusionNet MY SEAE 1 fili & FHGRI SOA [ XU A RFAE R FHIE B 5 W 12 98 2 M B W 2R R R A M. &5k
HerbiFusionNet AT T IKA M IR G FIHER 2, oA Sl BB S XA Z RIMEM R R, BILT BEMEMETEL
PR R B BRI RIS, NIEEIRNIZHR “TER-T 207 KRR K2 M ABEE T ArdiAbEal, #Esh T iz

FEI R R -
KR A, K SREESRHMER S BRMLML; HerbiFusionNet #57!
hESHES: TPIS; R282.5 XERFRERS: A XEHS: 0253 -2670(2025)04 - 1310 - 08

DOI: 10.7501/j.issn.0253-2670.2025.04.019

Bimodal feature fusion algorithm of Tibetan medicinal materials recognition
based on hypergraph neural network
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Abstract: Objective To identify Tibetan medicinal materials accurately and realize the intelligent mining and management of Tibetan
medicinal materials. Methods HerbiFusionNet, a hypergraph-based dual-modal feature fusion model for Tibetan medicinal plants
recognition, was proposed. Firstly, the improved ResNet152-CA model was used to extract the spatial features of Tibetan medicinal
materials images, and the Transformer architecture based BERT model was used to extract the semantic features of Tibetan medicinal
materials texts to realize the complementarity and fusion of the two modal features. Then, the similarity of the fused feature vectors
was calculated to construct a hypergraph network. Finally, the complex association relationship of Tibetan medicinal plants was
captured by hypergraph neural network, and the accurate classification of Tibetan medicinal materials was obtained. Results The
experimental results show that, compared with the single-modal ResNet-152-CA model, the HerbiFusionNe model based on
hypergraph neural network introduced by fusing dual-modal features has an accuracy rate of 96.28%, which is increased by 4.40%.
The HerbiFusionNet model proposed in this study demonstrates the effectiveness of using hypergraph structure to mine complex
relationships in Tibetan medicinal materials data by fusing dual-modal features of image and text. Conclusion The HerbiFusionNet
model improves the accuracy of Tibetan medicinal materials recognition, can effectively capture the high-order relationship between
Tibetan medicinal materials images and texts, and shows the advantages of hypergraph neural network in dealing with the complex

data structure of Tibetan medicinal plants. It lays a standardized foundation for further exploration of the “symptoms-prescription-
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medicinal materials” relationship and safe use, and promotes the development of Tibetan medicine research and application.

Keywords: Tibetan medicinal materials; hypergraph; bimodal feature fusion; convolutional neural networks; HerbiFusionNet model
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