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Research on intelligent tongue image recognition based on multi-model fusion and transfer
learning strategy

Zhang Ru
Shaanxi International Business College, China Shaanxi Xianyang 712046

Abstract: Aiming at the problem of insufficient classification accuracy and data scarcity in the intelligent tongue diagnosis
of traditional Chinese medicine, this study proposes a tongue coating recognition network Tri-VoteNet based on multi-model
fusion and transfer learning. The network integrates three architectures of ZhiResNet50, ZhiCNN and ZhiEfficientNet-BO,
and adopts hierarchical frozen transfer learning strategy, taking into account feature extraction ability and training efficiency.
Based on the open source Tongue + coating + classification data set, the experiment was carried out after data verification,
standardization, enhancement and category equalization preprocessing. The results show that Tri-VoteNet can effectively
capture fine-grained features such as color and thickness of tongue coating, and the overall classification performance is
significantly better than that of single model, which provides effective technical support for the objectification and intelligence
of tongue diagnosis in traditional Chinese medicine.
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