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Geographical origin tracing of soybeans using electronic tongue and
electronic eye combined with multi-level information fusion based on

Informer-Swin Transformer

Li Xin Wang Zhigiang Han Tianrui Xu Suchao
(School of Computer Science and Technology, Shandong University of Technology, Zibo, Shandong 255049, China)

Abstract: [Objective] To achieve rapid traceability detection of soybeans from different geographical origins. [ Methods] A novel method
for rapid soybean origin traceability is proposed based on the fusion of information from electronic tongue and electronic eye. The electronic
tongue and electronic eye are used to collect taste fingerprint and visual image information, respectively, from soybeans of different origins.
To address the differences between the temporal sequence features of electronic tongue signals and the spatial image features of electronic
eye data, Informer and Swin Transformer are respectively employed to extract key features from the two types of data. A dual-modal feature
interaction module is designed to perform deep interaction between the two types of features, thereby obtaining multi-scale inter-layer
mutual information. A cross-attention fusion module is then applied to integrate the inter-layer mutual information, enabling efficient cross-
modal information fusion and classification recognition. [ Results] The proposed model has good discriminative ability for soybeans from
different origins, achieving an accuracy of 98.33%, precision of 98.34%, recall of 98.33%, and F,-Score of 0.983 3. [Conclusion] This
method provides an efficient and reliable new approach for the rapid traceability detection of soybean geographical origin.
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Figure 3  Structure of Infor-Swin Transformer model
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Figure 11 Training set loss value and test set accuracy
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