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Cross-Modal Person Re-identification Based on
Local Heterogeneous Collaborative Dual-Path Network

ZHENG Aihua'?, ZENG Xiaoqiang' , JIANG Bo'*, HUANG Yan®’, TANG Jin'"

ABSTRACT The coordinating fusion between modalities is ignored in the existing cross-modal person
re-identification methods in the learning process. In this paper, a strategy for cross-modal person re-
identification ( Re-ID) based on local heterogeneous collaborative dual-path network is proposed. Firstly,
the global features of each modality are extracted by the dual-path network for local refinement, and the
structured local information of pedestrians is mined. Then, the local information of different modalities is
correlated with the label and prediction information to achieve cooperative adaptive fusion and learn more

discriminative features. The effectiveness of the proposed method is demonstrated through comprehensive
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experiments on two benchmarks RegDB and SYSU-MMOL1.
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Experimental results comparison of different methods on RegDB dataset
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Fig.2 Re-identification results of the proposed method and BDTR on RegDB dataset
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