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Contribution The Proposed MFRNet
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; 2 3) Exter}sive e.xperiments on three public multi-spectral object RGID two new modules (feature fusion module and feature representation module) added to
'lL . — é’ : . - datasets including RGBNT201, RGBNT100, and MSVR310, verifying adapt to multi-modal object re-identification tasks.
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A the superior performance of MFRNet.
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Methods AP R1 R3 R10 — — extract and combine modality-specific and modality-shared features. Here, GE refers to
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Fig. 1: Motivation of proposed MFRNet. VHACNN (s et al 2018 213 190 341 423 mv 1 mr ®1 || the generation experts in FFM, while RE represents the representation experts in FRM.
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