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Cross-modal person re-identification algorithm based on multi-level joint
clustering with subtle feature enhancement

Fan Xinyue Zhang Kuo Zhang Gan Li Jiahui

(School of Communication and Information Engineering, Chongqing University of Posts

and Telecommunications, Chongqing 400065, China)

Abstract; The current cross-modal person re-identification research focuses on extracting modality-shared features from global features or
local features via identity labels to reduce modality differences, but ignores the Subtle features of discernment. This paper proposes a
feature enhanced clustering learning ( FECL) network. The network mines and enhances the subtle features of different modalities
through global and local features, and combines a multilevel joint clustering learning strategy to minimize the modal differences and
intraclass variation. In addition, this paper also designs a random color transition module for training data, which increases the
interaction between modalities at the image input to overcome the influence of color deviation. The experiments on public datasets verify
the effectiveness of the proposed methods. In the All-search mode of SYSU-MMOI1 dataset, the Rank-1 and mAP reach 70. 52% and
64.02%. In the V2I retrieval mode of RegDB dataset, the Rank-1 and mAP reach 88. 88% and 80. 93%.
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[F] )2 FECL 928 3 E 4248 -3 0 Jm) S A ik v 7 40 1k
it , DDAG H i IR B N R IR & 7 ik i 1T A
WU, HEE R S R 0(n® - d) ,FECL MZ5HH
YRR B SR BRI 24 O(n - d) ,# FECL M 4%
BT A B A T A >, 7E RegDB BUHE % I
FSEEGEE R N3 3 BTz, FECL W 4% 7F Visible-to-Infrared
K& 8 2 F A 8F  F BL, Rank-1 1 mAP 43 %1 Ky
88. 88% fi1 80. 93% ,,

£ 2 7£ SYSU-MMO1 & FHIRT L4 R
Table 2 Comparison results on the SYSU-MMO01 dataset
ik - LAY R = A FRAE
r=1/%  r=10/% r=20/%  mAP/% r=1/%  r=10/%  r=20/% mAP/%
Zero-Pad!?] ICCV17 14.8 54.12 71.33 15.95 20. 58 68. 38 85.79 26.92
HCML[ '] AAATI8 14.32 53.16 69. 17 16.16 24.52 73.25 86.73 30. 08
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MAUMG!? CVPR22 61.59 - - 59.96 67.07 - - 73.58
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3 7E RegDB ##E&E FHITEEER
Table 3 Comparison results on the RegDB dataset
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Hi-CMD ") CVPR20 34,94 77.58 - 35.94
JSIA2!] AAAI20 48.10 - - 48.90
MACE[? TIP20 72.37 - - 69. 09
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FECL - 88. 88 97.48 98. 64 80.93
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