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Dynamic feature enhancement and hierarchical gated fusion for
occluded person re-identification

Ren Pengfei Yang Zhenzhen

(College of Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: Person re-identification, a core pillar of intelligent surveillance and smart city development, often exhibits
significant accuracy degradation in real-world scenarios due to occlusion. Existing convolutional neural network-based
person re-identification methods are constrained by local receptive fields, making long-range dependency capture across
occluded regions difficult. Transformer-based person re-identification methods, despite global modeling capabilities,
suffer from insufficient local-global feature fusion, leading to poor robustness in severely occluded scenarios. An end-
to-end occluded person re-identification method based on dynamic feature enhancement and hierarchical gated fusion is
proposed to tackle these problems. It employs a dynamic feature enhancement module to optimize local details and noise
resistance of mid-level features, and a hierarchical multi-scale gated fusion module to mitigate semantic dilution in high-
level features, constructing an end-to-end feature processing pipeline of " mid-level enhancement-high-level
purification". The proposed method is compared with existing methods on Occluded-Duke, Occluded-RelD,
Market1501 and MSMT17 datasets. Experimental results show Rank-1 accuracies of 74.8%, 88.8%, 96.7% and
90. 9%, with mAP accuracies of 67.0%, 86.3%, 93.8% and 77.6%, respectively, validating its effectiveness and
superiority in occluded scenarios.
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Table 1 Results of different models on occluded datasets
%
. Occluded-Duke Occluded-RelD
Hik Rank-1 mAP Rank-1 mAP
PCB™ 41.2 33. 4 40. 9 36.5
PGFA™’ 51.4 37.3 — —
TransReID'* 67.1 59. 6 81.5 76. 2
HoReIDM" 54.9 43. 6 79.3 70. 1
BPBreID™” 66. 7 54.1 76.9 68. 6
PVPM™Y 47.0 37.7 70. 4 61.2
PFD™ 66. 3 59.1 80. 5 76.7
Solider™" 72.0 65.0 83.8 82.0
SPT-main"*" 62. 1 54.3 83.5 78. 6
PAT™ 64.5 53.6 81.6 72.1
RTGAT™ 61.0 50. 1 71.8 51.0
DFE-HGF 74. 8 67.0 88.8 86.3

STy g R R, BT S E B M % (HoRelD,
PGFA) 52 5 B3 e FR 1), M Be 42 7+ KR 5 T 040 %05 2 (m
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(I TransRelD,PFD) S A T CNN., {H 5 &4 Ja RFAE il A5
AR, LHR, Solider TR RIMBAML. MHILZ T,
A BB DFE-HGF 7 Occluded-Duke #1 Occluded-
RelD F#) mAP 235135 5] 67. 0% H1 86. 3% , ¥4 3 $A 5
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Table 2 Results of different models on complete datasets

%
. Market-1501 MSMT-17

He Rank-1 mAP Rank-1 mAP

PCB™ 92.1 76. 6 — —
PGFA™ 91. 2 76. 8 63.5 35.7
TransReID"* 93.2 86. 9 83.3 64.9

HoReID™ 93. 2 81. 8 — —

BPBrelD"™” 95. 1 87.0 — —
PFD™ 94. 9 88.1 82.3 61.9
Solider™*" 96. 6 93. 6 90. 0 75. 6
SPT-main"*" 94.3 87. 2 79.5 58.0
CLIP-Reid*" 95. 4 90. 5 89. 7 75.8
NFormer ' 93.2 83.7 80. 8 62.2
DRL-Net™” 94. 7 86. 9 88.1 76.6
DFE-HGF 96. 7 93.8 90.9 77.6
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Fig. 4 Visualization results on the Occluded-Duke dataset
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