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Person re-identification algorithm based on pose estimationand feature fusion

Ji Xiaofei' Zhao Shuai' Song Jinghao' Cui Tong’
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Abstract ; Person re-identification is highly used in the areas of traffic management, searching for lost people, etc. It is hard for existing
algorithms to deal with the problem of human pose change, occlusion and feature misalignment, and a pose-guided and feature-fused
pedestrian re-recognition algorithm is proposed. The proposed algorithm includes three branches, including global branch, global branch
based on pose estimation guidance, and local alignment branch. The global branch extracts the global features of pedestrians and
captures the coarse-grained information of pedestrians. The global branch based on posture estimation guidance uses the posture
estimation network guidance model to focus on the global visible area of pedestrians and reduce the interference of occlusion to pedestrian
recognition. Local alignment branch uitilizes a pose estimation algorithm to establish aligned local features while distinguishing visible
local regions to reduce occlusion as well as the influence of postural changes. Through a multi-branch structure, integrated local
characteristics with global ones to augment feature diversity is achieved and enhanced model robustness. Finally, network training is
conducted using cross-entropy and triplet loss functions. The viability of the proposed algorithm is validated by the test results on Market-
1501 and DukeMTMC-RelD datasets, during which the Rank-1 and mAP of the DukeMTMC-RelD dataset reached 91. 2% and 81. 8%,
respectively, which has a better practicality.
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Table 1 OSNet network structure
stage output OSNet

Convl 128%x64 ,64 7x7 Conv ,stride=2
64x32,64 3x%3 max pool , stride =2
Conv2 64x32,256 Bottleneck x 2
{ransition 64x32,256 1x1 Conv
32%16,256 2X2 average pool, stride=2
Conv3 32x16,384 Bottleneck x 2
Transition 32x16,384 1x1 Conv
16x8,384 2X2 average pool ,stride =2
Conv4 16x8,512 Bottleneck x 2
Conv5 16x8,512 1x1 Conv
gap 1x1,512 global average pool
fe 1x1,512 fe
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Fig. 1  Overall algorithm block diagram
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Table 2 Comparison of Parameters, FLOPs and time
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Fig.2 Local distance calculation method
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Fig.3 Market-1501 dataset
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Table 3 Comparison of network performance

between different branches

DukeMTMC
Tk Rank-1/% mAP/ %
£V 89.2 74.1
HFERG| R/ 89.5 74.5
JSEI OB 89.8 76.5
FET RGP R SRR FE3L 90,8 81.6
LSy oy S+ SN 548 90.5 81.1
L' 91.2 81.8
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W% 4 P i 7E PSR A L AEAS SO i s A fige
Pk S HADIME I LA . Horr Luo 2 2 T — A~
TR LR 4% | Bl BoT ( bag of tricks) M%% SEG5 T REI1T72Z
ARBAIINZRTTHE . OSNet J&—A> AT NE UG H Y52
AL Zheng PR T Pyramid, & — 147
BERR | B 22 AR I IE (5 B, Cheng 2517 2
H T SCR (spatial and channel partition representation
Network ) , J& 42 JFy | Jy B ARFAE I [R] 11 R Fr) o 25 45 7
&4 5 Market-1501 #1 DukeMTMC t 55 %E## 73T E

Table 4 Comparison with state-of-the-art methods on
Market-1501 and DukeMTMC

Method Market-1501 DukeMTMC
Rank-1/% mAP/ % Rank-1/% mAP/ %
BoT!? 9.5 85.9 86. 4 76. 4
OSNet! '] 94.8 84.9 88.6 73.5
Pyramid'?! 95.7 88.2 89.0 79.0
SCR!2 95.7 89.0 91.1 81.4
AL 9. 1 90.0 91.2 81.8

W 4 BR, AR SCITIETE Market-1501 Z04E4E , A0 L
5 OSNet'"! ) Rank-1 . mAP AR A Rank-1 340
T 1.3% ,mAP 301 T 5. 1%, % F DukeMTMC 5045 4E,
55 OSNet () Rank-1 . mAP X} [, A SCH) 7 g BAS 1 8 4
B B, A 757 85 19 Rank-1 34 51 7 2.6%, mAP 34 /i
T 8.3%,

SR 4 FERRE Pyramid B282 A7 1, A SO
J5 ¥ #E Market-1501 - BR A% T 55 4 (%) 14 g€, M1 b F
Pyramid i Rank-1 .mAP , A& 777 Rank-1 3411 0. 4%,
mAP ¥ T 1.8%, 7 DukeMTMC I, #1 %} F Pyramid
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