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Person Re-Identification Based on Pose Estimation with Feature Similarity
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and Computer, Jiangnan University, Wuxi 214122, Jiangsu, China

Abstract This paper proposes a part aligned multiscale fusion network, based on a human pose estimation algorithm and
similarity matrix to address the misalignment problem of local features caused by complex person re-identification scenes
and difficulty in extracting invariant person features in cluttered backgrounds. The proposed network introduces pose-
estimation algorithms to construct aligned local features and integrates low-level local features and high-level global
features through a multibranch structure. In addition, the feature similarity matrix divides the global features into the
similarity-guided background and foreground branches and uses the regional-level triplet loss to extract person features
robust to complex backgrounds. Extensive experiments are conducted for four datasets (Market-1501, DukeMTMC-
ReID, CUHKO3, and MSMT17). The proposed method achieves state-of-the-art performance. In particular, it improves
the accuracy of first hit accuracy by 1. 4 percentage points and mean average precision by 3. 4 percentage points on the most
challenging MSMT17 dataset.
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Fig. 2 Results of PRAP. (a) Original pedestrian images; (b) pedestrian key points extracted by pose estimation algorithm; (c¢) local

feature pooling region based on attitude estimation; (d) aligned upper and lower body global features
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Table 1 Comparison to state-of-the-art methods on
Market-1501 dataset

Method Market1501
Rank-1 /% mAP /%
PCB+RPP[4] 93.8 81.6
AANet[19] 93.9 83.4
Pyramid[ 20 ] 95.7 88. 2
MGNI[21] 95.7 86.9
DSAP[22] 95.7 87.6
CAMA[ 23] 94.7 84.5
OSNet[ 24 ] 94.8 84.9
MHN[ 25] 95.1 85.0
FPR[ 26] 95.4 86.6
Ours 95.4 88.7
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Table 2 Comparison to state-of-the-art methods on
DukeMTMC-RelD dataset

DukeMTMC-RelD

Method
Rank-1/% mAP /%
PCB-+RPP[4] 83.3 69. 2
AANet[19] 87.7 74.3
Pyramid[ 20] 89.0 79.0
MGN/[ 21 ] 88.7 78.4
DSAP[22] 86. 2 74.3
CAMA[23] 85.8 72.9
OSNet[ 24 ] 88.6 73.5
MHN[ 25] 89.1 77.2
FPR[26] 88.6 78.4
Ours 88.7 78.9

CUHKO3 %48 45 b 6 i3 be 452 25 5 4 36 3 Frow
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Table 3 Comparison to state-of-the-art methods on CUHKO3 dataset
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Table4 Comparison to state-of-the-art methods on MSMT 17 dataset

CUHKO03
Method Labeled Detected
Rank-1/% mAP /% Rank-1/% mAP /%

PCB-+RPP[4] - - 63.7 57.5
MGNI[21] 68.0 67.4 68.0 66.0
CAMAI 23] 70.1 66.5 66.6 64.2
Auto-RelD[ 27 ] 77.9 73.0 73.3 69.3
MHNI[ 25 ] 77.2 72.4 71.7 65.4
FPR[26] - - 76.1 72.3
Ours 78.5 75.6 76.2 73.7

MSMT17
Method
Rank-1 /% mAP /%

IANet[ 28] 75.5 45.8
DGNet[29] 77.2 52.3
Auto-ReID[27] 78.2 52.5
OSNet[ 24 ] 78.7 52.9
Ours 80.1 56.3
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Table 5 Effect of PRAP

hod Market1501 Duke
Metho Rank-1/%, mAP /%, Rank-1/%, mAP /%
Baseline 92.3 77.4 81.7 66.1
Baseline+PRAP 5P 93.9 86.5 84.3 72.4
Baseline+PRAP _8P(Ours) 94.3 86.8 85.0 74.8
Baseline+PRAP _10P 94.1 86.2 84.7 72.9
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Table 6 Effect of part feature branch

Method Market1501 Duke
Rank-1 /% mAP /% Rank-1 /% mAP /%
Baseline 92.3 77. 4 81.7 66. 1
Baseline+PRAP+s3 94. 4 87.8 86.9 77.8
Baseline+PRAP+s4 (Ours) 94.9 87.9 87.5 78.7
Baseline+PRAP+s3+s4 94.7 87.3 87.6 78.5
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Table 7 Effect of SSM

Market1501 Duke
Method
Rank-1 /% mAP /% Rank-1 /% mAP /%
Baseline 92.3 77.4 81.7 66. 1
Baseline+PRAP+ fore 95.1 88.3 87.9 79.0
Baseline+PRAP + fore+trilLoss 95.4 88.7 88.7 78.9
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Fig. 4 Thermodynamic diagrams of feature. (a) Original pedestrian image; (b) responsed thermodynamic diagram
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Fig. 5 ToplO search results of partial query images
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