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Person Re-Identification Based on Feature Stitching
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Abstract A convolutional neural networks based algorithm is proposed to extract multiple features from a single
person. Further, the feature representation of a person using spliced multi-features is also proposed. Initially, the
multi-branch structure is constructed using global pooling and multiple convolution; this multi-branch structure is
used to offset the information loss. Subsequently, the bottleneck layer is designed to replace the classification layer
in the model to reduce overfitting. In the experiment, the proposed algorithm is verified using the Market1501,
CUHKO03, and DukeMTMC-Reid datasets. In Market1501, the proposed algorithm achieves the first correct
prediction probability (Rankl) of 95.2% and mean average precision (mAP) of 86.0% . The experimental results

indicate that the proposed algorithm can extract discriminative features. Furthermore, the recognition accuracy of
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the proposed algorithm is significantly better than that of other advanced algorithms.
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Table 1 Experimental results corresponding to

different N %
N Rank1 mAP
2048 94.2 84.9
1024 94.8 85.7
512 95.2 86.0
256 94.6 85.5
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Table 2 Experimental results corresponding to

different M %
M Rank1 mAP
1.0 95.2 86.0
0.8 94.5 85.6
0.6 94.6 85.8
0.4 94.3 85.3
0.2 94.0 85.4
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Table 3 Experiment results of basic model %
Method Rank1 mAP
1 (Resnet50) 87.2 72.3
2 (Resnet50+ bottleneck layer) 89.6 73.4

3 (Resnet50+ bottleneck
90.5 75.1
layer—+bias removing)
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Table 4 Experimental results of different methods %

Method Rank]1 mAP
E(branch 1) 90.5 75.1
F(branches 1,2) 93.8 83.3
H(branches 1,2,3) 93.9 84.2

J(branches 1,2,3 and
95.2 86.0

auxiliary classifier)
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Table 5 Test time on Market1501 dataset

Method Test time /s
Resnet50 179
Ours 206
PCB+RpPPM! 212

3.6 IRHERSETREKILER

T SR A SCHT S AR AT R L A = A R
BOHE A b Xk B T AR SCRIT PR AR A9 47 N TRUM Bk
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Table 6 Comparison of results on Market1501 %

Method Rank1 Rank5 Rank10 mAP
MLFNH® 90.0 — — 74.3
PSE+ECNH™ 90.4 94.5 96.8 80.5
HA-CNNH# 91.2 — — 75.7
MACS™ 93.1 — — 82.3
DNN_CRF! 93.5 — — 81.6
HSPpH! 93.7 97.6 98.4 83.4
PCB+RPPH 93.8 97.5 98.5 81.6
Ours 95.2 98.0 98.8 86.0

£ 7 7 DukeMTMC-Reid 34 45 - #945 R X L
Table 7 Comparison of results on DukeMTMC-Reid %

Method Rank1 Rank5b Rank10 mAP
AOSE 79.2 — — 62.1
HA-CNN!Ms 80.5 — — 63.8
GSRwW"?H 80.7 88.5 90.8 66.4
MLFN!! 81.0 — — 62.8
DuATME 81.8 90.2 — 64.6
PCB+RPPH 83.3 90.5 92.5 69.2
Ours 86.7 93.5 95.5 74.0

# 8 7F CUHKO3 %dls 8 I iy 45 R XF ke
Table 8 Comparison of results on CUHKO03 %

Method Rank1 Rank5 Rank10 mAP
HA-CNNM# 41.7 — — 38.6
MLFN® 52.8 - — 47.8
PCB-+RPPHY 63.7 80.6 86.9 57.5
Ours 68.3 84.7 90.5 64.6
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X 4

A FT R B AE Market1501 Y Rankl Fi
mAP 43518 95.2% F1 86.0% . MFE 6 n] LAF HA
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