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Person re-identification based on multi-granularity feature fusion
network
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Abstract : In order to solve the problem of low accuracy of person re-identification (RelD) algorithm in
complex environment caused by unclear detail features and changeable attitudes of pedestrians,a RelD
network based on multi-granularity feature extraction and feature fusion is proposed. Firstly, two granu-
larity partitioning methods are used to obtain the local features of the image at the input and output ends
of the backbone network. Secondly, spatial transformation network (STN) is introduced to align the
global image and enhance the local image. Finally,local feature fusion is used to mine the correlation in-
formation between features to improve the model’s ability to recognize similar samples. Experimental re-
sults show that the proposed method achieves good recognition performance on multiple datasets. The
mean average precision (mAP) and first accuracy (Rank-1) of the market-1501 dataset are 84. 87 % and
94. 45% ,respectively. Compared with the current mainstream RelD algorithms, the proposed method has
better recognition effect.
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Fig.1 Network structure
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Tab.1 Dataset

Dataset Identities Images  Training set  Test set
Market-1501 1501 32217 751 750
DukeMTMC 1404 36411 702 702
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Tab.2 Ablation experiments

Method Rank-1 mAP
Baseline 92.22% 78.30%
Baseline+STN 92.43% 78.92%
Baseline+STN+ Local_3 93.85% 83.22%
Baseline+STN—+ Local_3+LF 94.45% 84.87%
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Tab.3 Comparison of experimental

results of Market-1501 dataset

Method r=1 mAP
PABR" 88.8% 73.9%
PCB 92.3% 77.4%
PCB+ RPP 93.8% 81.6%
SNRM# 94. 4% 84.7%
AlignedReIDM 92.6% 82.3%
HOReID'® 94.2% 84.9%
Ours 94. 45% 84.87%

% 4 DukeMTMC-relD #3E £ 3010 45 R 33 bk
Tab.4 Comparison of experimental results of

DukeMTMC-relD dataset

Method r=1 mAP
PABR'™ 82.1% 64.2%
PCB 81.9% 65.3%
PCB+ RPP' 83.3% 69.2%
SNR!® 84.4% 72.9%
AlignedReID 82.1% 69.7%
HOReID' 86.9% 75.6%
Ours 87.5% 76.7%
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Fig.7 Recognition effect visualization
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