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Review on deep learning-based pedestrian re-identification
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Abstract: Pedestrian Re-1Dentification (Re-ID) is a hot issue in the field of computer vision and mainly focuses on
“how to relate to specific person captured by different cameras in different physical locations”. Traditional methods of Re-ID
were mainly based on the extraction of low-level features, such as local descriptors, color histograms and human poses. In
recent years, in view of the problems in traditional methods such as pedestrian occlusion and posture disalignment,
pedestrian Re-ID methods based on deep learning such as region, attention mechanism, posture and Generative Adversarial
Network (GAN) were proposed and the experimental results became significantly better than before. Therefore, the
researches of deep learning in pedestrian Re-ID were summarized and classified, and different from the previous reviews, the
pedestrian Re-ID methods were divided into four categories to discuss in this review. Firstly, the pedestrian Re-ID methods
based on deep learning were summarized by following four methods: region, attention, posture, and GAN. Then the
performances of mAP (mean Average Precision) and Rank-1 indicators of these methods on the mainstream datasets were
analyzed. The results show that the deep learning-based methods can reduce the model overfitting by enhancing the
connection between local features and narrowing domain gaps. Finally, the development direction of pedestrian Re-I1D
method research was forecasted.
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Fig. 1 Complex environments increase the difficulty for

pedestrian re-identification
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Fig. 2 Example of significant color matching in traditional methods
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Fig. 3 Process of pedestrian re-identification based on deep learning
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Fig. 8 Examples of pedestrian images in four datasets
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Tab. 2 mAP values of various methods on datasets

N ; 25 a4 mAP/%
LB 7 -
CUHKO3 Market-1501 DukeMTMC-RelD
[X 42 AlignedRelD — 79. 30 —
N Part-Aligned 90.9 63. 40 —
HE l
HEEI L HA-CNN — 75.70 63. 80
PDC — 63. 41 —
W
w2 PSE+ECN — 84. 00 79. 80
Pose+transfer(D, Tri) — 68.92 56.91
DOE TR LA
R IDE*+CamStyle+RE — 71.55 57.61

7E: D &7 DenseNet-169, Tri & = = £ # k , IDE*A %} IDE #) % # , RE 2 Random Erasing.
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Tab. 3 Rank-1 values of various methods on datasets

A KAELE Rank-1/%

UES Tk CUHKO3 Market-1501 VIPeR DukeMTMC-reID
DeepRelD 20.7 — — —
DML — — 28.23 —
K AlignedRelD 92.4 91. 80 — —
IDLA 54.7 — — -
DCSL 80.2 — — —
PersonNet 64. 8 37.20 — —
Part-Aligned 85.4 81.00 — -
ta=walIKiil HydraPlus-Net 91.8 76.90 56. 60 -
HA-CNN — 91.20 — 80.5
§ PDC 88.7 84.10 51.27 -
= PSE+ECN — 90. 30 — 85.20
N Pose-transfer(D, Tri) — 87. 65 — 78.52
R TAERS IDE*+CamStyle+RE — 89. 49 — 78.32

7% :D & = DenseNet-169, Tri & & = & 44 &, IDE* & 4} IDE 9 % % , RE 52 Random Erasing.
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