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Pedestrian re-identification based on style normalization and global
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Abstract: Aiming at the problem that the current network is difficult to deal with various corrupted pe-
destrian images and easily loses cross-dimensional information, a pedestrian re-identification (RelD)
method based on style normalization and global attention is proposed for corrupted images. The method
filters out style changes in the domain by smooth maximum unit-style normalization and restitution (SM-
SNR) module in the instance normalization (IN), and at the same time smooth maximum unit (SMU)
enables the module to more fully extract pedestrian-related features from the deleted information and re-
store them to the network,so as to alleviate the style difference caused by corrupted images. In addition,
the global attention mechanism (GAM) captures the salient pedestrian features in three dimensions by

focusing on the interaction between the channel and the space,reducing the loss of cross-dimensional in-
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formation. Finally, the recognition ability of the model in recognizing pedestrian corrupted images is effec-

tively improved,and the competitiveness on clean datasets is retained. The experimental results show

that the indicators of the algorithm on the corrupted test set has significant advantages compared with

the current mainstream algorithms. Among these algorithms.,the result of comparison with the 2021 CIL
model using the CUHK 0 3 dataset is that ; On Corrupted Eval , R- 1, mA P andm I N P increase by
15.18 % » 15. 75 % and 11. 65 % respectively ; on Clean Eval , R- 1 andm I N P only decrease by 0. 24 % ,

0.75% » and mAP increased by 0. 25%.

Key words: pedestrian re-identification (RelD) ; pedestrian corrupted image; smooth maximum unit-style

normalization and restitution (SM-SNR) module; global attention mechanism (GAM)
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Fig. 1 A network framework for pedestrian re— identification based on style normalization and global attention
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Fig.2 The structure diagram of the style normalization and restitution module
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Fig. 4 Structure diagram of global attention mechanism
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Tab.1 Corruption class

Corruption class

Corruption type

Noise Gaussian, Shot, Impulse, Speckle
Blur Defocus, Frosted Glass, Motion,Zoom,Gaussian
Weather Snow . Frost,Fog,Brightness, Spatter, Rain
Digital Contrast, Elastic, Pixelate, JPEG Compression, Saturate
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Tab.2 The experimental results of the influence of BN,IN and IBN on the network

Clean Eval Corrupted Eval Corrupted query Corrupted gallery
Dataset  Method
- mAP mINP R-1 mAP mINP R1 mAP mINP R-1 mAP mINP
BN  93.12 83.72 57.01 56.53 29.54 1.94 65.35 55.06 31.34 86.19 50.07 3.54
M-1501 IN 93.45 84.62 58.80 74.32 50.14 11.64 79.63 66.61 38.80 89.73 65.12 16.49
IBN  93.56 84.83 58.23 67.79 41.02 5.23 73.81 62.67 36.50 88.45 59.01 9.05
BN  66.96 64.85 52.83 23.58 15.66 4.56 35.22 36.01 25.49 46.13 32.41 9.38
CUHKO03 IN 67.05 65.41 53.12 38.14 32.08 15.90 46.43 45.97 35.32 54.14 43.89 23.23
IBN  67.35 65.23 53.24 30.25 25.32 9.11 41.89 42.01 32.23 52.18 38.95 16.08
R 3 SMU #iiE & $ A 36 E 5K 06
Tab.3 Verification experiment of SMU activation function
Clean Eval Corrupted Eval Corrupted query Corrupted gallery
Dataset  Method
R-1 mAP mINP R-1 mAP mINP R1 mAP mINP R-1 mAP mINP
RelLU 92.15 83.56 57.55 73.21 49.23 11.71 78.68 65.88 37.62 88.01 64.03 15.11
M-1501 L-RelLU 92.64 83.51 57.97 74.18 50.02 11.55 78.84 65.36 37.89 88.14 64.37 15.21
SMU 93.45 84.62 58.80 74.32 50.14 11.64 79.63 66.61 38.80 89.73 65.12 16.49
ReLU 65.90 64.12 52.02 37.28 31.17 15.01 45.76 45.31 34.69 54.55 43.04 22.56
CHUKO03 L-RelLU 65.21 64.80 51.98 37.09 31.21 15.24 45.81 44.93 34.55 54.10 43.18 22.53
SMU  67.05 65.41 53.12 38.14 32.08 15.90 46.43 45.97 35.32 54.14 43.89 23.23
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Tab.4 Ablation experiment of different modules

Clean Eval

Corrupted Eval

Corrupted query Corrupted gallery

Clear Eval

Method
R-1 mAP mINP R-1 mAP  mINP R-1 mAP mINP R-1 mAP  mINP
Baseline 66.48 63.92 52.41 23.93 16. 05 4. 39 34. 04 33.85 25.28 46.93 31.23 9.02
+SNR 64.95 63.12 50. 54 36. 41 30.12 14.16 44, 82 43.69 33. 84 52.64 41.78 22.13
+SMU 65.91 64.18 51.67 36. 89 30. 53 14. 24 44,71 43. 84 33.97 52.72 42.26 22.18
+GAM 67.05 65.41 53.12 38. 14 32.08 15. 90 46. 43 45.97 35.32 54. 14 43. 89 23.23
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Fig.5 Data visualization of ablation experiment

W CIL A5 A, A 455 A0 G P BE t BUAS T AR K A 2 71
Bl 40, £ CUHK 0 3 8 45 % ) Corrupted Eval I , &
BIHI R -1, mAP FmINP % F CIL B ) 4 3]



o 840 - WHI - B W 20234 ¥34%

A A Y AE T A 45 R AT N P 0 b G A R B A
WA A9 010 38, [ I 7 o s 4R B BT — 1Y 58
F1.

RS AEESEREZAIERERT L

Tab.S5 Performance comparison between this algorithm and mainstream models

BET 15.18%.15. 75% 5 11. 65% ; 7 Clean Eval
b, AR B R- 1 Fm I N P AH 8 T CIL A %I A B A%
T0.24%.0.75% ymAPIRTF T0.25% , it L 9F B4

Clean Eval Corrupted Eval Corrupted query Corrupted gallery

Dataset SOTA

R-1 mAP mINP R-1 mAP mINP R-1

BoT  93.38 85.06 59.30 27.05 8.42 0.20 31.92 26.89 14.56 76.78 26.82 0.39
AGW 94.00 86.51 64.03 31.90 12.13 0.35 35.25 31.75 19.44 80.45 33.38 0.67
M-1501 SBS  95.90 88.33 60.03 34.13 11.54 0.29 42.06 35.33 18.47 83.11 32.65 0.53
CIL  93.38 84.04 57.90 55.57 28.03 1.76 62.29 52.53 29.99 85.52 48.95 3.45
Ours  93.45 84.62 58.80 74.32 50.14 11.64 79.63 66.61 38.80 89.73 65.12 16.49
AGW  64.64 62.25 49.97 5.90 3.45 0.46 16.26 17.20 12.69 33.43 19.40 2.89
CUHKO03 CIL  67.29 65.16 53.87 22.96 16.33 4.25 34.03 34.62 26.61 46.81 31.81 9.07
Ours  67.05 65.41 53.12 38.14 32.08 15.90 46.43 45.97 35.32 54.14 43.89 23.23
BoT  73.53 48.34 9.91 20.20 5.28 0.07 25.92 15.78 2.75 59.06 16.10 0.09
AGW 75.21 51.84 12.38 22.77 6.53 0.08 28.06 18.42 3.82 61.45 18.08 0.15
MSMT17 SBS  82.02 56.62 10.26 28.77 7.89 0.05 36.68 22.71 3.23 70.65 21.16 0.12
5
6

mAP mINP R-1 mAP mINP

CIL  76.10 52.40 12.45 39.79 15.33 0.32 45.51 29.08 5.84 68.31 27.99 0.50
Ours  76.80 52.10 11.97 51.16 23.36 1.11 55.85 35.02 6.54 70.50 34.85 1.75
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Fig. 6 Result visualization of corrupted images: (a) Snow; (b) Speckle; (b) Defocus; (b) Pixelate
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