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Domain Generalization for Pedestrian Re—identification with Dual-Style
Augmentation

ZHANG Kaiyong, XIE Chuwen, ZHANG Jiahui, HE Lewei
(School of Artificial Intelligence , South China Normal University , Guangzhou 510631, China)

Abstract: Pedestrian re—identification aims to match and identify the same person across different, non—overlapping camera views. Existing
pedestrian re—identification methods are mostly based on supervised learning, which performs well in a single domain but suffers a significant
performance drop when applied across domains. To address this issue, this paper proposes a multi-source domain generalization person re—
identification method based on dual-style augmentation to enhance the model’s generalization capability across different domains. Specifical-
ly, we first introduce style uncertainty augmentation, which uses random noise to simulate diverse style variations for data augmentation. Mean-
while, to prevent the loss of original image style features caused by single—style uncertainty augmentation, we design a style memory module to
store the original style features of the images and enhance the data based on the stored style features, thereby maintaining the integrity of the
images during augmentation. Finally, a dual-style loss function is proposed, which combines the features of the original and augmented styles
to further optimize the model’s generalization performance. Experimental results on multiple pedestrian re—identification datasets demonstrate
that the proposed method significantly improves the generalization capability in unseen domains, with the mAP increasing by 0.6% to 1.9%
compared with the existing methods.

Key Words: pedestrian re—identification; domain generalization; style augmentation; meta learning; instance normalization
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Fig.1 The frame work of style memory augmentation and style-—uncertainty augmentation
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DualStyle(ours) 57.4 814 51.8 71.6 213 482 331 338
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Table 3 Ablation study result

#*3I HMLKER (%)
MS+D+M—M M+D+C—MS
method
mAP R1 mAP R1
Baseline 55.5 80.3 17.2 41.3
Baseline + SmA 56.9 81.1 19.5 459
Baseline + SmA + L 57.4 81.4 21.3 48.2
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