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Channel and Spatial Dual-Attention Network for Person Re-Identification

ZENG Tao,XUE Feng, YANG Tian
(School of Computer and Information, Hefei University of Technology, Hefei 230601, China)

[ Abstract] To address the challenge in obtaining the discriminative features of pedestrians in actual scenes due to
changes in camera angle, pedestrian postures, object occlusions, low/image resolutions, and misaligned pedestrian
images, a Hybrid Pooling Channel Attention Module/(tHPCAM) and a Full Pixel Spatial Attention Module
(FPSAM) are designed.Based on these two attention modules, a Channel and Spatial Dual-Attention Network
(CSDA-Net) is proposed. The HPCAM module suppresses the interference of meaningless information and
enhances the expression of salient features in'the channel dimension to extract highly discriminative pedestrian
features.The FPSAM module enhances the discrimination ability of pedestrian features in the spatial dimension and
then improves the accuracy of person Re-Identification (RelD).By integrating the HPCAM and FPSAM modules
into the traditional person RelID depth model framework in stages, attention features ranging from rough to fine
ones are obtained. Experimental tesults show that the Rank-1 accuracies of CSDA-Net on mainstream datasets
CUHKO03, DukeMTMC-RelID, and Marketl501 in the field of person RelID are 78.3%, 91.3%, and 96.0%,
respectively, and its mean Average Precision(mAP) values are 80.0%, 82.1%, and 90.4%, respectively. Compared
with MGN networks, the three networks mentioned above show higher Rank-1 accuracies by 14.9, 2.6, and 0.3
percentage points, respectively, and higher mAP values by 13.7, 3.7, and 3.5 percentage points, respectively. This
indicates that the CSDA-Net can extract more robust and discriminative expression features.

[ Key words] person Re-Identification(ReID) ; dual-attention mechanism ; pedestrian features ; deep learning ; mean Average
Precision(mAP)
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Table 4 = Experimental results of different module

combinations on Market1501 dataset %
M A Rank-1 mAP
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Fig.4 Display of the top 10 pedestrian search results of network in this paper under the Market1501 dataset
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