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Abstract: In order to solve the problem of insufficient attention to non-salient distinguishable features and
insufficient expression of extracted key features of pedestrians in current Re-ID methods, a feature extrac-
tion network based on a dual-path attention mechanism is proposed (Dual-Path Attention Network), which
consists of a dual-path attention backbone network. It is composed of an enhanced attention feature fusion
module. Among them, the dual-path attention network allows the model to focus on effective feature areas
with different salience levels, which can be used to mine significant and potentially non-salient distinguish-
able features respectively, emphasizing the importance of potential key features.The enhanced attention fea-
ture fusion module is used to complete feature information complementation, and counterfactual intervention
is used to enhance the quality and effectiveness of the learned attention feature map, so as to make the final
feature representation more discriminative. Extensive experiments were conducted on Market1501, Du-
keMTMC-relD and MSMT17 data sets, and the results showed that the mAP values reached 89.3%, 80.0%,
58.4% respectively; the Rank-1 values reached 95.7%, 89.8%, 80.7% respectively, which fully proved the
superiority of this method.

Key words: person re-identification; deep learning; attention mechanism; non-distinctive; counterfactual inter-
vention
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7t ResNet50_conv3 # 17 X 385 73 %F F DPAM 4L
M, AR SO RN Z AT T 4 KSR CRINA R
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] 2B R4y T (1 5250 PFA #5855 mAP 1 Rank-1
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F= 4 AREEXEXS7E Market1501 SRR REE %
ARJZX %4>  mAP  Rank-1  Rank-5 Rank-10

DPAM_conv2 88.6 94.8 98.3 99.1
DPAM_conv4 88.1 94.8 98.4 98.9
DPAM_conv3 89.2 95.3 98.3 99.1
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NGRS WIpIES mAP Rank-1 Rank-5 Rank-10
Baseline 87.5 94.8 98.3 99.1
Baseline+DPAM(SE)  88.8 95.0 98.5 99.0
Baseline+DPAM(CA)  89.2 95.3 98.3 99.1

. MR IR F A (.

2.42 EAFFM 43#r
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FRIEFRR mAP  Rank-1 Rank-5 Rank-10
DPANet 89.0 95.2 98.4 99.1
DPANet(SEF) 89.2 95.3 98.3 99.1
DPANet(SEF+CF)  89.3 95.7 98.6 99.4
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