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[ Abstract] In order to solve the problem of weak person feature expression ability and low recognition rate caused by complex
factors such as person attitude and environment, this paper proposes a person re —identificaton method based on cross - latitude
interactive attention mechanism by improving AlignedReID + + model. Firstly, in feature extraction, the Triplet Attention module is
embedded in ResNet50 network to capture the cross — latitude interaction information between spatial dimensions and channel
dimensions ; Secondly, Funnel ReLU, a visual activation function based on spatial characteristics, was introduced to alleviate the
spatial insensitivity of the activation function and enhance the nonlinear expression ability of the network model; Finally, the
effectiveness of the improved model was evaluated on the three mainstream person re — identification datasets Market1501,
DukeMTMC-RelID and CUHKO3. The first shot Rank—1 increased by 1.6%, 1.4% and 2.8%, the mean average precision mAP
increased by 2.1%, 2.3% and 3.1%, respectively. The results show that the proposed algorithm has good performance and can
achieve higher recognition accuracy.
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Fig. 1 Improved person re—identification framework based on AlignedReID + +
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Tab. 1 Improved experimental results based on TA module %
Market501 DukeMTMC-RelD CUHKO3
Method
Rank1/Rankl (RK) mAP/mAP(RK) Rank1/Rankl1 ( RK) mAP/mAP(RK) Rank1/Rankl1 (RK) mAP/mAP(RK)
Baseline 91.0/92.0 77.6/88.5 80.7/85.2 68.0/81.2 60.9/67.6 59.7/70.7
Baseline+TA 91.9/93.3 79.8/90.4 81.2/86.1 67.3/82.8 62.9/70.3 60.1/73.6
2 ET FReLU ERMHKFKIER
Tab. 2 Improved experimental results based on FReLU module %
Market501 DukeMTMC-RelD CUHKO3
Method
Rank1/Rank1( RK) mAP/mAP(RK) Rank1/Rankl1( RK) mAP/mAP(RK) Rank1/Rankl1( RK) mAP/mAP(RK)
Baseline 91.0/92.0 77.6/88.5 80.7/85.2 68.0/81.2 60.9/67.6 59.7/70.7
Baseline+FReLU 91.5/93.0 79.6/89.9 82.0/86.6 69.1/83.3 61.1/69.8 59.3/72.6
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Tab. 3 Comparison of experimental results %
Market501 DukeMTMC~RelD CUHKO3
Method

Rankl mAP Rankl mAP Rankl mAP
svplY 82.3 62.1 76.7 56.8 41.5 37.3
PCE&ECN!'0) 87.0 69.0 79.8 62.0 30.2 27.3
MLFN!] 90.0 74.3 81.0 62.8 52.8 47.8
HA-CNN[12] 91.2 75.7 80.5 63.8 41.7 38.3
AlignedRelD + + 91.0 77.6 80.7 68.0 60.9 59.7
AlignedRelD + +( RK) 92.0 88.5 85.2 81.2 67.6 70.7
Ours( RK) 93.6 90.6 86.6 83.5 70.4 73.8
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