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[ Abstract] In order to solve the problem of interference of image background noise on the extraction of pedestrian features in the
task of pedestrian re —recognition, this paper proposes an improved algorithm for pedestrian re —recognition based on a region
proposal network (RPN). RPN is introduced to obtain regions of interest ( ROI) with different scale information, and then the
coordination and unification of ROI multi — scale information is realized through the ROI pooling layer, which suppresses the
influence of image background noise on pedestrian information representation. Later the multi—branch network structure is built based
on global features, block local features, and RPN-based ROI features to enhance pedestrian feature information. Then the minimum
distance of positive samples is added to the triple loss of difficult sample sampling as the intra—class distance, which improves the
clustering performance between positive samples. Finally, the optimized triple loss function and the cross—entropy loss function are
combined to supervise the training and prevent the training results from overfitting. In order to verify the reliability of the method,
some experiment is carried out on the Market1501 dataset. The accuracy of Rankl of this method on the Market1501 dataset is 94.
7% , and the accuracy of mAP is 85.8%. The results show that this method has a good pedestrian recognition performance.
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Fig. 1 Structure of the network model
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Fig. 2 Structure of the region proposal network
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Tab. 1 Analysis and comparison of experimental results

Market1501 Duke MTMC-relD
Model
Rankl mAP Rankl mAP
Baseline 89.6 76.2 79.3 64.9
+ BNNeck 92.8 83.4 84.3 72.1
+ Improved TriHard Loss 93.3 83.6 84.7 72.5
+ RPN (Ours) 94.7 85.8 86.8 74.3
+ Re-ranking 95.3 93.5 88.6 86.1
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Tab. 2 Comparison of our algorithm with other mainstream

algorithms on Market1501 and Duke MTMC-reID

Market1501 Duke MTMC~-relD
Algorithm
Rankl ~ mAP Rank1 mAP
SCPNet 91.2 75.2 80.3 62.6
PCB 93.8 81.6 83.3 69.2
Pyramid 95.7 88.2 89.9 79.0
GLAD 89.9 73.9 - -
MGN 95.7 86.9 88.7 78.4
Multi-Scale 88.9 73.1 79.2 60.6
MLFN 90.0 74.3 81.0 62.8
HPM 94.2 82.7 86.6 74.3
HACNN 91.2 75.7 80.5 63.8
Baseline 89.6 76.2 81.2 67.4
Ours 94.7 85.7 86.8 74.3
+Re-ranking 95.3 93.5 88.6 86.1
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