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Abstract The traditional unsupervised domain adaptive person re-identification algorithm suppressed the noise of pseudo-
label poorly and lack inter-domain generalization ability. For the above problems, an unsupervised domain adaptive person
re-identification algorithm was proposed which based on soft pseudo-label and multi-scale feature reconstruction. In order
to suppress pseudo-label noise, the predicted value of the parallel network is used as the soft tag, and pseudo-label noise is
corrected by cross-proofreading methods, which provides a more robust soft false tag for unsupervised domain adaptive
tasks. In order to enhance the generalization ability between domains, multi-scale feature reconstruction and Hadamard
product feature fusion methods are used to process the deep and shallow feature layer information, realize the style
conversion from source domain data to target domain, and solve the problem of poor adaptability of residual network
domain with instance normalization and batch normalization network, so as to enhance the generalization ability of the
network to source domain and target domain. Experimental results show that the proposed algorithm has achieved good
performance in both Market to Duke and Duke to Market unsupervised domain adaptive tasks, which is significantly better
than the related algorithms.
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Table 1 Results of soft pseudo-label correction method verification experiment unit: %
Market1501— Duke-MTMC-relD—
Method Duke-MTMC-relD Market1501
mAP Rank 1 Rank 5  Rank 10 mAP Rank 1 ~ Rank 5 Rank 10
ResNet-50-DBSCAN 54.2 71.1 82.5 86.0 60. 8 75.0 84.7 89.4
Soft pseudo-label-ResNet-50-DBSCAN 63.5 77.5 87.6 93.1 71.4 88.3 95.6 97.5
Soft pseudo-label-IBN-a-ResNet-50-DBSCAN  67. 2 80. 2 89.9 92.7 76.6 89.7 95.4 97.7
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Table 2 Results of pseudo-label clustering algorithm based on the SPGAN model verification experiment unit: %
Market1501—Duke- Duke-MTMC-relD—
Method MTMC-relD Market1501
mAP Rank 1 Rank 5 Rank 10 mAP Rank 1 Rank 5 Rank 10
Soft pseudo-label-IBN-a-ResNet-50-DBSCAN 67.2 80.2 89.9 92.7 76.6 89.7 95.4 97.7
SPGAN-soft pseudo-label-IBN-a-ResNet-50-DBSCAN 69.3 81.6 90.4 93.5 79.2 90.9 94.5 97.6
Improved SPGAN-Soft pseudo-label-IBN-a-ResNet-50-DBSCAN  70.2  85.8  92.1 95.7 80.4 92.5 97.2 98.4
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Table 3 Comparison of unsupervised person recognition accuracy with related methods unit: %
Method Market1501—=Duke-MTMC-relD Duke-MTMC-reID—Market1501
mAP Rank 1 Rank 5 Rank 10 mAP Rank 1 Rank 5 Rank 10
PAD-Net'"” 45.1 63.2 77.0 82.5 47.6 75.2 86. 3 90. 2
MMT-700/500"" 68.7 81.8 91.2 93.4 76.5 90.9 96. 4 97.9
AE™ 46.7 67.9 79.2 83.6 58.0 81.6 91.9 94.6
Co-teaching-500"" 61.7 77.6 88.0 90.7 71.7 87.8 95.0 96.5
ECN™ 40. 4 63.3 75.8 80.4 43.0 75.1 87.6 91.6
AD-Cluster'"” 54.1 72.6 82.5 85.5 68.3 86.7 94. 4 96.5
PCB-PAST™ 54.3 72.4 — 54.6 78.4 — —
SSGH 53.4 73.0 80.6 83.2 58.3 80.0 90.0 92.4
Proposed method 70.2 85.8 92.1 95.7 80.4 92.5 97.2 98.4
S, , : 83.
1 élj:,: i . and Applications, 2018, 14(4): 83
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