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Noise Label Based Self-adaptive Person Re-identification

TANG Ke, LANG Congyan

(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100043, China)

Abstract: As security issues have received widespread attention, the research on person re-identification
has become more realistic, which is gradually being applied to video surveillance, intelligent security and
other fields. The increasing of the number of monitoring equipments provides massive data support for
research, but manual labeling or detector recognition inevitably introduces noisy labels. When training
large-scale deep neural networks, as the amount of data increases, the noise of the label brings non-
negligible damage to model training. In order to solve the noise label problem of person re-identification,
this paper combines noise and non-noise data to train differentiated features, and proposes a noise-label
adaptive pedestrian re-identification method without using additional verification sets, noise ratio, types
and other priors. In addition, the method adaptively learns the weight of noise data to further reduce the
influence. On the noisy Market1501 and DukeMTMC-relD data sets, the state of the art is severely
affected by noise. The proposed method can improve the evaluation index by about 10% on this basis.
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Table 1 Ablation study of & on Market1501'"

Method 10% noise 5% noise
Rank 1 mAP Rank 1 mAP
IDE 85.12 66.54 87.51 70.07
IDE+P1(a=0.1) 86.29 69.18 87.48 69.82
IDE+P1+P2(a=0.1) 86.95 71.33 87.96 70.36
IDE+P1(a=0.2) 86.47 69.54 87.88 70.17
IDE+P1+P2(a=0.2) 87.14 72.56 89.52 71.67
IDE+P1(a=0.3) 86.99 71.73 88.13 70.64

IDE+P1+P2(a=0.3) 88.91 72.27 89.81 73.66
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Table 2 Ablation study of & on DukeMTMC-reID'"

Method 10% noise 5% noise
Rank 1 mAP Rank 1 mAP
IDE 76.39 58.69 77.42 60.03
IDE+P1(a=0.1) 75.64 58.35 76.44 60.51
IDE+P1+P2(a=0.1) 75.93 59.09 77.12 60.94
IDE+P1(a=0.2) 75.85 57.13 76.31 60.14
IDE+P1+P2(a=0.2) 75.97 58.41 77.36 61.01
IDE+P1(a=0.3) 75.31 58.22 76.29 59.78
IDE+P1+P2(a=0.3) 77.24 60.48 78.34 62.58
R3 AXHEIIESOTAFELBER
Table 3 Comparison of the proposed method with SOTA
Method Market1501" DukeM TMC-ReID"
Rank 1 mAP Rank 1 mAP
IDE* 91.11 79.24 78.14 60.38
IDE 85.12 66.54 76.39 58.69
MGN* 96.63 94.23 88.73 78.45
MGN 81.89 55.12 60.54 52.24
PCB* 92.38 77.43 81.75 66.13
PCB 85.17 62.14 67.16 42.23
HOREID* 79.66 70.35 69.47 62.12
HOREID 71.78 60.83 63.12 57.31
ABDNET* 95.65 88.36 89.01 78.61
ABDNET 79.66 70.37 69.48 62.19
P1+P2+MGN 83.57 62.94 64.93 59.64
P1+P2+PCB 88.96 66.63 73.82 57.15
P1+P2+HOREID 77.18 66.07 67.91 62.08
P1+P2+ABDNET 80.35 72.32 69.91 65.16
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