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Dual-path infrared-visible person re-identification algorithm based on feature learning
ZHU Songhao, LU Zhihan, SONG Jie
(College of Automation and College of Artificial Intelligence. Nanjing University of Posts and

Telecommunications, Nanjing, Jiangsu 210023, China)

Abstract; Due to the changes of shooting angle, pedestrian posture and additional cross-modality differences caused
by different camera spectra, there are obvious discrepancy between RGB images and infrared images. A difficulty in
infrared-visible person re-identification is how to extract effective modal shared features. A novel dual-path algorithm
was proposed to learn recognition features and an improved BNNeck module was utilized to extract the feature
information of RGB and infrared images, which can improve the recognition performance of the whole algorithm.
Firstly, the attention mechanism was introduced into the dual-path feature learning network to obtain the feature
information of RGB images in spatial and channel dimensions, which achieved infrared feature information matching.
Then, the BNNeck module was introduced into the cross-modality person reidentification algorithm to reduce the
cross-modality differences and accelerate the convergence speed of the algorithm. Finally, on the basis of hetero-
center loss function and cross entropy loss function, the pedestrian identity loss function under different modes was
introduced to improve the accuracy of person re-identification. The experimental results of SYSU-MMO01 and RegDB
datasets show that compared with most of the existing algorithms, the proposed algorithm has better generalization ability
and robustness, with the mAP/Rank-1 reaching 59.39%/85.44% and 57.81%/73.19% respectively, 2.43%/2.86%
and 2. 44%/1.19% higher than the latest algorithm respectively.
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Fig. 1 Complex variations in infrared-visible person re-identification
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Fig. 2 Architecture of the proposed dual-path network
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Tab. 1 Comparison with other works on SYSU-MMO01 dataset
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HOG?] 2.76 18.30 32.00 4.24  3.82 22.80 37.70 2.16  3.22 24.70 44.30 7.25  4.75 29.10 49.40 3.51
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DGD-+ MSRL? 37.35 83.40 93.34 38.11 43.86 86.94 95.68 30.48 39.64 89.29 97.66 50.88 46.56 93.57 98.80 40.08
DPMBN[6] 37.02 79.46 89.87 40.28  — — — —  44.47 87.12 95.24 54.51  — — — —
X Modality! 1] 19.92 89.79 95.96 50.73  — — — - - - - - - - - —
DDAG!7] 54.75 90.39 95.81 53.02  — — — —  61.02 94.06 98.41 67.98  — — — —
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Tab. 3 Evaluation of each component on the large-scale SYSU-MMO01 dataset

AR L S R (SYSU-MMO D) = WL R (SYSU-MMOo 1)
Rk
R1 R10 R20 mAP R1 R10 R20 mAP
D 49.14 88.71 95.25 48.00 52.04 89.78 95.69 59.83
D+B 57.83 92.62 97.33 56.06 58.40 93.96 98.08 66.10
D+C 57.59 92.81 97.62 56.50 60.11 95.21 98.66 67.82
D+B+C 59.39 93.35 97.89 57.81 61.80 95.27 98.58 68.54
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B35 e bR B S B UE R e RO HEAT | Tab. 4 Evaluation of each component on the RegDB dataset
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Tab. 5 Performance comparison of different loss functions between the proposed

algorithm and the baseline algorithm under the dual-path network
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