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Infrared-visible person re-identification based on
multi feature aggregation
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China;
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Abstract: Infrared-visible person re-identification has been widely used in video surveillance, intelligent
transportation, security, and other fields. However, due to the differences between different image modalities, it
brings great challenges to this field. The existing methods mainly focus on mitigating the differences between
modes to obtain more discriminating features, but ignore the relationship between adjacent features and the
influence of multi-scale information on global features. Here, a infrared-visible person re-identification method
(MFANet) based on multi-feature aggregation is proposed to solve the shortcomings of existing methods. Firstly,
the adjacent level features are fused in the feature extraction stage, and the integration of low-level feature
information is guided to strengthen the high-level features and make the features more robust. Then, the multi-scale
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features of different receptive fields of view are aggregated to obtain rich contextual information. Finally, multi-scale

features are used as a guide to strengthen the features to obtain more discriminating features. Experimental results
on SYSU-MMO01 and RegDB datasets show the effectiveness of the proposed method, and the average accuracy of
SYSU-MMO01 dataset reaches 71.77% in the most difficult all-search single-shot mode.

Keywords: person re-identification; infrared; multi-scale; adjacent level features
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%1 SYSU-MMO1 #0485 £ kit £
Table 1 Comparison results on SYSU-MMO01 datasets

Setting
Method All search Indoor search
rank-1 rank-10 rank-20 mAP mINP rank-1 rank-10 rank-20 mAP mINP
One-stream!"! 12.04 49.68 66.74 13.67 - 16.94 63.55 82.10 22.95 -
Two-stream'™” 11.65 47.99 65.50 12.85 - 15.60 61.18 81.02 21.49 -
Zero-Padding"™ 14.80 54.12 71.33 15.59 - 20.58 68.38 85.79 26.92 -
HCML"™ 14.32 53.16 69.17 16.16 - 24.52 73.25 86.73 30.08 -
BDTR"” 27.32 66.96 81.07 27.32 - 31.92 77.18 89.28 41.86 -
D°RLY 28.90 70.60 82.40 29.20 - - - - - -
AlignGAN"™ 42.03 85.25 93.73 41.48 - 45.86 90.17 95.39 55.18 -
AGW!™ 47.58 84.45 92.11 47.69 35.30 54.29 91.14 95.99 63.02 59.23
Xmodal®” 49.92 89.79 95.96 50.73 - - - - - -
DDAG" 53.61 89.17 95.30 52.02 39.62 58.37 91.92 97.42 65.44 62.61
CM-NASH! 62.04 92.92 97.31 60.00 - 67.03 97.02 99.34 72.97 -
CAJ® 68.23 95.59 98.49 65.32 53.61 74.01 97.79 99.67 78.52 76.79
MPANet" 70.07 95.39 98.39 67.07 - 76.35 97.56 99.48 80.16 -
PIC* 57.5 - - 55.1 - 60.4 - - 67.7 -
DART? 68.72 96.39 98.96 66.29 53.26 72.52 97.84 99.46 78.17 74.94
spoT!™ 65.34 92.73 97.04 62.25 48.86 69.42 96.22 99.12 74.63 70.48
DML 58.40 91.20 95.80 56.10 - 62.40 95.20 98.70 69.50 -
PMT!? 67.53 95.36 98.64 64.98 51.86 71.66 96.73 99.25 76.52 72.74
SFANet™ 65.74 92.98 97.05 60.83 - 71.60 96.60 99.45 80.05 -
SIDA®? 68.36 95.91 98.56 64.19 - 73.28 97.35 99.52 77.49 -
MTMFE®" 69.47 96.42 99.11 66.41 - 72.56 96.98 99.20 76.58 -
Ours 71.77 96.15 98.7 68.43 55.21 78.24 98.23 99.49 81.9 78.44

% 2 RegDB #4f £t R

Table 2 Comparison results on RegDB datasets

Setting
Method Visible to infrared Infrared to visible
rank-1 rank-10 rank-20 mAP mINP rank-1 rank-10 rank-20 mAP mINP
Zero-Padding"” 17.75 34.21 4435 18.90 - 16.63 34.68 4425 17.82 -
HCML!™ 24.44 47.53 56.78 20.08 - 21.70 45.02 55.58 22.24 -
BDTR!” 33.56 58.61 67.43 32.76 - 32.92 58.46 68.43 31.96 -
D?RLY 43.40 66.10 76.30 4410 - - - - -
AGW!™ 70.05 86.21 91.55 66.37 50.19 70.49 87.21 91.84 65.90 51.24
Xmodal® 62.21 83.13 91.72 60.18 - - - - - -
DDAG" 69.34 85.77 89.98 63.19 49.24 64.77 83.85 88.90 58.54 48.62
CM-NAS?! 84.54 95.18 97.85 80.32 - 82.56 94.52 97.37 78.31 -
MCLNet®™ 80.31 92.70 96.03 73.07 - 75.93 90.93 94.59 69.49 -
CAJY 84.72 95.17 97.38 78.70 65.33 84.09 94.79 97.11 77.25 61.56
PIC* 83.6 - - 79.6 - 795 - - 77.4 -
DART® 78.23 - - 67.04 48.36 75.04 - - 64.38 43.32
spoT!™ 80.35 93.48 96.44 72.46 56.19 79.37 92.79 96.01 72.26 56.06
DMLY 77.60 - - 84.30 - 77.00 - - 83.60 -
PMT!™ 84.83 - - 76.55 - 84.16 - - 75.13 -
SFANet®? 76.31 91.02 94.27 68.00 - 70.15 85.24 89.27 63.77 -
SIDAP 81.73 - 96.55 75.07 - 79.71 - 95.47 72.60 -
MTMFE®" 85.04 94.38 97.22 82.52 - 81.11 92.35 96.19 79.59 -
Ours 85.38 95.39 97.54 79.49 65.72 84.58 95.27 97.23 78.02 62.22
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Table 3 Ablation study of four different settings on the SYSU-MMO01 dataset

Settings All search Indoor search
AFAM MSAM rank-1 rank-10 rank-20 mAP mINP rank-1 rank-10 rank-20 mAP mINP
68.23 95.59 98.49 65.32 51.90 74.01 97.79 99.67 78.52 74.78
\ 69.30 95.69 98.41 65.95 52.14 75.27 97.84 99.48 79.51 75.79
70.89 95.88 98.52 67.61 54.3 77.69 97.43 99.25 81.09 77.48
\ 71.77 96.15 98.70 68.43 55.21 78.24 98.23 99.49 81.90 78.44
& O [
5 F = Intra-class 51 = Intra-class 51 == Intra-class 51 == Intra-class
== |nter-class == |nter-class == |nter-class == |nter-class
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Fig. 5 Inter-class intra-class distance and feature distribution diagram
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Table 4 Multi scale feature aggregation module receptive field analysis

Receptive field

Settings All search Indoor search
rank-1 rank-10 rank-20 mAP mINP rank-1 rank-10 rank-20 mAP mINP
1, 3,5, 7 69.41 95.82 98.54 66.27 52.96 75.34 97.96 99.66 79.98 76.53
1, 2, 3, 4 70.17 95.51 98.51 67.14 54.1 76.44 98.09 99.6 80.65 77.22
1, 3,5 70.5 95.77 98.54 67.11 53.68 76.66 97.81 99.51 80.54 76.99
1, 2,3 70.53 95.86 98.67 67.21 53.77 76.59 97.88 99.37 80.68 77.22
1, 3 71.77 96.15 98.70 68.43 55.21 78.24 98.23 99.49 81.90 78.44

Original

cam1

cam2

cam3

cam4

camb

cam6

A6 TREAZLETHHNAE

Fig. 6 Heat map at different receptive fields of view
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Fig. 7 Visual sorting results on SYSU-MMO01
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Infrared-visible person re-identification based on
multi feature aggregation
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Overview: Infrared-visible person re-identification is a prominent research topic in the field of computer vision,
encompassing several essential aspects. These include multi-modal perception technology, challenges in person re-
identification, practical application demands, and the development of datasets and evaluation metrics. With the
emergence of multi-modal perception technology, the primary objective of infrared-visible light person re-identification
is to effectively fuse information from different modalities to enhance the accuracy and robustness of person re-
identification. Person re-identification faces challenges such as variations in viewpoint, pose, occlusion, and lighting
conditions. Furthermore, infrared-visible person re-identification poses additional challenges as a cross-modal task. This
technology holds broad prospects for applications in video surveillance, security, intelligent transportation, and other
related fields. Particularly, it is well-suited for person re-identification in low-light or nighttime environments. The
development of relevant datasets and evaluation metrics has facilitated ongoing innovation and improvement in
infrared-visible person re-identification algorithms and systems. Infrared-visible person re-identification is a research
field extensively supported by various backgrounds, providing a foundation for enhancing the performance and
application effectiveness of person re-identification. With the continuous exploration of researchers, the accuracy of
infrared-visible person re-identification has steadily improved. However, due to the differences between different image
modalities, it brings great challenges to this field. The existing methods mainly focus on mitigating the differences
between modes to obtain more discriminating features, but ignore the relationship between adjacent features and the
influence of multi-scale information on global features. Here, a infrared-visible person re-identification method
(MFANet) based on multi-feature aggregation is proposed to solve the shortcomings of existing methods. Firstly, the
adjacent level features are fused in the feature extraction stage, and the integration of low-level feature information is
guided to strengthen the high-level features and make the features more robust. Then, the multi-scale features of
different receptive fields of view are aggregated to obtain rich contextual information. Finally, multi-scale features are
used as a guide to strengthen the features to obtain more discriminating features. Experimental results on SYSU-MMO01
and RegDB datasets show the effectiveness of the proposed method, and the average accuracy of SYSU-MMO1 dataset
reaches 71.77% in the all-search single-shot mode and 78.24% in the indoor-search single-shot mode.

Zheng H J, Ge B, Xia C X, et al. Infrared-visible person re-identification based on multi feature aggregation[J]. Opto-
Electron Eng, 2023, 50(7): 230136; DOI: 10.12086/0ee.2023.230136
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