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Abstract
Visible-infrared Person Re-identification aims to recognize pedestrian images with the same iden-
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tity as query pedestrian image in the gallery set of another modality. Existing methods based on
two-stream feature extraction network have been widely used to solve this task. However, due to
the different data sources, the feature granularities in different modality feature extraction
branches are inconsistent. To alleviate this issue, we propose a multi-granularity spatial attention
model and further proposes a modality specific attention module, which use decentralized fine-
grained attention to extract the attention descriptor of visible samples containing more detailed
information, and use concentrated coarse-grained attention to extract the attention descriptor of
infrared samples containing more fuzzy information. Extensive experiments show that our me-
thod greatly improves the performance of the end-to-end framework on two widely used visi-
ble-infrared Person Re-identification datasets, SYSU-MMO01 and RegDB.
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Figure 1. Diagram of Multi-granularity attention module structure
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Figure 2. Diagram of modality specific attention module structure
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Table 1. Result of proposed method on SYSU-MMO1and RegDB
2 1. FROEARICS AT SYSU-MMO1 #1 RegDB _ERYSEIG 458

. SYSU-MMO01 RegDB
&
top-1 mAP mINP top-1 mAP mINP
baseline 59.14% 54.86% 38.22% 92.61% 87.95% 79.57%
Baseline + MGSA 61.60% 56.34% 45.37% 92.83% 89.24% 82.47%
Baseline + MSAM 60.35% 57.98% 40.71% 91.73% 88.01% 80.52%
Baseline + MGSA + MSAM 61.23% 57.96% 45.82% 92.31% 89.39% 82.94%
70.00%
rank 1
65.00% mAP
miNP
61.60% 61.34% 61:,35%)
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23164%)
4757%
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35.00%
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1 2 3 4 6 9
1
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rank 1
65.00% mAP
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60.00% 1 gz 60:35% 59.87% 59.24%
57.98%
5503 o5 200 56.84%
55.00% #654.92% . - 54.24% 51.85%
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3618%
35.00% o
30.00% ,
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Figure 3. Parameter experiment results. The above image is experiment of parameter division /;
in MGSA; the image below is experiment of parameter division /, in MSAM
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Fealit, %L =1K, MGSA 5 CBAM G a6 )75 A1 SO EHUEE . e, FRATAT DLAE g 2],
1 =41, MGSA SR HE, METILL N rank] EF mAP H 0 HRTF T 2.22%F1 1.42%.

MSAM H IS8 L RPN . (£ SYSU-MMOI Hdi4E -, 83 TG H T MSAM 1%
L AN E U 0 L R A, 24 L =1 1, MSAM 5424 FAEPIAN 2 3l A E AR JE 2 CBAM
B, fE, BATATUNE P3|, 24 L=2 1, MSAM SUREEF, M T LK rank] £ mAP {4
S RTET 0.97%F1 3.06%.
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