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Visible-Infrared Person Re-Identification Based
on Dual Attention Mechanism
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(1. School of Science, East China Jiaotong University, Nanchang 330013, China; 2. Key Laboratory of Advanced Control
and Optimization of Jiangxi Province, East China Jiaotong University, Nanchang 330013, China)

Abstract: [Objective] Visible-infrared person re-identification is a very challenging image retrieval problem
due to the huge modal difference between visible and infrared images. [Method] In order to further reduce the
difference between the two modalities and focus on pedestrian information, a network structure based on dual at-
tention mechanism is proposed for visible-infrared person re-identification. On the one hand, through the dual at-
tention mechanism to mine personal spatial information of different scales and enhance the channel interaction
ability of local features. On the other hand, through learning multi- granular feature information through using
global and local branches, different granular information can complement with each other to form a more dis-
criminating feature. [ Result] Experimental results on two public datasets show that the proposed method has a
significant improvement compared with the baseline, and shows ideal performance on both the RegDB dataset
and the SYSU-MMO1 dataset. [ Conclusion ] The proposed method can provide an effective reference for solving
the problem of modal difference of visible-infrared person re-identification in the future.
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Tab.1 Comparison with existing methods on the RegDB dataset %
Method Visible to infrared Infrared to visible
Rankl Rank10  Rank20 mAP mINP Rankl Rank10  Rank20 mAP mINP
Zero-Pad” 17.75 34.21 4435 18.90 - 16.63 34.68 44.25 17.82 -
HSME" 50.85 73.36 81.66 47.00 - 50.15 72.40 81.07 46.16 -
AlignGan'! 57.90 - - 53.60 - 56.30 - - 53.40 -
X-Modal® 62.21 83.13 91.72 60.18 - - - - - -
DDAG"” 69.34 86.19 91.49 63.46 49.24 68.06 85.15 90.31 61.80 48.62
AGWY 70.05 86.21 91.55 66.37 50.19 70.49 87.21 91.84 65.90 51.24
MCLNet™! 80.31 79.83 - 73.43 69.49 -
CAJ® 85.03 95.49 97.54 79.14 65.33 84.75 95.33 97.51 77.82 61.56
MPANet!"” 83.70 - - 80.90 - 82.80 - - 80.70 -
GLMC™ 91.84 97.86 98.98 81.42 - 91.12 97.86 98.69 81.06 -
MMNH 91.60 97.70 98.90 84.10 - 87.50 96.00 98.10 80.50 -
MID" 87.45 95.73 - 84.85 - 84.29 93.44 - 81.41 -
SPOT™ 80.35 93.48 96.44 72.46 56.19 79.37 92.79 96.01 72.26 56.06
CMT™ 95.17 - - 87.30 - 91.97 - - 84.46 -
MAUM™ 87.87 - - 85.09 - 86.95 - - 84.34
Ours 95.22 98.54 99.17 87.70 74.48 93.67 98.35 98.83 86.43 71.68
F2 TESYSU-MMO1 HiiEE E 5 FHEET
Tab.2 Comparison with existing methods on the SYSU-MMO01 dataset %
All search Indoor search
Method
Rankl ~ Rankl10  Rank20 mAP mINP Rankl ~ Rankl10  Rank20 mAP mINP
Zero-Pad® 14.80 54.12 71.33 15.95 - 20.58 68.38 85.79 26.92 -
HSME" 20.68 32.74 77.95 23.12 - - - - - -
AlignGan™ 42.40 85.00 93.70 40.70 - 45.90 87.60 94.40 54.30 -
X-Modal® 49.90 89.80 96.00 50.70 - - - -
DDAG" 54.75 90.39 95.81 53.02 39.62 61.02 94.06 98.41 67.98 62.61
AGWY 47.50 84.39 92.14 47.65 35.30 54.17 91.14 95.98 62.97 59.23
MCLNet™! 65.40 93.33 97.14 61.98 - 72.56 96.88 99.20 76.58 -
CAJY 69.88 95.71 98.46 66.89 53.61 76.26 97.88 99.49 80.37 76.69
MPANet"” 70.58 96.21 98.80 68.24 - 76.74 98.21 99.57 80.95 -
GLMC™ 64.37 93.90 97.53 63.43 - 67.35 98.10 99.77 74.02 -
MMN" 70.61 96.20 99.00 66.90 - 76.20 97.20 99.30 79.60 -
MID™ 60.27 92.90 - 59.40 - 64.86 96.12 - 70.12 -
SPOT" 65.34 92.73 97.04 62.25 48.86 69.42 96.22 99.12 74.63 70.48
CMT™ 71.88 96.45 98.87 68.57 - 76.90 97.68 99.64 79.91 -
MAUM"™ 71.68 - - 68.79 - 76.97 - - 81.94 -
Ours 74.18 96.58 99.20 70.04 56.97 79.69 98.12 99.73 83.08 79.65
RPN 25 5L, o Local Z7R (XUR FH R i A ik 464 7 3) JEWRRI MR o AR 8 2 0k o e

T , Global #7n A AI FH 42 JRy FRAE AT F0I , Glob- & T A7 NJRARHFIE @I 52 B AR o 1L RegDB %L
al+Local /R B A i 2R R IE R ARAFAEEA T T AR ], I 4 s T A RZ IR RICR , b
o BARGERINR 4 P, NPT LOEERIA N4 il Part F7R 0 G ECRE . Oy 1 AR IIE Part E’Jﬁ’xﬁlﬁ
SRRy ST T 0 A RCR B e I B 1) AR TR o R EUE B X
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Tab.3 The impact of each component on

model performance %
Method Visible to infrared

Rankl mAP mINP
Base 87.72 79.14 64.09
Base+tMCA 90.49 81.27 66.15
Base+PCA 90.44 82.34 68.16
BasetP 93.35 84.86 70.23
BasetMCA+PCA 92.28 82.40 67.10
BasetP+MCA 94.37 85.92 72.81
Baset+P+PCA 94.03 85.96 72.33

Base+P+MCA+PCA 95.22 87.70 74.48

F4  AEFAEZEITIN A0
Tab.4 The impact of predictions by different features %

Visible to infrared

Method
Rankl mAP mINP
Global 95.22 87.70 74.48
Local 94.39 87.09 74.78
Global+Local 94.73 87.51 74.45
100
" "
90 - '/.//.\.
80 -
x
E 70 /\‘
] L
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Fig. 4 Effects divided by different levels
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