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Moderate Clothes-Changing Person Re-identification Based on Bionics of Binocular Summation

CHEN Kun-feng,PAN Zhi-song, WANG Jia-bao,SHI Lei and ZHANG Jin

College of Command and Control Engineering, Army Engineering University of PLLA, Nanjing 210007, China
Abstract Moderate clothes-changing person re-identification is to find the same person from different camera scenes under the
premise of considering the moderate change of clothes. The implementation of existing person re-identification methods is usually
based on the assumption that the pedestrian’s clothing is invariant, so they rely on clothing-related features. Then, when the
above assumptions are not valid,these methods are difficult to achieve the ideal recognition performance. Considering the impor-
tant characteristic that pedestrian’s shape hardly change when the change of clothes is moderate, the moderate clothes-changing
person re-identification is studied. Inspired by the binocular summation in biological vision system,a self-attention siamese net-
work is proposed in this paper. Analogous to biological binocular information acquisition process,the network takes two types of
images of the same pedestrian with different clothes as two branch inputs,and then achieves summation effect with siamese archi-
tecture. Subsequently, the contrastive learning and fusion learning of multiple features are carried out to obtain the pedestrian fea-
ture representation with identity discrimination. Finally,empirical studies show that the proposed method achieves best perform-

ance at present on clothes-changing person re-identification benchmark.

Keywords Person re-identification, Moderate clothes-changing,Binocular summation, Self-attention, Siamese network
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Fig. 5 Performance of each fusion method for DAF
FKATEHCT 4 Stagel HFATRHEALA 0 4% BT, Al 2
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BT B RT BEAS FERT 3 A0 LR 4 A7 B AR A FSM,
DR AR R 2R . b, FATIE ZEAE R B X4 LT FSM ORI
Non-Local & S HERE . AHOC A LI 45 Rk 2 frdil,

# 2 AF FSM 4 A J7 2y 52 50 45 21

Table 2 Performance of each method of inserting FSM

BT . %)
77 % M 4 (Rank-1)
FSM 4 N\ 77 #% B—~A C>A
FSM Non-Local FSM Non-Local
Stage0 90.02 87.23 38.17 38.45
Stagel 90. 81 86.31 38.25 37.94
Stage?2 90. 67 88.23 38.54 38. 31
Stage3 90.73 89. 27 38.90 37.35
Staged 90. 21 90. 04 38.03 38.42
Stage2 + Stage3 90. 97 — 39.02 —
Stagel + Stage2 + Stage3 91.73 — 39.52 —
Stagel +St‘ageZ+StageS+ 91.20 B 38.93 B
Staged

M 2 1 S 45 0 P R R R B, 2 R AR R I P A
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¥ BE B A A — N7 B BB, FSM A9 HE BE L T Non-Lo-
cal R IBIPe, X T FSM (14 45 F 4l & 48 A 77 20, “ Stagel +
Stage2+Stage3” ] S MR AEVERE . Rk, AT T4 MIMO #Y
Ay LB T A 2 FoR S5 .
3.6 SHMAEMITLESH
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¥ 71 ResNet50!) (RGB) , PCBRY (RGB) , L B 24 1 #H %6
TAER R AE ) 1 SPT+ ASEY, %) b 5256 19 45 S 3k 3
F3,

F 3 fE PRCC Hi 4R 1 i) L 5256 25
Table 3 Comparative experimental results on PRCC dataset
CHAY %0

- C—~>A (#750) B—>ACK # £
Rank-1 Rank-10 Rank-1 Rank-10

LBP28) + KISSME3] 18. 71 58.09 39.03 76.18
HOG2) + KISSME™?!  17.52 49. 52 36.02 68. 83
ResNet50-*/ (RGB) 19.43 52.38 74.80 97.28
pPCBPY (RGB) 22.86 61.24 86. 88 98.79
SPT+ASE-7! 34.38 77. 30 64. 20 92. 62
Single-Branch Net 39.52 80. 02 91.73 98.67
SSNCFE #: K 4 %) 40. 41 82. 30 92. 35 98.73
SSN 42.35 85. 42 91.84 99. 07
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BT HERZEEMY . LUR—17 AR R AR 0w 28 R 1
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BEUARUR FEEGAE BRI, AR T 5T AKRE LR
P S 0P R A R S I — A B A 1 B A AT N TR R
G, FEAHCHEIRAE e g LR AR SCor ik B AL T 1
AR OG5 1k L I By A SR 14 i#F — 20 BIF 5 438 T — b 7 SR
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R 45 R I, AT 5 T 0 1 8 SRR 91 1l B e 7 AT A AL
HAE L BEAL B AR S A B 3R A 15 O R B R 4R
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