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Abstract: In the current research on cross-modal person re-identification technology, most existing methods
reduce cross-modal differences by using single modal original visible light images or locally shared features of
adversarially generated images, resulting in a lack of stable recognition accuracy in infrared image discrimination
due to the loss of feature information. In order to solve this problem, A cross-modal person re-identification
method based on swappable hybrid random channel augmentation with structured dual attention is proposed.
The visual image after channel enhancement is used as the third mode, and the single channel and three
channels random hybrid enhancement extraction of visible image is performed through the Image Channel
Swappable random mix Augmentation (I-CSA) module, so as to highlight the structural details of pedestrian
posture, Reduce modal differences in learning. The Structured joint Attention Feature Fusion (SAFF) module
provides richer supervision for cross-modal Feature learning, and enhances the robustness of shared features in
modal changes, under the premise of focusing on the structural relationship of pedestrian attitudes between
modes. Under the single shot setting of full search mode in the SYSU-MMO01 dataset, Rank-1 and mAP reached
71.2% and 68.1%, respectively, surpassing similar cutting-edge methods.
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17 NE R EAR (Person Re-identification)fE
H RO R ST IR R G @R P AE 2
REZWEH. HAMESREH T BEE N
ITANE RN ARG TR SER S R, Huang®
N ffp R A LS &M 5 R AE 25 R A BB A
) R 1 — M AZ BRI ZRIR e g i
A fE MR S AR HFAE, B IRIB AN P2 2]
PRSI A E RS . YangP e X 6
B AT N ER) U b 5T P AU T — P BE
TR R AR 2> 30 24 1 3 e SR AR O A B AR R S v
A IR E M. XuanP5E N 1 5241 A
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Dai% AR — b 21 g 58 SO AE T 47 000 2%
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RO 14 e B e/ o FEURERAE b, Wang%F APIEIHT
PESEH TAR AT BIT7E, RN 55 A2 B T 24
(Alignment Generative Adversarial Network,
AlignGAN) H i o iR T 28 XA . Lufe AN
RIS PSRN, ORI SRR 8 R ALE < 1A AL
B RS

FEXS P ST B R, R IBOTUSEES HHARFAE ] 11
KF, 125y TR R A By H RIS A5
BT NERNFHEZ — LISARE T —M xS
SEF R R # 77 (Counterfactual Interven-
tion Feature Transfer, CIFT), FJHA iz A5
LR S PAT 22 8E . Wang® NPBTH T 26
J5 L SRR fl A X 4% (Multi-Scale Feature Fusion
module, MSFF), SZIL5¢ 4 ()3 30, $2HUEA 2L
ML AR E . Liang®5 NPHR W T 85 1504 1 e 4
(Cross-Modality Transformer, CMT), it
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PR PR S5 5 ] 2 ) S8 ) 55 S T B 68 A AL
M
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5 ) R AR A PR B TR B A L, AR SCER
T Fhd i SRR B TR A AT LI E S R K S
SO P REASAT NE R T, MG E TE v] A el
HLVR & HE 50 BH (Image Channel Swappable ran-
dom mix Augmentation, I-CSA) R &5 ML A 1E
B IR ERL A AL E (Structured joint Attention
Feature Fusion, SAFF)4 i, KA T #1iHE R
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2.2 EMRIRIE R ZHRMEHLIR & 1R E R
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LA FRXEREAS , JEORFEAXS A 2 57, AT
X 286 27 > B BE G 3R AE A 7 T8 I A BREAE S o
KIAIZE R, ARIOMASE R LLRHZ A, &
12k RG9S 1 2% (EJ-Loss) R n A

Lgy = Lig + Lgq + vLx

3 KRERSH
3.1 HIBEFITMN IR

AR FERRAT NE PSR EEE R BN
HHHEARSYSU-MMO1I I RegDBM . 5258 fir I )
W IE bR S T R VL ECRRPE 26 (cumulative
matching characteristics) A & 145 F RankfE
%, BHELMEMAP (mean Average Precision)s
3.2 SLWRE

R FFAEPyTorchHEZE F 28, Y2k P44 1
fENVIDIA 4070 GPU_L#47, RHIResNet50%Lii
ETME, FlHImageNet! " Tl A E AT V] U6
AR K N\ MBI RS 211 48 9144 % 288,
K BENUES BT B (SGD) b 2 S T I 2%, sh&=
ZH0N0.3, B0 IMAIRE 72, 22 2] ZN0.0135
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SIMEIN A0 I MG RFFAAE, 1EEE 2050 R 555048
I 27 5] Z 00 B AR 22 AT 2 R 1 1/10, TERRIKI
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3.3 XJLELIREER R

TESYSU-MMO1Z#a4E 7 e 2 R MEN
RN i R S, A E S HAh
T PSS AT N E U S BRI S 45 AT
Bo WRIFTN, ML SRES X il 4ok
SRR X, AR A AS ALY 0 77 1 Align GAND,
em-SSFTE, ASCHSLIG AR E LT, UHHSAFFRL
LR G X PN 4% AL EL S, fRAT T R
B gE E R . S5Liug NIESFANET F it
(LI = 2SR R A B, A SOl i 38 5 Y IE A5 40 2k
(EJ-Loss)SE I 7 SHAFRORCR, 10 WA ST Hh R B
B 450K B A% BE A U R R AT N PR [R] 0 SR I
AEACK b, A FH XA P9 4% ok ik 25 SRR AAE 1 7 v
DDAG!, SFANETM, A3z ffi I fISAFF A B o
IR EIREGREHRE, fESLa Rt 7w
FRETVR I 515

TERegDBEHE 45 1 Af F A S 7 v 5 HoAth 4 iy
PSR ASAT NE A S ik A I s 38 45 kAT Lh s
W20, HTRegDBEIEESAN S FHRGB
EUEZ AR G LS XTI, B CARRAR T B SAT
NE AL HHERE, B IMACRILS & B
B G 7 R AR R S 25 5 0] L, R AR AN S
PERAAT NERBMTES, R E. 5 RIEH
FUIR R AH R R EOR IR M R N R R R R,
UL AP b (10 D11 ity 280 o 90 265 1) B 43— S0P D
AR = AR 2 FIMCLN et 2015 A B A LR 1321 B
D REIR, (RS VEAE T s G &
TELLAMEG AN L0 A1 EAZ 4 o] L EHE T #R TS
TR .
3.4 HRLSCIGEE R

NTASIRT-CSARE:, SAFFAELLL K EJ-Loss
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1 SYSU-MMO1EIBREELFIRE THISSIXTLLER (%)
Sk SR EHHR
iR L
Method Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP
AlignGANP! 42.4 85.0 93.7 40.7 35.9 87.6 94.4 54.3
AGW™ 47.5 84.4 92.1 47.7 54.2 91.1 96.0 63.0
DDAG! 54.8 90.4 95.8 53.0 61.0 94.1 98.4 68.0
MIDPY 60.3 92.9 - 59.4 64.9 96.1 - 70.1
SFANET! 60.5 91.8 95.2 53.9 64.8 94.7 98.1 75.2
cm-SSFT 61.6 89.2 93.9 63.2 70.5 94.9 97.7 72.6
SPOT 65.3 92.7 97.0 62.3 69.4 96.2 99.1 74.6
MCLNet? 65.4 93.3 97.1 62.0 72.6 97.0 99.2 76.6
FMCNet! 66.3 - - 62.5 68.2 - - 74.1
ASCHE 71.2 96.3 98.9 68.1 77.4 98.0 99.6 81.1
% 2 RegDBHIESE FHISTI X ELEER (%)
X A R B WL AR AR EHTRIBb AT
ik Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP
MACEY 36.4 62.4 71.6 37.0 - - - -
AlignGANP! 57.9 - - 53.6 56.3 - - 53.4
DDAG! 69.3 86.2 91.5 63.5 68.1 85.2 90.3 61.8
LbA®) 74.2 - - 67.6 72.4 - - 65.5
MCLNet? 80.3 92.7 96.0 73.1 75.9 90.9 94.6 69.5
DCLNet " 81.2 - - 74.3 78.0 - - 70.6
ATk 86.3 97.2 98.7 79.8 85.5 97.0 98.3 78.1

W 2% ResNet 50N IE AL = Je 4 451 2R AE 2 2%
(Baseline), i IMARHCAF#HL, FhnagiH 1
1T NS EERIFFAE, M AT LA BN Z TR B
Z JGRank-1FmAP7 il $E & 1 8.6%M18.5%, /N
ANTEHI-CSABE G, Rank-1FImAP A& T
11.8%F110.7%, TRE-DA FAEH 5] N B AR 1
AU N MR AL S I de, el i 00 A XU

TENINSEBE-CSARTHIERE -, BN ASAFF
B (fk Tstagel J5)Rank-1FmAP 7 53 & T
3.6%M12.6%, IHITFAA SR A % 25 B gy
AEFZAE o] IR AR, $ SR AT NARTS 45
Py X IR SRR o 25 B J-Loss{F 45 2% o8 5,
Rank-1FImAP/ 45 7 7.6%H15.0%, X tHilF#H
T EJ-Loss?EANIE S PN 1] ¢ R B 471G 5 H E 3R B
SRS T A, BII-CSAMH, SAFF#
HAEJ-Loss 4 &Rk FH B 1A 3] 7 AR SL 50 R0R,
Rank-1EiA3)71.2%, mAPik#168.1%.
3.5 SAFFERHERANMEMRMAR

T W FEAEResNet50 M 2% H ) 11 J2 (stage0~
4) JG NS AF F A HR XU 535 7B B gk 4 745 25 [ R AE

BlE G HIBUR, $SYSU-MMO1#RegDBHE 4 43
X AR T A SRS I IR AT R . SYSU-MMO1%L

#£ 3 SYSU-MMO1#EE EAYERRSELE (%)

SYSU-MMO1

RHCA  TRE-DA SAFF  EJ-Loss

Rank-1 mAP

- - - - 48.8 46.6
N - - - 57.4 55.1
N J 60.6 57.3
N N N - 64.2 60.9
N N N 68.2 64.3
N N N N 71.2 68.1

F 4 SAFFERBMANMEBERRLER (%)
SYSU-MMO01 RegDB
SAFF

Rank-1 mAP Rank-1 mAP

stage0 70.7 67.8 86.2 79.7

stagel 71.1 67.9 86.3 79.8

stage2 71.2 68.1 86.0 79.3

stage3 66.3 63.5 83.9 72.1

staged 59.4 55.1 81.4 68.0
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FERZERE MR, TERZEH 6 =B £ 1, ¥SAFFEENE Tstaged a1 525 45 i
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é 70 FTC b * )
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L 1 1 55 1 1 1
0 1 2 3 4 0 1 2 3 4
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Bl 6 A [Fstage FSAFF Bk N
3.6 YEHHWEESH R R A R . H i GO T ] A e B LR
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i PR B BEASAT N B ARG 55 AR LT 1S 5 925 6 BT
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eI AtlE], R ZE R R RITIET R Z EIEEAN
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e Ja TARR)— A EEIRR T

AR T — P AR A T T A IR A B
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