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Abstract: Person re-identification (RelID) is a core technology in intelligent video surveillance systems, with the fun-
damental objective of efficiently retrieving and matching a specific pedestrian across camera networks with non-overlap-
ping fields of view. However, traditional approaches that rely solely on visible images suffer severe performance degrada-
tion under challenging illumination conditions such as nighttime or low-light environments. To address this limitation, visi-
ble-infrared person re-identification (VI-ReID) has emerged, aiming to enable cross-modal retrieval between visible and in-
frared images. This task not only inherits classic challenges from unimodal ReID—such as pose variations, viewpoint chang-
es, and occlusions—but also faces a significant cross-modal discrepancy arising from the intrinsic differences in imaging
mechanisms. This paper provides a systematic survey, comprehensive synthesis, and critical review of recent deep learning-

based methods for VI-RelD. We categorize existing mainstream approaches into three major groups: (1) cross-modal net-
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work architecture design, which constructs specialized network structures to extract modality-invariant identity features, in-
cluding dual-stream feature extraction networks, identity disentanglement modules, fine-grained feature alignment strate-
gies, and architecture search-based designs; (2) generative learning methods, which seek to bridge the modality gap through
modality translation or data augmentation, covering unidirectional or bidirectional image generation, construction of unified
intermediate modalities, and feature-level generation and compensation techniques; (3) cross-modal similarity learning,
which focuses on designing loss functions and metric learning schemes to pull together positive cross-modal pairs while
pushing apart negative ones, primarily encompassing sample- or proxy-based contrastive learning and test-time optimized
cross-modal re-ranking algorithms. Moreover, recognizing the high cost of annotation and the prevalence of noisy or incom-
plete labels in real-world applications, this survey further investigates advances under non-fully-supervised learning para-
digms, systematically summarizing the unique challenges and representative solutions in noisy-label learning, semi-super-
vised learning, and unsupervised learning. To offer a holistic performance evaluation, we conduct unified comparisons and
analyses of representative algorithms under different supervision settings on widely adopted public benchmarks—SYSU-
MMO1, RegDB, and LLCM. Finally, grounded in current technical bottlenecks, we outline promising future directions, in-
cluding the development of more realistic and diverse datasets, mitigation of modality imbalance, lightweight model deploy-
ment, exploration of sustainable or lifelong learning mechanisms, and extension toward video-based or multi-source hetero-

geneous information-fused RelD. This survey aims to serve as a valuable theoretical reference and technical guide for future
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researchers in the field.
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SGIEL™ 77.12 | 7233 82.07 82.95 ZEARAEXT 5 CVPR'23
SPOT?! 65.34 | 62.25 69.42 74.63 %5+ Transformer TIP'22
TVI-LFM® | 84.90 | 81.74 89.06 88.39 SCAFEAESR B NIPS'24
CSDN™! 76.70 | 73.00 84.50 86.80 SCAFS AL B TMM'25
CM-NAS®" | 61.99 | 60.02 — — W2 2 K1 R CVPR'21
AlignGAN™' | 42,40 | 40.70 45.90 54.30 B A ICCV'19
GECNet"" | 53.37 | 51.83 60.60 62.89 B A g TCSVT'22
AGMNet™ | 69.63 | 66.11 74.68 78.30 B A JSTSP'23
D2RLE 28.90 |29.20 — — LI A CVPR'19
JSIAL 38.10 | 36.90 43.80 52.90 XL A= i AAAT'20
Hi-CMD™ | 34.94 | 35.94 — — XL A= i CVPR'20
TSME™ 64.23 | 61.21 64.80 71.53 XL Ji) A R+ R BE TR TCSVT'22
MMNEY 70.60 | 66.90 76.20 79.60 rp RS ACM MM'21
BT - e v v 1 ;
S CAJ 69.88 | 66.89 76.26 80.37 RS 30 T R IcCv'21
SMCL® 67.39 | 61.78 68.84 75.56 S ICCV'21
STAR™! 76.07 | 72.73 83.47 85.76 R TMM'23
DMAB 74.57 | 70.41 82.85 85.10 P A S+ R TR A B TIFS'24
FMCNet™ | 66.34 | 62.51 68.15 74.09 FEHEGL L CVPR'22
MUN®7 76.24 | 73.81 79.42 82.06 FRIESAE L ICCV'23
DEEN®" | 7470 | 71.80 80.30 83.30 FRIESAE L CVPR'23
CoMix™ | 74.62 | 70.22 80.55 82.11 FRIEE L TSMCS'25
PDM" 79.30 | 76.30 88.70 89.80 FRIEE L ICASSP'25
BDTR"™! 17.01 | 19.66 — — S FEAS = e 2k IJCAT'18
HSME®' 20.68 | 23.12 — — ERER T =Tk AAAT'19
expAT | 3857 |38.61 — — A% =ou gk TIP'21
BT RS A L DTCL* 54.14 | 54.14 — — MEREA = Jefi ok KBS'21
2 Wk eBDTR? | 27.82 | 28.42 — — AR ENWNITEN IFS'20
HCTL” 61.68 | 57.51 63.41 64.26 s = Jei ok TMNF'21
MAUL®" | 61.59 |59.96 67.07 73.58 ARHENT H A CVPR'22
HMML" | 63.63 | 60.44 — — ALK ACM TMCCA'22
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SRR ENE R
43 ik - = - A %%
Rank-1 | mAP Rank-1 mAP
SIM'e®! 57.47 | 53.75 — — X HE [JCAI'20

T LR 2R AR bR e 4s

AT LLFE B fie I 77 ik 14 S B A SR O ol 5 A 25
EREAG T, TR U A R I I B 1) B ) i A A R
VO B B2 ARG B TARK A ST, [l Ik Jey 38
RFAIE ] 5 28 A Bt X B 2 2 ) A R A Bl . A X
ST T BT GAN 46 1 B 1) A URTRL ]
Az B 5 1 i R BN, FTREJE 1 T GAN AR LAY o
2N R AR A ORI T K B A i
SRR BT R B Z LA B AR G A 1Y 77 3 U B T
HUAFIOR . BT RS RLRE 2 ) 07 ik b, S Y
Bl T R R RO B8 O VR BT Y ROR B2 L AR

R A S WG AT o A X R S A D
B 4 (R 8CR

RegDB $H 45 0K B 4038 2 Az, ] WOBEI £ 4k
BEF , rank-1 5 B E N 96.66% , mAP fit =5 {84 91.22%.
LT AME AT WL SERE T, rank-1 55 251 4 96.30% , mAP %
N 91.21%. AN[A53 2805 1 7E RegDB £ 4 3%
MALS 5 SYSU-MMO1 £ 45 48 T RA —B, ARk .
KBS AT N U J7 ¥ 7E SYSU-MMO1 %54 4
- FRORE BE AT RegDB 484 |, 3X J2& Kl RegDB %4l 45
AR BT BE AR (L B S A A AR A PR AR AE

Il 25 A AR B R r BUS T RSP B XSS T SYSU-MMOT s 4 v E T ARBLAL A
Fb PR T =l MBS O HUR T EERCR B, B GEPSE 2 B R IEXS SRR R
R2 RegDBHIEE LEEHHEEIEXALBRERIER A %
Ik ik A EELT A LLAMEI AT WK R P
Rank-1 mAP Rank-1 mAP
MSR™ 48.43 70.32 79.95 48.67 XL 1 2% TIP'19
AGW™ 70.05 66.37 — — XL P 26 +non-local TMAMI'21
¢m-SSFT®! 72.30 72.90 71.00 71.70 BEACES CVPR'20
TransVI"" 96.66 | 91.22 96.30 91.21 KU 2% TCSVT'23
MSCMNei!" 90.40 81.20 87.70 78.20 V45337 W 2% PR'25
HOS-Net!"! 94.70 90.40 93.30 89.20 XL P 245 AAAT'24
T DKL 94.72 90.19 94.22 90.43 B O3 H+ A IR VG CVPR'24
iz MPANet"® 83.70 80.90 82.80 80.70 03 R+ Jmy R AIE CVPR"21
N HDNet™! 92.19 81.08 87.48 77.92 RO ACM MM'25
®as DDAG™ 69.34 63.46 68.06 61.80 JRTRAEIE T 5 ECCV'20
ik AMC-Net™ 91.21 81.61 89.03 79.85 JRERRFAE ] Neurocomputing’21
Y PartMix>! 84.93 82.52 85.66 82.27 JRI SRR 5T CVPR'23
Ik DDFCP" 92.34 86.87 91.16 87.43 JRI TS RFE X 5 Neurocomputing'25
SGIEL® 91.07 85.23 92.18 86.59 B FHEXS 57 CVPR'23
SPOT?! 80.35 72.46 79.37 72.26 P25 +Transformer TIP'22
CSDN®! 95.40 87.70 98.00 85.50 SCARHER Bl TMM'25
CM-NAS®" 84.54 80.32 82.57 78.31 e ag AR CVPR’21
AlignGAN'! 57.90 53.60 56.30 53.40 B ) A ICCV'19
GECNet™" 82.33 78.45 78.93 75.58 B[] A TCSVT'22
AGMNet™*! 88.40 81.45 85.34 81.19 B[] A JSTSP'23
T JSIAM 48.10 48.90 48.50 49.30 XL i) A AAAT'20
R Hi-CMD™! 70.93 66.04 — — WL Im] A CVPR'20
b MMNE! 91.60 84.10 87.50 80.50 RS ACM MM'21
2 CAJ™ 85.03 79.14 84.75 77.82 v ) A 245410 12 ICCV'21
Tk CPNF 51.29 49.37 — — r [ A S+ T A APIN'22
STAR"™ 94.09 88.75 93.30 88.20 LR RSN TMNF'23
DMA= 93.30 88.34 91.50 86.80 P RS+ R A i TIFS'24
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Rank-1 | mAP Rank-1 mAP
FMCNet"™ 89.12 84.43 88.38 83.86 FRESAE L CVPR'22
DEEN® 91.10 85.10 89.50 83.40 FREAE L CVPR'23
MUN® 95.19 87.15 91.86 85.01 FREE L 1CCV'23
CoMix™ 91.23 85.99 88.78 85.45 PRI A TSMCS'25
BDTR'®! 33.47 31.83 — — XL REART L A5 2 1JCAI'18
HSME® 50.85 47.00 — — ERER I = ek AAAT'19
expAT®! 44.71 32.20 — — A= onh Rk TIP'21
E? DTCL* 30.56 | 3245 — — SEREA = TEH KBS'21
i:if; eBDTR! 31.83 33.18 — — AR MW EN IFS'20
- MAUL"" 83.39 78.75 81.07 78.89 AR CVPR'22
23 DGTL® 83.90 73.78 63.11 69.20 ARG =R SPL'21
" HCTL” 91.05 83.28 89.30 81.46 Lt =Tk TMNF'21
S LCCRF®" 80.97 79.92 79.27 77.69 FEAR R B =Tk WWW'22
HMML" ! 82.97 77.56 — — TRA R 2k TMCCA'22
SIM'®! 60.88 56.93 — — I HE IJCAI'20

Ecy )|k kA N = T ) et

TE LLCM 4 45 3R B an 26 3 Firo, ml G 3|
AR, rank-1 52 5 8 64.3%, mAP % & H R
66.6%. ZLANEIT] WAL ECF | rank-1 2 5 {8 70.2%,
mAP 5 5 E N 65.8%. HH T LLCM J& 2023 4E 545 1 i %%

HAR A RO S 0% 1 2225 LM AL
LR e 1 A8 A, LRI RS 5 ik 7 2% K 4R A v AR R
R EE Al B diE S A 5 WY I8 R R BB H R B A
BT NE ARG I AT 2 8008 B AR E TR A

Pase W HRNE R I Az, EH PR B L, 0F .

F3 LLCMEEE P2 FREZIEALRERIER BT %
ik w L SERILTAh 2r4hgIAT Wk AR P
Rank-1 mAP Rank-1 mAP
AGW' 43.6 51.8 51.5 55.3 XL M 26 +non-local CVPR'21
MSCMNet!" 64.3 66.6 56.5 63.5 VY 53 32 R 2% PR'25

MRCN" 51.3 58.3 65.3 49.5 B3 AAAI'23
DDAG™! 403 48.4 48.0 52.3 JRFRERIEXT FE+ I E R ECCV'20

LBA® 43.8 53.1 50.8 55.6 SRR X 5 SPL'21
CM2GT"" 52.1 58.3 65.9 50.3 JRITRFFIE XS 57 PR'25

CAJ™ 48.8 56.6 56.5 59.8 r )RS+ T 3 i ICCV'21
MMN"=! 525 58.9 59.9 62.7 RS ACM MM'21
DEENP®! 54.9 62.9 62.5 65.8 FROEG A 1 TNNLS'23
FDNM™ 56.6 62.7 70.2 55.8 HTURFAE A= Arxiv'24

I R AR bR R LA

3.3.2 MREBREFEIER

FERR Mg 2 2] S P DI R A BR84S i B HL
FEr RS | DL SYSU-MMO1 B 4E K3l , 16 525 v fef
0% .20% .50% /)M 7, 45 BN 3% 4 i 7R, o DART
HI LCNL J2& £ X bR 28 W s 2 2 s h iy 5 vk . ml LA
BRI BT 58 A W B 2E 29 B i T IR AR AT A
W 7 s AR K B T e, - L e 200k B AR AE A T 2
T 7 RS B R R 2, W LbA. 1 DART LA & LCNL

A o USSR 5 S IE LA K e 3R A AR R [X 0 e R A
BT, EAN RIS E] R SIS T 3 E R 25 5
3.3.3 FUEZ3ERX

FEP W B 2 o) R — MRS B
PR (58 3 38 Rk o] DB S A AR ), 1 55
— SR B . DL SYSU-MMO1 4 4 g 19, %F b 45
AN S Pios . BT B G SHLH B MUCG™ )5 ik
IS T EeR M ZE L, 2 B 24 o) 7 I i OB A A
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22 ST Bt BB LA S0 ) L PR 1
WE5E Jr e/ TS 25 4 B T 2 )

PR RS RS R 2 B B T AR AR 2R ] P i 6 5 | A MR
A o T HA RS IE ARSI T L 2 SR B RS

FEAH LT I W 2= 0w . SR P aEbri A .
R4 SYSU-MMOI #IEE HREREZSEXALKRERILE 7%
- 0% W7 20% W 50% M B .
Rank-1 mAP Rank-1 mAP Rank-1 mAP
DDAG™ 54.8 53.0 14.6 14.0 6.7 7.5 SRR X 5 ECCV'20
AGW'™ 47.5 47.7 17.7 18.2 7.9 9.8 XL ¥ 2 +non-local TPAMI'21
LhAP 55.4 54.1 9.9 10.2 2.7 4.2 P2k s AT 1ccv21
MPANet"® 70.6 68.2 21.6 21.2 7.0 8.2 R+ R RRIE 2 ) CVPR’21
CAJ™ 69.9 66.9 25.4 23.7 8.0 10.8 SIIBTERA€/ T ki ICCV'21
DART™ 68.7 66.3 66.3 64.1 60.3 58.7 RS CVPR'23
LCNL™! 70.2 68.0 67.2 64.9 62.4 59.8 JRIT R 2 Comput Vis'24

T LT R R R b de 4G

FzS5 SYSU-MMOI #iB&E FH MBS TEATHRERILE AT %
i E, N R
ik ki falicd ik %
Rank-1 mAP Rank-1 mAP
VI-Diff”” 24.69 24.97 30.88 40.54 B A Bl Arxiv'23
OTLA"™! 48.20 43.90 47.40 56.80 SR ECCV'22
DPIS™! 58.40 55.60 63.00 70.00 LA+ AR ICCV'23
MUCG™ 68.80 65.90 77.40 81.00 BAGEES FHLH MM'24
I E R R A TR AR i L B
3.3.4 EMEZIER BESRAS T IIIRAT V2 B % 1 5 s 19 )

e = e R W L[ SRS NISEE SR
BAT B hr%s , R BoA SRS AT N5 B, . 3
MIgEit 1 47 ok 5 5 R3S T B AT N EE U 58 0k 45
AU 6 Firw , Al LA BRI AF R JC e B B A AT AT
P SE B A RIS L L I REAR UL S i T
ZRAE WIS T LR ARG EE AR T RAE L, TR

R, A ey - S EREAS 5 R R AE I SC R, 2 — A
PRBEREZS VT BC A SR . 55 51, BB B ) JC s B B 31T
N E YU 5 20 o 25 BRAT 2 ) B 4 (4 SYSU-
MMO1) H AR 2 75 B A A | FEvh R AR 23 TG i B o )
T7 ¥ B PSS 10 R a3 8 L B Oy R T 0, S i
S o RO P HR A 25 4 B 45 KORT BE T 1 X 1, DRI I I 7

R6 SYSU-MMOI #iE&k E R B2 IERXLWE R ILE T %
- AR = A RBA - P
Rank-1 mAP Rank-1 mAP
H2H" 30.15 29.40 W5 I B G M I 2 TIP'21
OTLA™ 29.98 27.13 29.80 38.80 e I A% i SR ECCV'22
ADCA™ 4551 42.73 50.60 59.11 PRSI RE MM'22
CHCR™ 47.72 45.34 50.12 42.17 EZ)ii B TCSVT'23
DOTLA"" 50.36 47.36 53.47 61.73 LB AR AL MM'23
MBCCM"™ 53.14 48.16 55.21 61.98 RS O D P S M MM'23
PGM® 57.27 51.78 56.23 62.74 PRSP DR E S s CVPR’'23
GUR"™ 63.51 61.63 71.11 76.23 AHPLE B+ bR 8T ICCV'23
SCA-RCP™! 51.41 48.52 56.77 64.19 iz A UM T TKDE'24
PCLMP™! 64.40 58.70 69.50 74.40 BAMEREA LA 2 Arxiv'24
MULT!" 65.03 58.62 65.35 66.60 PR iT R Arxiv'24
SpCL 64.49 63.24 71.37 76.90 Z U CVPR'24
ASM®7 65.07 63.37 71.08 76.91 TR B A T s ICCV'25

T LT SR B PR b e U4 2R
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