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Abstract Keywords
Visible-infrared cross-modality person re-identification technology has garnered wide attention cross-modal person
for its ability to provide round-the-clock monitoring regardless of nighttime conditions. We aim to re-identification;;
help researchers find suitable solutions by analyzing existing methods, their applicable scenarios, computer vision;
and the advantages and disadvantages of different algorithms. Additionally, We seek to identify unsupervised ;
current challenges and explores future directions for visible-infrared cross-modality person re-iden- auxiliary model ;

tification. We first introduce the concept of person re-identification, review its development, and
highlight the significance of visible-infrared cross-modality person re-identification. Subsequently,
it categorizes research methods into basic methods, auxiliary model, unsupervised methods, and
video-based approaches, analyzing their applicable scenarios, advantages, disadvantages, and po-

tential future research directions. We also discuss current evaluation metrics and existing datasets
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for visible-infrared cross-modality person re-identification, analyzing the strengths and weaknesses

of each dataset. Finally, We discuss the future prospects in this area.

0 55

7 AFE R ) ( Person Re-IDentification, RelD) /E
R AN SRR Z —, BTENIEES
AR PR BT A, B R EHRG R
45 P —ATAES . L R, A —ak A
KA N B4 Probe, 47 A HE R JIIAEHY AN [R] AH AL
KA BINAT N EMEE Gallery 4% BT A 1 B A5
FTNEG . ZAT SR IR AT LIGE 2 1997 4512 24
25 ZAHPLIR ER AT 55 AHEK &, HS 7E 2005 4 i
ZAJDEL 25 B R AT AT IR BIME S . Bl TR
PR, FE 2014 45 YT A FF denke IR 2 > 1
FENT NN, B2 A HIRE 2 2 ff
AT NFEIR SIS ks

AR, T AT N IR BORTE R e a4 .
BRI S T, B R —
ML TN 55 o BEA R i KA 5L T
] LG 5 B BB AT A EE R T IR
A ) B AR B B T UG ENR . R
1M TR OG (RGB) S AILAS RE 7E ' B 22 1 A B

245k

WP RS
Rl

(PNl

(S oAl

T NE

\ HAABLRE

T Cangia)) S A HIRY AP ULE S, f RelD 75 H 52
Yy b i 3E PRS2 BRG] . Bian, JRARMEE N2 H
TER A AT AL ARG 3l , AUUHEE T WO 5 5 AR
MERSAT ARIMILE R . AHIEZ R, 2050 (IR) K
B ZICLIRATIFEW, AT LATEAR AN 5 BT
WA T NG, [) I R 23 M 45 405 Sk R e A R
W B S AT WG UI e B 2D, DL S
A KA A5, X 1 ) WOGLL AP B 5
ST ANFEP G, & BE T 2017 7R 4T AR
AT B WU 25 R S, AR T —Fl
TR B R SR 70 (R TR B 2 ) I 45 235 g L Ak 3T D Sl [
BRLLANEMR Z (B Y 22 5, JR4R At T — TR
KM AT DLSGLL M i 2547 N B 4, 44 SYSU
Multiple Modality ReID ( SYSU-MMO1 ), & 7547
ANEPUIR H R ZTES & H s ARyl Lot (5
ZU4h) EURIE, 3B i H AL AR T 4 P Y
[f]— N B AR L 2140 (] DO ) B . 3 2e 40k
FET AT WLOGLT A ) AR S AT N E TR ] 52 3 BOR
ZWSEERTE, © BT NE T 55 B — R

A TR

JE

B A AE R

Fig.1  Person re-identification
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Fig.3 Backbone network of visual-infrared cross-modal person re-identification model
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Fig.4 Attention comparison of pose estimation modeling methods with general methods
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Fig.5 Unimodal unsupervised person re-identification method
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Fig.6  Visual-infrared cross-modal unsupervised person re-identification method
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Fig.7 Advantages of video-based cross-modal person re-identification
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