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Sketch images-guided clothes-changing person re-identification

Liu Yuqi, Ma Bingpeng’
School of Computer Science and Technology , University of Chinese Academy of Sciences , Beijing 100049, China

Abstract: Objective Video surveillance systems have been widely used for public security such as tracking the suspect
and looking for missing person. It is really expensive and time-consuming to analyze videos manually. Person
re-identification (RelD) aims to match the same person appearing at different times and places under non-overlapping cam-
eras. With the development of deep learning, RelD has gained significant performance increment on the benchmark. It is
known that in RelD, the retrieval mainly depends on apparent cues such as clothes information. However, if the surveil-
lance video is captured in a long-time span, people may change their clothes when appearing in the surveillance system.
Besides, criminals may also change their clothes to evade surveillance cameras. In such cases, existing methods are likely
to fail because they extract unreliable clothes-relevant features. Clothes-changing problem is inevitable in the real-scene
application of RelD. Recently, clothes-changing RelD receives a lot of attention. In clothes-changing RelD, every person

wears multiple outfits. The key point to clothes-changing RelD is to extract discriminative clothes-irrelevant features from
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images with different clothes. Usually, body shape can be used to identify people. Some existing methods extract body
shape information from contour images but suffer from low image quality and poor robustness. To resolve these problems,
we propose a sketch images-guided method for clothes-changing person re-identification method. There are two main
approaches in existing methods: 1) extracting clothes-irrelevant information such as key points, pose and gait and fuse
clothes-irrelevant information into person features. 2) Decoupling clothes-irrelevant and clothes-relevant feature using an
encoder-decoder architecture. Method First, to improve the accuracy and robustness of body shape information, we pro-
pose to obtain more accurate and robust shape information from sketch images rather than contour images. Then we use an
extra independently-trained network to extract the shape features of the person. Additionally, to reduce the clothes informa-
tion in visual features and improve the discrimination of visual features, we propose a clothes-irrelevant weight guidance
module based on sketch images. The module further uses the clothes position information in sketch images to guide the
extraction process of visual features. With the guidance, the model can extract features with less clothes information. We
use a two-stream network to fuse the shape feature and clothes-irrelevant apparent feature to get the complete person fea-
ture. We implement our method by using python and PyTorch. We train our network with one NVIDIA 3090 GPU device.
We perform random horizontal flips and random erasing for augmentation. We use Adam optimizer and the learning rate is
set to 0. 000 35. The learning rate will decay per 20 batches. Result The performance of the proposed method is evaluated
on two public clothes-changing dataset: long-term cloth changing (LTCC) and person re-identification under moderate
clothing change (PRCC). Our method overperforms the state-of-the-art methods on both two datasets. The proposed
method obtains 38. 0% Rank-1 and 15. 9% mean average precision (mAP) on LTCC dataset; 55. 5% Rank-1 and 52. 6%
mAP on PRCC dataset. The results of the ablation experiment demonstrate that the sketch images have their priority in
robustness and accuracy compared with contour images. Visible results show that our proposed method can effectively
weaken the model’ s attention on the clothes area. Conclusion We propose a better way to extract body shape information
and propose a sketch-based guidance module, which utilizes clothes-irrelevant information to wipe out clothing information
in visual features. Experiments show that sketch images are superior to contour images in robustness and accuracy. Sketch
images can provide more body shape information as a complement to visual features than contour images. The proposed
clothes-irrelevant weight guidance module can effectively reduce clothing information in visual features. Our proposed
sketch images-guided clothes-changing person re-identification method effectively extracts complete person features, which
include clothing-irrelevant visual features and body shape features.

Key words: computer vision; clothes-changing person re-identification; sketch images; appearance feature; shape fea-

ture; two-stream network
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Fig. 1 Person images and their corresponding contour images

and sketch images ((a) original images; (b) contour images;

(¢) sketch images)
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Fig. 2 Clothes-irrelevant position weight matrix schematic
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Fig. 3 Overall structure of the model
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AT NAHIE B0k 7 A SO A R

TEA SO LB 75 ¥ 7, Qian 45 A (2020) £ 1 Y
CESD (cloth-elimination shape-distillation) J5 % | Chen
2N (2021) 2 Hi 14 3DSL(3D shape learning) J7 % |
Jin 58 A (2022) $2 tH 1) GI-RelD (gait recognition as an
auxiliary task to drive the Image RelD) /5 ¥ 1 Yan 2§
A (2022) 42 9 UCAD J5 3k 5 AT 40 Tl
M DA BN 5k . CESD $2EUT MY G5 i A5
B TP R S T IR ARAE LA B A ) AH DG RIAK )
TCOCHFAE B 73 5, AL Bl i 78 dple = A7 280H9 Wi B ]
AR A, XE LR IR B 5 245 2 7820 AT, EAh,
KB R BRI 23217 N R BT S 22 A 551
2N . 3DSL AT A 4R U AR5 B 4T 3D HE
A, IOl 2 2 TN R 5 0 A 2 AR R A A
JEAR BAE S A R A B T AT OB AR1E
B IGS . GI-RelD U AT ARHIE H 4 UL 3
FR B IC AT B, I — A0 25 T o0 45 1
R TE PNy PSS ERS W AN TR WS s e 2
KYICCHFAE . UCAD il AR BT 75 1224545 N
AW TR B0 73 B Ok il P — B AP A R AR i R
I 265 D3 5 Y A W03 v S RO DRI, D A
PR IE 78 18 2 S BT AN HRAE B 28 v FEAT AR
PR B ) 245 F At A PR A FOA T ARAALE B9 1E 5801 %
AT AR TP AR B &

X BET7 R YA R Z AR AE T, AR A R A
ARl B A5 R AR, 2841 PG Y B R 1 ol 7
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B R B AT T ORI . A T Al B 15 B A 1
LR T 8 g I (E A 20 T X, K 20w PR AR
B AL AT N MR AR B b AR, W AU g
AT N BRI R BUS B, JF BE— 20 R A K4
Hh i BB TR R I LUK A S UURRAIE , X il B 45 B A T
T I

F1 S5FRAXELTCCFIPRCCHIEE FMERTILL
Table 1 Comparison with state-of-the-art methods on
LTCC dataset and PRCC dataset

1%

LTCC PRCC
Tk

Rank-1 mAP Rank-1 mAP
PCB 23.50 10.00 41.80 38.70
TANet 25.00 12.60 46.30 45.90
CASE-Net - - 39.51 -
ADC - - 51.60 56.20
CESD 26.15 - - -
GI-RelD 28.86 14.10 37.55 -
3DSL 31.20 14.80 51.30 -
UCAD 32.50 15.10 51.30 -
Pos-Neg 36.22 14.43 54.87 65.77
CAL 40.10 18.00 55.20 55.80
A 38.00 15.90 55.50 52.60

E L P AR 5 S B U4 2R, IR Rl 2 RS Ik e 4
R T FORIESOR A

N T B UIA SCOE A R, S5 0r
2 RRIE SRR B T 1 DL R B R G T O R AT AL
TEALBET7 1, R SCHE T Gu 35 A (2022) I RCE ,
BY Sun 28 A (2018) #2& 4 9 PCB (part—based convolu-
tional baseline) Hl Hou &% A (2019) 4 i 1) TANet
(interaction-and-aggregation network ) #17 Hb#: . 5
FeGe T A L, AR SO #EAE LTCC A PRCC R 2E 1
AIPEREARR AT W AL H . TEMRRE & X — Tk,
Li 58 A (2021) # H B9 CASE-Net (clothing agnostic
shape extraction network ) fiff Ff] P4 1~ 4 ith £ 43 591 2 HX
17 N UG BT R AR RS R AE |, 38 40 R 2 ]
FRAYTEAR R AEFIRE (0 R 1 B R AE A 7 1 4R e
189 75 2R T AR FE €5 45 Ak 1 AF i B R AT R .
Yang 55 A (2022) 78 DA 35 2 it 5 100 e 45 7 125 19
BEfls b, B2 T ADC 5 12, a5 A v R ) A AR Y

RBAEAE O 28 Q1T B (1) XIS MR 2227 ) HoAh DB A0
fIE, AT BRAT A ARRFAE LS B 0 FHOCRRAE . 25
F W], AR SCAE PRCC B 5 B i PR BEAH XS T° CASE-
Net FIADCAT LA W A0 % . Jia 55N (2022) 4 1
— P B 3G T 777 Pos-neg (positive and negative aug-
mentations ) , ftf Bl A AT A A8 1) il By, 402 28 4
Wi P 5% v 349 Ay A IR DX 388 ) S DX, DT R 184 T
IEREAS B[R] IR OR B R B 15 R o SRR AR
SCJ5 VA AE LTCC F PRCC B0 4 iy P Re S 11 T
Pos-neg. Gu Z2 N (2022) $#2 1 ) CAL (clothes-based
adversarial loss ) {if FH XF 90 2% > B9 85, 76 4 iE £
] 28 A — AW 73 285 A PR A i 2k
LY L8 X B ZEAN A AR B[] A~ T 3 AH [] 14
PR, DT O 28 75 27 > B A7 NAFAE A ] if S 7] g
THERACHIRRAE R T4 . FOR CALAE LTCC ¥ 4k
FIVEREDE T4 3C i {H CAL 75 A A A1 1 A )
PRAEFEAT ISR, X TR 2 — R BARTE A
3.4 BEEGESEREGRIEMIE

RS UEAS SCHE M Y 28 4 PR 5 T e s P 45 B
B E TR AT N U 55 AT ANk
{5 B BRIBOT 2, 730 AT 0 J56 P 1R 25 i 1 15
MR 5 A7 ARG AL )4 ] A4 T Al s g .
SCHP (self-correction for human parsing) (1i%,2019)
A2 LTCC R PRCC B4R AT AR 2 B P8,
pidinet (Su % ,2021) 42 i LTCC ¥ 5 b7 A B & 4
K% . PRCCEUE AR Pl & 17 AR R Fi R, vl 1
Bl
3041 BT TR R T A5 OR R Al TR

T UE R A R TR R RS AR S SR
B PP AR UG I O HEA T X0 SR, SIS
K FH ResNet-50 X 45 25 14 , 43 | 7€ LTCC 1 PRCC
AR BT S, 3% bR BOR 58 U A5 2%
MERAE = ek U5 el RS2 AERR IR U
YR E) o X R R T SER I, g — T
NEPUNEAEE D, = (1], y,) )i, Hod n R8s
By G B 1) R R R R (B DA IR
BRGNS , r Ron AT NIREIR ) Ly, 3278 585 R R Y
PR, i PG AR P A A A5 28 A %o 7 174
R EUR AU R EIRE D, = (I, y) Yo, Hebe
FORRIMIER o X Z A EHR AT S 30 4
o ) A A AT DL AR B R i R R R EOE SR D, =
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(I y ) s FoR MR . M DA D AT
SRR 2 PR o R 2 AT, AR TR IR IR
R BT TR LA B A PERESR T
2SI S5 R AE TR 1 RO TR 1A
Bo JRPAET  AREC TR BRI A, SR i R R RS AL
B EHER AT AR B . AR I, 51T
N PRI B P B0 N 2R PR 22 ), 3R PRI A
R TSeetgisE S AL N EPNSITE I
Un &l 4 i P ALIE BT 7R (6 4 (a) (b) () 5 P& A [
0B 3R 1y — 20 ) s TEMERA VDT T, R Al IER Y
(EPNE=CrSUR RS ERPNGE T /| 1V/f= S F PN L NI i |
e, aniEl 4 5 PRI TR o 4 TR IR AEARIC Y

el |
mj
|-

(a) JRARIEE

%2 LTCC#IPRCC##E%E R EE &
EHEGRATHERITL
Table 2 Comparison of evaluation results between
contour images and sketch images on LTCC
dataset and PRCC dataset
1%

) LTCC PRCC
R
Rank-1 mAP Rank-1 mAP
LY R EA 1.2 42 35.9 28.3
EREUR 15.6 6.4 39.5 32.5

(b) FEERIEIE

T L PR R 5 8 i R4 2R

DX Ay 1 G PR P oA e 1 X3

(o) FHiEIE

4 IR 58 ER IR G B O AT N R A R R

Fig. 4 Low quality contour images and their corresponding person and sketch images

((a) origin images; (b) contour images; (c¢) sketch images)

3.4.2 REREGMEMEGE ST ARG

I3 X P T 0 P 0 2 i PTG 0 A 52
KA, #EAT T e P R AN A B G ) S AT B R
SEIR e o FE S SRR R 2y A AT Y
ResNet-50 [ 2% , — X A7 N MR AT RAE SR I, 55
— X G P A R Al PR AR A A T 4 I, DA
0 28 R 3 R RAAE DL e LU EA T R o AT 0
2503 AT N PGB 4R R J5/ 3% 4 1 6 K dle
AT, SRR A R AN 3 R

H1 3 B S2 R 25 R0 LE T i, 7245 BV $8 4
b ARG LR A PERE L a3 IR
TETAT NFRMRHE P R B B 2, TARAE T 42
PR, R A R e S {1t o 45 e VA A (AL L 4
TR AEAE g 4b 58 , AT 3R AT B 5E 45 B9 AT AN HRRAIE
TE25 F WAL S (AR A5 BAE AN SERY D7 T, R4
Bl Gl B P8, SCIR g R, RN 6E
LR MR 54T N TR BAR B i Se B B AM S S

%3 LTCCHIEEMPRCCHEE FREEKM
EHREGEET ABGHITGHER
Table 3 Evaluation results of contour images and
sketch images combined with person images on
LTCC dataset and PRCC dataset
1%

LTCC PRCC

15250

Rank1 mAP  Rank-1 mAP

(EPNGI 35.2 157 472 466
T NG5 ER  37.0 15.6 51.9 46.1
T NE G+ Z RS 375 16.1 535 51.2
T DML PR R R 5 B e P2 2R

3.5 KYEXNERSRRAHEMELRE
HARFEAY) o R A AR A B HE L B[R] I 2
EAR SCHIr 1 Hh B 2 T 2 1 RS A A ) oA i 5
AR BT AP R A R ) 57 8 S B o - 2273 A6 Y
SRCHATIH RS AR UNGR A PR o TER 4 B
B B — 5 Y Layer n 375 B ACH) JC AN F 45 T4
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P & AEAT N BB E SR IS S B 55 n DB B
ROFF)FRIR A TC AL E i AT i AL e R A
At FH B9 4% R ST (kernel size) , 767 SCH BUETE R
{2,3,5, 70, KX AP K3 08 2,2,3,4. T
Wl TUAR , B iR A I T e K — BT A X
L PP A1t A R R A 18 o A 2 B e 9 T B 1 e
Ze

1 4 AT, 76 LTCC B 4 b, AW JE A
oL A R 4% 1Y 55 3 )2 5, W AR )2 1Y kernel
size N 55 £ PRCC BHR 4R b, AW JC A HE AR B e i
B M 12T, AL JZ 1 kernel size 7 7
WA AEIA T AR I AL 8 PR , £ PRCC
B PP AL S5 R LA AR S B 7R
LTCCHURAE G WIE A5 RA T Ji P E A 722
&, TITHIE ] T HA RO

TEA) T AL 45 LT AL 2 1Y kernel
size T 45 il B3R A 5 3200 5% st ] L A9 A ) T DG AN T
534 kernel size /)N, B> A JC AL 1Y
DRI DX /N o A R 28 R 28 v, 0 288 1Y) I )2 77
A B2 EMR R G0 SR , B HRGSZ BN 1l
A 07 2435 B — /Y kernel size DAV 20 R 28 % F
RWBCRABEONE B2 2] BB P BT A 2%
REA% 7~ B KR i J2 00 ARAE , HLESZ B 3 1
i, U R 238 K kernel size {4 4 6 AL 1) Ik
IR G B2 B IR/ S34b e R T SORMIE 5 i
Jer B B 3 AR ELHEAH G, PRI 7 T 2% 1 J2 T 4R
B T HCE AR )Z o K48 FARIUCE TIR)Z , H
PR A (F BAE S B Z R B 5 2 5 R
BRI A

x4 TYPLRNERSERME T AR ETAEE R
Table 4 Comparison of evaluation results of clothes-
irrelevant weight guidance module at different locations

/%

o LTCC PRCC
BB B
Rank-1 N Rank-1 NG
7 35.2 - 472 -
Layerl 35.2 3 54.0 7
Layer2 35.2 5 50.1 2
Layer3 36.7 5 51.3 5
Layer4 36.2 7 50.4 5

TE IR AR IR & I B AL, - Fom B %S

M & PRCC XA b, 48 R 2 80T N B3
T o) B8 5 S 11, LIS PR A Ay ¥ B, DAL G 7 I 25 11
JIEJ2 B AW o A LR IF B — AR
kernel size, i [ 45 f5c R B A B4 IG5 2, A R F
S 3775 L IR AV 8
3.6 RIHESEKZFEMSSHREMIRE

N T RIS NS PR B R A4 L (AR N i) i
LA 250, A SO gl B s 68 R A8 B 880, o, HEA T
S w0, M, 43 B R R AE AR B AL (9 AL B
ZHw, = 0FK7R R IR WFRE ,w, = 078 H Al
PRV, SCUa 45 RANK 5 Fros . thR 5 aTH e
LTCC i 2E I, 2w fw, = 4 B, AR B 1P BE 15 3] B
Pt s 76 PRCC R 4E 1, M w fw, = 2 0, B A M g
IRBNIRAR . Rl I ] A E S0 22 S R B 4R
AL 25 5 300y, LTCC £ 4 o B Pk isovk ,
Z A AR A RO M REAH O B AIG , PRH P R AE il 5 B
FUBIT i A9t 08 2 AR, A BEAE AN R 0 S WL RS AR
FYHTEE T D FEARBYAFAE , SRR AEAT AN RHIE

x5 AEw/w,BEELERTLE
Table S Comparison of evaluation results between
different w,/w, ratio
/%

LTCC PRCC
w,ho,

Rank-1 mAP Rank-1 mAP
1.0 31.9 13.1 544 47.8
2.0 372 15.6 55.5 526
3.0 372 15.7 55.0 52.7
4.0 38.0 15.6 54.8 526
5.0 36.7 15.4 545 525
0.5 214 9.1 46.5 36.3
0.33 18.1 79 415 32.1
0.25 16.6 75 39.4 304
0.2 16.6 72 39.4 30.5
w, =0 15.6 6.4 39.5 325
w0,= 0 352 15.7 49.0 49.1

TE I P RS S 5 i g 2R

3.7 RRERAALS

N T EWHB /R AR SCER Y B T R A R AT
N 58 2 AR AR U7 ¥ 1 #0258 ) 50 R WA Rk e
LTCC R b Xk B2 5 3 FAS SCHIT 2 it A4 5 ik 2k
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T3 AT B AL X L o BR 2R T k0 Y B 2R
ResNet-50, 7555 i 1Y 42 Jay it Ak J2 A1 03 28 2 B A —
/> BN (batch normalization) 2 , 8 FH 17 A G B4 42
HEAT YNGR, 5 5% PR ECH 22 UG 3 28 FHMERAE =02
W, YRG5 A SCHR T VAR ) o TR AL 2
RN 5 RS o

Bl 5(a) A A, B 5(h) (e) 7 AR 3 T
PR R A R AA SO R R RS R BHT S iR R, 20
CHE R IR MRS R AR 5 AW 45 R A R — 17

Nl ERER R IR R AR S & 4R 2 F —A4
(EPNS

MFEL DT 1k AR SO R R A R ] LR
i, FEETT IR IR R A RS2 A RIS AR, ]
FEL TR R BRI HT 5 NER R N FE R
AT N o ATy B M BEAE A R AT AR IASAE
SRHCE 58 4 AT NRHE , 1800 28 5 A DA T R A
AT N0 T-HE , DT B 2 4G R 3] 28 26 AN 6] A 400 114
HFAT A

(a) EEIZ (b) FELTT IR R AR

(o) AT LI AR

K5 ey T EPUNSE R TR

Fig. 5 Visual comparison of re-identification results in cloth-change setting( (a)query images ; (b)baseline method; (¢)ours)

3.8 BEETRHAL SR

R 1 WL DA SR A PRI v i B AR B A A
B R FMURFIE SR AL B AME B, BB AR BN T 7R
LTCC %t4fa £ b 43 5] Bt feff AT N BRI 8 T 3R 4 &
BN BRI 2RI Ty s, Tl A
7 NG E 30 B AT nT AR T, 45 2R an sl 6
B o

TEFE 6 b, 2o G2 A AT NS 2145 31
AR BT T, T U Y B T T EAT AR AR
YRy, an bl B A RETAE X ) DX
TEAEA R 5 FAREA PRI . AEGROR TR
i RN 2145 20 A9 4580 1 800G T (R 1 i T L8 N
XL, A S s T AT NEUR ), A DA AR
() S X B AT TEAT AN 4 B 45 Ak, DA 3k 2 X df
AT DR B W) TE S AT AR AR B . A BEAA

IR PN IES TR AE s IR Y (P

Fig. 6 Visual comparison of the activation map of two models

i O TE AT A S AR X, Sk DI 4 T IR R AR
QIR 755 T AT N B B B R YR 2 — o
e O R A 0 P P 4500 EE R, 2 PR BE A% ol Ao
TS TE BN A LA i DX, BEARRRAE h A 15 B
T, A BRAT AT HER T AL
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4 &

A7 N T3 R e X A7 A HE TR AR 70 A R AT 4
KA FER S AT N EE TR S B Ry FH R 7R A R Fg ) A8
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ST B R R UG PR RN MR PEAS 2 1y ) R
o FH 2 4 SR PR B T N B AR R AT, 5ol FH R0 1Y
250 PR R R AIE Bl LRRAIE DL AR B 58 48 19 1T N
TIE 5 B RMLRFAE v A2 5 K AN B JE 51 7 A
FEAE R[] @, £ Y — A28 T 2 3 R A ) T AL
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5 B4R AT N FURRE () $2 G R, DA R AT 2 WL
FROE TR AR YE B0 & S S e g A g . 7EW
EHE AR b0 S 25 AR W A SO VA g 4 i R o
HE B BT NRBUE B i A TC O HE [ i 4
SRR MAFE DAY (S B & i, fE TR
ANFEE AT NF T

HJ2 AR SO AT IR A A — S ] (R A5 E—

5T B, A SCHRE AR TC G TE S B TR EXT
R B A AT R 6 R 2 B S HORE T
SRR RIAL I SR B A KT, AR S0
BEAVPERBA IR K ZEHE . 5 4h , A SO v A 1l FH 46
SHAGE AR DIRRZ . KA RIBLSAF BT
FOUAFAE R FE T FACH bR 25 i (T FH 9 > 5 T A Tk
— 5T

2 % 3Lk (References)

Bhattarai M, Oyen D, Castorena J, Yang L. P and Wohlberg B. 2020.
Diagram image retrieval using sketch-based deep learning and
transfer learning//Proceedings of 2020 IEEE/CVFE Conference on
Computer Vision and Pattern Recognition. Seattle, USA: IEEE:
174-175 [ DOI: 10.1109/CVPRW 50498.2020.00095 ]

Chen J X, Jiang X Y, Wang F D, Zhang J, Zheng I, Sun X and Zheng
W S. 2021. Learning 3D shape feature for texture-insensitive person
re-identification//Proceedings of 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Nashville, USA: IEEE:
8142-8151 [ DOI: 10.1109/CVPR46437.2021.00805 |

Deng J, Dong W, Socher R, Li L J, Li K and Li F F. 2009. ImageNet:
a large-scale hierarchical image database//Proceedings of 2009
IEEE Conference on Computer Vision and Pattern Recognition.
Miami, USA: IEEE: 248-255 [DOI: 10.1109/CVPR. 2009.
5206848 ]

Eitz M, Hays J and Alexa M. 2012. How do humans sketch objects?
ACM Transactions on Graphics, 31 (4) : #44 [DOI: 10.1145/
2185520.2185540]

Geirhos R, Rubisch P, Michaelis C, Bethge M, Wichmann F A and
Brendel W. 2018. ImageNet-trained CNNs are biased towards tex-
ture; increasing shape bias improves accuracy and robustness//Pro-
ceedings of the 7th International Conference on Learning Represen-
tations (ICLR). New Orleans, USA:
[DOI: 10.48550/arXiv.1811.12231 ]

Gu X Q, Chang H, Ma B P, Bai ST, Shan S G

OpenReview. net.: 1-10

and Chen X L. 2022.
Clothes-changing person re-identification with RGB modality only//
Proceedings of 2022 IEEE/CVF Conference on Computer Vision
and Pattern Recognition. New Orleans, USA: IEEE: 1060-1069
[DOI: 10.1109/CVPR52688.2022.00113 |

Hertzmann A. 2020. Why do line drawings work? A realism hypothesis.
Perception, 49 (4) : 439-451 [DOI: 10.1177/030100662090-
8207

Hertzmann A. 2021. The role of edges in line drawing perception. Per-
ception, 50(3): 266-275 [ DOI: 10.1177/0301006621994407 |

Hong P X, Wu T, Wu A C, Han X T and Zheng W S. 2021. Fine-
grained shape-appearance mutual learning for cloth-changing per-
son re-identification//Proceedings of 2021 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Nashville, USA:
IEEE: 10508-10517 [DOI: 10.1109/CVPR46437.2021.01037 ]

Hou R B, Ma B P, Chang H, Gu X Q, Shan S G and Chen X L. 2019.
Interaction-and-aggregation network for person re-identification//
Proceedings of 2019 IEEE/CVFE Conference on Computer Vision
and Pattern Recognition. Long Beach, USA: IEEE: 9309-9318
[DOI: 10.1109/CVPR.2019.00954 ]

Jia X M, Zhong X, Ye M, Liu W X and Huang W X. 2022. Complemen-
tary data augmentation for cloth-changing person re-identification.
IEEE Transactions on Image Processing, 31: 4227-4239 [DOI:
10.1109/T1P.2022.3183469 |

Jin X, He TY, Zheng K C, Yin Z H, Xu S, Zhen H, Feng R Y,
Huang J Q, Chen Z B, Hua X S. 2022. Cloth-changing person re-
identification from a single image with gait prediction and regular-
ization//Proceedings of 2022 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. New Orleans, USA: IEEE:
14278-14287 [DOI: 10. 1109/CVPR52688. 2022. 01388 ]

LiPK, XuY Q, Wei Y C and Yang Y. 2019. Self-correction for human

parsing. IEEE Transactions on Pattern Analysis and Machine Intel-

ligence, 44 (6) : 3260-3271 [DOI: 10.1109/TPAMI. 2020.
3048039

Li Y J, Weng X S and Kitani K M. 2021. Learning shape representations
for person re-identification under clothing change//Proceedings of
2021 IEEE/CVF Winter Conference on Applications of Computer
Vision. Waikoloa, USA: IEEE: 2431-2440 [DOI: 10.1109/
WACV48630.2021.00248 ]

Lorenz D, Bereska L, Milbich T and Ommer B. 2019. Unsupervised

1407



1408

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 5,May 2023

part-based disentangling of object shape and appearance//Proceed-
ings of 2019 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition. Long Beach, USA: IEEE: 10947-10956 [DOI:
10.1109/CVPR.2019.01121 ]

Qian X L, Wang W X, Zhang L, Zhu F R, Fu Y W, Xiang T, Jiang Y
G and Xue X Y. 2020. Long-term cloth-changing person
re-identification//Proceedings of the 15th Asian Conference on Com-
puter Vision. Kyoto, Japan: Springer: 71-88 [DOI: 10.1007/978-
3-030-69535-4_5 ]

Shi W D, Zhang Y Z, Liu S W, Zhu S D and Pu J N. 2020. Person
re-identification based on deformation and occlusion mechanisms.
Journal of Image and Graphics, 25(12) : 2530-2540 (3B 44, ik
=M, XX, SRR, BT 2020, BFXB AR R ] R Y
AT NHAR . p E B R EE 24, 25(12) 0 2530-2540) [DOL:
10.11834/jig.200016

SuZ, LiuWZ, YuZT, Hu D W, Liao Q, Tian Q, Pietikdinen M and
Liu L. 2021. Pixel difference networks for efficient edge detection//
Proceedings of 2021 IEEE/CVF International Conference on Com-
puter Vision. Montreal, Canada: IEEE: 5117-5127 [DOI: 10.
1109/1CCV48922.2021.00507 ]

Sun Y F, Zheng L, Yang Y, Tian Q and Wang S J. 2018. Beyond part
models: person retrieval with refined part pooling (and a strong
convolutional baseline )//Proceedings of the 15th European Confer-
ence on Computer Vision. Munich, Germany: Springer: 501-518
[DOI: 10.1007/978-3-030-01225-0_30]

Wang X N, Liu C H, Qi G Q and Zhang S Q. 2020. Person
re-identification based on top-view depth head and shoulder
sequence. Journal of Image and Graphics, 25(7) : 1393-1407 ( E
BHAE, XEAE, FTEE, kIR . 2020, IHOLIREE LR B AT A
PP . b E E R E T 24, 25(7) ¢ 1393-1407) [DOL: 10.
11834/jig.190608 ]

Wu A C, Lin C Z and Zheng W S. 2022. Single-modality self-supervised
information mining for cross-modality person re-identification. Jour-
nal of Image and Graphics, 27(10) : 2843-2859 (% F2 I, ik
L AR . 2022, 1] PR ASAT AT S A SRS | R S
FE4 . b B R R Y S 4, 27 (10) : 2843-2859) [DOT: 10.
11834/jig.211050]

YanYM, YuHM, LiSZ, LuZH, He] F, Zhang H Z and Wang R F.
2022. Weakening the influence of clothing: universal clothing attri-

bute disentanglement for person re-identification//Proceedings of

the 31st International Joint Conference on Artificial Intelligence.
Vienna, Austria: Morgan Kaufmann: 1523-1529 [DOI: 10.24963/
ijcai.2022/212]

Yang Q Z, Wu A C and Zheng W S. 2019. Person re-identification by
contour sketch under moderate clothing change. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 43(6) : 2029-2046
[DOI: 10.1109/TPAMI.2019.2960509 ]

Yang Z W, Zhong X, Liu H, Zhong Z and Wang Z. 2022. Attentive
decoupling network for cloth-changing re-identification//Proceed-
ings of 2022 IEEE International Conference on Multimedia and
Expo. Taipei, China: IEEE: 1-6 [DOI: 10.1109/ICME52920.
2022.9859851 ]

Ye M, Shen ] B, Lin G J, Xiang T, Shao L and Hoi S C H. 2022. Deep
learning for person re-identification: a survey and outlook. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 44
(6): 2872-2893 [DOI: 10.1109/TPAMI.2021.3054775 ]

Yu Q, Liu F, Song Y Z, Xiang T, Hospedales T M and Loy C C. 2016.
Sketch me that shoe//Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Las Vegas,
USA: IEEE: 799-807 [ DOI: 10.1109/CVPR.2016.93 ]

YuZ X, Zhao Y L, Hong B, Jin Z M, Huang J Q, Cai D, He X F and
Hua X S. 2020b. Apparel-invariant feature learning for apparel-
changed person re-identification[ EB/OL]. [ 2020-08-17 .
https : //arxiv.org/pdf/2008.06181.pdf

Zhang X, Luo H, Fan X, Xiang W L, Sun Y X, Xiao Q Q, Jiang W,
Zhang C and Sun J. 2018. AlignedRelD: surpassing human-level
performance in person re-identification [EB/OL]. [2018-01-31].
https ://arxiv.org/pdf/1711.08184.pdf

Zheng Z D, Yang X D, Yu Z D, Zheng L, Yang Y and Kautz J. 2019.
Joint  discriminative  and learning  for  person

re-identification//Proceedings of 2019 IEEE/CVF Conference on

generative

Computer Vision and Pattern Recognition. Long Beach, USA:
IEEE: 2138-2147 [DOI: 10.1109/CVPR.2019.00224 ]

fEZEE I

XU, 3 WL AR RS 51 AT AR
E-mail : liuyuqi201@mails.ucas.ac.cn

LN GEARAER 5 B, T [ A SR e F
A . E-mail: bpma@ucas.ac.cn



