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a5 T BE, K 030051)

# E: LB FE E(Unsupervised domain adaptation, UDA) 77 3 i id 4~ By 45 4E 4 A IE Be 52 3L R 3R 3
AR A Fn il it A2 T mA A B3 B8, AR E T —AAE TMES G EE(Twotiered
domain adaptation, TTDA) #5 £ %5 B 47 A 75 7 % 4% A 2 R+ M %4 (Omni-scale network, OSNet) 4F
K BT W% e on B 0w R F T ARR F BAWAT R Ae B AT IR Z A 09 & By 45 4 55 A I AL Fe By 3R 5 ) IT
Be , IR B A B AR IR Z 8 R R ATAID 89 % B P 3248 7T 38 45 69 A R 4R, SR B i e R BALHI R & T 55
BMERHE, EEARBATFHBESE Loy Sl Z R A, 5 b8t 7 ARk, B4R 7 ok 2 RO B] B A7
9 T W5 BT A E R B 69 F 34 05 JE 34 15 (mean Average precision, mAP) = top-k 4 P F 3 RIF R F 4RI
KRB ATATRA R TF T AW H G AR B3 %) IR
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Unsupervised Learning Pedestrian Re-identification Based on Localized Instance
Matching

WU Haili', ZHANG Yueqin®, PANG Jungi’

(1. Department of Computer Science and Technology, Taiyuan University, Taiyuan 030001, China;2. School of Information and
Computer Science, Taiyuan University of Technology, Taiyuan 030002, China;3. College of Instruments and Electronics, North
University of China, Taiyuan 030051, China)

Abstract: Unsupervised domain adaptation (UDA) methods leverage global feature distribution matching
to realize knowledge transfer from source domain to target domain, while ignoring fine-grained local
instance information. An unsupervised person re-identification method based on two-tiered domain
adaptation (TTDA) is proposed, in which the omni-scale network (OSNet) is selected as the backbone
network, and global feature distribution matching and localized instance matching between source and
target domains are performed jointly in an end-to-end deep learning framework. And in order to effectively
mine transferable useful knowledge from associations of different pedestrian IDs between source and target
domains, the cross-domain adaptability is improved with a knowledge selection mechanism. Experimental
results on multiple large-scale public datasets show that compared with other state-of-the-art methods, the
proposed method achieves significant improvements in terms of mean average precision (mAP) and top-£
hit rate for unsupervised cross-domain person re-identification tasks.

Key words: person re-identification; deep learning; unsupervised domain; global feature; localized instance

matching
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A7 NE B 5 TEAS 6] AR AL $2 3 00 18] 2 rhoRr R 5 e A7 A R T8 2 32 4 8RR 28 i FlE B0
W AF A B ) RN T . BT AT AN EMR 5 52 2 BRI AS A 45 Flr B 1A S8 285 RS (] AHATL AR 2 B9 52 i)
A1 NEPIAT 55 e HL Pk v o Bl TR 2 o) H R & R AT N TR B T 9 4 AR SRR TR
D5 125 18 Al A R TR BE A 2 I 2% R 1) R A BB 28 ) 4% (Convolutional neural network, CNN) 19 3 21 3
FEAE R 200 MR, W At ONN 7ok B 20 BB ™™ (H 8 T 210 o 200 500008 4 45 o B0 )™ o A0 1 g
TR RIS T X R E 5 R IR AR T KR IR B OF A B2 al A7 o R, e B B
J7 (Unsupervised domain adaptation, UDA) 75 ¥ B R T BFF8 #4851

UDA J5 ik £ 250 R 5 T B G W, B T R Ak 0 A A T R 3E B vk . T EHMR G
UDA J7 ¥ 38 & 5 F XF Bt 4 B W 2% ( Generative adversarial networks, GAN) , K V5 38k A% b5 12 1 1% 5% ok
TohR i H bR R XS, JF 22 R B AT AN ID A B, e FH U8 1D 4R 2 7 5 B 2 | AT B X2
2o SPGAN 4 81 T B 5% e Jm 09 1 AU L DL R e PR 45 1 b 18145 22 18] B kA S 17, PT-
GAN 76 R AT 7% 1o F o o 38 40 0 AR X 38k i — vk 20 31 0 CR-GAN il 65 W5 s 14 47 A
1D % % 2 Z2 FOR [ 9 B AR, 280 T 78 R i 8 H AR b i B e 0 HIEHMG A oy AU T 4
Jay R (R 3R ) 43 A1 X8 5%, R 5 S ARL BE S5 0 90 R 1R . T REAE 9 UDA J7 3558 5 2 T R 1R 43 A DL B,
A 455 70 ) ) R 7 5 4 SR R AE A0 A Gt A B 56 . Yan ZEUOHE T AR R K B 2% 5 (Maximum
mean discrepancy , MMD )& #L, G ik 51 A & K¢ 5E 1Y B I AC S e R T B0ORT H bR B0 E 9 258 2 3 i %
Li 2651 W IF 00k B A a8 a5 I R A S8R A 20 A I 0 A R 408 4 4 A B S BRI JE o 5
FSF-A 3 A GG Y o (HRRAE F S W 7 2 DA 4 JR R AR 2 7R 43 A R 55 S Bl [RRE 20T JR S S 45 DE R
P, — e TR UDA 5 i U T 8UF il St . PULGE & 76 H An 3 b 3k AR 0s 17 3R 250k 40 15 th
BRI FH 2B A b 2 AT AR OR 1  SSG 43 il 1) 4 JR FILIE SRR A A I AR 28, PAST i ik
o AE U 2548 T 5 AT SERE AR S ACT IR Al X FR B B ) 2 HE S R I R S Ok R Y M AR
sl MMIT 3 5 [ 45 29 22, R0 400hm 45 X Db s 25 0 47 70 2R 04k L A Ak 388 2 5 8 i 1 O o 25 W
7R (E s AT N EE U T A B R AR AT N ID b B e . R -
R BE T IR Ty kA B 3 N b 2 g B Ry A S48 R TR LA S 3 [ s K A Je 43 A A ey S S5 4] 7R A
J2 T & A R 38 20 B AR SR o] G A T BT UE S0P T I 2R g 20 B AR SR bR i I 2B YRR R
U TSCOHG o FE 1 i — 2D v

hy B v B 2 O AT N H R R A B AR SCHRE T BL A ROSE 4% (Omni-scale network, OSNet)
T R 45 1 A2 4818 1 B3R 4 (Twortiered domain adaption, TTDA) , i i3 Y5 B A H Fr ek 22 7] 19 4 )5
AR 43 A1 D8 IE R 8 S 4 DT I 475 4 0T G B 1A AR R, O B R e R AL B v B S L D) S
SHEPEIRID 5 B bR ID Z 6] (9 38 X5 I8 J2 0GBk o T 42 75 1 BT AL 45 - (1) {1 2% T OSNet 19 B2 42
g, T8 I S ok A8 v i 1 2 20 RS /N AE v 2 o0 B TR A D T JOME R R TR L (2) FE RIS
TGS G T A SR REAE 43 AT R S S5 0 TR O 38 5k 0 TR SR R ML s TR T AE TR A R N s 4 B iz
1k hE
1 E T OSNetf Xt 5 EWEE B &M 1T AE IR 5 1EZ
1.1 REIZEH

TETC W B AT NE R B rp YR SR B bR 40 5 Lo B AR AR E AT N IR BESE . AEM
SN AORERGL WERBEEEED ={L, /o, B 0B EEBRTIDRE yyey=
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{1, K bs BRSO R 383 KA AR B AT A ID. 4 D' = (1) F% N B bR BB LR A (9 KA A 3
RN GRSt o R T D' A7 A R I 5 N, 36 5 DA T SR A 1 S 001 5 SR A R A%, 2 >0 X R B T H A

ST D ST 5226 1 SR P i
PR $1E 36 F TTDA B 6 B mampen | e
AP 1 . AR 45 4 G OS- R | =
Net 53 5 F 4 H A 503 I 26 RE A2 9 2 i b s =
ok 4R 534 VG TR 3 S VS BB AR | ad 3
S 2 3 BT A R BRI R 2

i 3o A S AR T A2 T 2 A 3 T Y B i 2
SR o M TRE AR IS — A i A R 2, 3 it

BT B A A T N RUZ TC W AR A

Fig.1 The proposed two-tiered unsupervised domain adapta-

TR BEBEHL I i B B A 1 0 B P tion model architecture
1.2 BFW%E
ffi F 2 8 9% 19 OSNet/E & T M 2%, K %1 OSNetFZ&LEH
HKHEMMER LR, AP EREES T 21042 Table 1 Network structure of OSNet
R %0 block™ . OSNet § 7522 3 £ R ~F B Er 22 4 P
FEAE, I 328 TR BE T 43 25 46 R AR T 3 4, O 7 X 7 EM
S 2 R 7 2 S T 0 BT Convl 3xamamp o o
1.2.1 %% £ Block Conv2 bottleneck X 2 64 X 32,256
OSNet D) 5% 22 Jifi 39 oy 36 iify 44 2 , {H i rransition LX 1M 64 X 32,256
THEWEERUZ . WIEBREEH M 2(a) Br 2 X 2 fe 32 X 16,384
7 B block 45 g n & 2(b) FF 4%, B AG Conv 3 bottleneck X 2 32 X 16,384
HRATT, SRR sransition L LR 92 7 16, 364
W A Bt SR T R 48 55 5 L 2o 2RI 16 08, a6
A B € RO i % BUE ReL U (10 * Convd bottleneck X 2 16 X 8,512
)4 2 e B 2 2 ReLU (o )ve), Convb 1 X 1 Conv 16 X 8,512
, , GAP SRR X 1% 1,512
wERTE BRI R 0 €RTTT Y FC Ao 1% 1,512

BN A R R RIS e O i A\ T G
B R R . AR A K E 2 € R RN w R LR W AR A At e k7 e 0o o FEAIR
Fhewe (£ +c)ecs FATHE S BRI EWER) , 5 TR IRE S, A E 2 RTFE
M2, RR N RelLU ((wew)xx ), B iZ M 452k b K Lite 3X 3.

Y E A 2, Bk 22 BB A T G W B F A 2] k2% 1, B

y=x+zx (1)

Kpz=F(x),F£REIRRFRER Lite 3X3EMZ . IX1EHEH THEHRMSEEE, JFASE
ZWfEERE .

NI ROP R AR ) X 3R 22 s B F b AT 97 i o X T F' 0 > 1 R ik ROBEE  HEAR 4> Lite 33
2 IR ERAZ B R (20 + 1) X (2t + 1) WZ2ESJ W5k h

F= > F'(x) (2)
t=1

BB NA BT = 4, A KREEZHF R 99,



950 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 4, 2023

LN

Lite 3311

LS | (1S |1

!

Conv 1x1

BatchNorm

RelU

!

| |
| DWConw3x3 |
| |
| |

LTk
(a) Structure of Lite 3 X3 (b) Structure of bottleneck block

K2 3R Mmaisii

Fig.2 Residual bottleneck structure

1.2.2 #AG—RA
A BB T — D RS ERIE . 22 2 ROSHERE , %R 8] 4 B0 09 5 i e f7 sh B
I R PE A R M AR RS A EAFNE, 22 FRRF(x), ZRAFEETTTRR N
T
i:zG(x’)@x[ (3)
=1

X x' 2 F'(x); G(a") MR & F 1 1 5O o~ Hadamard B G 2R 0 & — A AES 804 Jm AL )2 fl— A4~
Z Z 4% (Multi-layer perceptron, MLP) B 2 /R [ 2%

ZELF CNN H B Bl S8 28 19 28038 52, OSNet H ] — A4 5% 22 He ) 19 BT 8 R 4E 3 3 52 AG L 05 78
T (D ZECEE 5 dos TG, it s e v (2)AG G — A R THATES B e L8k, 2 L
o AT R R RS, DU R B e SR

L L ax  a[<
aGa;zaGa(,zlx) (@)
dL dx . _ . o . g w
o . BEWREESAGHILE KA RN BESREE—REUTI R GRS,

dz IG”
OSNet fifi Fi 7 32 38 18 [0 F T TBR , %5 F 28 ¢ N, AG B G (o) Ry g i AR AR il L SE B0 T 3 4
) IR 0 T O R G R T R AR B AT S A R AR AR RS B R T AR AR 4R IO
R R Y R
1.2.3 BAFM&H L HHK

25 78 VE RN SR D, ) FH 0 50400 2% BRI L e AT RERLI 25, D

L rger = Lce + AuLy (5)

K : L K softmax 28 UK s L, i = JCHBNVK 52, W AE S 4. RAEL %, A, = 0.3,
1.3 RS HILE

4 JR) 43 A7 VL L ( Global distribution matching, GDM) & 7£ P8 # I 5 A H A5 5 2 8] (1 AR G5 B .
7 1% 3 5 U GBS AT A 52 4 0 0 TR VA M N R 6 B 1 A B AR S B RRAE
BRI BE, g HEAT 20 A 8, R P A% K4 {8 25 5 (Maximum mean discrepancy, MMD)! i & J5 58 F1 H
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(6)

1 & 1 &
LMMI))”nzqﬁ(.ﬁl)nzqs(ﬁl)
si=1 timl

K f ER TS E R3S NI 0 AN VEIER BRI 2, A B A 3 RS 1 R AE [ 5 R RAE 4
B R e B pE B o () 4 AE AR A B S 3 BT A 8% Hilbert %5 1] (Reproducing kernel hilbert space,
RKHS)"™ . i A% W 58 £ (), 5 GDM ik L350

Lepw= szf St 222/’8 S ki) — EZk Funtis) (7)

sle: Ny j=1;'= nl:l;

1.4 BEEAFICE

T8 2o J&y #5491 DT R (Local instance matching, LIM ) , 5% Jiff 55 51 25 %) 20 7 58 00 53] 2 ) itk — 20 ol 3% 1%
AT NEIRBIA A IS M. LIM B gl #2 v Z 20 k35 A R B AR AR A X5 0 1)l 38 8 A5 2 .
TE ok B AR A A5 A AR LAY IR S 2 T Y GG 48 3 S U R RS o 38 AR AN TR B A R B 1D P R
P HE LIM OCHR o H AR AT ARG 3 A TR 5 0 1D, HAOSR UG, 45 8 R R B AR AT NEHR A T, 0 A
PRI 53 A b 2 23 [ v (9 A 5 1] 12y

pU)={p(UI), p(2"), -, p(KGII') } (8)

Z KRR B AT N MR 5 B A 5 28 50 0 00 o0 AR LR B2, FLrh 4 5% T UDA b fir 55 /Y 255 BT 78
AR
1.4.1 R4 R I

A AT /I DN e A 1 R B2 27 2] 25 I BE ML > s 72, B A /NI A 5 AS [ B R AR 20 A o T B A A
o B AR A YN G aoh B b A 45 A R Y A AT L AR T B S S A N ME B I, T R AE AR A AR
AU 2 fay 8 A BRI RAE o B UG, X CNIN 4 Y B9 A R 7R AT A vk o 7ok B IR S80R H
3o B A A 16 R AT A B U — B AR A £

_fELf]
JVIflte

K ELFIR VI 53 i 227 B 0 A7 A0 A8 0% B 248 B2 300 SR (B R O 22 5 e R — AR H /NI IE 4R
1.4.2 4Rt it M %

2 L W IR AT N T LA 55 a5, Sy ot 2 VR 2 o A5 IR 18 ¢ X it e g — 0 e L A
JIT PEAE B2 AE YN St B2 rp T = b e 12 A RS /N 2 ST B TR S

K5 H bR R [F] 284 5 — A AL W 4 07, IF FH LR AR AT N B0 1D Y S 5 E R R
TE AR AR ¢, 38 33 38 800 31 F 1 (Exponential moving average, EMA)ilic 42 I’ 4% 6™ kit B Fr 1851 % 2%
6" AT SR, B

—~
Nej
N

07" =af™" +(1—a)d" (10)
Ao P B8 gt , 0™ OROIFIC L T AR /N A S H 0 A B S AT S R R A P
BOPERE . e/ ISR FIHT 07 45 B EEAS R TR H AR RE A TR YR 25 18] v 4 Ji 6 AR 5 1)
1.4.3 %i)’iigf‘?bb%']
POMPE R 5 e 52 = FAR R BB B2 APk o S 2R BRI ORT H AR delk 22 1) B9 Ji 2= Al o 3% R, B2t
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SR B PR AL, LA SR 0 A2 N 45 o 5 bR SRR AR A SC A L B AR A R RE AR 1 Y 1 R AT SR

TG W B B S FOIAE 55 b, Bl TR B AR A B 2 R W AT N ID IR AE e AT B AR AT A
PG 3 R 5 5 2 U5 AT N ID 8 B A 56 o o TR U TR 26 % SR 1) 2t ABE 36, R d5c K B 4R (Maximum likeli-
hood , ML) Al 111 A4 W] 1 #5PE FAT S o

ML (I")=max ({ p(1|I"), p(2II'), -, p(K3II') }) (11)

R I, SR FH R0 PR % M 5 W, e ML (1Y) i T M o 9 AR REAR 10 B IRTS 52 F , ML)
(BB H R AR B B IE P B AT B T AE IR AR AR S B R AR AR 22 ) 2 S R OC I . AR YR 56, I
u=— 0.3,

i e, B8 TR N TE T2 I 2% 3 7% 31 B PR A AL, 58 iR BRI B0 B bR 0 B A S N . S e, AL
KL ## ¥ (Kullback-Leibler divergence) , it {Z B 5 H AR5 50 % 06 2 H ARAEAS (1 T 00 435 5L 1 DR AT 1 of , 75
2 Jai HB S FIVT B 2k Ly, h
PG, 0™™)

. (12)
P(]|It, 0lar)

LmzzﬁjpuV&emmng
j=1
1.5 BHERKXEH
JIT 1 i R AR 1 o A4 R R B S E AR AL [ RO R L, AR A A DE AR Ly
R0 Jay 358 S 451 DG i 48 2% Ly, B IR Ay
Liots = Liager T Lopm + Liim (13)
I B MRS B T B, 3 T 38 AR 2 BRI X 3 A 20 8 47 35 310 0 1T 5

2 KB5S

2.1 HEE

S T Market-1501 . DukeM TMC-relD Fl MSMT 17 =4~ i A FF R P45 i TTDA
HEHR 1 Mg

Market-1501( Market) ™" & {i FI 54> 185 43 B RARMLAT 1AM 20 95 MWL AE 15 48 K 25 B0 88 T Rl SR 44T
N EGAS 30 (KA AT N E U Es 4, OF68 FH AT AR DI 2% DPM A A A7 A AL FRIE o 12 308 4 4 &
1 501 ARAT AN ID By 33t 32 668 5k MR , KR 73 HE 5 128 125 X 6418 % .

DukeM TMC-relD (Duke)"*" 2 fili FH 8 A~ 25 w5 35 M ML AE 96 [ AL 58 K 2% 3R 4 21 9 17 A J2 30500 S0
AL 1404 A FAT N ID 1 36 411 5k EI& .

MSMT17(MSMT)"* 2 fili FH 15 A~ M HLTE K 2 4 Bl R 4 ) R B AT N B B AR 48, & 4 101 R
W47 AN ID By 31 126 441 5K BR800 5840 3 K8 AN (] 37 S5 Rtk 35 BT 8 A, R b R0 e B A
T2 TR BIRE NG B 3A T LB 8RN E R R,

F2 ITAERMNEEE

Table 2 Person re-identification dataset

PG ML T ID $ 145 1D %% Mt 1D % BEMR R
Market 6 1501 751 750 32 688
Duke 8 1404 702 702 36 411

MSMT 15 4101 1041 3060 126 411
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2.2 RBIEHEFIEMAERR

25 F £ #: E & 48 Ubuntu 16.04
LTS, ff H Intel Xeon E5-2640-v4 2.4 4b ¥
#,2X16 GB RAM, GeForce RTX 2080 Ti
GPU, 847711 GB. {# Fi PyTorch 52 Jiti fit
A g, I B AILER FE R B (Stochastic gra-
dient descent, SGD) Ik H x5 B 4% , 5)
IR 0.9, BE I 0.000 5, #L KN N
64 (32 N IRAEA 5 324 HARBUREA ) , UK
60, FTA i A BRI 256 152 R X 128
BER o TR b & X H bR 0 2% R
ICAZ 0 25 43 50 007 A 435 BE BIL 3 59 Bl HIL 8
A BL Bl i B 1 T b I £
W IR B A R A N TR A D FRE i A

o AT N F R 3 A 2R BRI I Ry
fiE (Cumulative matching characteristics,
CMC) Hh £ 1 270K )% #7{H (Mean average
precision, mAP)fE Jg P fE PEAG HE AR . 3

T A H AR5 2 A g AR ER Z E] A (c) MSMT
WLPEHE R, 3153 1 75 1 v S R B AT & 1 P 3 S B AR 5
1% (top-k) f 7 1E B 7 1R) 45 W B9 % Accyo Fig.3 Image examples of the experimental datasets

AR T A B PEFEAS oo 3 A i) H bR
ID, W Ace, = 15BN, Ace, = 0, 3 3 45 5 5 3] R 19 Ace, B9 AR DL A i) <158 %, 73 3 CMC il
2R, FR h Rank-kir o3 o {51 40 Rank-1 i858 32 DEC 51 38 T 58 1A H AR A9 1E 8 D BCHE S . mAP [A] B
2 SEAT U) 11 SF S5 RG 3 FTORG B -3 0 3 il 2, R e A 960 285 R b A 5 I 0 1D 1Y BT A R AE K R BA S Hp (1 &
IR BE , AT 4 1 i 43 A o R0 SR M BE .

1T R S A R S AR o AR SO R SR Y 34 HHe AR Y R R ML T N R
ONTFRCRAE U0 R AR BR A A IR 08 K, TR I — VR S 06 Y 45 2R € 2 R 75 20 T WA B AR P i
2.3 HEXI

TG T S, 43 BT T R TTDA HE B =3 REE TS ML
RS LLOR A FE I OF B R B T A 1k e 2 Table 3 Performance comparison of different back-
QAT bone networks %
2.3.1 BTM&% Duke — Market

F 34t T T4 HE 48 i R R g T B o T Raks  Renklo  mAP
GV L Duke BURSEAE N IRBUIRAE 1 Market A1 Net 458 505 586 205
BB BAREUR R AR REZE SR . R VGG-19 50.2 58.1 66.3 26.7
AR, Alex-Net Fl VGG-191E RH T LI ResNet50  71.5 76.8 80.5 33.6
PERE R 22 , 150 B 3 10 i ) 268 2 g A B AR 4 il 912 B ResNeXt 76.2 83.5 88.6 45.5
WARRAT N Z [ A AN 2 5 . ResNeXt &5 & OSNet 88.7 97.6 98.4 76.2
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T inception 5 resnet B4 o5, HFIH 20 4136 BURRAIR T 4502 5% . {H ResNext H1 T A5 4 B FH AR R 8 %
5 Z A, OSNet @it & A R RUSE B9 RRAE , 138 2ot 28 38 T8 11 PR 3R A A1 3L S ML 384 5 17 X6 40 590 465 i ) 2 B
AE T B T R RE .
2.3.2 BWMABERSH

JF 4 TTDA KEZE th 454 T 4 5 R 4E 43 45 VE i GDM R 8 52 9 DE TE LIM B e o [ 4 25 10 7 4 1)
OSNet /R T M 45, IR E 42 MSMT 2 H b #5045 48 Market (9 78 W B 41 AR50 b, 4 FH R [ fiE 42
e & B Y top=f Ml mAP PEREXS Lh o o 8530 1 R AU FH A~ OSNet 0 W B 432 B 2 3RR AL il
A TTDAHEZEH Y GDM BiH B 3 F R AUl F TTDA i LIM BBk, #5804 7% OSNet+TTDA,
BV T 4 58 e 0y vk . N IRL 4 rh ] & B AU T 5 b OSNet B, TG 76 38 37 A [ 550808 4 =2 6] 19 5 B 2% S, A5 70
PERERE 22 o AU GDM 5k LIM A5 B i, 1 58 45 i 4 455 20 I 25 2 T I I AS ) 5080 4 1 S TR) A5 L 1D o
PRI B R AE AF RS2 B i [R] B 4 ] GDM

FIULIVOBCHRY P G — 5 B GEW G 2

50 5 RS 15 LA & B A 2

WS HAT AT . BOP IR B “ l|

1, 7B Market BCHE 961600 FARBCIR S, L ) II
MSMT g 5154 4 50 E £ T B Duke b 38 )

yz%,im@f&%m%ﬁa@zﬁﬁmmwz%q:ﬁ ﬁa;k;l _ﬁzjlj‘fm;‘a;%‘:(ﬂ;g
AT ERB A, X2 F S MSMT %048 42 45 Lk B4 R
Duke B 5 47 5 5 XML REA I 22 535 R Fig.4 Function analysis of different modules
R 4 P I ZRREAS 1) 2 RE AR AT B T T TR O
VAR B AR B 4 P U R

& 545 1T FEALAE ) GDM R He Rl F 5¢ 4% AR N, N MSM T 3] Market i85 38} JC W8 17 A 835 )
PRI ARAL 25 5L o Pl v, e Ay e i) RIS A 43 ) R A feff L IME A e R 58 B A TR 1) top-1 & top-10 A K
KRR WO RIS A IR 5 40 % B R BEON AR AT N ID , 20 (U HE 6 7R A5 1) R 5 1 R S R AR TR
FINID. INE S Ha] & B, 45 & 52 e B RV AN BE AL ) e 2 42 & T IR A A 1 top-k i 3R,
2.3.3 JuiR ik dEHLE

AR SCHESR o fofi FiT (o {1 a0 B 52 VR38R 1D 2 0] A8 d5e R BLSR (S (1)), DAl DI 38k 30 A% 38 0
TR ., £44 T U Duke 24 I8 38, Market 24 H AR S8, S 5] o B30 4T BT 32 HE 22 1 top—£ il v 22 Al
mAP BPERERZ R . o w = 0 R T A WA AT A SR AT RS, B O R B AL . o =
100 7% 58 4 R 2 B8 Jm 0 S AR A & I . AR 4] & B« BUEYE AR 0.1, 0.4 22 [a] ik T i A5 A
AE M AR ATt U M B L UE I A B 40 11 3 0 3t AR v, RS e T P 4 VR TR RT B 2 o U R (9 77 Ak PR BE R I BT
PEATR B BEML AT BY F 5550 R IS & B bR TR 80 .
2.4 5HMAENEE

F 54T 2 B Duke B35 2 4 ACHE 2 , Market 5038 55 0 H AR B0 42 (Duke—>Market) , B &
fifi FH Market 5045 48 S U5 %04l 45 , Duke 20805 48 25 H A5 588 45 (Market—Duke) B, i 4 TTDA J7 ik 51
Pl S i PR fE LA . i, SPGAN . CR-GAN F1 PTGAN b 3 F % & W 7 i, PUL SSG Ail
MMT 23 FHEAE [ 38 AR . RSPl BB, 3T BR A i 7 ik v B gk 22, UE W o 1
G RAR T RS FE A7 85 3 1 38 0 JF S RE U AR 25 51 . 5 AT REISE 9 MMIT Jr ik AT L, i $ TTDA Jy
HE7E Market—Duke fll Duke—>Market () mAP 25 543 G4 TH T 7.7% M 1.6 %, IEWH T Ar 42 fE 2R 45 5 4 )R
3 A DG Jic R J) 38 5K 051 DG e 30 4 32 438 ST B 10 A b
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SEREMT (R 5

(a) Visualization result [

SERERRAY )R I 45 1
(b) Visualization result II

El5  7E Market 804645 I 1% ] W4k 45

Fig.5 Visualization results on the Market dataset
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Table 4 Effect of threshold # on rank-1 and mAP performance %

ufl Rank-1 Rank-5 Rank-10 mAP

0 83.5 95.9 96.9 71.0
0.1 87.5 96.3 97.8 74.9

0.2 87.9 96.6 98.1 75.3

0.4 87.6 96.3 98.0 75.1

0.6 83.6 96.1 97.2 73.2

0.8 81.9 95.3 96.8 71.2

1.0 79.8 94.8 96.1 68.9

F 645 Tl FH MSMT 40 4 4 5 856 45 L 43 5 2 HH 1) Market £5408 48 il Duke 088 42 3647 8
BAT NFEIEF, 3R 5 i RIAEAF 0 U B A U 25 5 o 55 At AN B0 AR A L, MSMUT B804k 4+
AR TR G m W H 2R . e R R [ R RO 4R L AE AR S A b #E AT AT N E IR A
fE , 6 05 T g b A 060 A 760 2 JBC Y 3 A P 60 TR i A R MEME SR SRR ) o B R ] BB, CR-GAN fiff
FHMSMT fE 2 J5 38 B, 78 Market il Duke 3048 45 E A9 MERER I T FRE IEWI L TEEN TILEZH
Tbd 5 R BCH R AR IR Y BE 11 & P, SSG 7 M MMT J ik 1 b b5 25 43 B0 A e 75 A B B R 32 v
TS T SRR PR R R A R PE L PR AR L Z BT RS A BT . TR TTDA Jr 38 it 254 GDM Hl LIM £ He 4t 5
25 45 3 P L O 38 N TR B AL A T O R A TR A I, A 8 R R R A B A 4 SR TR B
PEREAR BN T B W
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R5 DukefFAHRHIFEERS HMEHTEHMRELR

Table 5 Performance comparison with other state-of-the-art methods taking Duke as the source dataset

%
. Duke — Market Market — Duke

ik Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
PTGANY 38.6 57.5 66.1 22.6 27.3 45.2 50.7 19.5
SPGAN 57.8 74.6 82.3 26.7 47.2 62.5 68.0 26.5
CR-GANY 65.5 79.8 84.5 33.2 55.9 71.0 75.8 34.9
PUL™" 44.6 61.2 67.8 20.5 30.0 43.4 48.5 16.4
SsGH 80.0 90.0 92.4 58.3 73.0 80.6 83.2 53.4
MMT! 88.4 96.2 97.8 74.6 75.1 87.3 91.2 61.0
TTDA 88.7 97.6 98.4 76.2 81.6 91.3 93.6 68.7

F6 MSMTEARBIRERSEMEHR T ENERLILE

Table 6 Performance comparison with other state-of-the-art methods taking MSMT as the source dataset

%
. MSMT — Market MSMT — Duke

e Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
CR-GAN" 63.8 77.4 82.6 31.5 52.1 68.7 74.7 29.8
SsGH 81.4 90.5 92.6 59.1 74.3 81.8 83.7 54.0

MM T 88.5 96.3 98.0 75.2 75.3 87.5 91.4 61.6
TTDA 91.7 98.6 99.7 88.3 84.2 93.8 95.7 72.7

3 BEWRIE

ARSCHE T L OSNet &+ R 2%, 55T TTDA ME S /9 6 5 B A7 NFRBI D7 ik o SCse i 1k,
OSNet BEE 3l 25 R4 A i) RS B RHAE , 76 FEAR T 58 09 [ A 8088w 1 R AIE 11 38 1 R R e 9 ek o
& TTDA J5 S 5] I ] 4 Joy R A S A 1=y 38 S 45 8., 5 36 ok 00 RUEE % AL ) A 28 488 i AR SCE) s Jsk
9 R GE A% 5 A, 7 L8 T Rt 4 1 A9 PR RE DL T LA SE BE A9 T8 W AT NEE RN O ik o BRSO BE M
G889 TP G 2 A7 AR — SR M 5, Al RE 2 R R B T AR O Ik BE LR o ROk, ADRE BB DTk S
U H  A 2 ) T AE RO AN G A, 1 2 4R R T R 5k R S SR I T N RE AT, IR A A R R BR AR 5
R AR AT N E U A IT B RE

SE Wk
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