AR ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

Journal of Software,2020,31(7):1943-1958 [doi: 10.13328/j.cnki.jos.005932] http://www.jos.org.cn
©rf [E B2 B AT B TP AU A . Tel: +86-10-62562563

ET 5 REE B ML HERT A EIRR A%
wagl P OEL K OBL B4R, IET!

GEEAE BN RN S EE SRR (EITRY 5 R %) mE HI1  361005)
AR ITHE LR HENLSE R DR mE H] 361024)
JEWAEE: ™™, E-mail: yanyan@xmu.edu.cn

B E AAEPARBESANEEEREKABENGT T AT 10 E 9T A B AKXIAAT A B G E + 42
& AR AN G 64T A B AR, R — R ok oy BASAS RAE 5 A IR & 3] 69 R AR AT A RA] 7 ik 6 1A 51T 3
TRERAERATAZTRANELFEA 2T EB RIS P (P4, F R EH . TALREILSF) & FEHLHHER
ALE KT E4 B AFS &, BLEIN T B9 T AT IR 7 SR ARAE ML 5 3] B Ak b SRR A 5 BIR A M BE
B E T e R, A RS I A AR B AL S BRI 3R K e BAR A AR B & B A RAT IR 4449 B 23R
BT — R R T % RE A R IR R %69 B IBAT A ERF] Tk G AR AT 0 1R 3% B R A A RIS B S — A 2 R
JEA R B A AR B % REA KBS ALES R IR AT H RIS RE ARG R T ETHE, M AR BB R
AN ER R A AR R A AR B AR R AR D T4 S RUE A& AR B A AR TR TEALIE 45 6990 4R B AR, R B R
K BRI R T38| e AR R0 B AR M e T by RN 4 BRI 45 KR A A A SO0IR FH AR )
REBLE 6z b AR S A PR AT AT IR AN SR 4R 0 0042 R 0GR T PT4R% i 7 ik 690 2,

KHEIR):  ATATRA A AT IR 4 iR 45 Y 3%

FEES S TP391

thaC s A A Bl R TR N B, T T 2R T 2 R O T IR % P JEE R AT N B R T R B 4 4, 2020,31(7):
1943-1958. http://www.jos.org.cn/1000-9825/5932.htm

H 5 % Yang WX, Yan Y, Chen S, Zhang XK, Wang HZ. Multi-scale generative adversarial network for person re-
identification under occlusion. Ruan Jian Xue Bao/Journal of Software, 2020,31(7):1943-1958 (in Chinese). http://www.jos.org.cn/
1000-9825/5932.htm

Multi-scale Generative Adversarial Network for Person Re-identification under Occlusion
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Abstract: Person re-identification (RelD) refers to the task of retrieving a given probe pedestrian image from a large-scale gallery
collected by multiple non-overlapping cameras, which belongs to a specific task of image retrieval. With the development of deep learning,
the performance of person RelD has been significantly improved. However, in practical applications, person RelD usually suffers from the
problem of occlusion (such as background occlusion, pedestrian occlusion). The occluded image not only loses partial target information,
but also introduces additional interference, which makes the deep neural network difficult to learn robust feature representations and
seriously degrades the performance of person RelD. Recently, generative adversarial network (GAN) has shown the powerful image
generation ability on various computer vision tasks. Inspried by GAN, a person RelD method is proposedunder occlusion based on
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multi-scale GAN. Firstly, the paired occluded images and unoccluded images are usedto train a multi-scale generator and a discriminator.
The multi-scale generator can restore the lost information for randomly occluded areas and generate high-quality reconstructed images;
while the discriminator can distinguish whether the input image is a real image or a generated image. Then, the trained multi-scale
generator is usedto generate the de-occluded images. Adding these de-occluded images to the original training image set can increase the
diversity of training samples. Finally, a classification network is trainedbased on the augmented training image set, which effectively
improves the generalization capability of the trained model on the testing image set. Experimental results on several challenging person
RelD datasets demonstrate the effectiveness of theproposed method.

Key words: person re-identification; generative adversarial network; occlusion; data augmentation
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AR FAALE R IBLEHE 42 ImageNet b TR ZE 1 ResNet-501281E B0 A L 7ilt 44 ResNet-50 & J5 3 N & FZE
0 YRR BEAT PR IR IR N — A A TR R B R AR S R A 2 048 4, FRAE A BRATTIR 43 2R 31 19X 4% ] B 42 R VI
SRBUIR TR AT N A0 2R B U R (9 A 42 12 (92 2 ) A 4 ot A B (e i Market1501 [ I 2R 8 L4 (14T
NE R 751 A, ) 53 F5 2 A R #2220 A ik B oA 751).

g 2.1 TR TR FESERLEE 1 AN B AR oW L2 I 55 LTRSS 2 AN BERT AR B9 7S K 1 2k B 4R
BT 2 2R R 5, AR A Softmax 73 2845 2 I Gz 23 28R 51 9 4%, T 8 30 (5) BT 7.

L ==, log(p) (5)

Forp B RN N EIR N GREAR SR, o) RoARFEAR x; 430 Softmax JZ 1T EMFEAE T H S A1 y; 1 T A% .

IR IF %5y 28R B R 48 2 5 FRATTHE 43 282 2 Rl 10 4 34 32 2 i A R 805 I B AT AR IE R IR AT )5
SR (AR 2.1 7).

3 ZWERKSH

FEAR T o BRATT 1 6 Ut A AR SO H 77 105 1 S 360 1 B LUK, e A AR ST HE 11 22 RURE A ot 4 ) 4 11 A 2 7
Mk (ablation study), B 4 1 2R F A [ 2 0 14 26 o, T 26 o PRS2k S F  m AF0xek 47 N 3 33 1 i 1 5
Wi 35t i, 5 DA B S HE D7 VEREAT AT N B AR ) 1 B B, A S )B4 B 05 R 44T N EE R S B T
31 XEE

HAREFIENMARAE N T WA A SR A 0t BATE 4 A AP 17 N IR B3R5 BT K
B0 525, A5 Market15015%, DukeMTMC-reIDEY, CUHKO3BZFI Partial REIDP1 %4 42

Market1501 % ¥ £ (055 1 501 AN [H) B 43 1947 N EE, H 6 A A [RIAR A I B AR ML 40 38 15 31, 3 o B 300 %)
a3 751 A S AT NEUE (23t 12 936 sk G H T 25,750 A~ & 4 (1947 N R (L4 19 732 Tk G 1E 93k
I 12 B 5 A0 3 368 5K G A A if BE) F T .

DukeMTMC-relD #4545 1 404 DA & 4 1147 N MK, B 8 ANAS[RIRE A A SAZ AL A0 B8 43 31, b G
HOHE K 4y 1% 702 A B (AT N R (L 16 522 FRIEMR) F Tl Z5,702 4> & 4 14T N BUR (246 17 661 5k B4
VE B e B A% A0 2 228 ak B 1 S 2 B 45) A T AR

CUHKO3 % ¥ S 045 1 467 MASFE G147 N B 6 N FEALA M EE LA TS 50,354 ,1 367 NARTH &ty
AT N BG83t 13 132 Tk EE) F T U1I125,100 AN AN [ 5 4 1047 N BEHR (3 965 K B AR v B dis 122 1 45 70 2 )
EIZ) F T,

Partial REID %4 £ .4% 60 AN [ & 43 147 N A 540 14T NALHE 5 5K 4> 5 MG RN 5 5K 38 70 134 1 B4R
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PATEF 30 MAE T4 1947 A B (R 35 300 T8 EE) FH T UI145, 24 FH T3,

BATVE ARV (1 VP i b R AT B AT N 22 IR A 0 1 R LS ST 3 IR A SR M (B 7R N mAP) R B8 AR L e 45 1
ih 2% (R0 CMC)#E 55 1 DLHE % (48 (K~ 4 Rank-1).

SCIGIREE AT Pytorch 7 & 3H TS S ERE E Intel(R) Xeon(R) CPU E5-2620 v4 @ 2.10GHz 1
GTX TITAN GPU (IR 55 2% L 31T 525,

% RE GAN.7E Market1501. DukeMTMC-relD FI CUHKO3 ¥4 4 2 Bl ZIRATH 2 R GAN.FRAT14>
Si%E$E T 7508 5K, 7 956 5K A1 13 132 5Kk T (AR MRS AU 25 G, HEAT BEHLEE 1. AR Se B4 35 4n Bt HLik 4%
AN K/ B 36 TEAE (R TEAE K /N5 R /NGB s 2 HI7E 0.3 LLIN), I SR B #45 TEAE P9 11915 3% {5050, 255) (1 B
HUAEL, AT A BAR 7 B30 424 P 45, 70 0 424 - A B % P 4% %t i T Partial REID s 45 7 I 5k BUE 2 B i 2 TR kg
fITE S 1E Market1501 344 I TYI 25 2 JRBE A il s A A 2%, 48 U5 P e 28 I 2 B AT 30l 2 R
AR AR N R BB K/ 128x64, 4 H G K /N 256x128.% B GAN 2% 1% N B K/ #2
256x128. AR Adam AL B3R AL BEANAE XTI 4. Bh . FEIR R AT AR ST 4 5l W B N 0.5, 0.000 5
F10.000 1.5 T % R EE GAN, 2 3L 45 150 Mk EL.

T ULAA 002, BT B AT LA BB 4R TR (R 8 2 1 S SR R IR S B AR R R B A L
T S FH 22 RURE A= Bl s o B ATL3EE 424 14D 1 5 B (RIS I8 124 PR A m B LIS 140 ) 1 AT 25 0B 4, LA AE J i 1 DI e
A FEIR N A VI SR o A — AN B I R4 805G P9 5 TH 47 b . — 5 THT, e AL 3EE 42 {5 P B AL I 3
HH L) DX sl AN [ 1Y), 3 5 3 S R 3 5 HP A XA [ 5 AR R — B ) — O T B L A R A 2s
B T AT N BRSPS (X s P 3% R AR AL 84522 R GAN T LUK A% 22 3 $YAT- 55 #5409 — N o 7 2 1) 145 4
FRAT 55 B AR SO 18 PR 25 1000 2R FIVREAE 452 2 T SR AR AIE 25 B8 42 J5 [ 48 iz PR 1) 0 Sl ke R I 8 A g 11 3
PR 5 52375 N I 34 BERAR Lb A7 5 8K 1 RS 22 57t 8 1 8 24 PR RA St 9 = 3 424 PR 50 A 2 I 155 o
NSEEG 25 (WA 3.2 WAL 3.3 )R M T REMLIERS 10 R AN AT AT .

43 ZEIR BP0 L8 % X 45 (4 N SR K /N2 256x128 AR FH Adam 1Ak 28 L A6 BEAN 43 281505 I 245 3l i L 32
IR UR 2 SR % BN 0.5, 0.000 5 F1 0.000 3.3 3SR AL LE Market1501. DukeMTMC-relD F1
CUHKO3 ## 45 &, A4 114k 60 AL RELIMNE Partial REID ##E4E b, i T U2k BEUE E H i >, Rl gk
30 MBI

MR E N T 70 VPRI ST AT A IR AR AR TR G E . ESE R BE LSS E X 3
FohAS [ 6 B 2% 1 T IR VR0 80 R R e PR i R Y DR 2 4 2 9 3t 09 7 0 UG, X S RS L 3 A I S A G IE A 1
PR S R 14 P i A ey R O 3 110 /6 5 T S 24 100 2 00 PR, 38 LB 24 IX 38 (A SR AN T 7 3%,
AT AR R A I 7 v B B S8 42 X 3) 4 [X 35 P 119045 35 1 %5 46 (0,255) 1) Bl BILAFL. il AL B8 424 [l 2 48 % BT B DR 4
P47 BE AL IEE$, AT 75 21 LU A 22 B 24 BGOSR B HLIEE 42 3% 5 T 00 BEMR R o TR T e 2 T DR 2 R A DR 1iE 5
AT . S Y PR B L 3 4 PR ) 75 4 0o 22 RO A iR AT 25 MRS AL S P R IR AE AT R 1 R
% F T LU R 437 50 R AT AN IR 1 1 e

TESR 3.2 2 R AE o P 4% 1) sz 36 b B AR A DukeMTMC-relD $i 54 F1 Partial REID $#iE 410t 47
SEHG 7E DukeMTMC-relD ¥R 48 AT R AR Bl B Sl ], BB £ B R0 808 L, 7E DukeMTMC-
relD 4R b FRAT AR 4R B (2 268 k) i 2t H AL 7 B Sl £ (1 R (758 5K )3k 47 I, 177 Partial REID %45 4
) R A B (T v 4R ) RN B9 4 R, B 3k 150 3k

TEES 3.3 F SIA SE 77 W B0 L SE B v 2% R F] Market1501 F1 CUHKO3 #4525 1) 45 v 40 2 B0 S i
P4 1 H 30 (<100 1), R 63 A 30 AT 3 ST B Y 52 56 3K (40 | BT i, DukeM TMC-rel D #i1 Partial REID I
BB SR 8 RAE S 3.2 W M) £ 3 DNEOKRUBE K £ 4 1 (DukeMTMC-relD . Market1501 A1l
CUHKO3), H AT R LL 8 T B 46 B (R84 LL 51 s=0) A0 BEALIE 14 B (B 45 44 L 5] 9 $=0.3 1 s=0.6) 1) S B 45

32 ZRESRITMERKRBELXLEER
FEAS /N o FRATT AN A i AR B0 A0 5 8 SR AT R A7 N TR 3 AP B F 52 0 79 A 7 T SR D A 22 FRURE A BSORT 470 1) 2%
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A R BT AR SO 7 VR B AN AR 7 VR AT e E AR A AT X B AN AR T D5 743 ) GD Al EGDEANT )
AN [RITE T~ A5 F 25 14D X 48 45 ey T P40 0 35 £ ) 2% 25 ) R [ LA SR 13, GD R SR — AN AR 2% (4E 28 1) T 45 A 7Y
FE 2 G B 25— 50), IR B X Bt e FURFAE B2 2R Bk B DI ZRBE A GAN 2% A= ple i 1) i N it R
RN HE 256x128.EGD R FH W AN A B35, 1 TR AN AR B8 10 190 28 25 4] 15 FRAT T D7 vk (an B8] 2 ) AR [ HL 2 5 A
Az RS 1 A N G0 A2 AR [F) RS (B 256x128).1f7 mGD AZRSCHE H I 75 1, R 2 N FE GANLZE b, ATTH# X L
Ao #T 3 MR 777%(BF GD. EGD 1 mGD)

3.3 EMITEMS

B A B A IR M T ER A2 R GAN 1E DukeMTMC-relD Il 542 v o il AT I8 424 B33 4T 22 3 44
JE 19 AR BB, P 3 B,

Fig.3 The de-occluded images of the proposed mGD method on the randomly
occluded images on the Duke MTMC-relD training set
B3 ASCHH 757 mGD 7E DukeMTMC-relD VIl 545 b b Bl L8 324 ]y 25 B 24 25 SR o 491 1

FER 3 P EATAT A 6 T I 2R i 4 — 5RAT N TR FRATT 1 e AT BE AL 4, 158 ) 22 RUBE A2 il it
AT A, B 5 15 3] 5 SRR ERAR L (R B AT N S5 B A 58 & — R AT N BME I e 4 B R AE EE T 5 4R
BB AR L2240, s 1B 3 3k A R AT, T 2 B 23S AR X SR R AT LA B R A ) th AT — 252
R TR RG0S, TR A SE, A0 5 3 B ARl 5 AR i P 3 A Rl PR I 1 S I Kt SR v RT
DASE NI ZRECHE 10 2 B4 TR 22 I 2R 20 SR I 2% BB BE, 22 FRUBE GAN AT DS 210 804 1 i Fr) 4

HIRBATE BT 3ANAF 75724 DukeMTMC-relD 25 1) 48 Hhoxof 1S 4 [ 3R 47 2 306 42159 2 1 A i AR,
WE 4 PR WE LATEISE S AT BRI R GD MR . EGD LM EE A mGD AR
K.

MEE 1B~ 55 5 B, 25 ) PR A3 SR R AR A A 2 (EL A S b A5, R0, AT N SR, A5 0055 AR )3
P4 XA B8 2 58 n. AT LA RATTG 1 mGD 7792, 7T AR T34 IR, AR Bk 2R 1 B A A, AT 8 A
RO E bR S S 3 R AR R M e A L T GD A1 EGD 572k, 3RAT 11 75 1% mGD 159 B (47 N BUR LE & 44356
B0 A il RE 77 B S B i O HL AR B PR A 4 SR B SE N S BN B 1 SRR 4 B BRI R A
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R P ISR AR5 4 FUEE A, 2 BT 2 B 2k (I 5%, GD A EGD 194 i i 5 W 6 22 22, i mGD w LAy
MR R AR R 2 By AR R B R X T ™ B ) PR (B 4 X o SR B T AR B 0.7 1),
X3V I o I 4 X g A M AR AT R AR S L B 5 A 0 B P f5R DXAE R TALAE JR
ORI Sk B A T5iE 2 R AL

g

e

d } &
Fig.4 The de-occluded images obtained by different methods on the occluded query set of Duke MTMC-relD
B4 AN[E X EE T2 4E DukeMTMC-rel D 25 1) 48 (%) B2 ST 45 14 | 1) 25 3 34 45 SR 9] 14

34 EEITM
TEAS/NAE AT M RE VAR 5 T, 20 AT AS TR A0 7 RS AT N EE IR PR RE A RS . 0 S AT EE 3 AR
[A] /) 77 ¥2:7F DukeMTMC-relD %4 4E b {9 s2ae 25 B B Ak U, 1X 3 M7k a5k Al GD. EGD. mGD (¥4

SN [F 594> 25 R 50 M 28 R(FA 1 GD+R,EGD+R mGD+R kK 7xix 3 M5 k). [, Jy 7 AE FRA 142 77 92
B BT, AT 25 T HE 5 vk (B R AR U SR B0 AR VI 40 IR0 I 48 R) I St &5 . 384T 143 3 an 1)
5(a) BT B U 45 S B4 5 4 T S 4 I AN BE AL 424 B A9 Rank-1 15125 3. 18 5 41, DukeMTMC-relD %k
PEAR AR TG B L Z Il 1 DA% ot A0 42 ] 1R 3 45 SR Partial REID #0478 48 1 19 J5 46 1] (A 4R 1) RN
JERS G, T L E A T HROE R 3 5 R IR M AE

ML 5(a) AT LTS EI DL &5 18 1 e, 2k v U7 R AE A I G BT I 1 R R 22, 0 R T B L 4 ]
IR A 2 A B R R B X 32 R R AR B B R A T KRR I R AR 43 2K R
D 26 S 38 A T 1 o 33k e e 8 R A AT 5 5T XU B T Y R BR AT N R R — AN E R K.

Fok R s ) B R i 45 R T LG A BT R SR B R 6 I SR 00 4R (Rank-1 1A 3] 76.6%), 2% T 25 i
P AR e A 1 0 | 25 HHE AR B 7 R (55 GD+R,EGD+R Al mGD+R) Al DA BH & 3 iR 51 45 5B (4 Bl N
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79.0%,78.6%7F1 79.8%).H. 1, mGD Xf TR il 45 R #2722 B (Rank-1 BIHERR 24T+ T 3.2%). 17 H,mGD+R
33111 Rank-1 #E#f 3£ AHLL T- GD+R 1 EGD+R, 4 A2 5 T 0.8% A1 1.2%.3X + B & i T AT 7 28 st i &
ZAREER EHE 0755 B 38tk 2 4t 1) 77 2R E A5 25 B 34, Wi gk — B 52 AT N BRI 25 R 1 g [
I, 20 mGD Jy VA B MG B0 38 0 T I SREE 1) 2 RE P TR 4 AR v T BT (82 A I R B 25 1R
R

FEE SRS M T I ME T vE R IRATTHO 77 1 Rank-1 #ERIRIRTF T 1.6%; 41 T GD+R,EGD+R, 3Ai]
7R 0.4%F1 0.5%(1 12 . T LUE i mGD W] LATG 2442 i B S 47 557 1 AT AN SR O Sl 4
T BRI 3 X K

TE B ALIEE S B FR 0 s 6w SR BB 1 B ) 3 R 7 vt T AT N EE R M R X B T BE 0 9 I Rank-1 v
RS AARFE T 15.1%,15.4%,16.2%. 7] LA H 38 3 %o 3 £ UG 3R AT 25 38 4,76 25t gk R 0 4k 1) 30, 9K
A X sk 1 BEUG A B, AN T 32 T IR 42 4 35 R 94T N U7 Mk .

AN[E X G 7 AE Partial REID #5448 (iR 5l 45 5, an [ 5(b) B IE 458 3.1 %5 i, i Tz B 4 &
BN SR SR AR D, RS IX e ) L 77925, BATTRI A AE Market1501 30448 1 I G515 21 1) A= il 28 A ) 1) 2% 53t
170 Partial REID (475 ) 4 Bl Jy B0 S 44 MR, R ik 7 v R 76 TR 46 B (R4 ) b )il i 45 RACH 72.3%, 1T
X3 Ffonf Oy vk R A AT 25 R 5 1R 0 45 SR B R IR R T X R A T X e VR I R T AL
AR LR U 9 AE S AHEL T DukeMTMC-relD #dla 4R, 2 80dl £ b (R84 X d o /) — L6 F B4 25 /b
— 2 R PR R ATTHE BT VAR SR A L A S P S T RIR A R A T B R R A T 2
GAN [ 351

DukeMTMC-rel D& Partial REID {1
® [T 73 1] o
5} | R el
= i L -
.
80 F . 78.6 Lk 80+ TE.6

79.0

76.6

Rank-1{%)

R GD+R EGD+R mGD+R GD+R EGD+R mGD+R
Ttk Jrik:
(a) DukeMTMC-relD (b) Partial REID
Fig.5 Rank-1 results obtained by different methods (i.e., R,GD+R,EGD+R,mGD+R)

on the DukeMTMC-relD and the Partial REID datasets

K5 AS[FEMJT:(R,GD+R,EGD+R,mGD+R) 7t DukeMTMC-relD #1 Partial REID #t#4E I i) Rank-1 1551 4%

WA T W AN [F AR B A BB (FU R mGD AR ) AHAT A B IR B RR 1 &2 08, R ATTFE DukeMTMC-relD
TREE EXT G0 ZRER b AR Ol 5 B0 SR 1 U BUR M I QBB T 0.5:1, 1:1. 3:1. 5:1)kAT iR M
& R IR AEIFR G . BLSTIlE s AN BEMLIE RS & H 1Y) Rank-1 R\ 2 A0 mAP 545 5 L3 1.

MR 1 AT LA 2 A O I 0 AN T3 I, A7 N B R I R 1 RIS A AR T 2 AR O S R S A Y B A
4 5:1 [ LR Rank-1 R # R mAP FRAE i RO 7843 Ui B TR A A SCHR HE IR 22 ROBE AR A R 2% W] DUAR R 7Y
Z RN ZRRE AR, B2 8 X 45 10 I ZRBE 70 AH 2, H T AE pl B8 1) 20 A1 R 2 SEE38CHE 1) 20 A A2 AE — 8 I IR 22 0 R AR
B BRI £, 03 S X 4% 3 B A S AR CEOHE 10 43 AT T M B S B T R o 3 B0 2 I 4 e A RN i 4
G040 BTN GREE G 2, W 48 I 2R 52 2% B2 AR R R, O T B 1k i 4004 il RLAT PR ARG o 850 52 4 B 76 1 T 11 5
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Table 1 Influence of different ratios of real data and synthetic data on the performance
(the rank-1 (%) accuracy and mAP (%))on the DukeMTMC-relD dataset

% 1 1t DukeMTMC-relD ML b A= B s 5 B s 2508 0 P 5 47 N\ B iR ) PR R
(Rank-1(%)#ER R A1 mAP(%)) [ 5 i

o J5 44 1 LR Bt L i 24 el
Rank-1 mAP Rank-1 mAP Rank-1 mAP

0.5:1 79.3 62.4 60.7 46.0 69.7 53.5

1:1 79.5 62.9 61.7 479 70.6 54.1

3:1 79.8 63.5 63.2 48.8 72.6 55.8

5:1 80.0 64.1 63.7 49.3 72.6 56.6
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TEA/NTTH BRANAE 342 A8 F A AT N E U i 46 I B4 Market1501,DukeM TMC-relD,CUHKO03
B AR 5 AR SCHR 0 77 v 5 LG (AT N T R 7 VAT L 0 b VB 4 A B T A 2 T 1) U7 ik
(NPDPY XQDAPY 1 % i 4% H 19 & FE % =1 19 7 7 (1DEPY, TriNet™ Quad®®® p2s"! RandEra*®! GLAD!®,
PANE®, SVDNet® DPFLHY AACNI! RNLSTMAP2). 31145 5 A3 T AR 17 S50 76 J5L 0 PRI (KD s=0) A1 o AL 38 24 P)

(B4 s=0.3 M1 $=0.6) L MR B 5 R, WK 2~F 4.5 rh i ) 45 R AR RO,

Table 2 The rank-1 (%) accuracy and mAP (%) obtained by the proposed method and the
state-of-the-art methods against the different levels of occlusions on the Market1501 datasets

&R 2 AICTTIAE HeAih U7 AE Market1501 Hid A LAN RIS EE BT 9 Rank-1(%)#E i %A1 mAP(%)
ik s=0 $=0.3 s=0.6
%k Rank-1 mAP Rank-1 mAP Rank-1 mAP
XQDAFI 2015 43.0 21.7 28.3 28.3 28.3 12.0
NPDE* 2016 55.4 30.0 39.6 19.1 325 16.1
IDEBY 2016 81.9 61.0 62.4 48.2 45.6 36.4
TriNet!®!, 2017 83.2 64.9 68.6 54.7 47.9 38.9
Quad®®, 2017 86.3 72.2 65.6 54.8 44.8 38.2
p2st’ 2017 69.9 50.1 36.2 27.0 35.8 25.9
RandEral™®, 2017 85.8 68.4 73.8 58.7 51.4 38.9
GLAD' 2017 89.9 71.0 59.5 40.7 46.0 33.6
PAN!! 2017 81.0 63.4 52.0 36.5 43.2 30.0
SVDNet?®*! 2017 81.4 61.2 62.3 46.9 52.0 40.3
DPFLM, 2017 88.6 72.6 - - - -
AACNE! 2018 85.9 66.9 - - - -
RNLSTMAP?, 2019 90.6 76.9 77.0 64.0 53.1 45.1
mGD+R 89.3 74.3 82.1 66.9 60.9 48.6
MGD+RNLSTMa 91.3 77.9 85.1 71.2 65.8 53.2

Table 3 The rank-1 (%) accuracy and mAP (%) obtained by the proposed method and the

state-of-the-art methods against the different levels of occlusions on the DukeMTMC-relD datasets
&3 ATTiE S HAb T4 DukeMTMC-relD ##s £ - AN [RIEE 42 L 5] F 1 Rank-1(%) #E % Al mAP(%)

bk s=0 5=0.3 s=0.6

ki Rank-1 mAP Rank-1 mAP Rank-1 mAP
XQDAPF! 2015 31.2 17.2 20.5 10.6 17.4 9.4
NPDE4, 2016 46.7 27.3 33.7 17.7 29.7 15.7
IDEBY 2016 66.3 45.2 57.9 416 39.0 28.4
TriNet!®!, 2017 71.4 51.6 56.0 40.8 39.0 28.4
Quad®, 2017 73.4 58.0 61.6 47.7 43.1 33.9
p2st¥™ 2017 58.7 40.5 45.2 31.5 335 22.9
RandEral*®, 2017 73.3 57.0 62.9 47.4 47.9 35.1
PAN! 2017 71.6 51.5 44.7 29.0 39.9 25.9
SVDNet?®*! 2017 75.9 56.3 59.1 435 50.6 37.9

DPFLM, 2017 79.2 60.6 - - - -

AACNP!, 2018 76.8 59.3 - - - -
RNLSTMa??, 2019 77.4 62.5 70.2 58.6 52.3 41.5
mGD+R 79.5 62.9 714 55.5 58.6 44.4
MGD+RNLSTMa 80.8 63.9 74.1 58.8 63.0 47.7
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Table 4 The rank-1 (%) accuracy and mAP (%) obtained by the proposed method and the
state-of-the-art methods against the different levels of occlusions on the CUHKO03 datasets
R4 ATNEE HAL T EAE CUHKO3 Bl £ B A [F 344 EL 5] T 1 Rank-1(%)AE i %A1 mAP (%)

ik s=0 $=0.3 $=0.6
K Rank-1 mAP Rank-1 mAP Rank-1 mAP
XQDAP! 2015 44.2 - 36.9 - 32.3 -
NPDP*, 2016 53.7 - 39.5 - 33.8 -
IDERY, 2016 68.2 62.7 65.1 59.8 46.2 43.6
TriNet®!, 2017 79.1 76.4 68.0 66.9 48.1 49.2
Quad®®, 2017 84.3 82.0 75.3 72.4 58.1 56.5
p2st¥™ 2017 54.5 51.3 47.3 45.3 37.2 36.5
GLAD"! 2017 82.2 - 55.8 - 48.3 -
PANE®! 2017 85.4 90.9 61.0 66.5 53.0 57.6
SVDNet®!, 2017 81.2 84.5 71.2 66.8 63.9 62.1
DPFLXY, 2017 82.0 78.1 - E - -
AACNP!, 2018 89.5 . - % - .
RNLSTMA??, 2019 86.6 83.8 77.3 75.8 60.3 60.1
mGD+R 86.5 82.3 80.5 77.5 75.1 71.7
MGD+RNLSTMa 88.0 84.2 83.4 80.1 77.7 74.2

AT LG R LR 1 g2 45 3
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[e] Eb A5 (030 4 3% 5T (R 45 A AR T RNLSTMa 723X £ 2 i T mGD R 22 R 2B sl st Ji I 48 34E 4T
FOE RS A T OB AR BT B, AT AR R TS AT N R R 0 R 08 ok 4 A A v BT mGD+
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