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Attention guided by human keypoint for infrared-visible
person re-identification

YU Peng', TIAN Xiao-Jian*, QI Nan', PIAO Yan"
(1. School of Electronic and Information Engineering, Changchun University of Science and Technology ,
Changchun 130022, China;
2. College of Electronic Science and Engineering, Jilin University ,Changchun 130012, China)

Abstract: Person re-identification is the task of retrieving a specified target from multiple data sources. The difference
between infrared (IR) and visible light (VIS) images is large, and cross-modal retrieval of visible light and infrared im-
ages is one of the main challenges. In order to have the same retrieval ability even in low light or at night, the judgment
needs to be achieved by combining cross-modal modeling of infrared images. In this paper, we propose a new method
of guiding attention through human keypoints, where global features are split into local features by keypoint guidance,
and then the original model is retrained with the generated local masks to strengthen the attention to different local infor-
mation. Using this method, the model can better understand and utilize the key regions in the image, thus improving
the accuracy of the person re-identification task.

Key words: artificial intelligence, person re-identification, infrared, attention, self-supervised

51

il

Fr NF B (re=1D ) J2 2B I P R 3 A
155 AR BT AR AT 55 o B TR I 27 ) ST A PR
AN 22 5 5 i R A kA, 2R T IR M 22 M
2 BT NEROIOTE IR T BRI R, ] W -

Y5 B # :2024-08-09, & [E] HH#A : 2024-09-10

2147 N FE RS (RGB-IR Person RelD) E7Ef7 A\
PUIMT 55 Jehth b 1 T 20 78 MR 2K R el gl A &
AL 55 o B 1) 280 TARRR S T 3hik T i 4y
TEE PR SRR SR S 1, BT A A 2
SR T PR ICRFAE , 5 DCRFAIE 32 U9 75 14 ¢

Received date:2024-08-09, Revised date:2024-09-10

EEWA H M 3 ARHEEE4 (20210101180JC) , #MRERHIT R & Ji 114 5 H (20180623039TC) .
'f’E%%ﬂ(Bi()graphy) TFME(1988-), B, HFME KEN A, U4, TEF T PSS . E-mail ; yup1212@mails. cust. edu. cn

" 1B ifL4E# (Corresponding author) : E-mail: piaoyan@cust. edu. cn



6 11 T AT AMOCHE R SR LA R WDEAT AU 373

HE R . BT WG ARG B S BN TR]
30 3 AN ] | Al AN ) S04 3 5 3 [m] )
FAAEAT NS B85 56T LA )R, A R AT 55 TR K
ORI H br UG 22 50 50K , BCRAR 1 SRR 25 7 kAR
M I 22 AR S MR TH] A AH BLAG 2R, i ABS AR S B 21
HMT NEINE 55 BA PR

H T B R AR AR 22 S0, DL A — T B B e
Z AN [R) RS 14 PR e i 38 ] — AN RRAE 25 [ o, 3
YN Shfme 2 L0 AR TR 092501 o A BE T [R) I5UECH
HY T 00 4 45 AR 22 0 R R AR N SR AR 1S
B,

et HIRP iE 4 18 AT DAAT ROE 07 J5E R RRAE AV, B
CCVID" A T — ol 5 T A e 1 %t 4 450 2 i B
(Clothes—based Adversarial Loss ) (CAL) , i ¥ Hi 4
FARFAE BT % FARRAE SR S U R GCP™, RGA™
fift J A 2 0 HL I AT DU R 3R TR 25 R . Jiaxu
Miao *4¢ N 145 & PCB AT A S B R I i) 7 s
E— 4R T T PCBY R %

1EHHRGIE 55, 3 3 A7 A R B 2 KD
S e I AR 5 I I — B LA R B wE L 3R
P8 ) 8T, 8040 o AN J ol B S AR IR A R A
H AT N T BERBT AR IR AE B e &
YINZ5 ( 1 2g i DX Ak 33 ] T, — S A OC 2% 4K 471)
n, Zhu, K. &1 T —FEF X Transformer H 8%} 55
45 2% (A Aformer) 2K 38 W LR R B bRic” 53
HNAF I TE . A AT 55 #0258 g sr 1y %
b AR T (e Aok R AR B Ry T ) X G G R — A58
B AT 55 R A e /N T SCE2R7 TR G 4 2 R
e, TS 905 T #8 A5 44

it A M B N SR AT A L T B I 2 1 o i o
B HA B SRR IT R R DA 2 BB 5
TEAE T B R 7 ) A7 SRR B X B e Ak 0 5
R, Bl 2 MR ALRE N 25 ok, ) A AL B
PR 5 2 S A L W J1 o Transformer 1Y
T3 A PCB 7 ¥EARIE W] 1 23 DXy o] iAo, 8
1M H BIAR 2 07 I FAE I C A I GRer iRy | i 2
Rk, BARAREZARN Ik B — B —
AT, RJIC M B AR 22 J2 A AH (] A 5L 1 A et
T UNERANMI, 52 PR 5 1 A 1 9 N RS 7E I 254K
PR P ATENNAE R

W 1R, T LD AR A PR —E
A DS GHEAR BRI ZL A MBAR AL IR B 47148 , i LA 52
BALTE 5 A7 AE ™ B YRR AE AN X 5

CREEAR]E €/t MWNL S S JEw-3E

Fig. 1 Schematic representation of key points of the human

body on the infrared dataset

Ci Yuanzheng " $& Hi DL Ay Aty (1 81 48— #52
B (UniHCP) o UniHCP Gt —Jf: [F] i b B FLAS A R
LA BIAE S5, RRZS 25 Ak Tt 3 3G a2 %1 A7 N
K RelD AR RS o T ke BRI, H
UL J5 A8 VA R AR A 2 RRAE XS 5%, B4, Che J.
(RS TR ) FH S S AR E XS 5 . Gu I PRI T —
A28 [0 FEASEHE (SAM) |, LA 8 A2 78 [T X AN [ o Y5
RG0S — 8t . Pan H. PO T —Fh 23k
2 vEE Ak (MHFAPool ) J57% . Zhang G. " g%
T —AFE TR AL L2 > (TCCL) AL, ok
PR 5], LB 505 B o FHZE IRk R
PN — AR ALY (0 4 ) B8 R0 R 3% 21— A
BN IR (2 A R 2% ) b, DT S B B AN s 1Y
FHEfE ARG, BAENERN T REMl, HEY
AT 52 Bk IR F TR 24055 . Liu X, 5]
AT — 2RI 2R A R 5 TR Ak DAy ot
PIhe , DAL BT = A0 A PR R S RO, — Lk
T transformer F1% 51 15 AR U ] FH 97 % 4 A el 14
R AW IERL . Wang M. "5 T AHAIL S FAHALE]
XF LA 2 2 A RO 2 2 ARBIL N A A AILAY 1D 3R
BIREST o Dou Z. " HEH —Fh SR B0y i) B B AR
% >J (ISR) 5k ISR B7E% ) J& T [6] — S 43 (1 o [1)
EUZ AL /R o Chen Z" 2 HY —Ff (1) SR 25 P
) 27 (DCCT)HEZE , 4 20 O b 2 R I R4 1Y
2% . Feng ). "4t —Fh VI-RelD B IR 45 BR FRAE
o, T I TE S O R R R B AR 5 R
FHE M RFAESEAT 43 B3 o Shimaa Saber ™ 45 A ) J7 12
FH B 5] 0 A 6] X AR 5 A 2 T o
RS

— oy JZ SRS ) )7 3 (Hierarchical Cross—
Modality Disentanglement , Hi—-CMD) , 5| A T —~i}
Sl 9 N BB A T 65 I — A 2 R AR 27 2T



874 L1 BN 5 K U IR B%

TEDR BN B 03 B TR IR, A AN ) 228 285 AR A4 22 S
RS RGO 7 2T i A 7, LA/ A A R 28 A
AN ES . SIEWFEERSE" (DDAG : dynamic
dual-attentive aggregation) 77 7% , F§ INPA (intra—mo-
dality weighted—part aggregation )% #lt 4 >4 25 N A9
R SCER IR G FR e AT AT KO R TR SRS R AR Y
T SR, DA 8 5 o M P AR A ) B 1 (H i
R BRSPS 21 3 FLAFAE 23 0], R4 /MBS 22 S IR AN B
AEFETIIEAE o Yehansen Chen”" 48 N1t | #4845
fiF 3% 2% (NFS: Neural Feature Search) , 25 & T W4
A8 2R 25 ) AT (o4 28 SR 1 i 07 3 o 0 7 5 M
R o Lu Hu™ 88 A B M7 o A 25 3 52 48 5 3%
(PMT : Progressive Modality—shared Transformer) ,
A [ B 4 B TS L AL 1 4 R R AR AD 22
THHZREFR . Ye Mang ™% A3 H T —Fhis
L I B D0 B AR 8 b IS5 L 52 B i 1 JE IR
A8 N 25 UC i 45 78 (HCML : Hierarchical Cross—mo-
dality Metric Learning) . Wang Guan”* 2§ A #& H} #9
AlignGAN J5 %5, Il FHl GAN A= i &% A F) FH 4% & ot
FERHE , T SE M RR IO $2E T

BEXS LA b o), AR SCHE M T — Bk T 2L AR R
PSSR AT N PUIACAL,

LB —Fh AR R RO R T ik . A2
LRI E IS I G 8 RV E &SP L) R eI
H/NFAE S5, J5 (8 NS AL b 3R 4518 AR S R4
) e PEA R JE AR B AT 55

2. $ N —FhANE G S B P, B 2O
T 2 1Y DX, AR AT DL B 22 1 5080 v 4 B
= H

1 ERXT*E

DRI~ ) i i 1) g R A 1Y, 3o Ao TR G AN ) T B
fifg SRAR, th T RS A T ELAT AR 2 A
JETE SCHY T BT AN T B AR B . DA
AT N RN AR L o, o e (A DR P i A B9 PR 3R
T SR A AL £ HO PRA T e i, BB A A
B Al B8 1 SORSE IR I L1 A5 R 3 K A 78 Tl A ¢ A%
R AR ARG, AT LT o AT 55 A DA R RRAR Y
[AIRR AR SCHR M — Bl I o SCER B A2 3 O RBE Y
A7 i 381 i ) T8 JRE AR TR 708 g, i 1) 6 TR - 1) i 1 A6
T BT 1 eSS A — A P DR ZS , i A-IRASHlid
T JRRAE B AR R B A R AR B B W A
BT

N T P — AR ZE s — A ERGE 55 20 P

i1 == I TR 5L | g M B R SR DR A 1
PRI, 58 3R 28— BB B G 4 R U R L
HSUFE BB gnAY . 52 3 transformer 223k {1 5
FI R K A3 — A B i 5 | T 1 R AR T 2 T HIL A
XPTRNIC ] G 2R 12 S e 07, e it o — 4k 4
JRAE R B @I i oAt A B AR Y AR A
BERY, S J& P T SO RLH 7, T 28 BB R A4
BB RIRLR AR pUAR 2 ALY . B T HRZE A E
AT LA U 2R 240, T i g DR 22 R A5 T 4 1Y
R (performance ) , JIT LA, {5 25 HIR 08 10 5 1A #a) 1
— R IR SR T AR
Xof Jay BRI B A i, K Jey BB REAIE AL 9 B G R AT:
55, NI SE ST PR+ J@ A i A if) . il KRS
AR NP AH R A Sk BRI Ao

B BN R o3 PSR 28— AR o S M 3 Jmy
FRAE RS 2 B %% (Local Mask Generator, LMG) 5| S§4F
S3 BT ALY 5 1 Jag B AR, 25 8 32 il e 7
FRIER RS o

T NE IR N T AR A~ — 202
AE— TR L HB N1 X3k, R R 2 AR RITED i T
AR A SIG AR, JF B i T OB SR A A A
IG5 FAE 55 5 R AR ARL, T AT 2 1 E A 10 A5 74
B2 AR AL H B AT LA A5 43 10 AT AR I\
PROCHE . B, o BB RNR S A TR AR IR
i A AU (1% 0 ASCORIME AR S 67 AR SCHE A, T LU
FHZ AR AL R R BIR A . A SCESE ] YOLO
ORCAVENSS I=Ci
1.1 $FoEE

/D SR G R &R A R AT N E R A
IR ER AR N . B TR AR R i AFRATT
fii FH & A ry 27 AR R 2 A AR N ThR 2 A 85
Jry R A BUAR S — > B AL 2% S AL =R
PR AL LI . R YOLO % H i AR G sk
FUIE RN AN BR B AT N E R,
DA — A5 44 1 ResNet 28 LAY Joy SR HE 05 AE A 2%
BT resnet fl YOLO Z [0] (40 [& 2) , {75 A A4 S 5
T P A R A A PR HURE AR I i R Ak ST
Z REG AT HEL

A EME A ik A BN ZRad 14T N EE R )
TREAY AR AR | [a] P45 P45 06 A AR DG B S A
DS ARAT G s A5 B4 BIE 2 . 8 coco
SN A A5 17 D ANREBA A B AR S
5 N0 F 16 X6F L (A 53 Sl 2 - S AE TR AR



6 11 S L FE S NS S5 S e =W FEAR ] SIS PNG AV 375

LGM

— Jis: L
Fi— SER Y SE

Backbone-1

B

i)
R e Backbone-2

|

P FHE
%

iz BT
LisE izl SHE

L shim T
HipsE TSRS BHE
x4
e

v

3]
#H8

Backbone-3

Backbone-4

VOO

Backbone-G

z

K2 LMGZEHKE
Fig. 2 LMG structure

AH G B G AN BN AR AT
ZEMEORTT AT AR M A BRI ER
H T R 00 B R A 15 2 B UL S v A, K X6 7
WiE%(0,1,2,3,4).(5,6,7,8,9,10) . (5,6, 11,
12) .(11,12,13,14,15,16) EH 44, /0l0ek b
Jiz b B AR S, R PO A A ST ) A B A 2 I 2%
ResNet50 it fE backbone-N (Ne{1,2,3,4} )4 #2#
23X A Ry BB

Jry R A AR F R A i A B |, BT R
SRR AN S PR R R b & PN S P i
AR BYE /N, Br LA R R i A ol #8388 58 PR UK
WAL S5 A T AU Pl R4 (Bilinear interpo-

lation ) SE B4 K X3l , A SCIE TR 7 B 8 0, F
FRAE LA B 2020 1< BB EE SO TR
VHEEF| A LMG-layer] —2X .

ik A &g 5 —FERR S FRHR— BN
J2A B T 5 S i S E S IR, $iE
8 PEFE FRAIE i A 2] Backbone , Backbone—N FlI Back-
bone—G (U 3) , Resnet50 R AIEFE B convl F14
M layer i 1 Backbone—N Fl Backbone—G [ H
4/ layer 21 1%, 78 LMG TP FH— > convl 2L 402
FRAE, JF HLB A B ARME 5 3 5 2 25 8], 5 B2k
ECAN ) ] R A ) 2 (ERRAE L BT LA, K 3R AS 1 S B
HEAS A1 4 Ry st 3l L) 42— backbone N A9 layer] i
MEE.

0 S Y U 9 R R TR 2 R S A e A
A B 1 IR 2 A B B AR o3 A it T AR v B
DL, 352045 1D iy A 20 R 3 A B e Ak 8 2
132 R AR E A (Y 2 A AR, A o 5 2
BRRL, s 2 A T A1)

_exp(x/T)
- z,' exp (x,/T)

T I RCER AT LA R ) A A TR
B, AT AL B, oy 1 W] S TSRS S
T A AR J5 ) DA bR 2 04T A B2 o
L1.1 $RKEH

LMGNet 155 51 i H B¢ Jag B4R 11 25 FH M R
10 TS =TT R pR R ) MY AR, 4
AH(2):

o=y S0 M) - (M ()|

(1)

B EE
& PR
Zr— Backbone-N > %ﬁ%éﬁ
HHIE
ISR T Bites —'
—> -v_r/I,%'jj
LI5S L
% j FIRHE
I— |
p ESHER -» Backbone-G > 5?:.%?
\ Dy
LRI

K3 FHLMG #7442 R ik i 5 s
Fig. 3 Splitting of global features by LMG



876 L1 BN 5 K U IR B%

| A(M () -fr (M) |+ m] . @
L, 3R ZICMRREL, f LT £ N 5
IEFEARFRAEA . IEFEA N GRE AR 22 8] (14 15 55 m
BEE 0.3, 1N 2 MR IR 25, M 7R LMG it i hs
YRR
A& U R 8 H T 20 A= (3)
Lu=y DS S MG)log(p) - ()
15 FH 28 A 461 2% PR 2EANTA] ) i, Backbone—
N F1 Backbone—G iy A LIS 5 FEIE LS. C
SO0 BB L (M () ) B8 R BIAR 2, p 12 i
W], i SRR S, ¢ FRFEH 45 E AT A
id*5 .
TS A A R BE 1T 0 35 46 RO 3 A PR o
4 2H BRI, LMG—conv ] % HY B 4 /> 18 38 45 1F 5
M YOLO 45 A AR G 507 B AR AT, A FH 3 22
FRBGT A Y loss [HIN AR (4) .
‘CMSE:%Z:‘LI(&"_)’")Z G
gk RS R (=1,17,128,64), v, J&4F1F F A4 FF
A A5 RS A 4 735 A 25 A0 E SR s A A A
A4 backbone B HFFIE AR S A o
AR R BT AR I AR(5)
£=>" (AL, +A,.L,) . (5)
Horp i 244 Backbone—N [ 45 , 24 i=0 i 2 Back-
bone-G,
1.2 £F/EE
1.2.1 5|&FEEAN
AT B 22 B0 R A S AL 26 - 2K ik A7 2%
>, — SR HAERRY i X 531 i 1 1 22 DL A 1)
H R BRI R i o SR S RRAE 1 O iR A AR
L, W LR 4, BEEE I HLR S
S5 4 YN ZRIZBLEY , T REAE 5 52 1) 4081 J I
T 0ff o B S AR 3 EOAS B R A R 1) R
R ARt Al S BOBE R T S0 T R E U 1
B, S R R LA
H Other—Attention (OA ) Fli & 22 Jay il i A =
I, 51 SRR, A (6)

B, (L)M

OA(L,W,G) = softmax(Conv YB,(G).(6)

R T HESS 8] L EA R ERE , Se8E 4 A AS ] ER
{57 %1 1 B9 X (batch—=size, C,H, W8N L, LFER—
2H JR B EFE (Local features ) , Jay wl 45 ik A0 4 )Ry BR R

Backbone-N

— 07

EI=Va

A 4
MatMuI]—b[ Scale ]—b[ Conv ]—D[Softmax]

Backbone-G

K4 BISREHEEN
Fig. 4 Guiding localized attention

TEE X ERH G R AN R TE R 10 25, X
H H £ /R b — (batch—size, 4xC , HXW ) R} {4 5K
o FTRL, M (Matrix) 8 % B4 Jay S AR AR 19 07 2
M J2& RSl (HXW , HXW) , d=HxW , LM i H i1 25 5
BRLAV d J5 , T Conv B AR ST B4 He 1) 45 9l 4
JRFRAE . 23t softmax PR HH 4 e € LU G, G %
7~ 4 JR FRAIE (Global Features ) (batch-size, C, HXW) .
MG 5 A R AE LA G, R R kA o —
A2 R, T Backbone—G 7EHEBR A BT T 1Y
& o 5 S e D 3 R VA L S 1 R
P R AR R R AR ] 4 i A
PRPIUREAE A F T AR A BB 4

2 LIf
2.1 HiE&E

KT Ay WA SO B A 800, FE AN 228 BN
LT AMT N R SIS 4 SYSU-MMO1 1 Reg-
DB [ EAT 5256, A I ATPAL AR SCHE H A LMGNet
2R, I LMGNet 5 7] 28 59 B £z 2 08 6 LA
Tk T

SYSU-MMO1 " % 45 4 43 & 491 A~ 17 A 43 il
162 N SRS, 4 A 0T 005 A L3 3% Y
287 628 1 1l UWLOGAT A AT WG G DL K 2 A~ 41 1A
PLAAER R 15 792 IR LM T N o I ZRER AL 7 395
A B Oy (1) 22 258 5K AT WO EIR A 11 909 7K1 A1 A
15, MR AR WAL 96 A~ B3 19 301 5K 1T UL G RUZ A
3 803 SKLLAMEIE . SYSU-MMO1 $d 4 S it 1 448
& (all-search) f1 & N % & (indoor—search ) ] fift 451
X o EMPLG S R 1.2.4.5 1] UG E S 4 gal-
lery 8 , HIHLZW 5 3.6 BYLLAMEG G4 query 22, NIFR
J AR AL TN 1.2 BT WY
Vi gallery £E , AHHL 2R 5 3.6 HY£1 41 4 24 4E query
A WFR A = 938 2 DR ARl 1T A
A B BRI Bt ] 4y Ry A AR, gallery 4E P4



6 11 S L FE S NS S5 S e =W FEAR ] SIS PNG AV 877

AT N F 2 3K BRI 2 mutil-shot B2 5 gallery
P EET NMUALE — SR EHRIJE sing—shot FE2.

RegDB > & {1 —A> AT WOCARAL A — > 2L A
PR 412 DT AR BRSO BE 4R BT A&
A 10 5K 7] UL EMER R 10 SR 204 ER, A R L E) 21
4 (visible—to—infrared ) FI1 1. 4 ] 7] W, (infrared—to—
visible) PIFIRZ R AR
2.2 ELWiEE

S 58 1 18 4 il T GeForce RTX 3090TI, CU-
DA11, FEZRfH PyTorchl. 7, 4 R Backbone
ffi FH T ImageNet [ il Il 25 L H FastRelD 1Y
ResNet50 ., torchreid (HEZE & OSNet #5281 SC 2 Y —
BBAr) o FRURIT: 2R 0. 01, AL 24 8 F Adam V]
25 120 1> epoch , % 20 4~ epoch HE I 10, Hiy A FME 1Y
KNI B Ry 256X128, FE A8 T4 A1 48 o v s JR1 4R
Jo AEAR T K BEALAS I BEHLEE RS AN 7S A T Y
KA R AL SR LR FEPLESY
2.3 iFfEIERR

AR AT N E R G UL VP bR o X A A
P fig 19 PE Al 4 o0 2 B FLDE B AR AiE (cumulative
matching characteristic, CMC) F1F 385 & (mean
aver—age precision, mAP) YE R IEAGFEFR , CMC $5 45
el TAEL E — D SUAR R YE Ry A iy, 7EXS 7T BE
PEHERF BT & A 3] 2= 0 — AN PRSI R B4R
R TR LR T Rank—k 2R .
2.4 XPLERIGEER

Bk LMG R Je b, 7 SYSU-MMO1
1 RegDB PN FLEHR 4R 1 53 JLAEWT 5Tt AY 41
ST N TR B AR AL Zero—Pad . Hi-CMD ., DDAG .
AGW .NFS .PMT .HCML F1 AlignGAN #E17 T XF He .

MAE SYSU-MMO1 % #f £ B AY all-search

£1 £ SYSU-MMO1 ##E&E FliRsE 23Tt

F1 indoor-search PHFPELE A SLER 45 L (R DT LA
B BRI . 1F all-search B3 T , Rank—1
1 mAP 73 524 71. 429% F1 65. 89% , AH Ft Ho Al 45 7Y
o i 5 19 Rank—1 1 mAP, 43 %1142 7} T 3. 89% FiI
0.91 %. ; ff indoor—search I KX, T, Rank-1 Hl
mAP 351 & 78. 88% H181. 65% , FH bt Hi At 455 74
e =5 1Y Rank—1 Fl mAP, 70 52 T+ T 7.22 % HI
11. 86%.

MTE RegDB H i 4 - W48 4 ] 4G A 21 41 21
AN ET UL R R SE g 25 R (R 2) T LR A
— BB T . FE A LA LT AN SUR, Rank—1 Al
mAP 4354 89. 529% F1180. 89% , AH Ht HoAth A5 A v £
1 1) Rank—1 FI mAP, 43 5 #2 7+ T 4.69 % F
4.34 % FELL AN AT AR R BT , Rank—1 Al mAP
43590 88. 11% 1 82. 57% , AH bt HeAth A 80 v 5% 35 )
Rank—1F1 mAP, 53 5#&F+ T 3. 95% F1 7. 44%

2.5 HEhEIE

25 30 PR b 2 T B I 25 JRy B AR AIE A A 1 A5 2R B
BT R E B A SO B AT LU Y J5 R 2
B -

T B UEFRATTEE A e 4 A A RO L A
SYSU-MMO1 a5 bk AT 1T IH Rl S5 . 38 o HUH
RS LA F B AE , BRI & AN R DEEN 27 (Di-
verse Embedding Expansion Network ) £ %Y il Il £k 9
ResNet50 1E R FRATILLA AL (I3 3) , 55 —Fl G
T baseline + Backbone-G 5 3£ 28 #H tb , 2 7+ 15 71
N,

Jry PR B L A EE A LN A base-
line #F 4T S5 , Rank—1 1 mAP 43 %] 24 70. 19% #il
64. 99% , 5 baseline 73 5 #5517 5. 49 F12. 994~H 47
S U R R T A BB S AR A LT B JC G ARAE

Table 1 Comparison of test results on SYSU-MMO01 dataset

S SR =AM
rank—1/% rank—10/% rank—-20/% mAP/% rank—1/% rank—10/% rank—-20/% mAP/%
Zero—Pad % 14.8 54.12 71.33 15.59 20.58 68.38 85.79 26.92
Hi-CMD " 34.94 77.58 - 35.94 - - - -
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AT 71.42 95.61 98. 86 65. 89 78. 88 98. 31 99. 1 81.65
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