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Improving person re-identification by attention and multi-attributes

Zheng Xin', Lin Lan®, Ye Mao’, Wang Li', He Chunlin'
1. School of Computer Science, China West Normal University, Nanchong 637002, China;
2. School of Computer Science and Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China

Abstract: Objective Person re-identification ( ReID) refers to the retrieval of target pedestrians from multiple non-overlap-
ping cameras. This technology can be widely used in various fields. In the security field, police can quickly track and
retrieve the location of suspects and easily find missing individuals by using person RelD. In the field of album management,
users manage electronic albums according to person RelD. In the field of e-commerce, managers of unmanned supermarkets
use person RelD to track user behavior. However, this technology poses a variety of challenges, such as low resolution,
light change, background clutter, variable pedestrian action, and occlusion of pedestrian body parts. Numerous methods

have been proposed to solve these problems. The traditional methods mainly include two ways, namely, feature design and
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distance metric. The main idea of feature design is to design a feature representation with strong discriminability and robust-
ness. Thus, an expressive feature can be extracted from a pedestrian image. The distance metric method is used to reduce
the distance among similar pedestrian images while increasing the distance among different pedestrian images. In recent
years, deep learning has been widely used in the field of computer vision. Given the popularity of deep learning, person
RelD based on deep learning has achieved higher recognition rate than traditional methods. The deep learning method mainly
uses convolutional neural networks ( CNNs) to classify pedestrian images, extract the representation of pedestrian images
from the network, and determine whether pedestrian pairs form matches by calculating the similarity between pedestrian
pairs. In this work, the proposed method is based on a CNN. We observe that the problems of misjudgment due to the
occlusion of pedestrian body parts and misalignment between pedestrian image pairs are frequent. Thus, we attempt to focus
on pedestrian parts with distinctive features and ignore other parts with interference information to determine whether pedes-
trian pairs captured by different cameras form matches. We then propose a method for person RelD using attention and
attributes to overcome pedestrian occlusion and misalignment problem in RelD. Method Our method introduces the attrib-
ute information of pedestrians. Attribute information is divided into local and global attributes. The local attributes are com-
posed of the head, upper body, hand, and lower body part attributes. The global attributes include gender and age. The
proposed method falls into two stages: training and test stages. In the training stage, the improved ResNet50 network is
used as the basic framework to extract features. The training stage is composed of two branches: a global branch and a local
branch. In the global branch, features are used as the global feature to classify identity and global attributes. Meanwhile,
in the local branch, multiple processes are involved. First, features are extended into multiple channels. Second, we obtain
the point with the highest response value per channel. Third, we cluster these points, and the cluster points are divided into
four pedestrian parts. Fourth, we obtain the weight of the distinctive feature on each pedestrian part through calculation.
Fifth, the weights of these four parts are multiplied by the initial features to obtain the total features of each part. Finally,
the total features of these four parts are classified according to the identity and corresponding attributes. In the test stage,
the part and global features are extracted through the trained network and concatenated as joint features. The similarity
between pedestrian pairs is calculated to determine whether the pedestrian pairs form matches. In this method, the network
locates pedestrian parts by using attribute information. At the same time, the attention mechanisms of the network are used
to obtain discriminative features of pedestrian parts. Result The proposed method uses attribute information in the Market-
1501 _ attribute and DukeMTMC-attribute datasets and then evaluates the Market-1501 and DukeMTMC-reid datasets. In the
field of person RelD, two evaluation protocols are used to evaluate the performance of the model ; cumulative matching char-
acteristics (CMC) curve and mean average precision (mAP) . The following steps are performed to draw the CMC curve.
First, we calculate the Euclidean distance between the probe image and the gallery images. Second, we sort the ranking or-
der of all gallery images from the image with the shortest distance to the longest distance for each probe image. Finally, the
true match percentage of the top m sorted images is calculated and called as rank-m. Specifically, rank-1 is an important
indicator of person RelD. The following steps are performed to complete the mAP. First, we compute the average precision,
which is the area under the precise-recall curve of each probe image. Next, the mean of average precision of all probe ima-
ges is calculated. In the Market-1501 and DukeMTMC-reid datasets, the rank-1 accuracies are 90. 67% and 80.2% , re-
spectively, whereas the mAP accuracies are 76.65% and 62. 14% , respectively. Recently, the re-ranking method has
been widely used in the field of person RelD. In the re-ranking method, the rank-1 accuracies are 92.4% and 84. 15% ,
whereas the mAP accuracies are 87.5% and 78.41% . Compared with other state-of-the-art methods, our accuracies are
greatly improved. Conclusion In this study, we propose a method for RelD based on attention and attributes. This proposed
method can direct attention toward pedestrian parts by learning the attributes of pedestrians. Then, the attention mechanism
can be used to learn the distinctive features of pedestrians. Even if pedestrians are occluded and misaligned, the proposed
method can still achieve high accuracy.

Key words: person re-identification; global feature; local feature; pedestrians part; attention mechanism; attribute

information
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i 5E 1) B AT NG TEAS R 445k i R ) H br
FTNREAR T iZ 8 T2 B R 3 1
P55 S U FZ R, B 7 RE 8 BE DR M B B
B R ALIRIREE N AL T Sy R BN R BRI 5 P ]
DA SE S B0 b 4 S, 1 (BT TC R T 1 78 B T )
BERIUE BIAT N o AHJE T P AEAE AR B A
JEIAEAL R T AT AN SIEZ AR AT AP R4
[, I, B A T2 T 2 G 1L 4
F LB I A TR EE 2 T Tk

TG T L Jr i B4 W RAE B TR 2 i
o FREBOTA R E R R RO RA PN ) B
PESRIYRAE RIS A3 74T KRR E B IR B3k
BT B, FEORAR AT NPT H5AE . Ham-
doun 55 A (2008 ) ja i (415 b AR 2 1 24 AR IRA T
NHIFIUUVRFAIL 5 Gray A1 Tao (2008 ) Sy 5 iz 5% 45k ¥
o FA JEANZ ) BB T R AR A G R AIE (ensemble of
localized features , ELF ) ; Farenzena 4§ A (2010) A8 4
TFNE) B AN T X B IR 3l 22 85 Jm) 3 4 AiE
( symmetry-driven accumulation of local features,
SDALF) ;Liao 55 A (2015) 2 T 5e e #5156 IR [1)
I BT 8 i Y JR 7 B K R A= 38 (local maximal
occurrence , LOMO) F¥1IE B B85 R 4 1) 3 22 SR 3%
T BRI v o R AT N A ) A B
AN R AT N PG ) B B R B G, Zheng A A
(2013) G A — i AH XT FE B F A Y (relative dis-
tance comparison, RDC ) fifi 75 1F #ffj UC i X} 49 5 25 o
U Ma 55 N (2013 ) $2& M 0% 7 R i S 3 ) i AL
( domain transfer ranked support vector machines,
DTRSVM) J5 2 Fi T HAREAIHL T 947 AR 5%
FMAEN(2018) it T —Fh il & 2 FhRFE A SR
I3 1 e T A S s AT AU

B TR ) R IR e &) izis
T AL U, 10 2 T IR B2 2 > 14T AR
T ARG T LR O s 7 S m iR R, &
FALFG Siamese Y % ( Nair 1 Hinton, 2010 ) & 7Y £
IYRIETY . Siamese [ 25451 f BT AR 53 450
I, R B AT AU U, IR IS 1AV RS
Ho Varior 5 A (2016) ¥ it T —FpEE T/ 14519 Sia-

mese PZEAELE, P 5| T Hadsell 28 A (2006 ) 2
H X AR 2K BRI ( contrastive loss ) , HAS B2 A
PR UG EA T — 032 7 S 15 DM ] — N Schroff 25
A (2015) #2724 4 )iz i F i = Jo 2 408 2% (tip-
let loss ) PRI, 55 XF U4 2R BRECANTA], 1 AN AR =
JCAHBR TIESREASS BB 1 A [ e BAEAS (75
] — 4T NBIREATE R AR 25 [ 3R 2, 35 34T AN R
YH B H AR S S R 5 T = ek b
AR TR, Chen 25 A (2017 ) 4 Hh /Y U ST 2H 51 2%
(quadruplet loss) b =041 2 T 1 i 5 4 ; Her-
mans 55 A (2017 ) 4 H (9 MERE A SR AL =S 2k
(TriHard loss ) ¥ = 5T 2H ) BE ALl 30 IE £ R A 2l gk
PR IBURME TE SAREA AT I 25 5 Xiao 58 A (2017) 5
AT MERE A SR AR B AR B 3 SRAZ 4 45 2% (margin
sample mining loss, MSML) /¥, X4 FH A
T Siamese M %& , HAL 7] F T3 2 M 4%, B A K
53 AR AT 53 28 ) 48 155 R0 58 J 1) , i 3 S A A
FEWURFIE AR A TARLEE XS . Yi 48 A (2014) 42
TR B 2% 2] (deep metric learning, DML) /7
V5, I 205 T8 R DA A PR ARRAE s Li 55 A (2014)
P T —Fl i JE L % (X 2% (filter pairing neural net-
work , FPNN) #685 | H] &b FEAT P50 Hh oA 6 4
OGRS e | JE Y N 5 2R L A5 0] B Ahmed S5 A
(2015 ) 48 1 — A [F] Hsf 2% 2 A5 AR 06T 1 178 BA
Y R 5 R4 RS N (2018) it 1 —Fh
W H AP X FR 1) 3 A 242 ) 4% ( convolutional neural
networks , CNN ) 544 5 il A1 N B9 7224k, {H 3k 26 7 ¥
FRIRARBAT NG AT AR 5 %) 55, BEAE AT N34
HZEAL, X ST e —E R AR

— et R T R LRI IR EE A A T
EEATAT NRRRG . Zhao 55 A (2017) $2 1 —Fh 1]
TR0 B AT A A7 0] ) AR 30 o AL B AR
PP ICFAFAE A3, T3 2 3 5 22 A RS B4 L
SN (2017h) B3t 22 RO BT SO 2% (multi-
scale context-aware network , MSCAN) , GEA% 5] it 2% >
T ANA AR ERRAAE , i W28 rh i iR 2 R
JEERZ, TR S 30 5 B ARTRAL . T = L
Wk T 247 A YRR AE, Lin 48 A
(2017) $2 i1 HP-net P45 2 R NTE R 1 K £
[] 3 R BIAS [6] 1) B 21 2, AT 27 3] 4iDREL B2 RRALE 5 Su
SEN(2017) $2 H 2235 9K Bl IR 13 45 FRUBE Y ( pose-driv-
en deep convolutional , PDC) , §E M 4> J5) RIZ FIAS [F]
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PR s Khamis 58 A (2015 ) K 1 SCAR il 21 455 7Y
wh A ORI P T A AR S WL ) F) AR LA AT A7 AT
AVERL; Li 4 A (2017h) £ — > KB W4 b %
Padl A5 & P AW B8 A5 B A0 TE 5 R Lin 25N
(2019) 7F Market-1501 ( Zheng %2£,2015) £ DukeMT-

MC-reid (Ristani 45,2016) ¥dfi 4 EARICIR MEAR 28 3F
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Fig.1 Schematic diagram of attention mechanism and multi-attribute classification model

FEVIZRET B, M T ResNetS0 9 45 /5 451k 52 B
AOBEAS B 2L, 16 ImageNet K4 4 b 17 W 45 T )
g, Kiin)e — 2 SRR R N —Z2 k)= 15 5
FRAE i SRS AUIZRES , 3 1T ResNet50 3 45
KRBT RETT 2R RHE K B F 45 514 J2 0 I (8 5 7
(O, AT I LG i K O 4 AT R (A —
SR, T ReSm B I R, A SO e 1 JE U
XL R T AT AEBFE . SR 4 ASERPE
P [ E AR AR F A5 2053 A B R SRR AL , R 5
4 A ERHIE A2 R R BEF T AT N B O bR 28 Rl P bR

B K.

FEDAB B, 16 e IR e 1 AR i ad Il
SRl ORI 4 A0 A SR R AR A 2R R Al
SRR RK o IRJETHRA FAT 6] () e R IR
T AR EC I, 5 2145 A T] 8 AR B3 5 L )
R — N

ARSCH) R GIRE 1) S T — 135 21 95 U1l 2
AR BE 2 S OB F $2 HUT AH 4 Jey A, A
TER ML STAT AR, X Ff B A 15 JR ik &
Hhags ] AR R 3R i T AT AU 2) 51 A

939

© b [H F G KR AR



940

PEERENFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 5,May 2020

TSRS St 1 — R P FIAT AR A X
75 58, JFBCTTAR LAY 453 2K R R4 7 J3E 2 1o 15 4%
Ik, (AR 7 > RRAE I [R] I , BB 2T 3% 1L 1Y)
J M, T SR 0 b AT A BB A5 3 ) B2 HY Y ik
TSI LH I 22 8 1 3 28 B9 AT AP 7 iE
Market-1501 F1 DukeMTMC-reid ZX #5445 | #4703
AL IS TR R HERR A

1 EFENNFMEEESETE

AR SR T R AL N 2w v A T T
NFRBI I 7 5 2 B BURR IR 19 B A 1) 46 2 ik
HEJF Y ResNetS0 fili 22 M 45, O T 15 B W I FHAE F
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BHRFRAOL AR TR 1, B 0, R4 A 1518
XA (e 11,2,3,41) DERIRAIATRR A

w;, = [wlj,M)Zj,w3j,---,w,lj] (2)

2) BB m A BTG, BB m AR
(fully connected layer, FC) , i3 4> % )2 47 [0
56 ] DA E BRI R N f() L) e {1,
2,3, mib R — > 4 i B2 AW UG AR AR AL,
TEAFMEIE b7 A AL 1] R

¢, = f;(F) (3)
Kb, e = le, e, 0,000 0 ld(3) WA
K Q) Wafb 252 2250 R 5 B W 48 3517 o
Fmgre N TS —MEE NS T — D7 N
0, A SO IR R BGHA T, Sl (FIE RS, ]
IR S — M7 AT AE R T & Pa; , BAK
Pa; = Sigmoid ( i c; FL_) (4)
X, e i —rit, R m i o P IYE; F, f84HHE
F 125 0 JR{518 ; o, F, Z R BT RYEAE 2 hn i 540
W2 18] (R 3fe v o B B3> T8 T 55 S PR A 1 £ T A
Jn A Sigmoid pRECH A4S B A — T A B ERAL
HENE ., ¥REREE K Pa; SHIIRTHE F 1Y
Bp—MEE T X IC R AT (element-wise ) , R} A
PAFRAEALj WIS RAE F L H)
F.=F - Pa, (5)

3) FAL M EE RRAE F 0t 2 % 4% 2 5 #E 4717
N B BRI . ASOHAT NP
4 28, 43 50 AT N AR LR, 491120 4 ASFRAL 43531
PN VNZ NI SN e 2= SN S R = o
L2 £2R9x%

1 T PR AE Jey f 53 3 Hh 22 2 R 1 .
FHE , 25 ) 204 Jry PE B AR SCRHE , PR A 3L T
AR 3 BRI ARRAE FEAT 45 RS 31 42 R FRAE
F, 34747 N By oy Mg v oy 2, 2 2 A AR
PRI 4 RFRRAE

TEA R 03 3 AR 7 & U2 BN (batch
normalization ) JZ (Toffe il Szegedy, 2015 ) Fl4 4 £
2. BRIZEPZI/NZ 1, &l #1518 ( chan-
nels ) $iChy 512, 3XFE 42 JR) 73 3 ) 19 15 18505 1>
P S A T B, D7 (A DI B Bk A T AR
HRIE, BN JZiERZ8 RE: ) AT S50, 48 4]
IR SHL A 2] 58 B 0 R EL . dropout REEZ
BOo I 25 2 G H B, BEE BN 2 AT DI K1) 1k ) %%
SR TAE . IR BOTHEN TR NS
AR JRPEHEAT 4328, JE A ) 48 T 1) A 2 5 LA
SETTEAH I AR 2% R KR, SR 40 2k R B0 AT R0 2%
1) 52 1) A% 436, DTG (5 45 I 4% 2 ) 31 B A5 AR SRR 1
FHIE
1.3 #KEH

AR SO R R B 5 Ay AR A 1 RS
2, RILEAH K pR %
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Loss = L, + L, (6)
AP, Lo, WEERGHIK . L, AR BUK, 45T
NEIr 24K Ly FOX RLRY RN 24K Ly, N
TR AR SO 2 R 7 AR AR R TR AR o 2R
N
ALy (Y, Yy) +

m+l1

Lcls =

(7)

m+ 1<

1 M
13 Lallr( Y::ll‘ b Yﬂlll‘)
X

b, A AT NS AR L SRR Y R 2
B, m AR FEERIE SR M AR TRAE X N
JEYEANEL, Yo F1Y 5, I35 2R SEBR i) By 47 R s
2, Yy Y, 205 FRR 0 ) 5 0 g Ao Ly, A
Lo (R RS 04 58 UGBS PR, 72 SCE 7 (Lin
45,2019) Ik

TR AR, 2 ERENRE L 2 = (2,5,
2,00z ] e RY R ik i A

p(k) = —2Pla) (8)

2 exp(z)

i=1

D) B 0733 S i P53 S 9 58 SUIR B 2R 50531 A

b

LlD(Yl*D’YlD) == l;log(P(k))Q(k) (9)
LY Vo) == S log(p(K))q(k) (1)
[, KAHRAT NEEL, Avr ARR B 202 b i 1

B WINERRR (k) =1,/ q(k) =0,
X (6) PHEE RS MK L, 52k T fiH-—7
D7 A AR IR R A AR i , FAAR e
L, = Dis(Pa;) + aDiv(Pa;) (11)
A, o B PHEFREN R G SRBEES Dis(Pa;) 5B
4 16) () BB B Div( Pa;) 1 & %4, Dis( Pa;)) i

Div(Pa;) W7 X (Zheng 55 ,2017) 53 512

Dis(Pa;) =
> pa () lx =P+ lly -y, 7] (12)
(x,)‘)ePaj ' !
Div(Pa;) =

2 pa(x,y) [maxpa,(x,y) - margin]

(x,7) e Pa;
(13)
K, pa;(x,y) =X (4) W Pa, b5k (x,y) BIH,
RER (x,y) ERESIINE, x; Fly, 810215 E 0
EAL AR, 38 3 Dis(Pa;) B EFEA7 A 55 A8 B 47 5
o kM j FRAFEZ N ERTIE, margin Fox

WIBE R T B AR R P e B RURR, HAE R AR
KRS RN, g B 0. 02, Div(Pay) 1
VERTZ 5 (AN [a] 78 0 1] 14 8 K o

HT T P28 B e i 2 3 U 2, e LAAE ) 5 i
Fer, 8 20 (6) i3 2% R RO AT S 1) 4 4, VI 45
2% R S BT A d e R s R Y
AL F{ | Fy | Fy | F R4 RdefE F, $K (concate-
nate ) 2 K , ¥ 17 b5 1 19 47 AP IR 2 4 (Zheng
45 ,2015)

2 % W

2.1 ZIGHIESE

SCISE AT 4 NEE4E . Market-1501 . DukeMT-
MC-reid . Market-1501 _attribute 1 DukeMTMC-attrib-
ute (Lin 5,2019) , Ji W H5dha 4 2 i 9 > B S 7
JEVERE B B R, A SGE IR B AV T
FETTVE BB

Market-1501 a1 6 M5 k4409 1 501 4~
F A 32 668 T NFEIZAELL, Horb, I Zh e A
751 AT AU 12 936 i@ B AR A 750 17
N B35 19 732 @S5 query Dyl 4E 750 A
1E 6 A5k R HLBK L ) i 5 4, 36 3 368 i
K&

Market-1501_ attribute 3% 4 J& % Market-1501
BT NIRRT 5 i A TF R 5, B —1
P NARTE T 27 At i Sk KB K
BT BRI T2 B AR IR e AR U T
ROHEMAME ST A TR R EARR 8 R
(R LD KT ) AR B AR 9 A
PSEE NN N SN N T

DukeMTMC-reid 335 8 MEZLFATERT 1 404 4~
TR 36 411 Mg EHR, Horb , IR 8 A 702 M7 A,
fIA% 16 522 g B4R WX A 702 47 A, 45
17 661 MEER . query il 702 AAE 8 4%
18k Hh BEALIE 5 A PR R B, 3L 2 228

DukeMTMC-attribute /& %} DukeMTMC-reid %5 #E
EWT NIB PR S A TP B4R, B — DT A
Frid T 23 AN a2k, HE PR EARKEE e 7w
T REEHET RO MNEE R AE EEH T
PRALEEFEIE, B8 R (B .40
JRHE B BR) VT B AR 7 R (R L AL

M
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JK ) F1 AXFHSHM T %E Market-1501

SR IR BRI R A o SR AR P A
SRR TE. JREREROLAAE KA B B T TR
B, A Jmy JE A A AN AR IS o 100 28 308 ok Xof A I 3 o7
BEFTAA 2T, BRI 2 LA B de b DG T VR AL 8 4
T, TSI AT R PR RAE
2.2 SLIERYEfhERE

ST IR EE A I HESE MXNet 523, {4 i &
HIF :GPU 2% GTX 1080 Ti( % 77:11 GB) .CPU %y
Intel (R) Xeon(R) CPU E5-2696 v3 @ 2.30 GHz . [}
17 62 GB,

TEAT N PR 50 45 3, 3K i 7 2ok 22 R DG PE R A
( cumulative matching characteristics, CMC) pff & F1°F-
Y¥E B 9 {H ( mean average precision, mAP) P45
PERE. FRALECHFESS AT K & VT AT ) A3, A
SCRIES 1 M0 DS I B2 I E 32, 10 rank-1, SF
DK B BB T3 T A A 1 HER 5 — 1 1] R i 2
TR AR BE . DT A query HRC T i R
SRS b e R DTG, TS AR LR I T HET
2.3 EHRHERRSH

2k 77 B % F APR ( attribute-person recogni-
tion) %% ( Lin ¢ ,2019) , [KI -5 Market-1501 _attribute
1 DukeMTMC-attribute i > % & 42 & Lin 45 A
(2019) FRyEFHATF 1M H APR P48 53005 5 —
FEERZ A 27 ) 747 NSy MU PEAE B, Rk 5
APR RZ8 EAT LU, AT LA IEAS SO 5 A7 8501 o

& Market-1501 £ 5 b KA SO 12 5 5407
DL 2 MSCAN ( multi-scale context-aware network )
(Li %% ,2017a) . DLPA ( deeply-learned part-aligned )
(Zhao %,2017) .PDC ( Su %§,2017) . JLML ( jointly
learning multi-loss ) ( Li 4¢,2017¢) | TriNet ( Hermans
& 2017) . CamStyle ( Zhong %% ,2017 )  MobileNet +
DML ( Zhang %%, 2017 ) . PSE ( pose-sensitive embed-
ding) ( Sarfraz Z%,2018) FiI AWTL ( adaptive weighted
triplet loss) (Ristani # Tomasi,2018 ) Z¢3/7 JLAFEAT A\ T
PURGUR A AR A 19 7 2 3647 %) 1, Horp MSCAN
W g | 7 AL E AT AEBAL, PSE J5iEg A
AT N B RS ME R X 27 AT AU
UARIPAT T ARG RO, X HEARANER 1 s,

M1 AT LUE H, 5T L, A SO AR
HERA IS TR RSET TR A ), rank-1 I mAP
Ay IR TFT6.37% 11, 9% ; fE L A1)+, rank-1

HiES EEERER
Table 1 Comparison results of our method and
other methods on Market-1501 dataset

/%
AT 24
ik

rank-1  mAP  rank-1  mAP
APR(348) 84.29  64.67 - -
MSCAN 80.3 57.5 86.8  66.7
DLPA 81.0  63.4 - -
PDC 84.1  63.4 - -
JLML 8.1 65.5 89.7 74.5
TriNet 84.92  69.14 90.53 76.42
CamStyle 88.12  68.72 - -
mobileNet + DML 87.73 68.83 91.66 77.14
PSE 87.7  69.0 - -
AWTL 89.46  75.67 - -
A3 90.67 76.65 94.0  83.2

TE L PR R B LAk, - 7 FoR TR

1 mAP 435K 5] 94% F1 83. 2% , i WA 3L 5 78
AEFRAT PR Tl b AR A R S A iR A
L, rank-1 F1 mAP 25 500, 3 B A SCO7 12 A TR 4
(O pI

HAETAT AT 45038 7 72 {8 FH Zhong 55 A
(2018 ) 42 Hi A FHF T (re-ranking) 7595 , 1% 75 i il 14
SRR RT3, 5 A Jaccard BEES 5 i b6 BE 25
BOIMA AL 35 AT B 2 W HE 7 3153 iR B T 1
T NFRAPERE . TEAR S| ] re-ranking $ A 11
DU A SO S HA RS A TE Market-1501 %
g BHEAT T IR, S RN 2 PR,

R2 AXFHEEEMSI REHRFRARNAEE
Market-1501 ##&5% LRI LLI R
Table 2 Comparison results of our method and other
methods on Market-1501 dataset by re-ranking
%

WIReS rank-1 mAP
JLML + re-ranking 88.8 72.9
TriNet + re-ranking 86. 67 81.07
CamStyle + re-ranking 89. 49 71.55
PSE + re-ranking 90. 0 84.0
A + re-ranking 92.4 87.5

FERY) VTR

TR LR
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W2 5% 1 XL, v LUE H#E i re-ranking
Ja 8 — 7 R AR bR AR 2] TR OR R T JLML Tri-
Net ,CamStyle \PSE FlIA L7 559 rank-1 73 B4R T T
3.7% 1.75% 1.36% 2.3% .1.73% , mAP 4> %4
FT7.4% 11.93% 2.83% .15% .10. 85%

M2 FTLLE Y, A SCr ik 5 A AARER PSE
J5 A F, rank-1 Fl mAP 43 B EE B T 2.4%
3.5% , BEHITE re-ranking J7 ik T, A SO it A —
FE P EAE

it — B BAEA SO I VERE , 5 R T 5 L
Tt JLML SVDNet-ResNet50 ( Sun %,2017 ) ,CamStyle
1 PSE 2577 5 7E DukeMTMC-reid B #E4E F3EAT [L
B EERANER 3 R

£33 AXFHEHEMTEE DukeMTMC-reid
HiEE L RER
Table 3 Comparison results of our method and other
methods on DukeMTMC-reid dataset

/%
7k rank-1 mAP
APR(JE4) 70. 69 51.88
JLML 73.3 56. 4
SVDNet-ResNet50 76.7 56. 8
CamStyle 75.27 53.48
PSE 79. 8 62.0
A3 80. 2 62. 14
AR+ re-ranking 84.15 78. 41

T L P AR IR 2 R, BHARR LA S

M3 AT LUE 1) AT 19 rank-1 il mAP
I eI T 9. 51% F110. 25% , {E re-ranking
Ji T rank-1 F1 mAP BUHEZ Tk 4 i3 fin 3. 95%
F16.27% |, 1R 38 2ok 7 2 7 AL A0 e R KA I
STl i F R ST N BN ER R, 2) BT
DukeMTMC-reid ¥ 48 i 1Y -8R 2 A% 5%, Har
ZEURH AT AP, BRI 5 804 2 07 i P Re
FEbR AR, A PSE 5| A B SAF B 747 AN 554k
A BIAFR PRI &, A SO el R i )
BUHIFN 22 J@ P 53 28 1 7 125 Mk e ik 48 ) BT, BROAS: T ¢
= AR bR

3 &

Fr NN U — BAFTEE V2 B0, BUA 1Y

T e ARG 8 PR AT 23 R4 U T N HFAE, (5
BA e AR RS S, I BLcAT AR KSR
FFo MTETLBRGFH AT AN 55 BlBEH 45 n] i 22
I, XTI, AR SCHR B T R LR RN 2 SR 1 Oy
AT NEFEOI i, A A AR S5 444 & M o3 4
JR R PR R ERJE M . TEA R d S il 4 R JE
AT N A R AL s TR Rl o0 30, 15 2 ] JRy il
JRPERAAT N0 B Re R IR A . TR L
Tl 75 0 268 B % B 4 b o >0 47 AR A 1Y I8 5 P Ay
fiE o S e P4 R R AE AT AROL Y . 2 MR e R T
HRIBC, TR T AR AR . 5 A s 1k o2k
(7 AR LG A SO B A R T R R E R T HL
R PR 2T AT N A A S PR R, 22
WA TG BB AE , REfE— & FEE LA FRAT
NASKT T BB PG A [a)3T, T EASPE RE TR A A 242
Tho SEBR KRB, 5 H R R A A L, 1R
Market-1501 F1 DukeMTMC-reid ${#E4E I, rank-1 43
& T T 6.37% FI9.51% ; mAP ) il 48 I T
11.9% 1 10. 25% , Yl A ST WA VEfE R BT —
ERIPEEEPE, (# ] re-ranking 5 5, PEREE— 2
$2Tt, 5 H AW re-ranking (977 ¥ A0 HATS BAT —
FE WA R B AR SO 2 4 B R iE 1 B B A
RN )

A SO EM T B2 A W 2 W5 AT A
B Mg EE R TEPTABE 5 E IS TR e
b AH AL . BN, JRPEAE B N CARTE, A
PO B, AT RE S (o /0 b 1 2 oA 1 B
AT NN A S TS J5 ). HA, A B
RN AR R 4R 1 IO A ROR Ok
T JC B AT NN J5 kb A i — 20 i BF 58 =5 1],
T 2 M B TE B 2 ) AT AR
AR TT 0]

2% 32 ik ( References )

Ahmed E, Jones M and Marks T K. 2015. An improved deep learning
architecture for person re-identification//Proceedings of 2015 IEEE
Conference on Computer Vision and Pattern Recognition. Boston:
IEEE: 3908-3916 [ DOI. 10.1109/CVPR. 2015.7299016 |

Chen W H, Chen X T, Zhang J G and Huang K Q. 2017. Beyond triplet
loss: a deep quadruplet network for person re-identification//Pro-
ceedings of 2017 IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu: IEEE; 1320-1329 [ DOI: 10. 1109/CVPR.

© b [H F G KR AR



944

PEERENFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 5,May 2020

2017.145]

Farenzena M, Bazzani L., Perina A, Murino V and Cristani M. 2010.
Person re-identification by symmetry-driven accumulation of local
features//Proceedings of 2010 IEEE Computer Society Conference
on Computer Vision and Pattern Recognition. San Francisco: IEEE ;
2360-2367 [ DOI: 10.1109/CVPR. 2010. 5539926 |

Gray D and Tao H. 2008. Viewpoint invariant pedestrian recognition with
an ensemble of localized features//Proceedings of the 10th European
Conference on Computer Vision. Marseille, France: Springer:
262-275 [ DOI: 10.1007/978-3-540-88682-2_21 ]

Hadsell R, Chopra S and LeCun Y. 2006. Dimensionality reduction by
learning an invariant mapping//Proceedings of 2006 IEEE Computer
Society Conference on Computer Vision and Pattern Recognition.
New York: IEEE: 1735-1742 [ DOI. 10. 1109/CVPR. 2006. 100 ]

Hamdoun O, Moutarde F, Stanciulescu B and Steux B. 2008. Person re-
identification in multi-camera system by signature based on interest
point descriptors collected on short video sequences//Proceedings of
the 2nd ACM/IEEE International Conference on Distributed Smart
Cameras. Stanford: IEEE; 1-6 [ DOI. 10. 1109/ICDSC. 2008.
4635689 |

Hermans A, Beyer L and Leibe B. 2017. In defense of the triplet loss for
person re-identification [ EB/OL]. [2019-05-10]. https.//arxiv.
org/pdf/1703.07737. pdf

Toffe S and Szegedy C. 2015. Batch normalization; accelerating deep net-
work training by reducing internal covariate shift//Proceedings of the
32nd International Conference on Machine Learning. Lille, France:
JMLR . 448456

Khamis S, Kuo C H, Singh V K, Shet V D and Davis L S. 2015. Joint
learning for attribute-consistent person re-identification//Proceedings
of European Conference on Computer Vision. Zurich, Switzerland:
Springer: 134-146 [ DOI: 10.1007/978-3-319-16199-0_10 ]

Layne R, Hospedales T and Gong S G. 2012. Person re-identification by
attributes//Proceedings of the British Machine Vision Conference.
[s.1.]: BMVA Press: 24.1-11 [ DOI: 10.5244/C.26.24 ]

Li D W, Chen X T, Zhang Z and Huang K Q. 2017a. Learning deep
context-aware features over body and latent parts for person re-identi-
fication//Proceedings of 2017 IEEE Conference on Computer Vision
and Pattern Recognition. Honolulu; IEEE; 7398-7407 [ DOI; 10.
1109/CVPR.2017.782]

Li S, Xiao T, LiHS, Zhou B L, Yue D Y and Wang X G. 2017b. Per-
son search with natural language description//Proceedings of 2017
IEEE Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE: 5187-5196 [ DOI: 10.1109/CVPR. 2017.551 ]

Li W, Zhao R, Xiao T and Wang X G. 2014. DeepRelD: deep filter
pairing neural network for person re-identification//Proceedings of
the 2014 IEEE Conference on Computer Vision and Pattern Recogni-
tion. Columbus: IEEE: 152-159 [ DOI. 10. 1109/CVPR. 2014.
27]

Li W, Zhu X T and Gong S G. 2017c. Person re-identification by deep

joint learning of multi-loss classification//Proceedings of the 26th
International Joint Conference on Artificial Intelligence. Melbourne,
Australia; [s.n. ]: 21942200 [ DOI: 10.24963/ijcai. 2017/305 ]

Liao SC, Hu Y, Zhu X Y and Li S Z. 2015. Person re-identification by
local maximal occurrence representation and metric learning//Pro-
ceedings of 2015 IEEE Conference on Computer Vision and Pattern
Recognition. Boston: IEEE: 21972206 [ DOI. 10. 1109/CVPR.
2015.7298832 ]

Lin YT, Zheng L, ZhengZ D, Wu Y, HuZ L, Yan C G and Yang Y.
2019. Improving person re-identification by attribute and identity
learning. Pattern Recognition, 95: 151-161 [ DOI: 10. 1016/j. pat-
cog. 2019. 06. 006 ]

Liu X H, Zhao H Y, Tian M Q, Sheng L, Shao J, Yi S, Yan J J and
Wang X G. 2017. HydraPlus-Net: attentive deep features for pedes-
trian analysis//Proceedings of 2017 IEEE International Conference
on Computer Vision. Venice: IEEE: 350-359 [ DOI: 10.1109/IC-
CV.2017.46]

Ma A J, Yuen P C and Li J] W. 2013. Domain transfer support vector
ranking for person re-identification without target camera label infor-
mation//Proceedings of 2013 IEEE International Conference on
Computer Vision. Sydney: IEEE: 3567-3574 [ DOI. 10.1109/1C-
CV.2013.443]

Nair V and Hinton G E. 2010. Rectified linear units improve restricted
Boltzmann machines//Proceedings of the 27th International Confer-
ence on Machine Learning. Haifa: Omnipress: 807-814

Qi M B, Wang C C, Jiang J G and Li J. 2018. Person re-identification
based on multi-feature fusion and alternating direction method of
multipliers. Journal of Image and Graphics, 23 (6) . 827-836 (5%
FMe, TP, A, 225, 2018, LZYFERS 5 aH Iy I R
TIEWAT ANFRRG. E G R, 23 (6) 0 827-836)
[ DOI: 10.11834/jig. 170507 ]

Ristani E and Tomasi C. 2018. Features for multi-target multi-camera
tracking and re-identification//Proceedings of 2018 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. Salt Lake
City: IEEE: 6036-6046 [ DOI: 10.1109/CVPR. 2018. 00632 ]

Ristani E, Solera F, Zou R, Cucchiara R and Tomasi C. 2016. Perform-
ance measures and a data set for multi-target, multi-camera track-
ing//Proceedings of European Conference on Computer Vision.
Amsterdam, The Netherlands; Springer; 17-35 [ DOI. 10. 1007/
978-3-319-48881-3_2 ]

Sarfraz M S, Schumann A, Eberle A and Stiefelhagen R. 2018. A pose-
sensitive embedding for person re-identification with expanded cross
neighborhood re-ranking//Proceedings of 2018 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Salt Lake City:
IEEE: 420429 [ DOI: 10.1109/CVPR. 2018. 00051 ]

Schroff I, Kalenichenko D and Philbin J. 2015. FaceNet: a unified em-
bedding for face recognition and clustering//Proceedings of 2015
IEEE Conference on Computer Vision and Pattern Recognition. Bos-

ton: IEEE: 815-823 [ DOI: 10.1109/CVPR. 2015. 7298682 ]

© b [H F G KR AR



$25%F /555081 /2020 F£5 A

BE, M=, X, i, BEW / ESEBDNINSEES ENTABIRG

Song C F, Huang Y, Ouyang W L and Wang L. 2018. Mask-guided
contrastive attention model for person re-identification//Proceedings
of 2018 TEEE/CVF Conference on Computer Vision and Pattern
Recognition. Salt Lake City: IEEE: 1179-1188 [ DOI. 10. 1109/
CVPR.2018.00129 ]

Su C, Li J N, Zhang S L, Xing J L, Gao W and Tian Q. 2017. Pose-
driven deep convolutional model for person re-identification//Pro-
ceedings of 2017 IEEE International Conference on Computer
Vision. Venice: IEEE: 3980-3989 [ DOI. 10. 1109/ICCV. 2017.
427]

Sun Y F, Zheng L, Deng W J and Wang S J. 2017. SVDNet for pedes-
trian retrieval//Proceedings of 2017 IEEE International Conference
on Computer Vision. Venice: IEEE. 3820-3828 [ DOI. 10. 1109/
ICCV.2017.410]

Varior R R, Haloi M and Wang G. 2016. Gated siamese convolutional
neural network architecture for human re-identification//Proceedings
of the 14th European Conference on Computer Vision. Amsterdam,
The Netherlands: Springer: 791-808 [ DOI. 10. 1007/978-3-319-
46484-8_48 ]

Xiao Q Q, Luo H and Zhang C. 2017. Margin sample mining loss: a
deep learning based method for person re-identification [ EB/OL].
[2019-05-07]. https://arxiv. org/pdf/1710. 00478. pdf

Yi D, Lei Z, Liao S C and Li S Z. 2014. Deep metric learning for person
re-identification//Proceedings of the 22nd International Conference
on Pattern Recognition. Stockholm: IEEE: 34-39 [ DOI: 10.1109/
ICPR.2014.16]]

Zhang Y, Xiang T, Hospedales T M and Lu H C. 2017. Deep mutual
learning [ EB/OL]. [2019-05-07 ]. https://arxiv. org/pdf/1706.
00384. pdf

Zhao L M, Li X, Wang Y T and Wang J D. 2017. Deeply-learned part-
aligned representations for person re-identification//Proceedings of
2017 IEEE International Conference on Computer Vision. Venice:
IEEE: 3239-3248 [ DOI; 10.1109/ICCV.2017.349 ]

Zheng H L, FuJ L, Mei T and Luo J B. 2017. Learning multi-attention
convolutional neural network for fine-grained image recognition//
Proceedings of 2017 IEEE International Conference on Computer
Vision. Venice: IEEE: 5219-5227 [ DOI. 10. 1109/ICCV. 2017.
557]

Zheng L, Shen L Y, Tian L, Wang S J and Wang J D. 2015. Scalable
person re-identification: a benchmark//Proceedings of 2015 TEEE
International Conference on Computer Vision. Santiago, Chile:
IEEE: 1116-1124 [ DOI; 10.1109/ICCV.2015.133]

Zheng W S, Gong S G and Xiang T. 2013. Reidentification by relative
distance comparison. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 35(3): 653-668 [ DOI. 10. 1109/TPAMI.
2012.138]

Zhong Z, Zheng L., Cao D L and Li S Z. 2017. Re-ranking person re-
identification with k-reciprocal encoding//Proceedings of 2017 IEEE
Conference on Computer Vision and Pattern Recognition. Honolulu ;
IEEE: 3652-3661 [ DOI: 10.1109/CVPR.2017.389 ]

Zhong 7, Zheng L., Zheng Z D, Li S Z and Yang Y. 2018. Camera style
adaptation for person re-identification//Proceedings of 2018 IEEE/
CVF Conference on Computer Vision and Pattern Recognition. Salt
Lake City: IEEE. 5157-5166 [ DOI. 10. 1109/CVPR. 2018.
00541 ]

Zhou T, Chen M H, Yu J and Terzopoulos D. 2017. Attention-based
natural language person retrieval//Proceedings of 2017 IEEE Con-
ference on Computer Vision and Pattern Recognition Workshops.
Honolulu: IEEE: 27-34 [ DOI. 10.1109/CVPRW.2017.10]

Zhu F Q, Kong X W, Fu H'Y and Tian Q. 2018. Two-stream comple-
mentary symmetrical CNN architecture for person re-identification.
Journal of Image and Graphics, 23(7) : 1052-1060 (RAgP%, L
4k, AHifsE, HAF. 2018, BRETLANKTFR CNN 250 947 A H530
M. P EEREEAAR, 23(7) : 1052-1060) [ DOI: 10. 11834/
jig. 170557 ]

1EE®IT
R, 1993 4E 2, 5 LB SE A, E R

7 R HL e > AL SE

E-mail ;iceborain@ 163. com

*::, 9

BORMREAE VR, I, B, EEA T W
IR o
E-mail :93401318@ qq. com

M2 L TR A: , FBERIR T [ A THEALA S FIBLES 2
>J . E-mail ;1inlan0921 @ 163. com

M, 95 R A I, E R 5 S LgR A ) St
BHLMH . E-mail ; cvlab. uestc@ gmail. com

FEW, LB AR, RS TT  HEALALE

E-mail ;781477696 @ qq. com

© b [H F G KR AR



	1
	05封面xin
	目录1

	20200508

