o R & ¥ M
CAAI Transactions on Intelligent Systems

512 56 6 W]
2017 4E 12

Vol.12 No.6
Dec. 2017

DOI: 10.11992/tis.201706084
[ & tH R bt : http://kns.cnki.net/kems/detail/23.1538.TP.20171109.1534.032.html

T AEIR AR GRid

Rppdm, REH, RS, TFERE, X
(FB7ird X¥ @15 5428 TA2%%, L4 &% 210003 )

 E AT AFEPEBER BT SR IR AL, 1B T AR R ZE=ER. T AEP B EIEES R ANE
Gk W28 T AT RIAT A VCEE, BV R B A E8 (5 Sk 7R A R B ZIHA 4 2 AT N BAS B A R — N A SRR
WX AN, B BTS2 F BRI AT N S TR AL 080 04T N RIS, XX P25 53 0 AARFAIE il
B EE2E BRI 3 A R U SCER 28047 T iR B 25 Mo dr . IEAh, BEE TSR IR 2= 2 Bk i
VI, AR T AT AN EE SN R R R 0 B 2 ) T R 7R B, G, TR EE 2 I FeAT N A R, JEXF
ok kR HIAT T R,

KR AT NEPUN; FFIESRIE; B 2E ) IR 2R ) B G 45 5 B4R MU

FESES: TP181  XHIRERS: A  XEHS:1673-4785(2017)06—-0770-11

Rz 5| AR Rigedh, RIS, BREL, &. T AEIRNMARZRI]. BEERLFM, 2017, 12(6): 770-780.
F 5| A1&3K: SONG Wanru, ZHAO Qingqing, CHEN Changhong, et al. Survey on pedestrian re-identification research[J]. CAAI
transactions on intelligent systems, 2017, 12(6): 770-780.

Survey on pedestrian re-identification research

SONG Wanru, ZHAO Qingqing, CHEN Changhong, GAN Zongliang, LIU Feng

(College of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003,
China)

Abstract: The intelligent video analysis method based on pedestrian re-identification has become a research focus in the
field of computer vision, and it has received extensive attention from the academic community. Pedestrian re-identifica-
tion aims to verify pedestrian identity in image sequences captured by cameras that are orientated in different directions
at different times. This current study is classified into two categories: image-based and video-based algorithms. For
these two categories, using feature description, metric learning, and various benchmark datasets, detailed analysis is per-
formed, and a summary is presented. In addition, the wide application of deep-learning algorithms in recent years has
changed pedestrian re-identification in terms of feature description and metric learning. The paper summarizes the ap-
plication of deep learning in pedestrian re-identification and looks at future development trends.

Keywords: pedestrian re-identification; feature representation; metric learning; deep learning; convolutional neural net-

works; datasets; video surveillance

tification ) I JLAF 3 RE LA S0 A AT % Ak Y — 33
BEOR, 8 TR UL T (4 R AL BRI 23 Hr
W, JEVF 2 i 02 B B vh i AT 551, OF

TE NN R GEF AR5 R h, ILsE (s BoR
A h 5 80% ~ 85%. PR SHIAEAH O 1 N FH7E [
FH H AR, H AR5 . AL PR RS2

2E AR B P B S SE T ), o2 TR
Wby EZ N HEAR . 17 AFE R 5] (person re-iden-

Wi HEA: 2017-06-27. W& R A HE:2017-11-09.
EETH: HFRAHRFI#RETH (61471201).
BIE1EE : RPigh. B-mail: songwanruu@163.com.

HAEH AU R T ROk 1 5
1 4T AER MR

1.1 BE5MREX
FAERGEIRAECA W kR S IEE S5


mailto:songwanruu@163.com

5 6 1]

Rian, 4 7 NEIRDITFE 48R <771+

B S R U5 BT . BAEL 1R
B, PR Ry i e 3k S T E B Y, BT AL 5E A AN ],
AT B XS AR R 153k 2 TP 30 B BFRAMA 1 76
oAb Sk A T E U, T AR A Bk T e
PEEIXAS BAR, B T BAeA B EARSEL T /M0
(AT, 30 25 32 B H A AR 52 i, b an 7 4815k
2 P ERME 1 TE B 1 4 B A
HOPEAT HA o PRI 9 12 Im) AR 2 22 4 R (i A
HARH EEA I E L,

1 ZELBERINITAEIRS

Fig. 1 Person Re-identification under different cameras
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Fig. 2 Difficulty and challenge to person reidentification
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P AT IR LB 2 R, R At 5 v AT A\ B
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2.1 $HERZEFIE

FETRER R 0 S TR ST AE
T NEURRRAE o n A, BIRERS XA A RIAT A, [H)
B RE A AN 32 O BN AR AR AR 5 ), 4 =225
DR JLEH T4, AR S5 WL 1,

F1 HAEERELE

Table1 A summary of typical features

=4 Ay EURAHIE YRS TAE
D. Gray%"" 2008 it g 7o ELF (RGB, YCbCr, HSV, Gabor filters)
AKrizhevskyZE™ 5012 CNNZi{t, Ik ¥ CNN
Zhao R%m 2013 it g dColorSIFT (Dense Color, Dense SIFT)
B. Ma%"" 2014 AN, SCE A R R 7 gBiCov(BIF, Gabor, Covariancefffi il f3)
Xiang Li%"" 2015 Hite, IR, oo % Color, LBP, HOG
Gou M4 2016 Bt JR . SOE B # Color&LBP, HOG3D, DynFV
T. Matsukawa5 ' 2016 RS TR B B T GOG( X $#Gaussian-1fi . LAB, HSV, nRGB)
McLaughlin™” 2016 it Bl . CNN #i HRBHILZ (ONN) JEFR 24 (RNN)

1) SRR : 3PP TR SEA AR NS EIE
R4 2 AN DX, X A~ XS 3 B 2 FOAS [F] A9 IS 2
PG R, 20 G I A5 30 80 P T 4 i R IR R OR B
Ko wHHMBUEB O E K, Z2805% 7T AW
A R 25 €0 85 4 TR 4, AL Ob 2 €0 3RS = A SRR AR,
i H H RGB.HSV HJT IR, 4 RGB =3 [[] (14
B AL HSL Fl Y CbCr 2 €825 ], WA 2,
Z3 [l rh HAME R AE R 734, B IEAEAS [RGB Bl
A REAEA T NN AN GG PR v AT — 2 AN AR M
FEDRAEAE 5 1 4 B 5 Y (histogram of ori-
ented gradients, HOG ) LA K JRi#ifEAiE, W Jry i A28
NiE—RBEERASHEAE AR e (scale-invariant feature trans-
form, SIFT)", SURF™#1 Covariance & T ELF
(ensemble of localized features ) 751, 454 RGB,
YCbCr., HS i 8,7 [ i 2 65, 1 5 16, ATl AN AR
PER Schmid I Gabor S AT LB BT &l i
A SUHFHE | Haar-like Represention™ | Jay#f — i

K (LBP)™ | Gabor JEW #5"| HA:JH % (Co-occur-
rence Matrics )™,

2) )21 @ T LAIE 1 SRR K
kR h RS JE TR —17 A, s ARk L&
A EE R . MR ATEA AU A5 T,
i B PR A8k, Layne %R 15 Fhig ok
FIRTT N, AdEE T SRR B WY
85, A SVM JE SCERIRAT AR 89 AL i S
JEYE. A5G SURMEEEEMEIALLL K 5 K Z ARl
&, AR IT AER . Shi S50 % UG BAR 25
3, I o BV R X R P E S MR AE TR 1, B
7 E R SIFT F#E, SORA$E 5

3) B PARGERFAE : FEAE B AR XS T A FER
SNAPUIR B PERESEFTHETE, 20 Fisher i) 552 4A0 ;
PRI (5 s SO T R, B OB BOB AR
PR IX ol B85 A ) DX B TE R A T T v
EAFIE . Gou SRR AR LB L 8
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HET KT, RIGEEEE . ZEEZWAM
11 ARS8 FN Fisher [] 5 At i 52 0, —Fhfi 4%
BAEMERY 7, B DynFV (dynamic fisher vector ) 4:F
TEFAR AL SR B30 1) Fisher [7) i 4 fidh 1) 25 4R
FE P B () 4 I R AR 4 1 o Fisher [ A
PR e R MR R MR 2 T ik, tfig el
AT APUNAPERE . Karanam %47 AR # &
B BAEUR 5T B 6 DK 5540, FERA 454 Bt
SECEMEE 1 TE . 7E YCbCr, HSV, 14k RGB
B0, 2 () 3153 Ty 1 ST B i AR AF, IF A Tocal
fisher disrciminant analysis(LFDA )[4, Sugiya-
ma ZE005 5] W S RS A 40 1B A 7S ], LF-
DA fBTEHR AL TR HP A REAE 19 R 4 #a 3 HH 4
RS, B R RDE AR B, TR
o2 [] TP B AR 1] et A BB A 3k AT AR R
fiE [ %R . T. Matsukawa %P4 GOG ( Gau-
ssian Of Gaussian ), ft1— i 15 73 K- 4571 Fil s
Y, Bl Fl— i A @2, BN SRHE
YE—FRINXFER o A5, SR — B — i = 3
O3 BRR R . GOG FRAEFRER ) Ty ik dr R e
PRRGURHERY—JRy s i 43 A7 Rk 4 Ja B 6, F
SUH A, I1 H GOG J2& R i Bl 8 F s BR A5 4 1Y 53
JERRY, AT LA — N IR A S 2638 A5 21
BEAb, TREE 2% ST g i H A7 N IR B B R-AE
$EHCF, 78 AlexNet-Finetune ', JF A 7E ImageNet
BelaaE FHIZRAYIE T AlexNet 544 CNN, JfH
XA B X EAE HEA T RO Y . e AR, R
BUCERZMRGEE, NP 2%4H)Z . McLaug-
hlin 55 5R T UG i, X MG SR IS & FDE
TRRE, SR G2 M 4% (CNN) A HIAS 2 5 2 56
ik, SR 5 AT Z2 I 45 (RNN) Flf FE B[] 45 5, 48
JE AR B FEHNERIE . T. Xiao 2% 3k [ 4440
BB N ZR T R — B B 22 [ 2% (CNN), 7 4

P28 T0 2 2] 25 S e =2 B SRAE, 1 HAth B Rh 28T
XPFREE AU DA R, 152188 CNN FHIEFRIR
22 EEFIFIE

H TIN5 i8R
b 3 BERARE DL SAEAE RS, AS [R5 Sk o) W] fig
SR FFEBL AL E s B, R GRS 2
PRHE B2 S5 A o i I 2 3 o B 1T ARV IE A
LA BE AR AR 4 iy SRR RICR, L, 51T
PR B T k. ORISR R
B 2 (), AR A4 7 A [A] R B ARRAE B 5 /)N
TEHARRAMER , BEE Ry S i — o T
LGRS (Mahalanobis distance ) M iE47, 2002 4E,
Xing %5 H DL T PG B Ry SE R A B R 2 o) Bk,
MRIEFEAS AR 2, 2 A A AR 2 AR A 2 1
EFEAXT, 2 H A FEAXT, I DL AR S 29 )
GAF B 5 IR R, 38 xR o) B A R g R
AR, (A5 [R) A N B RRAE B B 080N, TS [R] A A
FEOEFE 2538 K, LA TFAY 747 A R0 rh it s B i
22 ST

H AT T NI A — 280 H T Lo
B RE R E S Bk, W3 2, Weinberger 2R
LMNN Bk, 38 it 2% > —Fp R e B o, 78—
HYFE AR [, X T —N A x, 1 kA AR JE T A
[ A 2800, A RIZEMFEAR S x, fdF—E KaiE
2. Dikmen %" %} LMNN #E77 2 48 H LMNN-
R U7, A REAS SR 1340 SR A LMNN
HORNRIREAS SR I 4% H I RB35, AHECT LMNN
J5 i BAT HER AR AR . [W—4F, Guillaumin %Y
FPERICHEN T LDML 5%, LDML By53LT%
HBPIE R, S B RECR RREEAX R R R
TEAH AR IMER  Prosser 2570 T 11 1] In] i 4l
G R ARGHHE P ), 2 Y RankSVM 2% 2 $|—A>F
23], FEX A2 [B) ARV B S A 3 = i HE T -

R2 TAERNARTERNEEFINTTE

Table 2 A summary of metric learning

Ay (=4 Ttk

2009 Weinbergerg‘fpm] K BB e T 4B JE (large margin nearest neighbor, LMNN)

2009 Guillaumin’%"fpm] T2 H] S 8 P 2 > (logistic discriminant metric learning, LDML)

2010 Prosser%” RankSVM, X EFRMEAE S 2] — A7 A E

2011 Zheng%m] HIE R AH X I 5 1 %5 (probabilistic relative distance comparison, PRDC)&. 1=

012 Kostinger %" AR B SR )T (74 B B I 4 2% 2] 43 ( Keeep It Simple and
Straightforward metric learning, KISSME

2013 ZhengZ5 ™" AR B b 4553 (relative distance comparison, RDC)

2013 Pedagadi%m] JRyiFisher 1) 4347 (local fisher discriminant analysis, LFDA)

2015 Liao’%"fp[m XQDA(cross-view quadratic discriminative analysis)
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Zheng %" 1 PRDC 83, HRI AR5 4
AR ZEAE AT, AN [EAT N H AR 22 8] 28 5 SR AR
XF, ARAT BE i RSO I Y R BOH B, D4R H bR pR g
(i A5 RISAREA K 22 [ (R DT e B /N T SRR X 22
(] PR B, X R — RS, SR — A [R) AR A 7
RFEAGIIY B = Jod, eI Bl ot e/ Mk 5
JEREA IR 1 a2 (R SR AR G B8 () 0, 4530386 L 2R
V1A B R R . Bk ) A SRR E T E A DT
Bt 2 [A] 2404 S I B AT BB . 2013 4F, Zheng
ZEUSIYE PRDC (3L AN 4R H T — Rl B B gk
#: RDC, RDC % Adaboost 232 38y /b X briE

Kostinger %5774 1 KISSME &%, AN A A
LI AR AN AR AR XoF 14 2 ] s 24936 22— 0
A3, DR T L S AR LRI AS AR AL G AR X6t 43331
REGHE R E R A 220 . A WAFEAR
HRIREAST, VR 43 BT B R AT R T AR RIRE
A (MR FZAEAS 8 T AR AT AR, IF
FAH A F R P BEA Z (0] (A B 5, I B AR
AN RSN e S W TR Nl e S SR B 4y
TRV AT 55 10 437 B 52 0 R 1) 3 il 2 A A )
FEANT BT A Uy 255 BE 3% . TRIE, % TR AN
BRI R, 35 A FH TR RBE S0 9 1 B
W

Pedagadi 5""742 1} LFDA 23k 47 2% ),
T AR AT R AE SRR %, 2 SR BBUR Rl
() RSy, SR PR BRRAE 1) . AR B8 R
2 b, T AR A BEAR SRS T AR TR A
BEE, B3] T Rk S, B R Fisher H1 51
M IT IR B R AE SR HE AT RO BB T i 2 (], 42
T B 2R 2 R

Liao 2" 1 T XQDA &%, iX & KISSME
BIETEZ 5 T IHET . XQDA Bkt 2351
BAEEAT 22 2], AR A FEAR I — A2 ], R A
e 3] — A5 2 [R) X IO P S R o pRRC, I
It PRI ) R B it RIS AR AR [ 28R AR

AP, 2015 4E, Zheng 25" 8 2 BT 05T i KL il
I, B T AEXTRR A R S B AR CVDCA, ffHe T
ANESBAGHL T IR R T 2R AR AN ]
AYTRIRE , 4% F7 1 (kernel method) J& H BiHLES > 40
B RIS A 05 22—, B AR 7k AT LA 4 b i o
AP NS A IE 2 B P AR R, SO e
BT AR B 22 2] v, 8 H KCVDCA
RN, A E IR IAE A BT . [FRE, LFDA
B R GBI AT PCA B4, AR T 4RIE A%
IkfiE 1, I Xiong 25" E LEDA LAY [ [RIRES|

AT, $E T A% R Fisher #5173 4 (kernel
local fisher discriminant analysis, KLFDA ) R
G SR A e 2 P RO B, BRI D T s S, AR
e T E UM R HERR R, TR B R R R T
BRI A YT AR AR R B 22 45
Pt T AR R S U5 R, U TR R
R Liu R SBBOS oHT AR B I 485 4
PR B R M B 2 ) Tk AR B S3HT Y
VB FH 308 3 i A8 e e 250 v B 25l e T
SIREARH KA. AT RSB IA H 73 p 5K
P AR 4, SR FH TR BB A I 28 o 2 ) AR R MR AR Ak A2
oo Li 0B T —FR IR RS 2% S HE SR A > U
e, LRI AR A B AEXN LA R /Y photometric
AR AT H st Ding %" 7RIS sRECRI4 2
R AT G, R T TR B 2 R 4 Y
A IR B K SRR AR ST HESR, S T AN IIRICR
23 HEEK

H T C AR 2 5 TG AT AR, B
W3,

*3 BERRT AEIRANEESE

Table 3 Common dataset in person re-identification based on

image
Bl RN ETR TN K0 AAAL
VIPeR'™ 2007 632 1264 2
iLIDS"™ 2000 119 476 2
GRID™ 2000 250 1275 8
CAVIAR™ 2011 72 610 2
CUHK01" 2012 971 3884 2
CUHK02"™ 2013 1816 7264 10
CUHK03"™” 2014 1467 13164 2
RAD"” 2014 43 1264 4
PRID4508" 2014 450 900 2
Market-1501"" 2015 1501 32668 6

VIPeR HAaA AT NE U5 it FH e o 53k 1)
B, R R E B RS2 —. VIPeR 3
TFHRUE, 8 632 M1, 1 264 RE R, A A
AHALLA, BN TS — M A —RIE A .
s P [E — AT AR FHBIL T 18 G 22 1 4
K, Ko7 90°LL b B4R o ey iy UG T 1
—ALEIAH A 73 BEAE 128%48,,

CUHKO 1 2 B A 55 = i Bk P i B 4
ZBIREALT 3 884 TRENR, 971 M1 Ao B IMTA
X FIM LR A AR 4 RS, AP 2 B8
i R o B )3 —1k 51 160%60,
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Market-1501 S E 1501 M1, #id 30 000
R 5, AU ERTE T 6 NMREHL, 78 K EEL
(4 K, DLAE AT N B TR0 B30 4 BASE HE 3 /DN,
Market-1501 FJF2H, FREM 73X 55,

3 EFRANTAERIFR

MR EA TR T NE RS54 single-shot FT multi-
shot Piffi, single-shot 17 A PR GLZHE AT ATE
FAYsth A —EEUE, 1 multi-shot 17 AH N
B BB BT AN — WL 5 o R — A
MU 8 G P 0 BT AR R e 2R 1K
B EGF4), 5 single-shot A1, %2505 ¥ ml |
s B %, I TR0 E B Bk —
J7 T, multi-shot £ &L IT0AE S, WTHEIT A
G 7 31) 118 S B R 43 S 122 2 [ L ) o 555 o0 —
T, WHATAE SO A FHAT AP S RRAE BT A A,
W RIZIE T B A4y R AT
WS A multi-shot 47 N F RGN EYJ51%

3.1 f’R&EFHE

A F RS PR E s R 2 #RAIU 5 , v]
DISRAILT 2 0 (5 28 BhFRA T 4y sb A 4 7 A DE R 5
UM, PR B 2 R TR AIE ST, 56 T L35 471
AIAT ARG R R Az T A . APk sl F 4t
WA b () = 4 b ke 0B A T AN AR, 4 HOG3D™
PR 3DSIFTAERHE AR )32 i FH Y 2-D 478
MR AP TAEEL BRI T T A
PRI SR 4B S R AR EUTT BT A58 B Bl
H G UEROLE B, B % R NN B .
TEEPIR L B R R M AT, Wi
FIREHA AT N5 B0 sl BRI 5 B, A — N H R
TR, Simonnet 25 HY T FHBh A 1] 25
S, XHRRAT Y S R AT 2t o) . Wang ZEPUR
— T A R AT AT E I ik, il
47 HOG3D A& RERIE (GED'™, $RECI A L
TOR BEAE (FEP) #4720 35 B A I, s 4 i iz
SRRAF . $2 i shRE R B, K AT AR BT L
Ay BRI ) B, FE7E VTR ) o R v 3l e 24 > 1)
TN Gr—AHE PR, A sl B B ELH e PE )
B, You %R HY top-push distance learning model
(TDL), 7TEFFESEHL LAl T B ¢4k . LBP F#1E
I HOG3D F#fiF, Himad et T LMNN k42
TDL B3k, LMNN B H AR 4i /N 1IEREAS [R] 1)
25, FETIMHE T A M RREAS; 1 TDL () B bRJ2 46
ANTEREAR ] 9 22 57, SRS 55 5 ils W TAREAR 5 T LA
TDL . LMNN A HE 525 .

3.2 SHEREFEIFIE
UL BLAE R, W TR 2% 2 K, 7R3 F U Y

T NERNWA TN . DRSS AL K,
K Zheng SE P HERT T — AN B R B A9 L T 050
ST NE I EHESE MARS, FF IR 2= 07
TR MR A EHE T8, JRAS TORE A R, R
KEFEH, AHE MARS 7E P HOR 22 1) R
BAE G Sy B RIE AR 1 T, SRR B2 2T 1 7
LIRS T, AT DRI EaF i SR 25 R . 7
T O T NEPUINE S, B ERAT AT
HUKE 1, AR RS T BUGAH R B 58 7 A AN AR
T M A FH AR B TR0 2. SR, B TAT AR
MBI A B BB, AR R BR R, 1258
DB . HOG3D LKA 25 S5 4R IR 802 3 5 5 1Y
7 AARMERUS R PEEE . [E CNN fE3ET
UG B AT 55 v FH 8 s, 3840 it o 5 4t s T 3
TR S, eAh, S T RRN CNN H figkb
P () 248 AR S R, AR 2 iy i )45 B, AF
FENITLAH RNN LLSCH A LSTM 421 T
JPANERE, AR T CNN B GREE R B0 TE R 26 )2 50 M
SHORAL |, RNN/LSTM (IR & BARIUAE ]
A EBEREE . Yan ZYR R 1 T —Fb recurrent
feature aggregation network (RFA-Net), SCHEH A%
BB CLRRAE AT LBP A, ARA5 3 T BRI RRIE, SR8
J55 LSTM 454, SAR T I FRRE, 58501 H
AR A5 E . Mclaughlin 257745 18 5 A Y
5 B AR IERDL AR B, ¥ CNN 1 RNN ¥
ZXAHLS &, 7E CNN FYHERT F A RNN {7532 5 25
Al LA B8, T AE RNN 2 B A B8t £k
JEEAR 2 M 46 AT LAAE BRAT A BE AT, A TR
JAZ . Zhou SE M H ) VR BE it 26 0 240 4 R T 2
MR 2R S G —TE—HESR T, 347 3 v )
SRR FERRIE2E ST B B, AR TP Y
TR AE A (temporal attention model ) 3K FH g A
A0 5 7 i, e AR SRR 22 2T B B AT B8R B AL
3 R B, ATE BB B iR — X
R B P ARARLBE B, SR 5 R R 25 (] A A e 22
W £ 45171 (spatial recurrent model ) 3K % [& 55 [A] i &
W5, (A AR LR B Rl & F T R SCfF B AR
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(i) R0 (8] 53 25 10 T %A R 28 454, 22 i K RAS 1Y)
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ICAEAEA/ DI T 750 47 N
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Table 4 Common dataset in person re-identification based

on video
a1 FisF ] 1T ANEL AHBLEL
ETHZ""" 2007 85 1
3DPES " 2011 192 8
PRID2011"” 2011 200 2
iLIDS-VID™*" 2014 300 2
MARS™ 2016 126l 6

(b) 3k B PRID2011

B4 FTEBENTHTA
Fig. 4 Sample person under different cameras
PRID20 11" 4 4 th 2 3 T AU 175 50 T 15
NEPUIHA B N BEEZ —. iz P
FARHLAAHE, cam_a MM T A 385 47 NP5,
cam_b A NA 749 HAT NFH, HpwiAim T
A 200 T AR, FEAIBUF I 5-675 Wil
1%, FHIWk 100, 5 iLIDS-VID AR, %5

LI S BT, G R DAEAE P R T3
5 B, BME I SAZSCR ety . fTiLIDS-VID 28
181, P RAR AL BUAR AL A T HR B8 B A7 e AR K
Z5, WLE 2(b).

Wl TR BE 2 2] AT N B A R, /N
F1A) BCHRE 4 20 M LA JE T R, PRl S 4, FE ST
WA P 3 4T N EE U AI S o, o R A di
S, i MARS™,

4 K

TR E RS A E P . AR H AN
T BN R AT S, DA BT R ) iR vz v
WFFE B R BRAERE, BRI Py AR 281 5% 35 X1 B
FETT I SRR A [FIBAT AU a2 AR 2
SHI24 1R 2 7R 23 VORI ) o 380 ) ) o AR 9 ) 22—,
40 2016 4, £ CVPR A T4 N RAIAY
SRR 12 B T ARBI kb  T o, T AN
SRR FE 762 KBRS FARBUS T A

FEFET EUS B4 T NE R BIAFSE o, VIPeR /EH
B IZ R RS 4, rank-1 (UERRZR M 2008 4F
1 12.0% M55 T 2015 4E1 63.9%; [, CUHKO1
Y rank-1 [ 2010—2016 4F, WS T 56.7%
PIFETE o FR T3 SE R0 A A BB RS K, R ik, B
TR S 7 vk, WA T Tt i
HE LA B B e 5 1 U ) B g 8 SR L. (HL S A
Market-1501 -, VREE2% > (0 B 42 55 T rank-
1 HERR R, I\ 2015 AR BB S NIt s H B4 T A
F AL EFFSE TP, rank-1 FVETG N 44.42% 45
EET 2016 4EH) 76.04%,

ST AT N BRSBTS AR A A RS RS
— i, (R LA e TAR R E ML, FIWY ETHZ
Bl 4 T O B, AT iLIDS-VID SR, 1% 40
B TIRZ, 18 rank-1 HERGE I 2014 4EAY 23.3%""
#7E 2016 4 McLaughlin 25752 1 A9 J7 ik, nlik#]
58%, TF 2017 49 BRSO, AR A e h3E T
s BREE R UL KA CNNLRNN ) AMOC
F711% rank-1 A LL3AF] 68.7%, EARLE Al ILIK] 5,
[FFE Zheng P2 F] FHXT AR EE MARS 3R A5HY
CNN FRESEAT i) 12 F #1] PRID2011 I, flif5H
rank-1 HERGRAT LLIAE] 77.3%, MARS B £ giR
i, rank-1 HERR A 35 68.3%, [AE, fEERH T
By AN —BhENFE PN FRAE mAP, 2017 4E, Zhou &%)
i ) PR B o 2 DO 5 R R 2 ) B f 2 ) 45—
TE—AHESE R 17 %, 78 iLIDS-VID, PRID2011
DL K MARS 1Y rank-1 #ERRF 5K F] T 55.2%.
79.4% VI 70.6%, 1E MARS I mAP WA A e .
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