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A survey on vehicle re-identification
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Abstract: Given a vehicle image, vehicle re-identification aims to find the same vehicle caught by other cameras, it can
be regarded as a sub-problem of image retrieval. In the real traffic surveillance system, vehicle re-identification can play a
role in locating, supervising and criminal investigation of target vehicles. With the rise of deep neural networks and the
release of large-scale dataset, improving the accuracy and efficiency of vehicle re-identification has become a research
focus in the field of computer vision and multimedia in recent years. The vehicle re-identification methods from different

perspectives were classified, and the overview, comparison and analysis in terms of feature extraction, design and per-
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formance were given in detail, and the challenges and future trends of vehicle re-identification were predicted.

Key words: vehicle re-identification, deep learning, feature representation, metric learning

1 35l

AR UM ) U R AE AR VL F N AL
WS ER, AIR AR B D AT B 2 5 P B
G E TR R . H AT, EAMERS
TACTR I DA 22 1 I BB Sk, ol S 4 R
PR B AT A I A AR, AN RHAE
TP L. TR, THEEHLILSE AN 2 G ATRIT
WIFFEN G B AR L Fr 2w 4325
ZERERERCY, B GUAT A A A O T AT

isHER: 2020-01-02; &I HEA: 2020-02-18
BIEMEE: SER, ydli@bjtuedu.cn

LB AR B2 0

B A5 R 55 P 28 I 28 A0 TF SRR 0 F0 22 28 4 4
WA R, ERmUUNER G TR AR T 5}
(]2 R0, JF A IR 2 ) AU I 4 S 5T il
e 5 U I A8 R KL R (near-duplicate
image retrieval, NDIR) [ BIPUAR[F] (15, 76 4240 7
VONESS T, $GL AL B AR 7 A AR
PRI B o P2 22 5, X 3R] — G AW AR AN ]
A T reE A 5 229 (intra-class difference) 5 AN
TR AL 5 A R B AT AHABL (inter-class similar-

EEWMB: EEARBAREERIIH (No.61672088, No.61790575)
Foundation Items: The National Natural Science Foundation of China (No.61672088, No.61790575)



5513 LA AU EOR SRk <11 -

ity), XA AR RN AT 25 SN B I B
Kk o

TR VRO 55 4 R Je (1) g R ] 53 Ry A
BB, 55— AN BURTE Liu 2542 VeRi S sE 2
s 3K — B 0 ) 2400 P TR 25t = KA s o
EHRER,  [R]I 22 R F SO AR 50 P TR AT 5511
B RNV R AR BEAT M X, P LUKEB 70 Hidis
AN PRSI R, (RIS 32 DA Ty
EA s LA SHRIN s A 4ol B 15 46 5 o 2 00 1
RS B AN BOR IR e v LA AR T
B2 5, VP2 N RN KA T RIS R
HHEAE (i VeRi'®\ VehicleID™45), 5% 4=
PRSI PR R AR 24T T 48—, DRI RS (0 2R 50
FRUON TR AR, Ko I iE A TR B 2% 2 1
TATHESL, FFRAEUER SRR LAt i i AL A F
TR T

H i AR T 250 P ) S A R 22,
B SCEE R LT-BEAT » Khan 250 2019 4E 4
Computer Vision and Image Understanding L' 3T
KTEWFRAN SRR S, X8 B R R
VA E— 1R — R SRR M STk . HR, I OSCERAEAE
DR JRIBR s — A 4 2R 7 ) o)t ) L A
R, Fh 3BV 2 SOk )7 EERAN & T R R
(PEmE; Rz SCRRER R K 25 T AR AL TR
PRI, Sz T e KU
FRFE EUSRFIE I v B B A AT =i SRS
IR 07 XA —E BRI, AT St o A 2 T
AR AR ) T RN TR ) 575

ASON RS R 1R) [n) J 5 Rk A Ak
FRRARRAT TR, 07 A RO R I 7k Je
AT T &5k o 25 2 1545 2R P R0 (1) 1) LA IR
HA AR T M —MeiifE . 55 3 10 AT 45
FUONBFICHAT 028, ARG ZE 40 PR 7 vk

Ay a5 S P, ARl T m A, TR
M G YRS 2] AR i, 35 4 4l
FATACRE (0 4 715 000 ot 52, JF 0 A0
SEPERE R TR AT U 0 Mo 21 5 10 A4
R A 5 A T W 1) B AT BIE 9 A R AT e 4 A
i ¥

2 [ ERiEA

2.1 FHFIR AR5 KR

AR TR TR I DX 3 A [R] 2 0 o T o T AR T
J7iE, AHZLEAR 245 DL N AU SE RIS DTGV 58 Ik
PSS .

oG, SR RGAAEIA RN, RS
S AR B o R AR O B, T
WEMUREBR . RS AR, XS
i ERARZER R R 2 . R, 5 — 2840 Iy
SN, R TRESER . BRI, XK
T T SR HARGERAE S . BRI, ZERIT, %
Biddmserf, LRSI ANIAE S a7 440 5
B kS R AL G ok — A HAR ESS, I HAAEK
(T 7 i SORT R G ) 8 FH i 55t
2.2 FHREIR B A 0] 5 ik

ANFETZERRT I ERERE A G @, K
TR A2 T8 W 5 37 55 I 2 A AR ) R A — ANk
ARE A B R B, Bk, 452 HARZE 4
TEREE RN ) — 3R R, AR R0 IR AT 25 2 4K
B H bR LA EEAGCK T s B EUR, HIE)
SUE A4 A0 B Bh A5 B (el 5
BRI R . s AE B . b, KR EUR LA
FABERI R RAER AR AR B (AT LAFngS
EBEARD

L TR (1) 2 B0 VR R R 2 5 P A5 A AT
IFREL . ZRamA . RFAEFEE S ik . AR B

BffIA A1 (ELC)
241 1) \ 41 GEGSLB)
FEI R ST AR PSRRI 3k 41 (HEEKD)
ey 41 (HE§LB)
i 5
i 4 B T MRS
ik B AR HSAERIN 5735
HEB. C. D R

B R A R TR



‘12 BHRERLE SRR B2k

THEAIR I s R ) Eor, Wi 1 . DA 25
TV 7 02— MR A 2 A L 5 1 3R DR 4 B A
W 2258 R, HH A5 B T SR A T T 5 2 1) 2= 50
K%

HARH, Hdite 8o bR Fit 48,
INZREE T TR BRI ZRofn 2 2], AR Sk — 2
A B HIEE (probe set) FIEFEEE (gallery set).
LR T VAR REIN s P A Ut 4 1) PR i B
B, JFHEATRER A, DARERR R R T 0 (BRI
FRED tHRE AWML AR B S I B S
BRI R AR R B, R B N R s 22 2 (] (1) AH A
PR RE MY, R B DN B A I HE 91 B P 4R b
EIGF A1, 459 31225 0 2 0 88 R K PR R A R 45
R, BAAQE 2 fros.

3 FEWBIRANAESE

20 AL 90 ALK, KR TR T
BEVF AR PR B R Y, R AR R
7%, T BB E, RN B R
AEREE LR, DR A0 R LA T 4 B 25
B LR, MG T2 AT
SEDC LA R i o i b, K (R A e A P A e s et
RAETEAA, A R R B H AR AT R &R
BN BLSERT SR, BRI S B A= P R O v
REFRHE T R OB RS T . R DR
IRl A AR T2 S A0 PR VR EAT 72 R LR IR

1 ILAT R A T R 5 R IR A gy S
Do MAESEBLT SIMAN ), R L5 K800 Ak

K2 AR B R L R

*1 FRBEIRAN G EN D LR

I3 HM s pape= Sl S 3k st {35}
PSUVIEN HTARERINTE ZHEIORN-2115% ARG STOUAEPE s PURAR: TR
A

T NTBOHRFIER 275 3CiR[22-3315%
Tk

TGS MTTIE 5% 3CHR[34-68]5%

AEATAFIRAE s TRk

Wi AL v s SO B
FHASAL RS ) LMK

PUMA S SRR T DABPOEIA . IR s FRaEahge, Wi

R AL AT i) LR 2
MR ABHERE RTINS % 00R39-48)5F X AR RS ML ABUR BTG VHPFRER K 55 Z A
e JL A T A S RAL S
BTRERPIMNIIE  SHLMR[49-54158  PUNE S W EREA R PUNROR IF RS IENS
MRRRLAZL TR Z2HCIR55-581% MR B BUNR e WIRee SIS RGeS Pl
SN 22 DU 2 (R
ML B 5253059155 XHEFEA B PUR R GT s Triopa it LN P AL EARRE s 0 E
Jrik AL SN
R T EEAEA A B 27 SHELIRB4-6515%  PUNRS FFE KR EAFBHRE T IR NG/ 2O
BhRcE Iz AL HE 3 ESEi
T 2 2 TT ZHELIR[66-6815%  ToAE N LTARIE: FFaschdioRk: mmPEM  PUNAREAG: N R e




5513 LA AU EOR SRk < 13-

TAERGS T FE T N TR PRAE R 5%, 2T
WL S TE = KRR e FE TR IR 5 V22 dee
FER AR S A A TN i, IR SRE i
PEEAL A BUR NS, IR L5 S AR,
BRTPER, (HERZAE SIS KGO
ATIRBLAE BRI Z 50 o FE T N AR 7
RO 2 RIS, D ER N R ]
BAT AT RS TAE, HRTTERZ R o HA AL 40
o L — AT R R I B T Bk 4R I R 3k AT
RiE, PN FRBAMERIE R AT iRt R . B TR
57 2 (¥ 75 1% RE A 1t 5 AR WA A AR A6 RO A A
SRIEEN, UM AR, AT R RS
) EL R BRAR R

AR A e AP R ) RN BB (5 T 0, 38
T LUK 450 R 5 3200 D R 22 4 AR R 5
i BETREESE I I AR AR 2 1 T
VRN P I e b R R T i, R 2 B A
WU R A B ) L) R A R LR 0K 4 98 T34t
AR5 2 75 7 B0 B 4 2 SRR A R s
500 AT B 5 S A RS B 5 S T

bR b — AN AR A A SR A A
FIASRITH SN AT 55 (0 AR, DA hdfE UM
PRI T o 0 T A O B AR A U
PEATRUBEAN RS, TR B E M SE B 200 &
2, KRRV T I T SR, RN DA g i)
AE TR WRAT AT TR S 46
3.1 ETHBRSFENAE

A Rl Ay (HURDLES ) X A A T4
FFHEWT S 32 B B A L e it B 430 i 00 7
o AHJE, IEWGIF MR, KLETEER N
NPT [ Kt SR 18 il AU SC, - PRI RS
Y ITIEARANE B RS RSO M IR0 “ 57 YU,
SR A

XF TR A A SR A PRI B 1 R R A, X R
3 A R € 1) T B U sk, Gl 4y
I D 15 S 40 W 2495 4 4 o i - B 22 0 P00 7
PRI R PR 8% CINZEANE: L B )
FEMCEAMIRAEAR R 205, VFZ ) AR I K
IV 2% HOZE AR v i, L, Sanchez %)
PE 1A T O 2 A I, e R PRI 250 5 03 1) 5
S SCRR[14] 8T T — Tl = RGN 2 R AR 4= 0
K12 UERr i, JFREW I A8 RN TRI6E 6L, 1
TINGRm i AR 73 Jedds o 225 SCIR[1S1E AT G

LR AL A PE R IE AR S, FH T S T 45
FEZ2 N AT B ]

TR 2 P et 7 A T 37 s v g TR R B
) CH, wr U 2 R e e (g R . AR
A4 Y R, ST I T B R A B L
— JRLHRERE T IRV LB . S SCER[16] 3 H T —Fb
BTN B (1) 52 I8 4240 PR 01 75 RTREID-2M;;
Ndoye 2 7VFI P Ja R 2 Pl 55 448 1) B304 418 B 2 Ay
i, FEALTEAAAT R TA), AT 5 164 40 75 01
F4%5 . Ndoye ZEUSHAFR HY T ol 83t 2 49 750 51
BE S A PRAE LS AL SR T R T
Z 505 T AR ) R AR T 1 2 TR 2 BT I &R 4
A Y. 28 6 2 T S A ARG, (HR DL R VR
ST AR T AR S AT B ), KBRS
IS o

A — SO AR IR B (ke 7 R4
(GPS). LB (RFID) FFHL) [,
—UIVERR T I T E R ZE R A A R 4
DL R ZE R PR R T4 . Prinsloo 2504 7 —Fh
BT TSI RO bR 28 () A P RO SR, A
T % 2K B vl ; Mazloumi 25PMR I T —FPdE T
GPS M Z= AT e )l o1 53, H 8 o 250 7
P[]

BE T AL IR (1) D7 12K 22 75 28 2 3K IR Rl A
W, WIHBEE A, MLLEI. ok, 72
TEL 2 R MRS, RS DL (55 R
ACTANGRE FER AT B LA, IX BEHOE AN [ R
J5E M FRARAL TR ES  R BB o [F)— Bt e 4 — 10
PEREVPAN ARIEE,  DRLIGIX T AN B B2 HE AL 1) 2R 595
PRSI
32 EFALGIHSFENAE
3.2 AT 3D @Ak

B0 N 5350 0 AT 4 BCE AT 5 03 HE R B IR R iR
FFAT T2 RER, H R T-425% 3D @i 7
PSR k. FmEE A V2 g W
] RibREG . ERRERANE R, BN AR
£ PN R AE AT N T4, JFEET 3D A,
1 Zhang 222 TI4L T 3D B DT RC 7 0068 ) —
RS AT O, AHAE AR LR T R
SIR; Woesler 25 T 440 ) = ZEA Y
AR S, LU RRRE 56 T 2951 501 . Guo
2PAE N 3D @K TR S T S A H kR g
WA FAN U, (EbRUHEAL 3D 2% A) v 4 AR A



“14+ FREREE S HAR

2%

REAE, XTAEAEEAT JLAT AR R H R, LLSE i iR
T4

Zapletal 5 A E 27 AT DR
J5 B 2 [ A 7 206 B A T P, RIS %
SCHR[261H12 25 SCHR (27190 14 5 106 B G R 16 740
AL 3D AFHHE, HELALFHE N S, RS
AN TR TR EHRBEAT R ARG, T —ME
FAlR s m i A e % . AR IR SRRl FoRs A i BE% R 43
JAT AP 43 il v S5 R P R ELES, 23 A BT
BRI R B, SR K T RS R IEEA T DF 82,
TE PR i 4EREAE ) o, 5 BB A3 B P 3 AE
)i, AR R, G PR E] ) 25 0) W KA 1)
KPR AE ) AT NG UE, Ao - i

Bk, BT 3D B vE R LRI
WA T I MRAAE, L5/ B SR 4 B A
FHAWN TH W57k, (HE AR A% . L
R FIURE A, EVRE H T il R A RS
Yo
322 AT FIasieedorik

FARE G S AEAE N — 2 JE@ A5 B (Bl Bt
AGED B r] DU TR S 0, B i — e
T TRFAE I 7 A0 A R AS IR (9 5 VR 3k A3 5
WEYE, LA T B R0 . 2% SCER[281 R A
H 1) 2 A0 0 AN (] 2203 1 P15 A0 2 o 25 2 40 O
KA, LG AR AT B LG LSS
Feris 2 B Y 1ol phy 22 Pl 400 H A 230 20 1 1 R
BURFIE RN A G BT R L, JRRE T T
— MR RG, KRB IEMI TR SRR, 5
ZSCHR[2914 1 T — A eI B AU e sk, x5
PN e SO K, I A
R B R R R — S AR, XS R
AFUGHL . Zheng 5O HY T MK P15 K05 122 rh 48
R VCHC S VLR EHE T 77k

Liu 2588 1 7 JE T4 B1E ) BOW-SIFT J5
LT 1E R BOW-CN J7#%. BOW-SIFT
J7ERI SIFT 85 70U HUZE 501) Jm) B S AR AIE
i F BOW BEAL% SIFT 513k T 7 g gt LA 3 £
AR AE ) 5, JL T R 3R R 4 A 1 S B HEAE .
BOW-CN J77:M5%H Color Name (CN) P2k )
E L T, R BOW-SIFT J7idk, #EI1§ 50
BRSO N3, FEfE—Heh b ON B
i/ BOW HiA0% CN HF AT 7 gmtt, 245
FIBUEFHE M . 2% CR[16] A 747 AR

il TR Ol R AR A B AT B 1 ) T AR AR SR S A e
HILFE LKL (local maximal occurrence representa-
tion, LOMOD {EBEAT A4 FE R, #4222 SCHR[33]
Rk, B IKEMEB LT LOMO FHERIETE
FRFAE 17 8, ARPAE ) e 1 H SR 2 ) ) 5 3 AH
ABLEE AT 5E AR AT S o IR JLFR 7 VLA AR IE
AR R B s B R IR AR AL, PR S,
ZE O H [ AR R 3 B v

B, T T R HRRAE I 4R U
ARG T —E kg, MR T2 Rz
5o (B2 TEMBEMSHI, 2% O
HRFEKERD WAL, PSR T VR
Sy BNRE . SZAAEE A FERAR . DGR
PRARSE RN IR R W 52, AR AE AT AR AE Pk A
ZEI PRI B

IEAh, XTIV AT AT O T 1
FHEBUE R AR 268 ). T 2804
S, RN T R AT S BRI 1) A
Aer A, Hiz Ak sy .
3.3 ETREFINAE

LEL R4 M 2% (convolutional neural network,
CNND Hebe i PR, R B 2% 2 AE T AL o T
BUAT, EIRAN TARR T TRER IS RE 1A 2 1)k
o AR B A RN AR R AT 55 . H T4
PRI T A P 6 e A XA I S A IR B 2 2T (R
OV, MOARSCEE RS X —2K 5%

RS SRR, SR DU — A A
PR Sy B a4 h R EH . Ll
Zx, ML BER RS BRI S A, JF BUES
A [A) PP ) JE AR A (IR (R R) RoR Rz
() RO ARVBAE s e P 2 /0 ) 2 A0 P 5 R e 4l
HAER A2

BE TR BE 2 2] I A4 R N 7 A AN 0
55 — R PSR AR IR FE o AN AT I B %
AN ULAE T TR B A ROl B A5 B R R A P 2
il PR 25 ade AN [R] (1) 0 28 285 Koy 0k A 3R AE B AT
L. RBUKRRKB BT FEA S R
B BT A BT R K R Bk E T B
PEBE LI IR o 453 2% R B0 D58 i o 228 0 2% 1)
YA, Ty Houkog 7 ORI gl 4R RE A5l 5 B A
AR o TR, 0T I 2% 45 1) T4 K o £
FBE T H RS TR B 2 2T I A A U AE 55
FRIBIF 9T B R



5513 LA AU EOR SRk <15

330 FRAFEMSREL LT EH

ST AT PSR AT E, AR ) B
Peith . o, ORISR PR B B R SR R A
HMEREROR, — SO AN O 250 5y 1EAT T %
0, IERTERY B S AR AT Tl LR,
A ZERY ) ZE5 Can B A6L) HA AR CEARfLL)
RIS, WA R B A B, B IR 2%
DX 53 AN ) B4 47 PRI A AR A R o 4288 2R3 IR % R
PERFAE R fif e i) PR O, 2 5 R R M UL R 4
ot B BRI 1) JeB P b 2 0 BB T B T A 2 X 8% (1
M, EHMGEL REEAT. &6 45N 2 2 5|
BRI AR AR 0 2 RSN IS B FSHEIZ I
RN TR SEHVRE A APUUE I, FFRIH 2 4EREE B
XIS W 2 (I 2R BEEAT IR, SR AT 4 IR
REJI I — R 7.

2225 SCHER[6] 4 TR T R AE RO IR L 2% )
TERA T B PERI B PR A5 (fusion of attributes
and color features, FACT) J5i%, 565 ik
KB 1T BOW-SIFT U IE .BOW-CN il (k¢
TEAT GoogleNet 15 SURFAE AL, SR 570 7l ivh B
3 FIORLEE N IRREAE 2 TR ARAAMEAS 43, 4% 0.1,
0.2, 0.7 MIBCEDAT IBCRA, 733 440 K15 2 18]
(PIARANEAS 2, DA AT ZE 50 PR HE 7

BtiJE Liu 2 APPSR T 230t (0 42 4 1 U )
(progressive vehicle re-identification, PROVID) 77
%, {£ FACT JjiEf%Eaf BN NFST (null Fo-
ley-Sammon transform) "B T NuFACT J5¥%,
I ZE U SR ] - A B 25 AT
NFST J7 i) T g N BL A RST
] 3, Zhang 2EUUAEAT N BB SR T
Kernelized NFST, #2 FRFIEBUR 2] — AN HAT X 53
FE A, ZIVELEAT NIRRT T
ARE R . IS SCER[39145¢ tH# FACT J5iZ
i H i BOW-SIFT %1t . BOW-CN 4§ 1t i
GoogLeNet i SURFAEHF 42 il — AN A AR AE, A
Kernelized NFST ¥4 AMHRFAE ik A\ 2225 (] b AT 4H
USRS 2] T BEAR A 20 PR Tk fe
BRIt 2 Ab, 232 SCER[391RI 225 SCHR[4013E 16 2 I AH
BN TE B 5 R 4 REAT T T2 URA I [) - H RAF
STEHE, AN FYERE 15 BT T /0 FR
T M CREEG R TN 7

Z: 2 SRR 42148 T — Fh 2 4F 55 IR L 2% 2 HiE
A, LT 2 A AT IR I 58 B A 53 AR A+

J¥, CUS B — 225060 B 1 R4 2 h A
MZE G AILARERR B CnBs . B X4
AT 932K o AEAHRMEHE b, 1207 RS R 250
MZIeRFR GRS 0) dE—2a5 k2 Yt
B, AN [ —ZE4, R — B A —Eu . A —
B RIZE . AR FEE . 36T 1K 2 4t
FERR, Ikt TR HEE Ik AN Z R
290, AR N = UK R AL TR R RH
LSR5 2K oK BN AN [ RE B2 1) BB B R AT HE o S
W g KW, AR A A R R B a5 B 1 s
£ EIAS T ARTEE R

KT YRR S 2 (R A i 22 5, WF9E s
fITEREL T I R X 3 (region of interest, ROI)
TR B B B I . He SPHRm T —
Tl f6 B A3 R0 PR 43 1 A T v, R T R
YOLOM I B I R X I, A5 T AE (R
LTS TN 12 4R 2R )N L7 1) 4 P
HEGE b, DL T JR) f AR A0 A1 27 20 T v ) 56 i)
775 [ I A fii 384 i 25 0 288 6T A Al 22 S ) S R i
D7 FIFH 2 4 B AR R KR SRR 52 0 J 1 JE AR
TEZER P RAMES h 2 OCEZE . thAh, R ZE B4
2Z 1) R0 Ak 2 S s A0 T TR R O
L, X AN 20, Zhang SEEEH TR H R
F DX IR T R B B —— R X e R v
J1M %% (part-guided attention network, PGAN), 4
T A A A 25 2 0 P A5 P S B 0 7 X 5
(7R ZEAT . SRR IR ANMERRGES), Ik dL/E
W2 )k R b A R X 8. PGAN {7 —
AR R e, L H R ) R R X
S (A RS2 i e FEL B SR X s, e s ] AR
2 o) R A B b B BRIy, (RIS B
AR TG 2R Je 08 DX 3ot P TR0 P e P A7 i o e
X BEARAFAE AN oy i SRR IS4G, PGAN fig
AT AR AR 25 R

YIAT B SR Re R ) 2 YR FEAT B AT BRI, XY
CL A 2504 S AT 20 A b v Bl LR 485 Ay 22 4 A D
(R S o — PR R T %6

Wang Z5H FTC AHUBCEE T 407 10 0 Sc 240 T
PUNEHEEE, BRT E4% ID LA, e fit T
TR RERAMIL (IRBEAT . &G RES) 1IbsiE
BE, R TREEEMZYERARTE SR T4
AR T &R R 3 ANy HER
Z HFRr K45, 20 AR IR E 5 2] J730500 2240




<16+ BRERH SRR 2%

BUGIEATRAESR I, FF LA BIRbREAS BN B
3T ID 4p38. B SRR 5 03 2R 55 (R
s YR —ARIH YOLOV2M PR 3k X S8 1)
a, HIRAS I AR R R DR DI e g 2 2R 48
W 28 453 1] (¥ A AIE 5 G W00 8 15 2 1) R A s P AT
B, 15 BIMBCREE, A = o g4 2k sk 200
AW IAT IR XM KR E A T 2
YEFEAE IS, R HIERAT TR 2% eR ESORTRAT 1 40 22 9 2%
RIEIEC = o S ETS DR RS A AR

Tang S OVR w85 1 BEALAL2E B i B 7R 42
THRE W54 CityFlow-RelD, ARy (5 &
BFEOCH S ESN . EHPita. 0, FE
P T AT SR G B BT 2AE S5 T
(pose-aware multi-task re-identification, PAMTRI)

AWM ZAES22] 3 NP, el i,
PAMTRI [7] IS 1 Y 0 S 8o A 2B it TN 2k
(1) A5 73 8 9 29 Th 43 B ZE A A s B, R I P AR 1
BIRIGE) RGB —IlIE G, 1EA L&A ZAT5
O BRI N o AT AN 22 AT 55 2 ) dy ol Ak
HRNet* 1 DenseNet!™ i Femti 4%, i HRNet
733 (1) OB i AR BR AN {5 759 73 K5 A1 DenseNet %t
(IR FE 2 VR EPHE, TR & H TR U0 A2
55 (R REAE ) 2

I 22 4 FE A T I 2040 7300 g V08 F T
NEIEESE, A BAMNIAREAR B BRI E AL
i, A 2 DG 7 B 4 I AR RR AR, B R
PR e IR AERf 2, I HL R BH I 1) 10 D9 4% 1) 2
i
332 ATEEFIGIE

JE2% 3] (metric learning) J& EIGRI R 424
AT B AT & v AR AT 45 Hh s
MM —Mok, Wk, EREEIEA] 1
REAEZS ), A8 2 R rhoke B[R] — 28 ) R R A B 25 A
1, ANFESEBMFEAIE AT . 2R F AR
FHARFAIE 22 18] (0 AR AL A A7 T 22 480 A2 1R — £ 473 11 Ak
R, RPN R A ) TR R A R TR IR (1)
XA PERIR A, AR T T e A0 5 7

Liu BB KRG ER 2% >] (deep rela-
tive distance learning, DRDL) J5 vk 2 i Nk 15 &
2 ) 2R R ON v A ) R Sk
K A PR IX R W) —ZE BRI [A]— ID.
DRDL J5 V15 J5 (AR . 5 S ZR AL IR 7

WA — 51, A el —eEANER—ID; &
ST A — 5, U FE R A A B AT 40 R
X 73 o

£ DRDL 1, 1E#HAE VGG W& IRl it
T—MNBE L MG, K0 S Y R )
W28, A FH 255 5 3 FH A 10 5 0 o 28 I 8% 1R ) 5
AT RS, LSR8 [N 2 X 7 585 [ ID
MIRE ST L4 =Tk (triplet loss) BRELH 1S
BT IR ] AN & 3 o, G Je A R
E P e AR AR PR R R R REA T b IS, R4
T AR 2 (coupled clusters loss) PA%L. 1=
TR RARLL, AR R FE A T et
R IEAEAS p B2 0 5 R0 s 7 8 8, M
AR A BENU IEREAS #8800 S R R T
RERWOFE A — NIRRT I T REA,
AN 3 ANFEAC . DRI AR — 0 S [l A% ) 9 5% [
BT NGB, WA A S ERE WS, Rk T
20 = JU LA R eR A B IR SR A4 R iR e B
SR )

S P 5]
-0 O
N o
~.@ @
o e : W o0
E SORABUNNG B 20 71 b AR

B3 Age = Judl i sk eh B A 3 7 1) B )

SICABUR R B T R TS, B
FERIT AR = el 5 A FNEREA P IE S, JF
JRATRERIIF IR A HAFEA N (R, HILAAE
AN

oG, fE LR R, RS —oodl ik
PR G 3 5k MG, Jeik A R I A AR E
EHHTEERS ). K, ek B S L
Bahy AR oL, Wil 3 s, A —ood
MIFEATEAT BE 2SI, 9 TR A A PREFEE Y,
FUREA N e n) T 85 5 & P A o7 m, 124
PR, FUREAR N A AT ReA 2 H LA — ool
W, SEER RGBS IE, D O R B i s
JEAAG , IMIXFESLERZ , PERET R . A
Jiis FEUZREET, BT oS BEN LKA B,
KL FEAZ IR, FHGH 7> — To 44 B i 2 55
TR%% Ty il SR AR BRI LR, DRI IR A A A LE



5513 LA AU EOR SRk <17~

W 2 Y o B TP AN AT S I AR B, eIl B L
FAEEH

h T UL BB AR, S SCIR[49]8 T
B = JCHLIRFE T TR a7 AR I A
I =R AR N |, PRI ORI 5
AN IR 2 —Jodlrh, FHERE A A BiH
IEFEAR P, DARRBGHT I — o, iz oRE AR N 7
B =0 KRR LLH I S 4R SR8 8y, R R a] gk
b7 R AT RAT R I SRR R s RStk
PN R A FEAEAS PRl IR, e =35 7 i 42
(1) = e PR IR I A 4 Gy, AT )R FE A
TS () gD, M T f A A g 2 RS
tlys FEREATREES, S S AR UKL ) b AT
KFE, AR B S R T R, R R
RSV G

FERER2E ) R, PRI 75 N R AE
FREAE 23 (] (R A7 B2 U, IX P RE ) 77 ZE I 24515
W 225 S RE R, 2 7% SCER[S018& 3 T —Fi B kS
254N (coarse-to-fine, C2F) [H G5 MIALEFIEIR N JT
%, TEIINER,  Lh 2% DT SR S 1Y) 23 AT 55 T 4f
o, BRTIMERE, AT R A T A HERR K S
AREST . HAz O — AN RIS 2 B AR A R R
ik, PR 2RI, KRR I, 4
FE A AR TR SR 3 2 I o 73 25403 AR TR FH AZ AR 4%
2, CAZEREY 5 g FRAEXS 28 EAT I B 2, AT
282 T T B S AT 43 2 o REDRSE P 457 2R T0URT 4
BERER RIS R ] = e i gk, i B e hE R
3 )[R 05 A PR B, R AN [R]85 AR
&, R8s, & ID AH A 450
FRES, FHHJT ID AFEZGERREE RS . RO 401 2% pR 4
T HRAT 1D AH [F] ) 4500 R A 2 () vh o — 2B 4,
HaFEE. M FE 4 TR R L, A GEE R
AT PR P 25 LA RN s . 2R 1) 20 B I RRAE iR N
HEJT o

h TR A AR A S RS (1) 288 P 22 S RN 2K [R) AH
LT, Bai 0BT T AN YRR = 04
fik A\ (group-sensitive triplet embedding) J77k%, fif
F s 3 1R 7 AT FE R 4% 2] AR ZR, K¢ [R] ID
T B D — 28, Rl e A
K-means HVAEEIG RIS #E T41, FEkBidid
Mo IR N R ZERL (intra-class variance loss)
PRECKE A ID (0 7R PR AR R ik 2 T o g S v o5
¥, AN ARG A s, ([

IR, W5 H 2 R MR AR — e iR
2. e AN JE ] K-means HHi 4, EEL L
IR R0 K R B AW

TR, Z2AR55 2% I BAR g T2
THE I TERE, ARG — o7 0] i s A
IEFEA P RIAREA N 22 [a) 1A PR 2 ¢ 2 Rl T
B, AFUR R BRI L, RS 2
AN 2AT 455, i Softmax #82kFT =6
AR — XS I BEAT AL, AR 453 2% iR B
FHAH, LI5S i fe e B etk Xty
S BT R R A 2 IR H R A o

SPAT N U P25 ep o R AL P BEAT KT 40 K1
(I 2R SR R S %%, Chen 5P T — ok /815
A 4y I H 3% W 4% (partition and reunion network,
PRND BEHY, 0 2R 45 1) A 28 19X 488 SRR P91 7 v 2
YEJE . IE B RIEAT T USR], RS A
TERE 2 I R AE ) AT PR, AR A SRR
SRR N o XA JRRFIE AR T — AN = oo
KRE, ATH ID ARSAE A IR S I 2Rt — A
DIF 0 28 53 3 o T8I X P 6 23 B PR ER A I 255K
W, AU AT RSN bREE S (B ID LA
A8 o] AR B A0 R AE, AR
FEOEREAT A0 EAb .

SRR, R T BE a2 2] (1 71 K 2 A LU
B, YIRS, HARRE IR ). — R B2
IR R R BRI AS SR R R A, LT RO 1 R
B, 2 H AT AU R AR, (R
TR G P A A UG AR R AR R TR R IR DG R, A
PR 26 I st FE s P — 284517
3.3.3 MRRISALA R A T E

TEP S Al s R g, AFALE 1)
TAG KA AR, B ZE 5 5 m A [ Can
Kl 4 (a) P SR —4m M0 B AR 2
Ft, REGEMHVOIMES oK T E R HkR. B
FA7R A R IR T TR O 22 I 0, m] 1 — 2 Al 53 A [
— LA PR AA A T A RIS P e 2 RN ] — R T
AR R Y 5 AH R R R SR IAARRL, Wl 4 (b) Pr
TNo TERPE S S P dX — ) s 2 R EAA W
B, — AR BOETAN A B B, TRt B — A A 1)
TERANURFIEREATHED . AR H 47 B S HE A T 2 /iy
MAEE, VISR AR R IRk E; — 2wt
HH B TR 104 8% 5 R R 2K R R, AR AR A S [REE )
i 220 TS S v ge ), ik ID AR



S8+ FREREE S HAR

2%

BERAE R R 2 R T BE I 5K 2%

Wang 2510 42 5 R T RATHERTE ) 20 R0k
PEEMBRICIF AT Ja 7oy 443K, RIS
HIPIR LB 20 ANSCHE AT,
KU RIS, SRR R T AT 2, Bk 4 A
THT ) D DR IS 1] o 4 A D DX It S P R 4 S
FHERILRISE BRE. iE. 2ERE R
JH T AEABLAE 0 B PR AR5 i

i

(a) FMfz

e Pere! w

(b) FinIFH M
B4 R ASA I ™ A 2 P e 2 A0 2K i A AL

[FIREHL, Zhou 251°MR Y T LA L ANAOTE I S
Wiy, NG A5 5 2K /IR A A
M Jafui. Jarin. ARPEA s P es (generative
adversarial network, GAN) [, &1 T — ANt
T2 W0 A1 25 B I 286 >k A R A 45 L AR TR R AL )
i, MIERALARHIESE )AL AR IR, DASEELA
JIRE AN AERT L o T AR A AN T 24 ) 4
A AMUAE BTG XA B, X7 VAR T
DA AR A 1R A0 s B 5L A S R B e 1k

I O RS I 22 B OB A5 S T 24 4l
TEILABAL A T IAMAE B, BRI T 555 th T4
PR 2R R PR P R 0 2 v i, R AR [ 2 5 () 2
AR SR — RN B DG S R AL, 2 DAARA
(1) B R A5 R R TN I AR T R AR WA I, 15 B 25
ROTREE 3, X SR A EN I YRR
FrioNe BeAh, FEAE A I Ok s Al e i S it
AHERMERE R, AN OCHE AU DT ikad 2 B T 242
AR AR R 7 1) o AP IX 28 ), Khorramshahi
PRt T R Mg, FURE AU RS AR TS 2
(1) 75 1) [ 1 0] P R AT 554 o ik 1 DG Bt
R BT JRESHERMERRE SR I, NI 4 R IE B
PEEAME R SRR3R
PRSI S M2, T B ZE 3010 4 SR AR AL 5
T3 DAL I DS 2] %, T2

PR R e B RR P OCRE AL, Tl
B e BHFRTE DI, 55 245 B 20 R R
fEo FESCELLL EJRERI IR, AR R Th T Ok
HGr WU B2 AN A=A 1] FOUAS AR, 3K A SRR 0] T A
TR FE R0 R PR A AR A 5 | ) e 22 #5471
WY 3 PR L TR A

FLAAAT SR A 8 sl A N 0 75 2 1R AT K R
JEAF SRR, DRIEAE 55 ) W SRR ) B2 U5 AT PR 15
O ARERR B AU SR, A S AT
Th SRS e ATEE. SERFRAI K.

T o I 25 A5 2R SR R EORR A 155 S A — Tl At o
IR KA T 3o 7% SCHR[S 7138 5 P 2k i 40 A
I3 BRI IR G- R S A A T R —R, AE
PR A C 0 IR 25 A T K 2 20 P AR A e A0 2 ) A )
S A PARNIE S AH R AAS IR A A2 P A L
ol AT RE R ), JERE S A CRIFAD AT D
] CANEAEAD PIRTRFAE A A], A H] P AR £ T[]
ISR AGARF AR 2% (8] 2% (8] ] ) SRAE S “3 [A] A1 D % [|] Y
(I[F] ID FEACTIT; 5 A2 Rprc D 5[] T IR IERE
ASS, IFRIIE S 2R A T SAREAKT . 0 B SEERHIER]
PARPLT AN ST A0 5 DR Ik BE A W A () DR o

I — My ) SR 2R 28 AR g e 2
RECAL A5 H . Lin SR T 2 Mm%
(multi-view ranking learning, MRL) J57%, KH
K-means SR EIRGF AR, FHRE 440
PN ERB NS5 [RIRLA AR A B4
W . RN, LA R 2R R AR A R
FETRL AR 0 s, IR SAREAC A, (RSP
LE[R]— AR A R AR R A 28 () TR FET,  JFAEA
I ZE A0 1 2 T ORAIE— 5 [P B B o TR LA T
AN AT A bREAE L, B )9 DA AR AT
ZEAB PR BIAE 25 BT AR o

SRR, PR SO T R = A WL i 5 4
i 2= e BOCHEME 4R SR, el A ik
XU ARLARE A AL AR AIE, 30 A P 2R
FIZRR LR AE IR 2 ) A S e ad i
YIZRHE TR 400 5 0y I R M AR, S5 v
SEHET AT S5 RS i (R AR D
BEAT BV, FREUAS T — % M
334  AIABE-RIEAS G 6y ik

H AT CAZE S AM A 25 B A B 2% 2 5
AR RO SR LU L, AR AEVF 2 15 T2 R
TV PR RO e FE AR R, g ) — 2511



5513 LA AU EOR SRk <19~

BRI RAR IR, SPGB e —30 X
PREE S AR TCVE N 250 5 o S I (1) 1)
T, B 2R A7 A — 28 B A R UM (R R bR IR
Canetid) . ERbrRas . MHAREE), FE4-mdEnT 7
AT TCIERE TG AR . S35k, AEAmER B4
SKELIE G AN A S BRI A5 1 2 B A A Oy 7
G, R LAZE 5 S0 0 I BH5 5 AT 7R R 1)
TrEEReZ 3] T o R

h TR PRX IR, BEGTN D T L
INFR] PR PR P 2% 2] T e 57 SCHR[39]
$& ¥ PROVID J7vk, VE2 ) s £ vh 24 15
Z AN FRT I T - R A AT T 4e vt 5004, RIS )
Y Sy B VAW EY S U AT SR S S Sl
REtH B A —ZE50 . DRI AE A5 2128 T 40T B 7%
Mg R 5, 1EF T A EHR R B Gy
1) 22 T5) FRy s ] - iy FHAH AU, 5 s i) - s 2 AH AR
PEAE R 1 0 T500) 45 R T A, KRBT T R
AIVERE .

TEIRSEAS IR G v, Ko Ao A iE % b
AT, AR A AN DA RS S TE R4
iy RN TSR B, AR BR AR A — BN ) A R N
HEE S e NNE 21 € iR 0 I Ry - g et il v Sl v
) B OC AR, DRI I wf AR A 5 4 ) P TR 45 2R
Wang O AE— AR Sk N AE40 H B e 7))
Bt —NREPLARE, TR RN MR . Sl sy
BT, AR R DA EOE S 7 A106 [R)— A 2 1 Py Ak
BRI IS TR )RR EAT G ABE,  JEXT I P ARABLRE 5 40
AHBLRE 23 i AT IR AN, DA s IR R (R 255
FHALLE

B T ORF I T REAT R S4BT EAAE, b ELA
B E T AR TR 2R ). 4558 AL B,
C 4 AL ARG 3 ME5 Sk, R
RS SL AR C I, A —e e tE
B NI B, X4 X E A R C R IR
IS, an RAE—E I TR R BE P B R AT
DRRABAZEA, Py 5 e T [R)— 24 e R AR
N o 2 SR [59] B K 0 A BLUph & M 2%
( Siamese-CNN) FIH % #ic {Z (long short term
memory) W5 FIE, fOAF 5K BUE P I 45N E
S I TR BRI b AT B A A IR — A==k
A, TELCEZEMPARRUBERS, ) o 4% rh i A\ P ok ]
BRI -RES T R G A S P AR ABLE
RIS [F) -y FERAFIABL R 45 HH A T 85 R o 7 0 Rk R 2%

MIEDBLR, 12077500 56 R AUE S R B RN
(chain MRF) BB tHRIERR AR, Bl A RUE
R 28 P 8% 10 S5 o A0k 32 3% 42 L PR A A AT IS 16 46
AP AN 2 AHALE 4 HH — 2% 5 S50 UE 1)
P o K AL A 4% ) DLIX 4% % 42 7 UAE by 58
A5 BRATRAE RN, 4 JRUNF ) HERS U 1 A AL
EXEY

TEILSES 50N, B Sk 22 A) ) fige 108 % A2 A
%Z, HE4&Hme BRI AmadEs £, RE
TEAE AT F5 UBAT 55 1) 14 B IR) &2 2% B 10 v
AR TH IR BR AT I, 7 ST et s> R T
RITHE

A7 NP AT N BB LY . TER e
FHEG,  ZEA RO TP VR B A i e
FERG, ACTE A BRI IR I TR A7 A5 R B 0t
LIRS R AR R B, Fad T ik O I
B)-Hh BEAS ST T & 2 B F R, X0 2 E 1S
A TN BB — AN T I

ARLATE R A, A FH I T - b PR S PR 7
PR/ AR N e (O B N ek AN N g
AN R RyE TAE o H AT BERE S AL I [A)-Hb BEAT S
AT VeRi776 Hidhide, BTN EL]N
4 BRI
4.1 HWENB

15K L TR BE 27 2 I 220 R0 7 VR4 42
HZ 0T, RN R A T e, HARERL
AN, BBEREAR B, 2505 A DG HoE A
EE T IAES - AHFA I ImageNet! ™ i
W7 AL 1 537 SAS RIS AL 1 74 ) P 4 s 4
T 22805y 54155 o Yang 25O 1 T — AN G 1%
WAL CompCars, 0 5 Puklh EHEOKRIE, —
e M2 AR 1 687 MVATFERTLIE f, S —
T MAS I I 2 R R 8, (HE A B
HAEEGWHITOAMA, HEHE Sk 2 %A Pk
R, TCIECRUEGERR R INA, Do 45 A Reds
SETER RS BB, A B T Ak B 4y 2
FIZE T AT 55

WIHTSCHTIR, — MRAER 2R P R S 1%
2 /DY R P R AL O LSS I R A 3R
MRS MDA BRI . SR ES
A — TR AEAS ISR LAAS IR A AT S B B,
DA A2 PR 25 IR 4 7 7 P LA 2R



"20- FREREE S HAR

2%

VeRi $dii 40 1 20 MG A4 40 000 5K
KT 619 MR EMEUG A &, brifs BFEE, O
AFHE, A Bt ORISR TR
202 ARZ2 18 MGk, BBAAAHM
WA Tl PR AERENL, MRRT — AN
Yise P IR EIE . 7% SCBR[391% VeRi £
PARHAT T4 e MbRiE, $EH T A0 VeRi776 %
PAE, VeRi776 HdlmAet i H a4 iz M ZE
FRHRIEIESE Y —. VeRi776 FlEML S T 49 360 ik
KT 776 WREMEG, EARERGR EBRT VeRi
AR CAH MR, B2 TR ZER B R
PALE I FRA

VehicleID 2 H1 Liu 25 H ) K R 440 F 4
WEHRELE, Horh s 221 763 Tk T 26 267 WAZE
WEMR, FEAQETHEWMIA, HAKEGRERT
T4 1D A5 3G 5 IARTESS B LN, I6F 74w
SHTEAERE (3L 250 BRERD, T AEAER
TRV 7V P 1 BE VTN BE 4 THT, VehicleID Kl ik
SRR 0 RS K s /b 3 AT,

Vehicle-1M 2 H [ BL 22 B A 34005041
R RO B AR, A 936 051 5KOG
T 55 527 FERAGERIEAG, Bk AR T TR AE A B bR
W1 W ERRRESEL (35400 Fi) B EAD,
[FIFEHL, Vehicle-1M PRI AR AR B B 15 R ST 4 7
KT RS L N3IATHE. BEERES AT
PURIEAR A & 5 N, WFFE N D) 224 B 5 5
PSR Ok, Vehicle-1M 2324 4y 11 FUR £
KIZERFRRER AR, PR IR P Pl 22 I 5% (1) 2 2]
REFEPR A A R I 2R B -

VRIC #2: i Kanaci 2 H 1) 0SR20 1
PUNEARAE, < AT B A R A R v o R
BIRRAZ B T — e R LN, Wl Hr A R
il SefRsefEaE, VRIC 7R RS OR TI
SN DL SR AR B M R G . CIn AT 2 R0 5 3%
R AR JCHEBRIS ARSI, fAE S
SISO, A A2 BRFIREA U s . e
60 430 5K KT 5 622 FHAZEMIEME, gk A 60 NN
(MRSl G kL, HOET T ALFE ORI b VIZREE
54 808 Bk Py (32 811 #i45), v 5622 ikKEIE
(L2 811 VA4 Wl HIRAL G «

VERI-Wild f& i1 Lou 2V A7 (1 450 1R 59 %
e, HBETIRBHIX, 5 174 SRk
LK) 416 314 5KKCT 40 671 SR IEIE

VERI-Wild fZ7E 200 km? ) 17 205 1 X Wi 55 45 211,
DRI AR E A R A R AN SZ i Z2 B, HLA=
Wb s N, R RAR N TIPS R, i
ARSI Ao B IRERAEE 277 797 sk
(330 671 4774, MXAE A HE 138 517 sK B (L
10 000 7575 . [AIFEHL, VERI-Wild (¥R £E A
PEG RS TR s AN 3T
4.2 FHMERR

TR BB R T I, fefE
PIERIPERER, SR BIPEN FR bR 3 2513
K534 (mean average precision, mAP). Zif [T
fid € (cumulative match characteristic, CMC) i
2 Fll Rank-N £ #% .

(D) PR EIME

SPSAR FE S T VR AS T AR 0 O s 1 S AR
A, ORI ARRAG RN FE. W 2.2 4
PR, WA A AR B R, e R —
MEWEEGR ¢ MRS ST E-FAREE AP, W
X (D, bk FrBEEEGT S, n ZoREEELE
BEH, N FoR HbRERIEHR S5 PR RTE
KR P H S kAL Z BTRS L, gt(h) R k A E
BT R ER, 0 REEHEGIN D, m%&
X BT A AR A5 R AR RSk e, R
mAP, iz (2) Fir.

3" P(k) % gt(k)
APp=*L @)
N
¢
D AP(q)
mAP =42 )
0

(2) RIFUCRECPEfE ih <k

SP-ATRE B YIAELAN B M S Bl T 95 1 i 31
PERE, AReRIAFIRE RS H FRERE, R
THILHCPERE IR 2R T 7ERT & MRS R $62 £
SERLRER . BRAMRRIR b, PARERIRIERIR, K
AN 5 45 (R A2 e ot e i 7 ] rpon] AR P 0 Lk
e, o k A2 BTH) CMC =k (3) Fros, 4G ¢
MERRVCE H br IR R T AU & A2 FiTH,
gt(q. )T 1o

¢
D gt(g,k)
CMC@k:F'Q 3




£

LA AU EOR SRk <21~

(3) Rank-N %%

FEXF AN VAT VE R LT, 35 592 TR )
PEREZE AR, B UTECME R fh 2 IR/ &
BN, M TCVE AR A W e RE PSR . T 3
faj v o LA [ ik 2z I e R 22 5, — MaE e —
L SR T L A7 B (1Y) SRRV FLHER AT LA, o

(41 OIFE. PGAN) H 7E VehicleID kU~ (Large)
TAERT TR, Large T84\ M i VehicleID %
A FELAR M VFON R 53, DRI S A B 3 28 T 5 1)
ARk

R 2 VeRi776 FiR&E L ITHERIMEREXT L

Rank-1 1 Rank-5 L8R I, 40146 mE 4 B 41 it A kG
T 1SRRI 5 9K S T BT AR © mAr Rakd el
DL 3 AP b PR A Rank-N e e e e
SR AL R OB I, h TR A 2 e A XVOAN o T e T
T, ASCHEARIX PR BRI T A8 LA PACTSNNISTR -l 27 el sd
4.3 '|5Eﬁlé ttt—ﬁ_i OIFE [10] 51.4 68.3 89.7
Ly B PR T 0 £ 454 0 4 PROVID oI e e
£ VeRi776 Fil VehicleID., HART T £ ) kT Syiae FANet (3 BA w2
BATAER I, (EUR (TR 1] LT, e voererts I el s
5 A AT KA (I Vehicle-TMD | T TSI O R B0
BT 7L ISR, WA SO X R 4 L it OSTRE BU- w4 g0 98e
FPERE L. HEAh, — B OIS TR A v el els e oLe
LEIUROMRAE LS g L, T— 2L MRSy AAVER B okl o
VO T2, ASE TR RS, LS A 05 ol ERe 9RO
B e, RIRETEVE e I AR P A L. 6 2 VAN B7L o sed T 9sd
122 3 43 BB T A SO i) — L2 0 T U 7 i PRVE S
LEXP AN LTSS L O PERE LRSS L, — ik MR BS990
(4l S-CNN+PathLSTM) %5 J F i} [ - ML 045 L, i FOAN - B3 o83
HAEYE VeRi776 Bl i Tsct, i — )51k T BH w8 ol 4

%3 VehiclelD £iE&E _ERITAERERERT L GREIBRTHZD
iRz

T7i: EE PN INRSF LRV KRF
Rank-1 Rank-5 Rank-1 Rank-5 Rank-1 Rank-5
DRDL [8] 49.0% 73.5% 42.8% 66.8% 38.2% 61.6%
C2F-Rank [50] 61.1% 81.7% 56.2% 76.2% 51.4% 72.2%
VAMI [56] 63.1% 83.2% 52.8% 75.1% 47.3% 70.2%
FDA-Net [63] 64.0% 82.8% 57.8% 78.3% 49.4% 70.4%
VGG+C+T+S [49] 69.9% 87.3% 66.2% 82.3% 63.2% 79.4%
OIFE [10] — — — — 67.0% 82.9%
GS-TRE [51] 75.9% 84.2% 74.8% 83.6% 74.0% 82.7%
AAVER — 74.6% 93.8% 68.6% 89.9% 63.5% 85.6%
PNVR [43] 78.4% 92.3% 75.0% 88.3% T4.2% 86.4%
PGAN — — — — — 77.8% 92.1%
PRN [54] 78.9% 94.8% 74.9% 92.0% 71.5% 88.4%
VANet [57] 83.2% 95.9% 81.1% 94.7% 77.2% 86.7%
MRL [58] 84.8% 96.9% 80.9% 94.1% 78.4% 92.1%




$22. BRERH SRR 2%

B A Ak Y F N L AN IR SR S A8, A
Bt LB AR E BEAR W b BT . W LLE R, 2
TR B 2 3T I 24 P R0 5 Y IR R R S I v T
N TR 7E, A SRR AR H Itk pE R I
A

B 5 55 2 2] 7 (P 20 DA R B ) - b A IS
PRI, VeRi776 Hidlite I o8 7 ik Ae UM I e
KB, Ll PRN AR MR 2E ) ik
(RS R f i, PRN vk T35 ks e ik 5] 1
85.84%, B WM IR RIRERI G . [ n]
LA, T F TRHRHER 777 FACT ToiE R4
HhSE AR AR ROIT 45, X o T TR HRRAE X
TG RIEGE S AN . — 28778 (41 DRDL %)
HEMAEHUSEHYGEE, HNkEASE
VehicellD % 4 % it 475246, L+ MRL 7
VehicellD &M+ EILEGRIMAGE B T 217
OpARERS

grty LRy M RIS BE, T LUE IR
TG B AT K R IE R IA RE ), BRRS i
HA R R AR A R0 A 7 45 2 U DR 25 R 11 PRI o
FPelk, 7ESERNGRSG, AT LATERR R (RS T P 5 A%
X H bR 248 0 P U R

BRI, T8 A B R 0 % 45 R R 2K R
B, RIS ) J5nT AR DI A i i G
b H bR 400, I nT U G b 5 AR50 P U T 45
(LR HESL o

5 HRiE

ASCEE IR A SR WL TAE,
BT K ek AT AR R T T SRR
45, JF M TSR SRR RO A

WA K A DR 51T THFIE %
PR R T ik C A D L, B B S R (AN
Wiy K, RS 2T ERY) Iz RN BT T
ML A RS 2, sl — W a i R
HE AN AR PR R B P 2 19 2% 2 H T 4R 49 1R
) TAR— AN AR EDK

Wit Ao 2 ) 2% 5 R PR VR B2 AR AN B2 2 A0 DA K BT
B RBEYR, F TR X I il &
LA I AT I 24 REAS B LA fPEfE; )
IS LA 0 7 VA TR 2400 R mR 2R ) AT DL
re RN ZESERAEWT UM RO, 3R TCVRIRAT A2 08 e
(RORS IR B AN BRIk o 1T S B N 32 57 0] PR R

(12003 LA SRR B AR e (R 25K, BT BL H T2
PR IR BB FES bR N T AT — € I 22, ARk
IBIFST A AT LA BAR L5 e IT -

o HATKZ B iRm0 U5 s T R e )
Jivk, HBEAEZEA S AL B S AN T 52 N AT
g5, AEF B NN E PRI R L, HAER
Hn e s LS O PR RER AL ZE . SIDAEAT A
FEAR 7 T C 20 A7 AR H ) 400 19 3 12 R A ke
PRI, AR A & N IE RS A ST I, S AER
JHSEATT R i e 28 AR A R AR ke 1 s A0 11 2 >
I, LA T T AT e K PRt /N 405K ] £ 73
ATZEFE o ARWIFUR LS TS 1M AT RETT,  LA3RTTH 4=
PR IR R BOARAE 22 B WP 4 AF R N g

o W BRI A G T A ) S T BRI SR N 22
SR RIAFHABLRE v 788 2 B =00 13- U BRI
P PUIRE BE M 32 E A, i b 3 ) JEE o
SVTRE VAR BURAT B PR MR AL, 7552 H e
DI R ) 7L

o ZRAMFE R AU A AR AR AN 5
PRI, e A A PR 0 4% S5 4 RS AL W
WIRAIRERE, A PRI EORREN H B A X RS
R, W H AR — KB T

o DA PR IO A SSIE SR 2 AR
WG LD RILr B N AT, HR SRR R
AR 2 AR — IR R 2 B G b H i H AR 4, Y
SRR TS H AR R AL B IBORT H AR R 18 0 28 4
AU RGO R IR Z

o FEBLSEAZTEIET Y, AR S I BLIE B 2E 1
00, MR AR DL, B I
B TR B AN, RORIE N T 240 5 3 1)
VUINMERZ . 5i4h, B eiE ., Be& 2 S8
8 73 % A AR PR ) A0t 4 E — 20 8 o = 405 4 11
(RIRERL o oy 50 i A IR 38 (0 T, 2
ZEAR PRI 5T 0 AR — A A e

B K-

[1] FERIS R S, SIDDIQUIE B, PETTERSON J, et al. Large-scale vehicle
detection, indexing, and search in urban surveillance videos[J]. IEEE
Transactions on Multimedia, 2011, 14(1): 28-42.

[2] YANG L, LUO P, CHANGE LOY C, et al. A large-scale car dataset
for fine-grained categorization and verification[C]// The IEEE Confe-
rence on Computer Vision and Pattern Recognition. Piscataway: IEEE
Press, 2015: 3973-3981.

[3] SUN C C, ARR G S, RAMACHANDRAN R P. Vehicle reidentifica-



b LA AU EOR SRk

« D3

(4]

[5]

(6]

(7

(8]

9]

[10]

[11

[12]

[13]

[14]

[15]

[1e]

[17]

(18]

[19]

tion using multidetector fusion[J]. IEEE Transactions on Intelligent
Transportation Systems, 2004, 5(3): 155-164.

LIN, JAIN J J, BUSSO C. Modeling of driver behavior in real world
scenarios using multiple noninvasive sensors[J]. IEEE Transactions on
Multimedia, 2013, 15(5): 1213-1225.

MEI T, RUI Y, LI S. Multimedia search reranking: a literature sur-
vey[J]. ACM Computing Surveys (CSUR), 2014, 46(3): 1-38.

LIU X, LIU W, MA H. Large-scale vehicle re-identification in urban
surveillance videos[C]/ The 2016 IEEE International Conference on
Multimedia and Expo (ICME). Piscataway: IEEE Press, 2016: 1-6.
KWONG K, KAVALER R, RAJAGOPAL R. Arterial travel time
estimation based on vehicle re-identification using wireless magnetic
sensors[J]. Transportation Research Part C: Emerging Technologies,
2009, 17(6): 586-606.

LIU H, TIAN Y, YANG Y. Deep relative distance learning: tell the
difference between similar vehicles [C]/ The IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE Press,
2016: 2167-2175.

KHAN S D, ULLAH H. A survey of advances in vision-based vehicle
re-identification[J]. Computer Vision and Image Understanding, 2019,
182: 50-63.

WANG Z, TANG L, LIU X. Orientation invariant feature embedding
and spatial temporal regularization for vehicle re-identification[C]//
The IEEE International Conference on Computer Vision. Piscataway:
IEEE Press, 2017: 379-387.

KLEIN L A, KELLEY M R, MILLS M K. Evaluation of overhead and
in-ground vehicle detector technologies for traffic flow measure-
ment[J]. Journal of Testing and Evaluation, 1997, 25(2): 205-214.
DAVIES P. Vehicle detection and classification[J]. Information Tech-
nology Applications in Transport, 1986: 11-40.

SANCHEZ R O, FLORES C, HOROWITZ R, et al. Vehicle
re-identification using wireless magnetic sensors: algorithm revision,
modifications and performance analysis[C]// 2011 IEEE International
Conference on Vehicular Electronics and Safety. Piscataway: IEEE
Press, 2011: 226-231.

CHARBONNIER S, PITTON A C, VASSILEV A. Vehicle
re-identification with a single magnetic sensor[C]// 2012 IEEE Inter-
national Instrumentation and Measurement Technology Conference.
Piscataway: IEEE Press, 2012: 380-385.

KWONG K, KAVALER R, RAJAGOPAL R, et al. Arterial travel time
estimation based on vehicle re-identification using wireless magnetic
sensors[J]. Transportation Research Part C: Emerging Technologies,
2009, 17(6): 586-606.

JENG S T C, CHU L. Vehicle re-identification with the inductive loop
signature technology[J]. Journal of the Eastern Asia Society for
Transportation Studies, 2013(10): 1896-1915.

NDOYE M, TOTTEN V, CARTER B, et al. Vehicle detector signature
processing and vehicle reidentification for travel time estimation[C]//
Transportation Research Board Meeting. [S.1.:s.n.], 2008.

NDOYE M, TOTTEN V, KROGMEIER J V, et al. A signal processing
framework for vehicle re-identification and travel time estimation[C]//
The 2009 12th International IEEE Conference on Intelligent Transpor-
tation Systems. Piscataway: IEEE Press, 2009: 1-6.

ALI S S M, GEORGE B, VANAJAKSHI L. Multiple inductive loop

detectors for intelligent transportation systems applications: Ramp

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

metering, vehicle re-identification and lane change monitoring systems
[C)/ 2013 IEEE Symposium on Computers & Informatics (ISCI).
Piscataway: IEEE Press, 2013: 176-180.

PRINSLOO J, MALEKIAN R. Accurate vehicle location system using
RFID, an internet of things approach[J]. Sensors, 2016, 16(6):
825-8438.

MAZLOUMI E, CURRIE G, ROSE G. Using GPS data to gain insight
into public transport travel time variability[J]. Journal of Transporta-
tion Engineering, 2009, 136(7): 623-631.

ZHANG Z, TAN T, HUANG K. Three-dimensional deforma-
ble-model-based localization and recognition of road vehicles[J]. IEEE
Transactions on Image Processing, 2012, 21(1):1-13.

WOESLER R. Fast extraction of traffic parameters and re-identifica-
tion of vehicles from video data[C]// The 2003 IEEE International
Conference on Intelligent Transportation Systems. Piscataway: IEEE
Press, 2003: 774-778.

GUO Y, RAO C, SAMARASEKERA 8, et al. Matching vehicles
under large pose transformations using approximate 3D models and
piecewise MRF model[C]// The IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE Press, 2008: 1-8.
ZAPLETAL D, HEROUT A. Vehicle re-identification for automatic
video traffic surveillance[C]// The IEEE Conference on Computer Vi-
sion and Pattern Recognition. Piscataway: IEEE Press, 2016: 25-31.
DUBSKA M, HEROUT A, SOCHOR J. Automatic camera calibration
for traffic understanding[C]// British Machine Vision Conference
(BMVC). Guildford: BMVA Press, 2014, 4(6): 8.

DUBSKA M, HEROUT A, JURANEK R. Fully automatic roadside
camera calibration for traffic surveillance[J]. IEEE Transactions on
Intelligent Transportation Systems, 2015, 16(3): 1162-1171.
FERENCZ A, LEARNED-MILLER E G, MALIK J. Building a classi-
fication cascade for visual identification from one example [C]// The
IEEE International Conference on Computer Vision. Piscataway: IEEE
Press, 2005, 1: 286-293.

LIU X, LIU W, MEI T, et al. A deep learning-based approach to pro-
gressive vehicle re-identification for urban surveillance[C]// The Eu-
ropean Conference on Computer Vision. Heidelberg: Springer, 2016:
869-884.

ZHENG Q, LIANG C, FANG W, et al. Car re-identification from large
scale images using semantic attributes[C]// The IEEE 17th Interna-
tional Workshop on Multimedia Signal Processing. Piscataway: IEEE
Press, 2015: 1-5.

LOWE D G Distinctive image features from scale-invariant key-
points[J]. International Journal of Computer Vision, 2004, 60(2):
91-110.

VAN DE WEIJER J, SCHMID C, VERBEEK J. Learning color names
for real-world applications[J]. IEEE Transactions on Image Processing,
2009, 18(7): 1512-1523.

LIAO S, HU Y, ZHU X. Person re-identification by local maximal
occurrence representation and metric learning[C]// The IEEE Confe-
rence on Computer Vision and Pattern Recognition. Piscataway: IEEE
Press, 2015: 2197-2206.

FU Y, WEI Y, WANG G, et al. Self-similarity grouping: a simple un-
supervised cross domain adaptation approach for person re-identifica-
tion[C]// The IEEE International Conference on Computer Vision.
Piscataway: IEEE Press, 2019: 6112-6121.



« D4 o

BRERH SRR

2%

[33]

[36]

[37]

[38]

[39

[40]

[41]

[42

[43]

[44]

DENG W, ZHENG L, YE Q, et al. Image-image domain adaptation
with preserved self-similarity and domain-dissimilarity for person
re-identification[C]// The IEEE Conference on Computer Vision and
Pattern Recognition. Piscataway: IEEE Press, 2018: 994-1003.

PENG P, XIANG T, WANG Y, et al. Unsupervised cross-dataset
transfer learning for person re-identification[C]// The IEEE Confe-
rence on Computer Vision and Pattern Recognition. Piscataway: IEEE
Press, 2016: 1306-1315.

WANG J, ZHU X, GONG S, et al. Transferable joint attribute-identity
deep learning for unsupervised person re-identification[C]// The IEEE
Conference on Computer Vision and Pattern Recognition. Piscataway:
IEEE Press, 2018: 2275-2284.

WEI L, ZHANG S, GAO W, et al. Person transfer GAN to bridge
domain gap for person re-identification[C]// The IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE Press,
2018: 79-88.

LIU X, LIU W, MEI T. PROVID: progressive and multimodal vehicle
reidentification for large-scale urban surveillance[J]. IEEE Transac-
tions on Multimedia, 2018, 20(3): 645-658.

GUO Y F, WU L, LU H. Null Foley-Sammon transform[J]. Pattern
Recognition, 2006, 39(11): 2248-2251.

ZHANG L, XIANG T, GONG S. Learning a discriminative null space
for person re-identification[C]// The IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway: IEEE Press, 2016:
1239-1248.

YAN K, TIAN 'Y, WANG Y. Exploiting multi-grain ranking constraints
for precisely searching visually-similar vehicles[C]// The 2017 IEEE
International Conference on Computer Vision. Piscataway: IEEE Press,
2017: 562-570.

HE B, LI J, ZHAO Y, et al. Part-regularized near-duplicate vehicle
re-identification[C]// The IEEE Conference on Computer Vision and
Pattern Recognition. Piscataway: IEEE Press, 2019: 3997-4005.
REDMON J, DIVVALA S, GIRSHICK R. et al. You only look once:
The IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE Press,

2016: 779-788.

unified, real-time object detection[C]/

[45]JOSEPH REDMON AND ALI FARHADI. YOLO9000: better, faster,

[46]

[47]

[48

[49]

[50]

stronger[C]// The IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE Press, 2017: 6517-6525.

TANG Z, NAPHADE M, BIRCHFIELD S, PAMTRI:
pose-aware multi-task learning for vehicle re-identification using

highly randomized synthetic data[C]// The IEEE International Confe-

et al.

rence on Computer Vision. Piscataway: IEEE Press, 2019: 211-220.
SUN K, XIAO B, LIU D, et al. Deep high-resolution representation
learning for human pose estimation[C]// The IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE Press,
2019: 5693-5703.

HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely connected
convolutional networks[C]// The IEEE Conference on Computer Vi-
sion and Pattern Recognition. Piscataway: IEEE Press, 2017: 4700-4708.
ZHANG Y, LIU D, ZHA Z J. Improving triplet-wise training of con-
volutional neural network for vehicle re-identification[C]// The 2017
IEEE International Conference on Multimedia and Expo (ICME). Pis-
cataway: IEEE Press, 2017: 1386-1391.

GUO H, ZHAO C, LIU Z. Learning coarse-to-fine structured feature

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

embedding for vehicle re-identification[C]// The 3nd AAAI Confe-
rence on Artificial Intelligence. Piscataway: IEEE Press, 2018:
6853-6860.

BAIY, LOU Y, GAO F. Group-sensitive triplet embedding for vehicle
re-identification[J]. IEEE Transactions on Multimedia, 2018, 20(9):
2385-2399.

SUN Y, ZHENG L, YANG Y, et al. Beyond part models: person re-
trieval with refined part pooling (and a strong convolutional base-
line)[C])// The European Conference on Computer Vision (ECCV) .
Heidelberg: Springer, 2018: 480-496.

WANG G, YUAN Y, CHEN X, et al. Learning discriminative features
with multiple granularities for person re-identification[C]// The 2018
ACM Multimedia Conference on Multimedia Conference. New York:
ACM Press, 2018: 274-282.

CHEN H, LAGADEC B, BREMOND F. Partition and reunion: a
two-branch neural network for vehicle re-identification[C]// The IEEE
Conference on Computer Vision and Pattern Recognition Workshops.
Piscataway: IEEE Press, 2019: 184-192.

NEWELL A, YANG K, DENG J. Stacked hourglass networks for
human pose estimation[C]// The European Conference on Computer
Vision. Heidelberg: Springer, 2016: 483-499.

ZHOU Y, SHAO L, DHABI A. Viewpoint-aware attentive multi-view
inference for vehicle re-identification[C]// The IEEE International
Conference on Computer Vision. Piscataway: IEEE Press, 2018: 6489-6498.
CHU R, SUN Y, LI Y, et al. Vehicle re-identification with view-
point-aware metric learning[C]// The IEEE International Conference
on Computer Vision. Piscataway: IEEE Press, 2019: 8282-8291.

LIN W, LI Y, YANG X, et al. Multi-view learning for vehicle
re-identification[C]// 2019 IEEE International Conference on Multi-
media and Expo (ICME). Piscataway: IEEE Press, 2019: 832-837.
SHEN Y, XIAO T, LI H. Learning deep neural networks for vehicle
re-id with visual-spatio-temporal path proposals[C]// The 2017 IEEE
International Conference on Computer Vision. Piscataway: IEEE Press,
2017: 1918-1927.

DENG J, DONG W, SOCHER R. ImageNet: a large-scale hierarchical
image database[C]// The 2009 IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE Press, 2009: 248-255.
YANG L, LUO P, CHANGE LOY C. A large-scale car dataset for
fine-grained categorization and verification[C]/ The IEEE Confe-
rence on Computer Vision and Pattern Recognition. Piscataway: IEEE
Press, 2015: 3973-3981.

KANACI A, ZHU X, GONG S. Vehicle re-identification in con-
text[C]// The German Conference on Pattern Recognition. Heidelberg:
Springer, 2018: 377-390.

LOU Y, BAL Y, LIU J, et al. Veri-wild: a large dataset and a new me-
thod for vehicle re-identification in the wild[C]// The IEEE Confe-
rence on Computer Vision and Pattern Recognition. Piscataway: IEEE
Press, 2019: 3235-3243.

ZHOU Y, SHAO L. Cross-view GAN based vehicle generation for
re-identification[C]// British Machine Vision Conference (BMVC).
Heidelberg: Springer, 2017.

LIU X, ZHANG S, HUANG Q, et al. Ram: a region-aware deep mod-
el for vehicle re-identification[C]// The 2018 IEEE International Con-
ference on Multimedia and Expo (ICME). Piscataway: IEEE Press,
2018: 1-6.



£ XUPVEE: R RS AR 25k © 25
[66] ANTONIO M P, PALAZZI A, BERGAMINI L, et al. Unsupervised [E& &N

[67]

[68]

[69]

vehicle re-identification using triplet networks[C]// The IEEE Confe-
rence on Computer Vision and Pattern Recognition Workshops. Pisca-
taway: IEEE Press, 2018: 166-171.

BASHIR R M S, SHAHZAD M, FRAZ M M. DUPL-VR: deep unsu-
pervised progressive learning for vehicle re-identification[C]// The In-
ternational Symposium on Visual Computing. Heidelberg: Springer,
2018: 286-295.

BASHIR R M S, SHAHZAD M, FRAZ M M. Vr-proud: vehicle
re-identification using progressive unsupervised deep architecture[J].
Pattern Recognition, 2019, 90: 52-65.

T, BB, TR, SEAREE I T 1 AR ) AR R
SB[, VHEHLN, 2018, 38(5): 83-87.

WANG Q, CHEN Y M, DING Y D. Vehicle re-identification algorithm
based on bag of visual words in complicated environments[J]. Com-

puter Application, 2018, 38(5): 83-87.

[70] ZRERZE, JA 5, BRERUL. JE TR AFAL SRR AR I AN E B UN SRA D).

[71]

PEEHLTRE, 2019(6): 12-20.

LI X Y, ZHOU Z H, QIU M K. Vehicle re-identification algorithm
based on component fusion feature[J]. Computer Engineering, 2019(6):
12-20.

FWH, EE R PRAERE A L-M SR 2 R A ).
HLTRHE, 2018, 31(4): 12-15.

WANG P P, LI Y H. Vehicle re-identification algorithm based on
component fusion feature[J]. Electronic Science and Technology, 2018,
31(4): 12-15.

XUBL (1996— ) , 5, db3RSi KA 5
WS ME BEAR B4, W57 I
FHENR . ZEFR N,

ZERAR (1982- ) , B, i, dbpizcid
K2 HEHL S BE AR B &bk,
F T T 10 R KB i 5 e 4. BaAh

(S ANIE Nt RN

WRABHS (1995- O , B, JbRizCil Rt
FALSE BBARY B, FEGTT
) A VSR SE 2 PR



