IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

CoANet: Fii T M TLEL I 15 FhH I B A P2 4
Eoal

Jie Mei, Rou-Jing Li, Wang Gao, Ming-Ming Cheng

TR\ TR PG P BRI B — R R B M s B i
P2 B AL AT R 5k AR, T Al P R R r Y
PSR MENEE, JE TR RN LA 2 e e AR T 3K O F
FLICIE Tl gn ety iE A - TEAR S0 , SZ P 4 b ai B IR B
Wk, A T AVl E M4 (CoANet ) R ILIH %)
SRR 2 - th T 2008 6 BUSE A A I I 5 e LI
S Bk, WADFR T — AW REBEY: (SCM), ‘BRI
A HEPAEBUAA RS il A bR SO ST sk AR X
W THE . BEAb, 25 IS E0 i U FR A 5 [0 1 3% DX s Y, £
Y EBYETE B (CoA) RIEFEHIEMR R Z K FR. CoA
Bty YEUBAR R, WTUEAF MO R B T R el vk . TEREATHY
JefiEMIA (SpaceNet il DeepGlobe %#iidls) FalbA7 ik sk
W], TAINEY CoANet My ¥R EERSSR . THIC
REAECL FOLE A FF B : https://mmcheng.net/coanet/.

Index Terms—BRR. ARG . ElPEER . &fF
B bt

L N4

EEA SR N A b U NI B SR R S Y S R e
RZ Y AU, R L P e — A HL A R D 4
Po —Ledth P 24 FOR 1 BUA Hi PR D7 vl AR FER
BN LIDAR gz o4, GPS Bl &5 T3l B bn
0o XLETTIRAE T RIS, AR DATE DAL )
PRET R M A a4 (1], [2). - REBRAMTR
RFIE B TUATRFIL , 38 7] PASR (L2 U1 L S S A1
N TR, TR A PR BGER M 4 [3]-[0] B
JECR— PR BT 595

G M T A ] 3 T3 BRI 5 SO 2Rt
KM TR R PR BGE B IIA [7]-[11] ZEACBR XK

J. Mei and M.-M. Cheng are with the TKLNDST, College of
Computer Science, Nankai University, Tianjin, 300350, China. (E-
mail: meijie@mail.nankai.edu.cn, cnm@nankai.edu.cn)

R.-J. Li is with the State Key Laboratory of Earth Surface
Processes and Resource Ecology, Faculty of Geographical Sci-
ence, Beijing Normal University, Beijing 100875, China. (E-mail:
lirj@mail.bnu.edu.cn)

W. Gao is with Science and Technology on Complex System Con-
trol and Intelligent Agent Cooperation Laboratory, 100191, Beijing,
China

M.-M. Cheng is the corresponding author.

B 1 AR & A ARBTHOR 4 i b BRI
WS BREEIG . HIHEME. (a) FTHiRER LT
FRER) A IR R G (b) Fl— MR R S5H
S5 2 1) T T8 DA 305 S IR AR 2 2 - ff P K i
() IE R

BREEGR, XEIREFCRET . EREE T
J&, Bz (CNN), Fi5lE R 25 % (FCN)
[12] ZRA B W 28 it Bl B TR B S BT TR A

R [13]-[18) A LI TARRF B A G i - A0 45 2R A4 1Y
CNN 7 i Tl e o T 55 [19]-[22], 3 23K 05 RAFHY 50

IG5 ORI, TR PR BB BT A8 HA PR
e (a) HFPIMBEARRER, (b) SZZMRITFRE RIS ,
(c) B -5 HALYY e 2 [R] PR AR DL o 3o 2 [T X 5 S50 it 7>
FIPEA AL, EATr A RE AR E . folr, (1],
[23]-(25] A2 T 8 11 23 R Ak B SRR A0 A f5f 2 T 1Y
Jrik, R ESEs AR RAE T RSB, EAREEN T


https://mmcheng.net/coanet/

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

SORMIEHENEE . N T HEREE IR s, [D]A
RAIEAR R SR A SR BGERK 4, [26] M U-Net £
L PR R RO E R B AT IR . BEAh, Liu 4%
N [27) SRR T WA . DGO R AE N B 2 AL,
PACCHETE B F0TI « SRIMT, X SET7 AR AR, i Hal o
BRI A Gk

FEASCH, FATHR M T —FH T A TR EIR R GE
BRI EEPEE R M 4s (CoANet) . B TE BT A
PRI SR 9N 45 SR ) TELBRARRAIE P SR 230 23 )
AR (ASPP) SRIGIARE )RS B 3R 2 RO
FHIE. mFEEEE RN, Pz HIELER AT, ARG M
BAFEIEHIER . TOTMEFHIF R T — R G
(SCM), EYELEMHERMLE . M Fig. 1 (a) PR,
SCM MK FEE . 22X AR ey Ak s
AN N D K7 iy ol ol N S S S N
IEAAH KA DRI T PURAIES > o R 7 80 R SR AR R
S I B DR AR, FRATER T R S
B (CoA) RARRMBBR LI KA. MK Fig. 1 (b) fr
A, PN EBRR S/ MG RNEENE, i s HhE
FEARANMERYE . AEE TR FRET P R R bR O A T
FEMESEATAY R SEIGUE I T HATAY CoANet 5L s Lk
(77 YA FL R DB

FATH TR ZE AT

o WAL T AMEEVEER LS, BH AT HILE
TR Z IR 20 BRI O 2R AR v B B ) JE S M, AR 32
{571 AR B S e L BURS T LA YA A S it

o BADF R T AAPIRE R, B AN R 7 1)
PR BRI PR AE BT SCF Bk H A
RS o7/

o ATV T — NPT RO, e A O
FHABIR R Z A R FR 45 & B A5 B R 3R i i
TG
ARSI AR LN o Sec. TLELSE T 1H BR S IR

AR AW LA HE Sec. 11IH, FATNE T HATHR
i) CoANet AT . £ Sec. IVA, UL TR P4l
TRPRRISEBRANTT, AT TRESER AR AT TLE KR
TR IGE B I T AR PERE . SEIEFITHETE Sec. Vi,

IT. R TAE
A, EE )
W2 e fsl N LR KB P R BUE R M 2%, 24580
A SRR R B VA 3 R T AR I i SCRE e
ARIEEE [28]-[30]. Hei %A [11] #2117 —Fp R T 18
AL, EAE T KE RRIA IR 6 B R

T KIS R . Zhang 8N [31] BIA T ML
PRHARST , HF 0 T RORIZ 54y R8N BL . Laptev 45
N (8] E T2 REEE B IS T PR, S5 & e TE
JUMTZR AT 520, [10] fiH] Gibbs s AbFRHEZL A
I B BGER . I H. (9] JF AT 6 R R AR AR
A AL I G R i 2 45 . Wegner 8 A [32] $2H
T T I I 2 BRI R B A ALY (CRF) AR
IR, IXLETVEERCRIUE, A A RIR X

Bl & VR BE2F 2] ) R, FLA O i 25 Y 2 2R A4 11
CNN [12], [14], [16], [33]-[37] Bt H Bk BIAETE Lo
J7 R R - — LB 5T [20], [22], [38]-[10] BEAI ST CNN
(R ZRURE T PR IR 22 S 3 # ). Minih 28 N [19] diad
i FHFE AL 3 ESCI il 22 N 4 SR AL B % . Cheng 45
A [20] i T A b B i CNN (CasNet) S [m] i)
ALBER G 2 A (VHR) 38 AR A 38 3 7 B L
LARMUE S5 . Panboonyuen S5 A [21] 4t T 18 B% 4 HIHY
DCNN HEZE, SRJGHEH T 5000 B8 5t o ol b 45 152 43 S 3
B2, R CRE RBUALIREUIAR . U-Net [13] A1
LinkNet [15] 245524 5200 1 118 S50 B0 G A 45 A
gy, BT AR AR B )T ) A T AR
Zhang S N [22] $2H—FhiE o> B £ M 2% ResUnet,
Gh ek 2] M U-Net #E4718 B KL 72 CVPR
DeepGlobe 2018 A fgHE Ik i FEH, Zhou 5 A [39] 2
th T—> D-LinkNet, &R} LinkNet £5t4t, A
LERATEIN T Y R ETZ o X2 LI AR RE A AT
TR AT FIZE , (RN RRORIEE B 1Y 1 P

B. ki

BB VR i A IE L — , R B
BRI EMR FrLFR . Bk, PR GBORB
X—RprE, PR T LRI A. Wegner 48N [23] H5EHF
LA B G R 3R, Il S AR S R e T B U
LR R Rk E AR Mattyus SN [1] B2 BA disas-if
AR R RRAT A FUR BRI B o0 8. Pl 20 02
TR TN EE A TE R, PR I A 20 o 8 o S A Bt
PR TEERTIA GBI TR . FERX BTk, T IE
P AL BE SR, ANIE A G R PR
AR I 2 2 v ) DRI S S TR A 5

N T B AEPASEEAE EAF H TES HE R, Mosinska
SFN [26] FIH U-Net 4518 3R IR+ MBI 5%k
T B TR 4044k . Bastani %5 A [5] 2 T Road-
Tracer, B HET CNN oSG I EARER
R, MAEARR T A S BOER 4. Batra 42N [0] $2
T AR 2 ST, DA RO 2 BRI A~
155 Z B HAEE . MATEIF & 7 — P v g ek,



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

PAIEAX L2 Ak T 003 B 1 2% R A o AR, IR D R
RIS, I LK £ 5 30 o T BEARAC IR TR A o

A LTI 2 JlE B AR AL s H bt B AT R
PABRAS I T 18 B 4R LSS SR . RoadNet | Liu %A [27] 42
i, TR T GE R . AL, KT
Z PR DAL BRAS T8 53 AR B i T T o L 4%
N[ IR T — ol 8 B AE QR A RO & T AR
fit, AFERL AGRRKIRE . R551ATJT 1 R )
PR DAL — 2 i v T B A AT T B R B B o EHR AN
Mg (LiDAR) %dls [12]-[14] A1 GPS i [15]-[19] ti
T HEWT BRI . [50] F5 At GPS Kl Sin B R A 45
HLMRHOHER, LRI AR IT B GPS Hfk
o 7 . LIDAR F1 GPS ¥ T A Bh T ks i
B, JUHRTEA BRI SR, RS
I LIDAR Al GPS Bl BA PR, FH H Xy
PLAL P AR A%

C. AR H

B EINES T, SRR TR E T UE
B S PERE AR, Shen A [01] 2 T—1BEAH
FRREEA A EIRAE . by ER SCR A s, KR 5]
T CRF Skift—DRmr#PEfE. Dai 8N [52] 5l AT A
AREAERA AT ST Rol Wik fifss CNN [y ] 28 4 i@ i e
7, 32— Bhonl 5 A 23 (R AR S EA T BB ] A U T Y
N TP ARREI R AR, 03] SR T EET AR EZ (8] 1)
KAV LSO e A b, (B8 75 AR & i TR
A, Criss-cross network [51] 5 T 3KEUAZ X4 FArf %
E ENUEEMA R, M E. Wang %A [55] 2
TR T LRI B GER X O, %R A
A G PR 2R Z B A R BRSOk 5 R R R
AR A A [ o

FRATA T8 M B B ) ARt S AR S E e
ABEFFEMERITIEA Ko Bertasius A [00] 5IA T
FHFE AL M 26 R B G S BIFMR KPR Ty, R T
N EALZEFN A R AL . Cheng %A [57] &1 T
— AR EBEEUER) DeconvNet, HH R I SEANH R4 I M
LB EZ R X Z . AffinityNet 75 [58] AR H Sl T A1
LR ARIXT Z [ G RN T Fan S8 N [59] FF&
T—MERGERMBYCR IR R G R RNBE G X R, iR
¥R BRI IR TE S EIB A Rt . FRAT
1) H A e 380 3 ) FH R 45 2 22 T 14 Jsons 23 AR ) o e e it
FOPES iR

EDERGHIREERS, AETREHPNGERERR
THE R R IR E RN R AR R R . 0
SR BTN SCRAFE R R E I R, AT

H R PR T SR AR AT Q1 32 [R] By B A
KA GRHAENS R BAIEE T, XAERATETBR
FIEET EE AR AR S A2 TR

L.

T B TR MR — D AE PRRHIE , AT
VR S SR E . A T R A RS, FRAT
TR T —AEEMEERE 1M % (CoANet), AHTFMNTEERE
B HGERS, WE Fig. 28R, 7E CoANet 1, 2T
—NORGBUEEL (SCM) X S 18 B A T AR T T B B 4%
PERFIE . FATHE— PR T — Ml i (CoA)
ST A 215 25 2 [R] AY1E B 4

A. M gLEH

1 CoANet H1, FAIf#M7E ImageNet [60] LFiI%%
1) ResNet-101 [01] Vs, PR EAERHIES: > J5 T %
B . i T A BURE Bl 8 S LR AR R AL 12 23
PeRayar K TH, i [10], FATRY KR r =28 r=4 1
BB T ResNet-101 w1 (1 g5 A~ AU T 5
WM FHIEAR L

HNTAEZA REE PR ETRHE, RAT [18] Y
A G AR (ASPP). i BB A k.
PSR, ASPP RS IRHIE AU IS B, 4R il %
M HEE Y. MR AL & PO ARG B, TR
Pl L SRASE B 305 24 B R/ N B B B R R PEARFAIE o A 2R
BRSPS E 5 B 2 A, i b
TEE, AR EE, ARG AL, A,
FARERBR B AR AR 2T 1 < 1 BRUEEE, &
JEAED B s -5 A R AR RERFAE P T 2

PR HRB. RS RPN 30 2103 SR
HEEYESY S0 RIS SOM YT HATIT A A 338 1 A
B, HAdig g R RS /BB RN EE N AL 1A
AR BRI B N ER . T a8, Ea
Fi—A 3 x 3 BPEBUI—A Tl E HOR D B — A
Lx 1R 3E103 SR R B AUE SO -

Lseg = Lpce + 04(1 - LDice)a (1)

H Lpop & IR X, Lpice BT R, & XN:
| X
Lpce = = > [y - log(i) + (1 = yi) -log(1 — 4i)], (2)
i=1

237 (viti) 3)
YDARETEUD DAl
Her o B2—1MEE. N Fox Hx W Y hoosrgo,
yi segoR NS 1 PR R IE BT R R, U
FEXF 4 3 S T

LDice =



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

Conv 1 Conv 2 Conv 3
Conv N Conv Conv
Block Block g

Segmentation

Branch
VR

g

N
)

N
Connectivity
Branch

Conv 4 Conv 5
r7- - ~
Conv Conv I
P Block P Block | (C) 1x1Conv-ReLU|

B 2: Frf i IR RE M 4 (CoANet) HYBEIAZEN . Sifh dii (& TG, ASPP J 25 2 i) 4 7 I AL B,
Bl 2 RIER 2R ) 2 RUZRHE . - HAREE AR A RERUIR . d Fni @ RR S HMPBRR

4

B. # B AARk

KL% CNN Sk o it A o B 5 TE A )y
TR 1 R ST RE R, 6 TR S B A ek 1
SRR, ORI, SEBSESREC. Weas, HIESEANE. FIHT
I7 A EAR I M AR B B ) SR ARAE , 9 FLR T3l b
LAEHK AR R T (EE . R EBUE A E 1
TR, B I — AN 2 18] 17 4K A TR SHe Al B X
PR . AN, BT AR PR
T, FEB LA S K I, T2 ST

Z RSSO R R, AR T —Fh B £k 5 AR
K3 (SCM). & Fig. 3§77, SCM FIRIAKF-. EH. /2
X 2R A X e AN R B UK DO AN R R 7 Tl i
EFSUEA. it X € RIEWXC 55 SCM [ Adk &, H
O H, W, R C FoRE, SEREE IR . AR ERE
Horft, X FEZad—A 1x 1 BBUSHREA NI TFATIAR , 15
AL — TR BT SRS IR SR
HVRRAE R, SR JGEAT L RAERAERI— 1 x 1 %
FPAGFHP RSB 1

A woe R g RUNg 2k + 1 iRk LB B 2%,
D = (Dy, D,,) RugWas w 5, Zp € RIWXC

AT ERRIER . ARG LAE SO

Zpli,j] = (X*w)pli, j]

a (4)

= Z x[i + Dpl, j + Dyl - wk — 1],

I=——k

Horp Xoow FRBRUERAE . D RACREIRI 7 1 i, BUE
(0,1),(1,0),(1,1), M (=1,1), AZHHTAKNY-. EEH. A
XA ARBER . X T U8R w, FATIRE k=4

HEEAFRERA 9 28, 5 3 x 3 BRI
fe LR SCM A, Fuifr thARRAE P A L S
i NFFAE R AP AT I 2 AL B R AR . AT
AT 15 TR A P R i B 1Y A e — B0, HFH

LEROES S IR

C. HiBME T Nk

F TS AT A T AP T 2 T B
B T R e BUE B HA PR O TS XA~ T,
FNIFhe 7 — AW IEE R B (CoA) KA R BN
SRR Z 1A B PR S XK. CoA RERSIRR
BEXMZH KRR, X GRHE T R IC8ES & B



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

i
i

o

—
—

Smnn

> EPD A 2

=] =

o j=¥

O — > —> g

X g

— o
L =)
A

DDD -

. !

Strip Conv

B 3: ZoRERB. ZREREEUFARBIER: KF.
M. R RIG R L.

FEFRAT B L AR B 0 KB AL 22 B 5 2., IF
SEOE I8 B I T

A e H TSSO , FRATT E Se A Sk S 2
PR O € REXWXCo Jidh O FIREERE I REE
BRI E R, FRA1%E C, =8.

TEFEEME R, O Fm—MEESFRENE
ARG R, Hod i, FoRBRSMAE, ¢ £
AHMBRGOIE . O jc = 1 WRWAEREME, W
FORNENERER G R, A EES R Z A A
KRR . T AHAREER, TG e 15 3 rh e B A B Ay
d=1/1gz. WK Fig. 4 (a) iR, C1—C8 fii'# L%
BRI R . WA MR R S AR AL E )
FHARG ZIR BRI AL C1 — C8 g, 3047
A ASRASEE B PENT 1A O ) T B

HEFRATH CoA ik, fnEl Fig. 4 (b) B, #AkK
RIRPE—A 3 x 3 BB, HRZ MY ikE r=d i 3x3
AT 2T TN JEaz B 24 S AH AR5 3 2 ]
MRFR. RIERM [02] PB R (SE) HokseanFilH
TR, 30 3 P A TR L ) A o T i 3
SEJTMR . SE MU SRS AR R sigmoid ML, i
NFFAE EITE 22 R Ptk G i A Ak, FRATAT AR
—AEREY (0, 1) Wymis:, A RAS e DA AFRFE K]
AN EIE . CoA BiURZ 42— H x W xC, 1)
ESYEST R, T T AR SR 15 3 2 1) ) S T

FATHEH Y CoANet H 343 30 AN T4 At
BRglk, Ho—A ik d =1 i, B2 d=3
. XFT d = 3 ) CoA Bitl, 4R E5HAG
HHEFRBES 3, CoA ity 3 x 3 BHEHRKE

ofoJofofo] [o]oJoJo]o] [o]o]oo]0
olololofo] [o]o]o]oo] [o]o]o]o]0
0o 0 ofolo] [ofofo]o]o
0o o| [oft]olofo] [o]o]o]o]0
0o o] [o o] [ofo]o]o
L1
olololofo] [c ‘cz ca‘ ololo
olofolofo olofolo
—0]0 0<-c4hc5—> 0/0/|0
ojojofaio loftfo]o]o
0jojof]o] |cs| |er| |es| [ofH]o]o]o0
' 4 N\

Road ofofofo]o ofofo ofofo
olofofofo] [ofE]olo]0 0jofo
olofoflo] [o 0 olofo
olofofofo] [o]ojojolo] [o]o]ofo]o0
ofofofofo] [o]o]ofo]o] [o]o]o]o]0

[———————— ——— —— — —— — — — — — =
| D 3x3Conv-ReLU I 3x3Conv-ReLU (Dilation = d) D Fully Connected I

|
I @Global Average Pooling @
L

S
(b)

Bl 4: (a) BEEME T AR TR IR, RAEEBRRZ I
Wk d = 1. fEEEERT, AORRFRER, Kol
RIONEH . EEEMITRT, AR R ORI,
Horp 1 ZRB 507 ESMBREMIE, 0 Frk
ERNBR. (b) EEEEE B (CoA),

M= 3. RAAFEBERMA CoA BHRAIRE REE

W, SRETINE R . FRATRAE S5 X3

I ITIEAE CoA BRI B E T B PERER HLE 2 04T
PR SRR SR B BUE SR -

Lcon == Ldl + ﬂLdi}, (5)
1 C, N
L=~y ;;[yf-log(yf)ﬂl —y§) log(1— )],

(6)



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

Hrp g BAER. Co TR EBRZIRIAHBIE R IEL
i, N & HxW YRR rgce. yf 2FR0HE 1 1
SEBR R GHAENE ¢ RGN I v B
MR, ye T 4 SO RTINS E . B eREE Las
5 Lay M.

BRI R SR BOT DAE LA -

LCOANet = Lseg + )\Lcona (7)

/\EP A %ﬁ%{{&o

IV. 5£56

TEATT R, FATRF 558 P 6 B P R S AT
flibn. BLoh, abPROE T R A E PR TR PR AL 4

A $IEE

FRATAY S B T PN S K PR i B LR O YR
PERE .

SpaceNet [(3]: ZERARSRML T2k B A, Filrdiim
W, bR RIS FESKTT 30 JEK /R R HER N
1300 x 1300 MG : . JEBEITER AL B BT fE, 3%
RE B HLOZ . SRS H 2,780 TRIFMRLHAL, 43k 2,213
S H T UNZR R A 567 5Kk AT Eg , g [04].
FATE AL AE 650x 650 HEK BT EMG K TN AL .

DeepGlobe [05]: 5L HE 50 JHAK /1§ 1 &
B, BESPZH 1024 x 1024, XEEG K H =N
PIHLIX : ZEE . BV R PG AN B . B AMS R, 1
FEEMAT R, ZERE S 6,226 KIEMG, WEIF [041],
FATHRFHAF L 4,696 FRYNZREER 1530 R 4E . iRl
512 x 512 R3S EMGEY el gk .

B. & 354R

K TR FWRbR. T VPG TRAT Y T8 B 23 7 vk
PERE, WAVEM F1 R MEESE (IoU) EE. mT
SpaceNet B dfERE AL IE X He bR, Fef T
Xt S5 L FR AT E MM R R B 7 I SR Ol o AEFK
s, JHE P oL XE N 3 ok (10 ME
=)o

HeTRDBM bR . FATT80 S8 b - AR K EEAR
it (APLS)
ALPS FFHEMRESE G MENE G g1 stz
DR 2257, HoE SOR

L(a,b) — L(a, b
APLS—liZmin{l,‘ (a.t) ( )‘} (8)

L(a,b)

(6] A VA3 5% Y 4 I I A 00 22 3 o

# I AP CoANet 5 SpaceNet ¥fadk b—2h st
LAY TE B S O YA 7 R AR (%).

| FI ToU  APLS
DeepRoadMapper [1] rccvir 71.47 55.61 46.76
Topology Loss [26] CVPR18 58.44 41.29  39.08
LinkNet34 [15] verpir 73.96  58.68  63.12
D-LinkNet [39] cvprw1s 69.77  53.57  50.20
RoadCNN [5] cvpris 73.74 58.40  59.39
ImprovedConnectivity [6] cvprio | 75.91  61.17  62.81
VecRoad [68] cvprao 63.63 46.65 61.64
CoANet 76.91 62.48 65.53

Hoepoa,b A PUEFNE G PR ESE G A a,b
FrEH . L(a,b) and L(a,b) 4 BIFRE G #l G Hxt
W BB KR . e MR AR R

C. EMm¥

A1) CoANet 1, (I THEEK N 16 HbEHL
BRI T (SGD) (b . sh i AL Bl 340 BB
0.9 1 5 10~*. 2T RAANE N 0.01, Ff TR “poly”
M TRMTE G220 5, L2 o] SR (1 — it o
power = 3. Fefl 19y AR AL fE% Py Toreh [66]
PATHY, SEEETE 4 4 NVIDIA RTX TITAN GPU _|5E
By, PAA5h 24GB. PyToreh [00] Al Jittor [07] KA H) Y
(REHAF ATF S ARGt R 1 P BEALIERS | kP
W AT ORI ASORI S B SR B R B2 1 B
Sy I ARG R i E KD 512 % 512

AESEEN B, R A S 55 0 O e 44380 B
BRI L5 . EBVERE TR i th A\, e
BRSO HU AT DA 25 BRI 9 — > TR B,
RE T I7 b6 O, W 0(0i50) > ¢, (i.4) B
AR E T ¢ bR FRANERY , FFH S
MRIEHBE . o) & sigmoid TLRIEEH, ¢ RH(H.
TNV O MyRR A, FHHE ALK, T AR5
YRR, HEHIA ) A O, B
LA

D. 5t Fikeyrbi

AT, FATH CoANet 1H1ERES SpaceNet A
DeepGlobe #4485 b1 JUA o5 S 3k 1) 18 B 2 O ¥R 3647
H#t, 45 DeepRoadMapper [1], Topology Loss [20],
LinkNet34 [15], D-LinkNet [39], RoadCNN [5], Improved-
Connectivity [6], Al VecRoad [68]. fEiX2E)3H, Deep-



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

Khartoum Shanghai Paris Las Vegas

DeepGlobe

DeepGlobe DeepGlobe

DeepGlobe

“
B
N

[

B

Bl 50 AT CoANet 5 HAMRRSEIHINAREMEILE. ) FMEME, 206 B, Eo: BmprE. S

oyl demiy. BA. B, %84 SpaceNet |
| HIATHE|H )\ {742 DeepGlobe |

show the comparison results of DeepGlobe |

| FORSTEIR T I L4 5 . The fifth to the eighth rows
] BIXFHER . (a) LEEIR. (b)

H{EHE. (c)-(i) DeepRoadMapper i&HLEZER [1], #HFMISL [20], LinkNet34 [15], D-LinkNet [39], RoadCNN [5],

ImprovedConnectivity [6], FIFf1# CoANet.

RoadMapper [1] fl ImprovedConnectivity [6] F| i 5k
AP YR A R A TR, TG R A IR A R

SpaceNet %#iifl LiysE%s. SpaceNet #4li4E b
PRSI AERME 1 PR, EEEREWZ, EOW
CoANet 715 T8 F AE T F W Fa b5 5 T 00T oAl .
BN, CoANet HUf% T 76.91% 1 F1 1343H1 62.48% [
IoU 1843, 43k ImprovedConnectivity #2855 1 1.00% Fil
L31%. AT TG E B FNEM TR APLS, AR
JIERFRAE T LinkNet34 [15] #2717 2.4%. tiF3A]

PEH ) CoANet KA &R E 2 [ 4 FIRIC R E]—A
REZE R, R E AT DA T A rp s e i B G B . o
FEE, O PEE R A T DA — 2D P R 1Y
b EE M. AT R T—FE T B 7% VecRoad,
EIIATEARESENEREIRRER.. BRI EE
ToU 2380 b 3kf% T 15.83% ekitt, #£ APLS 4380 I 3kfs
T 3.89% Rk, BT I VA ORUE P EGE B 1
P, EARBfAE R EBURIWIAR . Hit, AT CoANet
WHETE 0 R T



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

# 1L AP CoANet 5 DeepGlobe ¥iflifl E—285
SERERYIE B SR IR E R R (%).

| F1 10U APLS
DeepRoadMapper [1] rccvir 78.04 63.98 58.85
Topology Loss [26] CV PR18 56.07 38.95 46.99
LinkNet34 [15] verpir 79.65 66.18  72.93
D-LinkNet [39] cvprwis 7749 6326 7181
RoadCNN [5] cvpris 79.08 65.40 71.15
ImprovedConnectivity [6] cvprio | 79.93  66.58  71.69
CoANet 81.22 68.37 73.48

SpaceNet (3] j&— iR EGEAR - BORE T T K £
&, WS TN FERER, mEEA K. AEX
FEE A RS . O 5 . B n BIEAR AR IR .
TAV AR T R R MMET B Habs EIUS T 544
3, XA CoANet BRASALIIE 243k i 22 RS I FRHL
B ORI R B

DeepGlobe %Hif ERysgss . 3 Table 1T Bn T3
i1$& Hi# CoANet 5 Z HifE DeepGlobe $#li4E iyt
TR R E AR . T VecRoad [08] fF 2B KLk
H 1 ground truth, i DeepGlobe BAHEHK ISR, T
PAAJEZR VecRoad HJSEHESAR. FATHY CoANet SEH 1
68.37% 1) ToU Zp%k, PLTHAW YA, FIR5E Z4rm ik
ImprovedConnectivity [6] #2251 1.79%. M4h, CoANet
TEHIT etk APLS 4940, JLREREIET LinkNet3d 0.55%
il D-LinkNet 1.67%.

DeepGlobe [65] HHREREB F 2Ok B R . B
W REN 2 FER, B ETEARTZ, KRG
— SR T REA AN IR P SEE . I HA AR R 15 i ™
HER . SLIREERRM], AT CoANet XAl X i
AR Z5A7E SpaceNet [63] Fdlide ERYZER, R
AR B VAR [ DX B A [ 38 S 20 B A Sk

A PEEEER . FATH) CoANet FHA 0 & Pk R S
RN Fig. 5PrR, H /R K H SpaceNet [03] A[A] 5K
THIPYAS7R BT DeepGlobe [65] BIPUASRBI 752 EHY
&, IR P IR A i S T SR E B — B, IR E
FEAERDBBR IR R . 8 — S PR XK, HAb Ty
VAR E T REL W, AT CoANet fRAFHILREF
TIEMME. BN, FERrE TS5 R (B Fig. 5SHRyEE—
1) W, BB T A — MY, IR EERE £t
F T LB . 1S DeepRoadMapper [1], #hifhiisk [20],
LinkNet34 [15] #1 ImprovedConnectivity [6] #2858 5
ARZ M, KRigfrfrEs:, (2t CoANet 153145
SR T ELEAH—EL

B 6: Bt EAEAS R S AR EE R . R B
PHE, o6 fRPHME, e B F—225%E=5%
R~k H SpaceNet [63] Fil DeepGlobe [65] FI=FEAR, (a)
FfHE . (b) #Lk. (c) #Zk + SCM. (d) #k + CoA. (e)
CoANet HAILE d =1 ) CoA FiHe. (f) 8 =4 CoA fi
Hiy CoANet , (g) CoANet.

1+ DeepGlobe( Fig. 544 /\17) BIZER T, HEHk
HARAHIX , AR A RS B ™ RS . SIRATH B
o, A R B 8 B e A 2 . X S n] A G R



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

1L $EH R0 BRI (SCM) FIEHz 1 B
(CoA) [yIHARIF (%), HAREIET ResNet-101 (No. 1)
B EIRAL . RATEAN T SCM Bl CoA Bik iR

%% V: E-ﬁﬂﬁl@ﬂﬁﬂﬁﬁ%m%%f L (SCM) HY i BT
gE (%)o H'. VL AR IR B A ETEAR I
N KP. EE, XL, AAXAL. Fil

EMWARME (No. 2 fil No. 3) o 25 4 52315 hiny  #, No. 1 BEEMANFREII SCM: JKFHIERE. 4
CoANet )58 BERUAS . SREBIRNTIER B . No.b R SCM #ANEAREL
SpaceNet DeepGlobe FRABR, B 8 P ER
No. SCM CoA ToU APLS ToU APLS SpaceNet DeepGlobe

1 59.57  58.69 | 63.09  69.13 No. SCM IoU APLS | ToU APLS

2 v 61.84 63.93 63.89 70.09 1 H&V 61.85 64.58 64.57 70.65

3 v 61.10 61.27 | 64.32  70.45 2 H& V&L 62.01  65.01 | 64.69 70.92

4 v v 62.48 65.53 | 68.37 73.48 3 H& V&R 61.93 64.85 | 64.97 70.74

4 H&V&L&R 62.48 65.53 | 68.37 73.48

5 2xH&V&L&R | 61.98 6541 | 65.19  71.03

IV BN R B E A5 I i P BBk (CoA) 1Y
VRS d1, d3, #l d5 2} 31K d=1,d=3,and d = 5
[y CoA Hid. No.l 2RI &4 d = 1CoA ik

f) CoANet, No.2 ﬁ%&ﬂ]ﬁ{iﬁﬁ HffiA . No. 3 FR
B =A> CoA HTHA R M 32
SpaceNet DeepGlobe
No. dl d3 db IoU  APLS IoU  APLS
1 4 62.04 64.87 | 64.39 70.50
2 v Vv 62.48 65.53 | 68.37 73.48
3 v Vv Vv | 6209 6513 | 64.89 70.83

N

& %%‘F%/JEF7 FAMIH) CoANet RIMATHTIALEER . 2%
f“ii FLPAPE, 206 fRpHE, e BPltk. 1721

HEMG, %4723l CoANet HIIEFKHRINEER . (a)-(b)
¥ H SpaceNet [63] A1 DeepGlobe [65] F=AMHEAR,

UE T FATH) CoANet 7E M T 5 PG 4R GE B AE 55 PRI
A

# VL FAHE ) CoANet Fl1—LE iRkt iE e Uy ik
AEAHIR 25 AE T A AT IR TE] o FRATTH T AR /N 1
BAUI R AT — 5K R (s) BOFHEREITE .

‘ Training Inference

DeepRoadMapper [1] rccvir 0.579 0.121
Topology Loss [26] CV PR18 0.168 0.049
LinkNet34 [15] vcrpir 0.201 0.066
D-LinkNet [ ] CVPRW18 0.218 0.071
RO&dCNN [ ] CVPRI18 0.156 0.028
ImprovedConnectivity [6] cvprio 0.361 0.074
CoANet 0.146 0.022
E. Hasta
I IBEYM AT 2CHE. 12 CoANet BT, fiih

T SCM A1 CoA ARLHLA 43 4 412 1 o X e ) 4 i K BRI
R B R ZRIMUI R R T REX MR A
Bk, FATHAT T ASFEBCE 5L, nE Table IIFIR,
2 (No. 1) 2ET ResNet-101 ) FCN 7 LT
FRATEEH A SCM F1 CoA fillA baseline, ¥ SpaceNet %§
PEE I, ToU 180 M 59.57% 252 T 61.84% #1 61.10%.
ZTF SpaceNet i) APLS 234, ¥shn SCM Fil CoA ¥
AT 5.24% Al 2.58%. FELiH SCM Fll CoA Z )5,
FATLE ToU %0 FsEil T 2.91% mosdt, 78 APLS 204
BT 6.84% Myekdt. IR, DeepGlobe
AR I SE I RSB THR T, X BEGRIRUE T FRAT
P& A T MSTHON T 1B PSR EUR A R0 .
FAT I EAEA RS T 18 PSS R WA Fig. 6R.
LRGSR A — LU R B, U R AR RS 1 X Ik
W CoA i), By R Wik Bog i #2,



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

BRSO MBERY, AL B RS OR A hE 3%
SCM KIHA BT ol v, SR M) g . (Hi2,
M1 SCM 2 iR AR S R M A r, Al 3
A HELE X R] RE MR AN TE B, X & BT B L SR P B
Ko fEERm2, WERBATHAMA P, &4
—LBf . SCM iR CoA Bl MI4IE K ik sk
AT B, CoA BIHLRT DARIT 12K H 15 A TC KM . R,
FAI CoANet sl L 45 G P MEBIRAT T iR i B

4k

AFIBLEX CoA W5BmI. Il Sec. II-Crfiikny, 3
32 CoANet Hrg 47 A & WA CoA i, Horp
—ARd=1, B4 d=3. XEKEMN T IEES L
i CoA BLHOR [FIBLE HRER , 4555 3% Table IV, 3§
i1 L CoANet-d1 FnFA1#E 1) CoANet HA & —4
d =1 1) CoA Fitl, CoANet-d5 FrFf1H) CoANet H
d=1,d=3,and d = 5 ) = CoA FitlH i, CoANet-d1
7E SpaceNet [63] 315 62.04% 1) ToU 4340F1 64.87% (1)
APLS 54 #INT d =3 iy CoA B )5, MERETE ToU
A EIRE T 62.48%, FE APLS 4% i3] 65.53%.
IRTT, AR CoANet f=A> CoA iR (Fig. IVHY
No.3), HAERERT CoANet-d1 (No. 1), {HRETAHMA
CoA i) CoANet (No. 2). MATHIALEE AT DA 5
. i Fig. 6, CoANet-dl [AZ55R il —Le Wit
Bulbsh, e e R 5 HAM G RMWREFE KR, CoANet
()3 BB IS AL 5 0 2 s 5 DO B . R FRAT]
PEREEAPIN CoA BURIELE, BIRSMLE R BTG H
THI ELAA

SCM AHECE g . W3 Table VIR, FA15
BT T fR A28 oA R SCM B84, 24 SCM 47K
SR AT BT, BAE SpaceNet $ladEn) ToU 1545
3RS 61.85%, fE APLS 184 345 64.58%. 1] PAIE T
BIM—FA R G BRI R ERE . W3 Table VA No. 2
M No. 3. iRIMAX FLMAX LR ERGE, 110
CoANet fF IoU 84> Fik%| T 62.48%, #F APLS 84 b
KEN T 65.53%. DA FSEIEERAFERATGT . (1A
TEARIT 4 AHRRER, AT v DA IR S 2425 87
I AH B S0, REEENE, XA TS LERS
TR M E 2 — 20, F ARG 58 A8 4R
5T SCM AR S A BRI BRI A \AE Y
BlE4sH. a0 No. 5 jrdl), MTHOMISKHER, BitE
THEREMEE R IR TR AR . I, FRATEE SCM
B T AR AR

10

F. itk

RWeRBIsPr. B BT R sem PRy, FRATEE S
i) CoANet TEW LG SpaceNet [63] Fl1 Deep-
Globe [65] ESCHL 7B et tERE(H 2, FRATMITTIA
THIRAEAE— 2L R IR IR AN Fig. TRy, AR
TRBEPNEIREN =AFEA X T Fig. 7, TERG PR
H—BEER— LA A, BT RARTIERSY S8
T % DI P ) i 55w FHLZE, i Fig. 7 (b) A1 (c) iR, H
TP AR H A, HLsk 28 X3 8 i 7E 52 B G rh T
REATTIL, FATT) CoANet JoyiArik SEIXIa AR iEiE IR
FrEmEEME. Rk, FRATRE B HAL (G B R BOX
48 5 PR AR I E B, 1A T ARNR AR GPS
W EEERE, PR EG T RIE R M 2] DA HA
AN A . FRATAT AR S AR 2R B UE B, X
AR 42 DI 1 A

isfTit ] 5B . FATLE SpaceNet [03] Hdlde B A
T CoANet FIJLF e et n)E BSOS ] o

A D5 B SR 2 7E B 4 > NVIDIA RTX
TITAN GPU By TARuG B AT, N T A, ARG
T AR RN AR I ZR I TRIFIR /N A 512 % 512 1Y
PG B HERE B (AR 2, FRAT1H CoANet SEBL T Hx
PN LRI [ FIHERR I R] . sk, FH AL PR BRI 7
Il DeepRoadMapper [1] I ImprovedConnectivity [6], 75
B Z B I R FEAT N RN . SRS S A AR RE AN TP
PUTHERE, AT 1M CoANet B13dE A M T E KI5 P B
TE .

V. ghig

FEASCR, AR T —F TN T2 B G iR BGE
P R MR T M (CoANet ), B 3 [7] 2% > 43 RIS
W FR . AT AN T — IS5 FRAD 25 44 I 2 o
SESJBBRAUEHE . ZIEFIRMIE R, X LeTE R R
Bers IS AR TR IRE R (SCM),
PR B B4 i B 1 TR . SCML ] YA AR FE M Y A~
NI AR AR R SOl R, AT TR AN ¢ XT3
FRE2ES] . HETZNZ, N TR @SR AT
TE B IR, TR TR I (CoA) RiE
TG R X R . W EBRER /SR R iE
AT, XHPEE TERELS, SEk e
UFHLLRE o XPRATEAME (SpaceNet I DeepGlobe i)
MR SEIAIE I T IR AT 1 19 CoANet 5 JURNR SeHE1 7
AL BRI . FRATA AT TIH B SE 5 AR SCM. Al
CoA B AR, HHMRT CoA B L& EFE 1)
LR Ak, FRATHY AR & T 22 n DA 14 A



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

BRGALSS , BIANSEAE 73 EIRITE SR, R T R
T AT AR Ry 3 FUE 55 10— R 50 7 . s, ATl
PAKF D B PR TR 50 P, A BT AR 45

T

Bt
AWFFEFFE] T 2018AAA0100400 5 B BfR B — U
RITH , ERERPEESE (61922046) FIKH

T EAREES (17JCIQIC43700) HYSLHF.

(1]

2]

3]

(4]

[5]

[6]

(8]

[9]

(10]

(11]

(12]

(13]

2% 3CHk

G. Mattyus, W. Luo, and R. Urtasun, “Deeproadmapper: Ex-
tracting road topology from aerial images,” in IEEE Int. Conf.
Comput. Vis., 2017, pp. 3438-3446.

A. Van Etten, “City-scale road extraction from satellite imagery
v2: Road speeds and travel times,” in IEEE Winter Conf.
Applications Comput. Vis. IEEE, 2020, pp. 1775-1784.

R. Alshehhi and P. R. Marpu, “Hierarchical graph-based seg-
mentation for extracting road networks from high-resolution
satellite images,” ISPRS J. Photogramm. Remote Sens., vol.
126, pp. 245-260, 2017.

B. Liu, H. Wu, Y. Wang, and W. Liu, “Main road extraction
from zy-3 grayscale imagery based on directional mathematical
morphology and vgi prior knowledge in urban areas,” PloS one,
vol. 10, no. 9, p. e0138071, 2015.

F. Bastani, S. He, S. Abbar, M. Alizadeh, H. Balakrishnan,
S. Chawla, S. Madden, and D. DeWitt, “Roadtracer: Automatic
extraction of road networks from aerial images,” in IEEE Conf.
Comput. Vis. Pattern Recog., 2018, pp. 4720-4728.

A. Batra, S. Singh, G. Pang, S. Basu, C. Jawahar, and M. Paluri,
“Improved road connectivity by joint learning of orientation and
segmentation,” in IEEE Conf. Comput. Vis. Pattern Recog.,
2019, pp. 10385-10393.

M. Barzohar and D. B. Cooper, “Automatic finding of main
roads in aerial images by using geometric-stochastic models and
estimation,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 18,
no. 7, pp. 707-721, 1996.

I. Laptev, H. Mayer, T. Lindeberg, W. Eckstein, C. Steger, and
A. Baumgartner, “Automatic extraction of roads from aerial
images based on scale space and snakes,” Machine Vision and
Applications, vol. 12, no. 1, pp. 23-31, 2000.

D. Chai, W. Forstner, and F. Lafarge, “Recovering line-networks
in images by junction-point processes,” in IEEE Conf. Comput.
Vis. Pattern Recog., 2013, pp. 1894-1901.

R. Stoica, X. Descombes, and J. Zerubia, “A gibbs point pro-
cess for road extraction from remotely sensed images,” Int. J.
Comput. Vis., vol. 57, no. 2, pp. 121-136, 2004.

Y. He, H. Wang, and B. Zhang, “Color-based road detection
in urban traffic scenes,” IEEE Trans. Intell. Transport. Syst.,
vol. 5, no. 4, pp. 309-318, 2004.

J. Long, E. Shelhamer, and T. Darrell, “Fully convolutional
networks for semantic segmentation,” in IEEE Conf. Comput.
Vis. Pattern Recog., 2015, pp. 3431-3440.

O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional

)

networks for biomedical image segmentation,” in Med. Image.

Comput. Comput. Assist. Interv. Springer, 2015, pp. 234—241.

14]

(15]

[16]

(17]

(18]

(19]

20]

(21]

(22]

23]

[24]

25]

[26]

27]

28]

29]

11

V. Badrinarayanan, A. Kendall, and R. Cipolla, “Segnet: A deep
convolutional encoder-decoder architecture for image segmenta-
tion,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 39, no. 12,
pp- 2481-2495, 2017.

A. Chaurasia and E. Culurciello, “Linknet: Exploiting encoder
representations for efficient semantic segmentation,” in IEEE
Visual Communications and Image Processing. IEEE, 2017,
pp. 1-4.

L.-C. Chen, Y. Zhu, G. Papandreou, F. Schroff, and H. Adam,
“Encoder-decoder with atrous separable convolution for seman-
tic image segmentation,” in Fur. Conf. Comput. Vis., 2018, pp.
801-818.

L.-C. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and A. L.
Yuille, “Deeplab: Semantic image segmentation with deep con-
volutional nets, atrous convolution, and fully connected crfs,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 40, no. 4, pp.
834-848, 2017.

L.-C. Chen, G. Papandreou, F. Schroff, and H. Adam, “Rethink-
ing atrous convolution for semantic image segmentation,” arXiv
preprint arXiv:1706.05587, 2017.

V. Mnih and G. E. Hinton, “Learning to detect roads in high-
resolution aerial images,” in Eur. Conf. Comput. Vis. Springer,
2010, pp. 210-223.

G. Cheng, Y. Wang, S. Xu, H. Wang, S. Xiang, and C. Pan,
“Automatic road detection and centerline extraction via cas-
caded end-to-end convolutional neural network,” IEEE Trans.
Geosci. Remote Sens., vol. 55, no. 6, pp. 3322-3337, 2017.

T. Panboonyuen, K. Jitkajornwanich, S. Lawawirojwong,
P. Srestasathiern, and P. Vateekul, “Road segmentation of
remotely-sensed images using deep convolutional neural net-
works with landscape metrics and conditional random fields,”
Remote Sens., vol. 9, no. 7, p. 680, 2017.

Z. Zhang, Q. Liu, and Y. Wang, “Road extraction by deep
residual u-net,” IEEE Geosci. Remote Sens. Let., vol. 15, no. 5,
pp. 749-753, 2018.

J. D. Wegner, J. A. Montoya-Zegarra, and K. Schindler, “Road
networks as collections of minimum cost paths,” ISPRS J.
Photogramm. Remote Sens., vol. 108, pp. 128-137, 2015.

V. Mnih and G. E. Hinton, “Learning to label aerial images from
noisy data,” in Int. Conf. Mach. Learn., 2012, pp. 567-574.

D. Costea and M. Leordeanu, “Aerial image geolocalization from
recognition and matching of roads and intersections,” arXiv
preprint arXiv:1605.08323, 2016.

A. Mosinska, P. Marquez-Neila, M. Koziriski, and P. Fua,
“Beyond the pixel-wise loss for topology-aware delineation,” in
IEEE Conf. Comput. Vis. Pattern Recog., 2018, pp. 3136-3145.
Y. Liu, J. Yao, X. Lu, M. Xia, X. Wang, and Y. Liu, “Roadnet:
Learning to comprehensively analyze road networks in complex
urban scenes from high-resolution remotely sensed images,”
IEEE Trans. Geosci. Remote Sens., vol. 57, no. 4, pp. 2043—
2056, 2018.

H. Kong, J.-Y. Audibert, and J. Ponce, “General road detection
from a single image,” IEEFE Trans. Image Process., vol. 19, no. 8,
pp- 2211-2220, 2010.

W. Song, J. M. Keller, T. L. Haithcoat, and C. H. Davis,
“Automated geospatial conflation of vector road maps to high
resolution imagery,” IEEE Trans. Image Process., vol. 18, no. 2,
pp- 388-400, 2008.



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37)

(38]

(39]

[40]

[41]

42]

[43]

[44]

[45]

[46]

M. Amo, F. Martinez, and M. Torre, “Road extraction from
aerial images using a region competition algorithm,” IEEE
Trans. Image Process., vol. 15, no. 5, pp. 1192-1201, 2006.

Q. Zhang and I. Couloigner, “Benefit of the angular texture
signature for the separation of parking lots and roads on
high resolution multi-spectral imagery,” Pattern Recogn. Let.,
vol. 27, no. 9, pp. 937-946, 2006.

J. D. Wegner, J. A. Montoya-Zegarra, and K. Schindler, “A
higher-order crf model for road network extraction,” in IEEE
Conf. Comput. Vis. Pattern Recog., 2013, pp. 1698-1705.

S.-H. Gao, M.-M. Cheng, K. Zhao, X.-Y. Zhang, M.-H. Yang,
and P. Torr, “Res2net: A new multi-scale backbone architec-
ture,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 43, no. 2,
pp- 652-662, 2021.

G. Lin, A. Milan, C. Shen, and I. Reid, “Refinenet: Multi-
path refinement networks for high-resolution semantic segmen-
tation,” in IEEE Conf. Comput. Vis. Pattern Recog., 2017, pp.
1925-1934.

S. Jégou, M. Drozdzal, D. Vazquez, A. Romero, and Y. Bengio,
“The one hundred layers tiramisu: Fully convolutional densenets
for semantic segmentation,” in IEEE Conf. Comput. Vis. Pat-
tern Recog. Worksh., 2017, pp. 11-19.

H. Wu, J. Zhang, K. Huang, K. Liang, and Y. Yu, “Fastfcn:
Rethinking dilated convolution in the backbone for semantic
segmentation,” arXiv preprint arXiv:1903.11816, 2019.

T. Takikawa, D. Acuna, V. Jampani, and S. Fidler, “Gated-
scnn: Gated shape cnns for semantic segmentation,” in IEEE
Int. Conf. Comput. Vis., 2019, pp. 5229-5238.

R. Alshehhi, P. R. Marpu, W. L. Woon, and M. Dalla Mura,
“Simultaneous extraction of roads and buildings in remote
sensing imagery with convolutional neural networks,” ISPRS J.
Photogramm. Remote Sens., vol. 130, pp. 139-149, 2017.

L. Zhou, C. Zhang, and M. Wu, “D-linknet: Linknet with
pretrained encoder and dilated convolution for high resolution
satellite imagery road extraction.” in IEEE Conf. Comput. Vis.
Pattern Recog. Worksh., 2018, pp. 182-186.

G. Méttyus and R. Urtasun, “Matching adversarial networks,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2018, pp. 8024—
8032.

X. Li, Y. Wang, L. Zhang, S. Liu, J. Mei, and Y. Li, “Topology-
enhanced urban road extraction via a geographic feature-
enhanced network,” IEEE Trans. Geosci. Remote Sens., 2020.
Y.-W. Choi, Y.-W. Jang, H.-J. Lee, and G.-S. Cho, “Three-
dimensional lidar data classifying to extract road point in urban
area,” IEEE Geosci. Remote Sens. Let., vol. 5, no. 4, pp. 725—
729, 2008.

M. Yadav, A. K. Singh, and B. Lohani, “Extraction of road
surface from mobile lidar data of complex road environment,”
Int. J. Remote Sens., vol. 38, no. 16, pp. 4655-4682, 2017.

J. Liang, N. Homayounfar, W.-C. Ma, S. Wang, and R. Urtasun,
“Convolutional recurrent network for road boundary extrac-
tion,” in IEEE Conf. Comput. Vis. Pattern Recog., 2019, pp.
9512-9521.

J. Hu, A. Razdan, J. C. Femiani, M. Cui, and P. Wonka, “Road
network extraction and intersection detection from aerial images
by tracking road footprints,” IEEE Trans. Geosci. Remote
Sens., vol. 45, no. 12, pp. 4144-4157, 2007.

J. Biagioni and J. Eriksson, “Map inference in the face of noise

[47)

(48]

(49]

[50]

[51]

[52]

(53]

[54]

[55]

[56]

[57)

58]

[59]

[60]

[61]

(62]

[63]

[64]

12

and disparity,” in Int. Conference on Advances in Geographic

Information Systems, 2012, pp. 79-88.

Z. Shan, H. Wu, W. Sun, and B. Zheng, “Cobweb: a robust map
update system using gps trajectories,” in Int. Joint Conference
on Pervasive and Ubiquitous Computing, 2015, pp. 927-937.
R. Stanojevic, S. Abbar, S. Thirumuruganathan, S. Chawla,
F. Filali, and A. Aleimat, “Kharita: Robust map inference using
graph spanners,” arXiv preprint arXiv:1702.06025, 2017.

J. Yuan and A. M. Cheriyadat, “Image feature based gps trace
filtering for road network generation and road segmentation,”
Machine Vision and Applications, vol. 27, no. 1, pp. 1-12, 2016.
T. Sun, Z. Di, P. Che, C. Liu, and Y. Wang, “Leveraging
crowdsourced gps data for road extraction from aerial imagery,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2019, pp. 7509—
7518.

F. Shen, R. Gan, S. Yan, and G. Zeng, “Semantic segmentation
via structured patch prediction, context crf and guidance crf,” in
IEEE Conf. Comput. Vis. Pattern Recog., 2017, pp. 1953-1961.
J. Dai, H. Qi, Y. Xiong, Y. Li, G. Zhang, H. Hu, and Y. Wei,
“Deformable convolutional networks,” in IEEE Int. Conf. Com-
put. Vis., 2017, pp. 764-773.

X. Wang, R. Girshick, A. Gupta, and K. He, “Non-local neural
networks,” in IEEE Conf. Comput. Vis. Pattern Recog., 2018,
pp- 7794-7803.

Z. Huang, X. Wang, L. Huang, C. Huang, Y. Wei, and W. Liu,
“Ccnet: Criss-cross attention for semantic segmentation,” in
IEEE Int. Conf. Comput. Vis., 2019, pp. 603—-612.

W. Wang, T. Zhou, F. Yu, J. Dai, E. Konukoglu, and
L. Van Gool, “Exploring cross-image pixel contrast for semantic
segmentation,” arXiv preprint arXiv:2101.11939, 2021.

G. Bertasius, L. Torresani, S. X. Yu, and J. Shi, “Convolutional
random walk networks for semantic image segmentation,” in
IEEE Conf. Comput. Vis. Pattern Recog., 2017, pp. 858—866.
Y. Cheng, R. Cai, Z. Li, X. Zhao, and K. Huang, “Locality-
sensitive deconvolution networks with gated fusion for rgb-d
indoor semantic segmentation,” in IEEE Conf. Comput. Vis.
Pattern Recog., 2017, pp. 3029-3037.

J. Ahn and S. Kwak, “Learning pixel-level semantic affinity
with image-level supervision for weakly supervised semantic
segmentation,” in IEEE Conf. Comput. Vis. Pattern Recog.,
2018, pp. 4981-4990.

Y. Hou, Z. Ma, C. Liu, T.-W. Hui, and C. C. Loy, “Inter-region
affinity distillation for road marking segmentation,” in IEEE
Conf. Comput. Vis. Pattern Recog., 2020, pp. 12486-12495.

J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei,
“Imagenet: A large-scale hierarchical image database,” in IEEE
Conf. Comput. Vis. Pattern Recog. Ieee, 2009, pp. 248-255.
K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning
for image recognition,” in IEEE Conf. Comput. Vis. Pattern
Recog., 2016, pp. 770-778.

J. Hu, L. Shen, and G. Sun, “Squeeze-and-excitation networks,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2018, pp. 7132—
7141.

A. Van Etten, D. Lindenbaum, and T. M. Bacastow, “Spacenet:
A remote sensing dataset and challenge series,”
arXiv:1807.01232, 2018.

S. Singh, A. Batra, G. Pang, L. Torresani, S. Basu, M. Paluri,
and C. Jawahar, “Self-supervised feature learning for semantic

arXiv preprint



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. , NO.

segmentation of overhead imagery.” in Brit. Mach. Vis. Conf.,
vol. 1, no. 2, 2018, p. 4.

[65] I. Demir, K. Koperski, D. Lindenbaum, G. Pang, J. Huang,
S. Basu, F. Hughes, D. Tuia, and R. Raska, “Deepglobe 2018: A
challenge to parse the earth through satellite images,” in IEEE
Conf. Comput. Vis. Pattern Recog. Worksh. IEEE, 2018, pp.
172-17 209.

[66] A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury,
G. Chanan, T. Killeen, Z. Lin, N. Gimelshein, L. Antiga et al.,
“Pytorch: An imperative style, high-performance deep learning
library,” in Adv. Neural Inform. Process. Syst., 2019, pp. 8026—
8037.

[67] S.-M. Hu, D. Liang, G.-Y. Yang, G.-W. Yang, and W.-Y. Zhou,
“Jittor: a novel deep learning framework with meta-operators
and unified graph execution,” Science China Information Sci-
ences, vol. 63, no. 12, pp. 1-21, 2020.

[68] Y.-Q. Tan, S.-H. Gao, X.-Y. Li, M.-M. Cheng, and B. Ren, “Ve-
croad: Point-based iterative graph exploration for road graphs
extraction,” in IEEE Conf. Comput. Vis. Pattern Recog., 2020,
pp. 8910-8918.

Jie Mei is a Ph.D. student in College of
Computer Science, Nankai University. He is
supervised via Prof. Ming-Ming Cheng. His re-
y search interests include computer vision, ma-
chine learning, and remote sensing image pro-

cessing.

Rou-Jing Li is currently a master at Faculty
of Geographical Science, Beijing Normal Uni-
versity, Beijing, China. Her research interests
are remote sensing image processing, machine

learning, and spatial analysis.

Wang Gao received his master degree
from the Third Research Instituteof China
Aerospace Science and Industry Corporation
in 2017. He is currently with the Science
and Technology on Complex System Control
and Intelligent Agent Cooperation Labora-

tory, Beijing, China. His research interests

include computer vision, scene matching, and

visual navigation.

13

Ming-Ming Cheng received his Ph.D. de-
gree from Tsinghua University in 2012. Then
he did two years research fellow with Prof.
Philip Torr in Oxford. He is now a profes-
sor at Nankai University, leading the Media
Computing Lab. His research interests include
computer graphics, computer vision, and im-

) / age processing. He received research awards,
including ACM China Rising Star Award, IBM Global SUR Award,
and CCF-Intel Young Faculty Researcher Program. He is on the
editorial boards of IEEE TIP.



