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Road Extraction from Remote Sensing Images Based on Composite Attention Network

DING Shupei, ZHANG Wenhui, WANG Tengfei
(Zhongke Xingtu Zhiyuan Technology (Anhui) Co., Ltd., Hefei 230031, China)

Abstract: Road detection plays a vital role in various scenarios such as urban planning, map update and vehicle navigation. The data-driven

methods based on semantic segmentation usually only consider local spatial features, resulting in discontinuous road information extraction and

jagged boundaries. In order to solve these problems, we proposed an improved strip attention and composite attention enhancement architecture

(SA-UNet) to achieve refined road extraction from high-resolution remote sensing images. Firstly, we used ResNet to extract features, and

introduced a composite attention mechanism in the central area of network to obtain the global features of road information. Then, in the network

decoding process, we used a strip attention mechanism to obtain local road information. The results show that SA-UNet method is superior to

other semantic segmentation networks in terms of the accuracy and continuity of road extraction and can serve different road information

application scenarios.

Key words: road extraction, strip attention mechanism, composite attention mechanism, high-resolution image, deep learning

TH S IR A E B 150t 1 15 b AN AT B Y 4
iy, X | R A A T R A A 2 A T o LAY
B S TR 0 8% 0 {75 2 A v T 1 2 ) AR v
J3E b P S AR AL T AR, DR b R TR T S P %
01T LASR 2 58 B AR FE A R S (H T2 A B
SR A, PRI S 2 H AR T % I 2% 1 P -
AR TEEME S o 5T EUES A, EIREIR
TH %3 ) EAT ThRR R P FIPR SRR B TSI
WG RIROR B LT, PRI E Oy —
U . R 0 B D7 125 AT 23 AR G S E AR 5 ]
LN AL G A AU HE Gabor JE Y 7% . Sobel B 43
IS DL e SCRg iy &AL BEATLARAR ™SS B SEE i HIL
a2 Ok, GEA R BUE EGE RSO . hs . TBAR
ERFESEA T AR FIY, S HARSEIRT T 2
PR IE T A BAFTE R Z T, IG5 )5 12

SE LA 2 T BRI SR o I AR IR B 2 S AR AT
PR e A bR R e, RE B S IR b B E Lt
JEURRAE, S0 b iR - R T M g ] ™2, S
EIATE S RIS T — & MR, (A TiE R
st s etk , A 8 BRSO 2 HERf P A itk —
PR BT, ARSCER T R X B A5 A B
FFIER) SA-UNet 45, 7€ U-Net 28 JLAE ESIAT
Sy VERE IR, DA o X2 X 1 [ 258 (R ARRAIE 1) O 3
JE, AIA AR T 20 E BEAF S AR EEE T, R R
EIE 0 %M

1 ke

1.1 Bk
Y BEA T ] B I E RN . AN



.26 - .32 F i 15 A

%024 %% 3 41

BN S0 R (LURRIFRELRE .. &, B
B, ZiE., M) DIRTRAR6 N ER, FHAL
HIIB ARG RN B3 . L, A HREURE
K UL b B, ASCHEH T SA-UNet #5571, L U-Net
D £ g FERH RS T8 AR BB SA-UNet #7832 22
s . BRBRIE B AR 2% 3 3R . AL e LA
ResNet18 b F¢ fiF $2 B & T W 2%, i 3t & 4 By Be i)
ResBlock 2H %, %1 ResBlock 1% 4~ 3x3 B FH)ZE |
e IH—AL)J2 A — > ReLU 305 J2 DA S R BR 442 4
BB LURAE B RS 1 07 XA T R e —
J2 ResBlock B HRE & Bl CBAM_ASPP B E i A, 25
25 Al 4715 fk (ASPP) Abui it A RIBZAKCR T Y
BRI Z RE P UFEE . 76 ASPPRH S
IR S HLH (CBAM) A, ] 7E 1 iE Al
25 A]_| R AR AR DG R, B E AR B
BURHE . At 5 AR 2 )R FH SAM A A Bk BR % 42
(A S R 4EBEAS ), BB R ERI Rl G o A6
R AN S ERAERGRUZ, FORFEZR R
TR BRI 1%, 5 SAM %t 45 AT P2 LA 2
MAE BRI EE; SRUZNXTPHES BRI E
TriE— b3, B2 B A BRI N
1.2 EATEZ N HUREL

TR I AL R — b R A 56 1 G H 2 X Sl 2
W ANAH G X389 77 . H AT CBAM" T ASPP REAR 47
N IE AR BT S, RERRERE s
o T RS AR L 24, 5 IR A2 A
Kl 0, PR A SCf B IR T s s A, TE R
CBAM_ASPP#HRe (1), sl 5] Al EF & I pLi
N2 [ LR SRR E R R Ty, i — 24
T R E A VA T R

Rate 1
3x3 Conv

CBAM

’ Rate 6
o ‘ =

: ‘ 3x3 Conv

Rate 12

3x3 Conv

Rate 18

1.3 FAHER B
EPEEAARNFRES R SERERESe M o Il T
TEAREHIN , 17 & FF 8 B0 25 i e R, S )
FEHOR BEAR S bl B2 A5 PP B AR o A o b 43 1
B, PO TN SR E 6 (AT gD iR R 5

i, TR CE 2R 2 (a5 2 . B, ASCE
SAM BEH S S B — A PRI — S R R oA,
i [ AN = R S b Y L ) b S (T et I 14
v R P AR R R R IR 4 L — L A, AT
AR R T 1T SOAF IR At A AR DG XAl T
Yo, BEREHEE BT B A O E AT Bl 5 v 14 I 245
SYEVER, PEEE R

Fr i B SR I R R 8 AR R
fiE, ABFFEIUR R 530, X ARFEB X R —
1T Hx C BT A, 153 s 1 EFVRHE 1) &
vy s S m DA v,

1 Ny o
. =E(X )= e X (D)

Rof, F, R EERTEMAL: X, K m 51

Hx C i
RIFH v, ZATHOT RS ERIZ , IR 0
ERTE v, . B

Yy, = o(W,0(Wvy,)) (2)
A, 6 F ReLU BB %0 ; o K Sigmoid PR % ;
Z><W VV><Z
WieR" . W,eR " NP4,

B v, SEATYAE, R E] Hx Wx C BRI,
T4 ARRHER X A3, 153 IFER X,

FPHAA TR R AR o3 A, SR FHARTR] Y 5453
TTEBNRHEE X, o X, B X, PR, 15
P2 R e X, A B4R R U
L]

2 SCREIRESTNSR

ASCHE Windows 11 R ZGEi i) PyCharm 4 627 i
7525, KA EWRAY Pytorch HEZRSE RN EE . -6
Tl 1 5 35 40, 3% Intel 19-9900KF CPU. 64 GB [N 1 il
NVIDIA 2080Ti (11G) . BARYIZILfbds3R A
Adam; & Batch_size 8. #5242 %4 0.001; %
W N EZ T A X HUART Epoch #41°4 200,

2.1 Bk

Shy 6 E AR SCASE A AE AN [R) PR v T8 [ IR A R
PR, SERR AN A T AT AR SE . B CHN6-CUG
B BT — o A 1 AR SRR T K R TR
SAGERAE T 4 511IE S12x512 KA Rid 14,
434 3 608 VI ZRAE S 51 A1 903 A~ AL 52 1], 328 Je%



%024 %5 3 17

T HBIEF. MNAREER DML RIRZARTRIEE - 27 -

AR BRI T A db Bk, bRk N R F ThriE
A, B A T O B R G I 5% A B ;2018 4F
DeepGlobe HL# LB HEHRFE P I8 AR BOER AR,
6 226 IRIEHGAR , FHIRFZAA/INA 1500 153 x1 50014
R, WS FEARRERMTE R, R S512x512 K/t
ZEHRAE A TE DT, 19524 905 MREAS, H%IE4 : 1Y
Eb BB AL B 2R B A4 . BB R EDR (4
UG FIbRZE LI 2.,

2.2 iFHrREbR

B BEE B E F Fi—score FIZZFEEL (ToU) TF
fHBEIEYERE . ToU FllF —score Z545 75 & T 1E A A I A6
BRI, SR TR AR R bR

3 LRSERHM

3.1 TR

ARG 3 5 | AT T R iR 22 otk s om &2
B2 () 405 FE UERE o SR A AR SR T 3 SR
TE DeepGlobe £t 4 48 B it T — MM IH @I . DL
U-Net JHEZL ML, 53551 A CBAM Fl SAM P F T &
FIFLHIREE S, ARG TRl RS B Xt 18 [ £ JBOKS B2 11 5%
M, SEEGEEIRERE (1), 5 A SAMBIHA] B 5
Mg PEfRE, X TR oU R TF T 4.71%, 1M
TZAE I RE (o IO 285 5 T DG TR ) S (R B AR S, WHE
PR E A7 EINAER; 51 A CBAMARERS , AIXEFHLLk
M4 ToU $2 1 T 1.84%, UiBE & E 1k I
W £ T BE DCTE 42 JR AP AIE 3 A SCRBC UM 4 T HE 2 M 4%
ToU 45 1 6.43%.

TH AR F\—score ToU
U-Net 0.723 5 0.622 4
U-Net+CBAM 0.731 6 0.640 8
U-Nel+SAM 0.752 4 0.669 5
AR 0.7819 0.686 7

3.2 LU 2R X b gy Bf
N T VEAR SA-UNet BRAITEE FEHE P MERE, AL
i3 U-Net, DeepLabV3 FI D-LinkNet #F17 HL A8 207 .

U-Net & — LA i g g — S #5454 ; DeeplabV3
K 2 B B AR $R I REZE (5 E ;. D-LinKNet 5k
FAAmASER—AD 2 254 . 23 G BRI B 2R 2 A 25 1F
T8 B4R IUTE 45, @4t LinkNet 20k g, IEAErbe
W A AERZ . 255 BT AR FARRAE & 4
BERMIE SR RIEZEY . A4S CHN6-CUG 5K
PEEEF DeepGlobe Fi a4 L5 W FR 2, ATLIAEH,
SA-UNet BT 7E A6 45 E BRI FefEkpe, B
4k F D-LinkNet, DeepLabV3 I U-Net, UEH] T AL
CHE P X 28 76 3 [ B0 D TR A e, JFL v 3 B
BT SAM AT DL ff-4b 3R £ T 1A % X3, CBAM AR
T B - 4 JGE 3 {7 B IR A A2 A s 2 RRAE LR
o EIR R

CHN6-CUG i DeepGlobe g

P2 A

Fi—score IoU Fi—score loU
U-Net 0.714 6 0.628 7 0.723 5 0.622 4
DeepLabV3 0.729 3 0.629 3 0.749 2 0.643 8
D-LinkNet 0.748 2 0.650 8 0.765 0 0.661 6
SA-UNet 0.770 6 0.670 2 0.7819 0.689 3

P08 5 B AN TR] 0 285 A 0 45 2R DL &1 3. 4,
LA, SA-UNet 521 75 P A 08k 4R A 9 23 51 2L
SRIGUET HABRERY , T8 3% 5% 18 1k e b, ORI
Bomdmd, HHIEWE RS, 53R 2 WEIE 4R A
W5 o

DeepLabV3 D-LinkNet

DeepLabV3 D-LinkNet SA-UNet

3.3 B
Oy B UEAR SRR YA R [ e S 15 o A0 3

]



.28 - .32 F i 15 A

F04 K% 31

AR SCHR A HE T AR P EL 2022 4E.53 8] 43 #E% 0.8 m 1)
51 275 TR S AGBAR AT R0 18 SRS AR 18 4
FIFH W B HE BRI T RAE AR, S5 0LA S,
ATLVE Y, ASCHRIRR SRR IR E . A iE . HiA .
SIETIRNE . I IESE UG R, XTI VY EL P EAY 1A 3%
FAGAT N AR, HSHEES R I TR . 45
R, AR Fi—score 1 0.76, ToU K 0.67, *i
55 F VR Bt SRS AR 22 /0y U I IR B AE T
B PO B A A B AL SR RS, RE W AL S BR

K

0_125 2.50 500,
——————

FFEI I i

4 % B

ARSCPEH T —Fog B9 P B B R 45 SA-UNet H T
MIERGAR P I BB, B AR SR Z45 60y
HE B E SRR E A I S5 R EW], SA-UNet £
TG AH) SAM REMER $& OH B 19 _E T SCf5 B0 #%
PEAT RE AL, DT $i o G i A o %<5 (] )
CBAM_ASPP L3 al 47 2 S OGHE B AFAE I Bl 5 IR JZ A
FRE R, FEIRRTR IR, R RO .
RSZARZ AL A7 B B AR E AL AP A 251 15 5
N, —F AT R, AR B
SRS BRSO E 507 1%, B4R m i
HERRPE IR E T

SEM

[1]1  #wek, A, Fm R, 5. 446 DCNN 5 42 F6 44 FE AL
0 i BB SEIIR[]]. KK F FIROEZ S FR),
2024,49(3):333-342

[2] I 5RO F, RS SR AR U-Net b2 BG4
By k()] MaFE,2021,46(9):109-114

[3] Mei J,Li R, Gao W, et al. CoANet: Connectivity Attention
Network for Road Extraction from Satellite Imagery[J].
IEEE Transactions on Image Processing,2021,30:8540-8552

[4] Sk, T4, AR, b gk B SRR IRGY T ik 4R
R[T]. # B 53R ,2020,24(7):804-823

(3]

(6]

[10]

[11]

[15]

(18]

RFI, Z 2,2 Y. AT sDNA #9354 M 7% T BT AL
R0 rall]. B 1845 8:,2024,22(9):67-71

s AL, &P R F AT MSRAE B ik R R
R FEIRI]. 3 d K FFIR(A RFFIR), 2016,43(4):
153-156

AR, R T & ARG S RARKS,FER
AL 64 IR T I M FRIG R[], 20 K IR A RFHE
#8),2019,55(1):42-50

B, B, ARG, T AT RS —a s U ARG 3R
9 3 BGY AR AL W 25 AE A ], 3 RAZ A F SR,
2023,25(3):625-637

Xin J, Zhang X, Zhang Z, et al. Road Extraction of
High-resolution Remote Sensing Images Derived from
DenseUNet[J]. Remote Sensing (Basel, Switzerland),2019,
11(21):2499

RK L, E AT, W, . Bt Deeplabv3+69 & 998 ik
B8 S5 R BOBE AL 7], B AR R £ R, 2023, 35(1):
107-114

Wu Q, Luo F, Wu P, et al. Automatic Road Extraction from
High-resolution Remote Sensing Images Using a Method
Based on Densely Connected Spatial Feature-enhanced
Pyramid[J]. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing,2021,14:3-17
RAFIR - 23, R LR, 4. A Tt D-Linknet #9 & 4%
Bt BAR BTy iR (1], o4 &,2023,44(5):162-168

S RBARR[I]. S22 2113 8:,2023,21(6):21-23
WangY,Peng Y,Liu W,et al. DDU-Net: Dual-decoder-U-Net
for Road Extraction Using High-resolution Remote Sensing
Images[J]. IEEE Transactions on Geoscience and Remote
Sensing,2022,60:1-12

Liu R, Tao F,Liu X, et al. RAANet: A Residual ASPP with
Attention Framework for Semantic Segmentation of
High-resolution Remote Sensing Images[J]. Remote Sensing
(Basel, Switzerland),2022,14(13):3109

Huan H, Sheng Y, Zhang Y, et al. Strip Attention Networks
for Road Extraction[J]. Remote Sensing,2022,14(18):1-14
Zhu Q,Zhang Y, Wang L, et al. A Global Context-aware and
Batch-independent Network for Road Extraction from VHR
Satellite Imagery[J]. ISPRS Journal of Photogrammetry and
Remote Sensing,2021,175:353-365

Xie Y, Miao F, Zhou K, et al. HsgNet: A Road Extraction
Network Based on Global Perception of High-order
Spatial Information[J]. ISPRS International Journal of Geo-

information,2019,8(12):571-579



