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Combined Road Segmentation and Contour Extraction for Remote Sensing Images Based on
Cascaded U-Net

LI Yu',YANG Xiangli' ,ZHANG Le* , LIANG Yalin' , GAO Xian' and YANG Jianxi'
1 School of Information Science and Engineering, Chongqing Jiaotong University,Chongqing 400074, China

2 School of Information and Communication Engineering, University of Electronic Science and Technology of China,Chengdu 611731, China

Abstract Aiming at the problem that the deep-learning-based model for road information extraction can only output single-task
results and the inadequate use of correlation between multiple tasks,a combined road segmentation and contour extraction method
based on cascaded U-Net is proposed,which extracts the road contour after fusing the feature map of road semantic segmentation
with the original image. Firstly,the U-Net network structure is used to extract the hierarchical features of optical remote sensing
images,and the cascaded U-Net structure is introduced to concatenate the features to extract the pixel-level label and contours of
roads respectively. Secondly,the attention mechanism module is added to each stage of U-Net to extract spatial context informa-
tion and deep level features to improve the detection sensitivity of details. Finally. the joint loss function composed of dice coeffi-
cient and cross-entropy error is used for the overall training to extract simultaneously the road semantic segmentation and contour
results. On the optical remote sensing dataset of the urban area of Ottawa,Canada, the joint extraction method of road information
based on cascaded U-Net achieves 42% precision,58% recall,48.2% F1 score and 71. 6% mloU in the segmentation index,and
achieves a global optimal threshold(ODS) of 0. 896 in the road detection index. The results show that,the model can meet the re-
quirements of joint extraction of road multi-task information and has better detection accuracy.

Keywords Remote sensing image, Road segmentation,Contour extraction,Cascaded U-Net, Attention mechanism
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Fig. 7 Comparison of segmentation results of several road extraction methods
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Fig. 8 Comparison of contour results of several road extraction methods
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Table 1 Comparison of performance indicators of different methods

Methods mIoU/% Precision/%  Recall/% Fl-score/% OIS ODS

CasNet 59.4 26.6 44.8 33.4 0.830 0.844
Roadnet 58.3 24.0 40.6 30.1 0.807 0.821
SegNet 59.3 25.8 45.8 33.0 0.849 0.851
U-Net 62.0 32.8 57.0 41.8 0.838 0.834
Proposed 71.6 42.0 58.6 48.2 0.896 0.896
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Table 2 Comparison of ablation experiment results

Methods mIoU/% Precision/%  Recall/% Fl-score/% OIS ODS

BCE 64.8 37.5 44.4 40.0 0.846 0.852
Dice 63.9 35.8 44.2 39.6 0.835 0.830
BCE+Dice 71.6 42.0 58.6 48.2 0.896 0.896

HRIE OARSCERM T — M2 T YK U-Net 1938 B (R
T B0 0 R A IO 5 A I 7 i R £ B B BN A AL LA U-
Net Sy & Aty 38 1o 2% 156 000 £ [ Bof 52 B 1 6 70 ) A0 4 o A ik
PIIUAT 55 o 0 2 BEAT 2 AU 5 (RIS D 1 i e 3 B 1 2L 7R
PR I v A AR [ 8, 78 U-Net BT B8N T &
HLﬂ%’J il 530 e 20 0 S IOHS B L E EG 4R B £ 2R T e
B I T RS 9 UE W T T R SR (R S AR B R T
FHER S 51 2% bR B RE % T8 A 280 3t 42 T T8 B A B . 7R D
TR b 2R SCRE R AR AT A A 25 1 A T 5 B9 1 D0 T RE S 1 B
H ¢ B E ) A T Eﬁﬁu,{HXTT 2 R U ) A B T g%
BRI AR B 5 AR SCRE TR A J2 A BE 45 B 43 1) G B R JE AT R R A
I T8 Rk TE %%%E‘JJ_L_‘@G XA AT T R E
A WF ST 0 A R G SR R ORORE R T
IR T ARUIE 5 DX 30T A A B L B BB H RS R O e O R o2
HIIEKER.

£ % X

[1] LIDR,TONG Q X,LIR X,et al. Current issues in high-resolu-
tion Earth observation technology [ J]. Science China Earth
Science,2012,55:1043-1051.

[2] DAIJ G.WANG Y,DU Y,et al. Development and prospect of
road extraction method for optical remote sensing image[ ] ].
Journal of Remote Sensing(Chinese) ,2020,24(7) :804-823.

[3] MENG F,FANG S H. Quasi-automatic extraction of zonal roads
from remote sensing images using template matching and
BSnake model[ J]. Geomatics and Information Science of Wuhan
University,2012,37(1) :39-42.

[4] SCHUBER H,VAN DE GRONDE | J,ROERDINK ] B T M.

Efficient computation of greyscale path openings [J]. Mathe-



-

A5 R TG U-Net B9 38 B 1008 I 5 R 48 5 4R IOy

181

(5]

(6]

L7]

L8]

9]

[10]

[11]

(12]

[13]

[14]

[16]

[17]

[18]

[19]

[20]

matical Morphology Theory and Applications,2016,1:189-202.
LI Q,ZHANG J F,NIU R Q. Damaged road extraction from
post-seismic remote sensing images based on GIS and object-
oriented method[ ] ]. Bulletin of Surveying and Mapping, 2015,
4.78-81.

ALSHEHHI R,MARPU P R,WOON W L,et al. Simultaneous
extraction of roads and buildings in remote sensing imagery with
convolutional neural networks [ J]. ISPRS Journal of Photo-
grammetry and Remote Sensing,2017,130:139-149,

LIU X,WANG G H, YANG H,et al. Road extraction {rom re-
mote sensing image based on full convolutional network [J]. Re-
mote Sensing Information,2018,33(1) :69-75.

ZHANG Y H,XIA G H,KAN X, et al. Road extraction from
multi-source high resolution remote sensing image based on fully
convolution network [ J ]. Journal of Computer Applications,
2018,38(7):2070-2075.

YUAN M,LIU Z,WANG F. Using the wide-range attention
U-Net for road segmentation [ ] ]. Remote Sensing Letters.,
2019,10(5):506-515.

LAN M,.ZHANG Y,ZHANG L,et al. Global context based au-
tomatic road segmentation via dilated convolutional neural net-
work [J]. Information Sciences,2020,535:156-171.

CUI L,ZHANG P, CHE J. Overview of Deep Neural Network
Based Classification Algorithms for Remote Sensing Image[ ] ].
Computer Science.2018,45(S1) :50-53.

LUO L,WANG J X,CHEN S B, et al. BDTNet:Road extraction
by Bi-Direction transformer from remote sensing images[ ] ].
IEEE Geoscience and Remote Sensing Letters,2022,19:1-5.

LI J,MENG Y,DORJEE D,et al. Automatic road extraction
from remote sensing imagery using ensemble learning and post-
processing[ ] ]. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing,2021,14:10535-10547.

YIN W,QIAN M, WANG L,et al. Road extraction from satel-
lite images with iterative cross-task feature enhancement[]].
Neurocomputing,2022,506:300-310.

ZHU X, TUIA D,MOU L,et al. Deep learning in remote sen-
sing [ J]. IEEE Geoscience and Remote Sensing Magazine,2017,
4(4) :8-36.

TONG X Y,XIA G S,ZHONG Y,et al. Exploiting deep features
for remote sensing image retrieval: a systematic investigation
[J]. IEEE Transaction on Big Data,2019,6(3):507-521.

MNIH V,HINTON G E. Learning to detect roads in high-reso-
lution aerial images[ C]// European Conference on Computer
Vision. Berlin, Heidelberg: Springer,2010:210-223.

WANG Y,PENG Y,LI 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.

ZHANG Z X,LIU Q J,WANG Y H. Road extraction by deep
residual U-Net[]J]. IEEE Geoscience and Remote Sensing Let-
ters,2018,15(5) :749-753.

XIN J,ZHANG X C,ZHANG Z Q.et al. Road extraction of

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

high resolution remote sensing images derived from Dense U-
Net[J]. Remote Sensing,2019,21(11):2499.

TAN X W,XTAO Z F,WAN Q. et al. Scale sensitive neural net-
work for road segmentation in high-resolution remote sensing
images [ J]. IEEE Geoscience and Remote Sensing Letters,
2021,18(3):533-537.

LI X, ZHANG S, PAN X, et al. Straight road edge detection
from high-resolution remote sensing images based on the ridge-
let transform with the revised parallel-beam Radon transform
[J]. International Journal of Remote Sensing, 2010, 31 (19):
5041-5059.

HUANG X,ZHANG L P. Road centreline extraction from high-
resolution imagery based on multiscale structural features and
support vector machines [ J]. International Journal of Remote
Sensing,2009,30(8) :1977-1987.

XU Z H,SUN Y X,LIU M. iCurb:imitation learning-based de-
tection of road curbs using aerial images for autonomous driving
[J]. IEEE Robotics and Automation Letters,2021,6(2):1097-
1104.

SIRONI A, TURETKEN E,LEPETIT V,et al. Multiscale cen-
terline detection [ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence,2016,38(7):1327-1341.

GUO Q,WANG Z P. A self-supervised learning framework for
road centerline extraction from high-resolution remote sensing
images [ ] ]. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing,2020,13:4451-446.

ZHANG Y., YANG Q. A Survey on Multi-Task Learning [J].
National Science Review,2018,5(1):30-43.

HEIDLER K.MOU L C,BAUMHOER C.HED-UNet:com-
bined segmentation and edge detection for monitoring the ant-
arctic coastline [J]. IEEE Transactions on Geoscience and Re-
mote Sensing,2021,60:4300514.

CHENG G L, WANG Y, XU S B,et al. Automatic road detec-
tion and centerline extraction via cascaded end-to-end convolu-
tional neural network [J]. IEEE Transactions on Geoscience and
Remote Sensing,2017,55(6) :3322-3337.

SHAO Z F,ZHOU Z F,HUANG X,et al. MRENet: Simultane-
ous extraction of road surface and road centerline in complex ur-
ban scenes from very high-resolution images[]]. Remote Sen-
sing,2021,13(2) :239.

LIU Y H.YAO J.LU X H.,et al. RoadNet:learning to compre-
hensively analyze road networks in complex urban scenes from
high-resolution remotely sensed images [J]. IEEE Transactions
on Geoscience and Remote Sensing,2018,57(4) :2043-2056.

LU X Y,ZHONG Y F,ZHENG Z, et al. Cascaded multi-task
road extraction network for road surface, centerline, and edge
extraction [ J]. IEEE Transactions on Geoscience and Remote
Sensing,2022,60:5621414.

GHANDORH H,BOULILA W,MASOOS S,et al. Semantic
segmentation and edge detection—approach to road detection in
very high resolution satellite images[J]. Remote Sensing,2022,

14(3):613.



182 Computer Science THEHLEIZ  Vol. 51.No. 3, Mar. 2024

[34] RONNEBERGER O,FISCHER P,BROX T. U-net;Convolu- Net: A deep convolutional encoder-decoder architecture for
tional networks for biomedical image segmentation[C]// Inter- image segmentation [ J]. IEEE Transactions on Pattern Analysis
national Conference on Medical Image Computing and Computer and Machine Intelligence,2017,39(12) :2481-2495.

Assisted Intervention. Munich, Germany,2015:234-241.
[35] WOO S,PARK J,LEE J Y,et al. CBAM: Convolutional block LI Yu, born in 1997, postgraduate. His
attention module[ C]// Proceedings of the European Conference main research interest is remote sensing
on Computer Vision. Munich,Germany,2018:3-19. image analysis and application.
[36] SHAO S,XIAO L,LIN L,et al. Road extraction convolutional

neural network with embedded attention mechanism for remote

sensing imagery[ ] ]. Remote Sensing,2022,14(9) :2061.

[37] EVERINGHAM M. ALI ESLAMI S M. VAN GOOL L, et al. YANG Jianxi. born in 1977. Ph.D. pro-

fessor, Ph. D supervisor, is a senior

member of CCF(No. 68607S). His main

The PASCAL visual object classes challenge: a retrospective

[J]. International Journal of Computer Vision,2015,111(1) ;98-

136 research interests include bridge health

[38] LIU Y,CHENG M M,HU X W.et al. Richer convolutional fea- monitoring and transport infrastructure

tures for edge detection [ J]. IEEE Transactions on Pattern monitoring.
Analysis and Machine Intelligence,2019,41(8):1939-1946.
[39] BADRINARAYANAN V,KENDALL A.CIPOLLA R. Seg- pigs k0L 7))

CCF R 2023 £ CSP A F (L

R T B CSP IEZ I, SR T £ 445 5 5 CSP, & i i B g ) AT ST ML E 3% . CCF PesE N 2020 4EFF IR . B CSP A
TEZE R 248 4 . CCF R A5 HEHE , B AR X UIE 21 3 R AT 4R PP . ARAE & 2 A LS I B0 0 (o N BBk 4 B8
200 A A4 AR HEZ T 12 A e A HEA L b i BIMIK . CCF 43 5103 3 1 HE 4% i T 19 4 B CCF CSP* 4 241 75 2o " FNAT: B J 3t
W75 B, AR AN]SR CCF CSP AGE T VE 8 1 25 B2 ik .

2023 AE AT 31902 ARSI T CSP YGEHRK . H AT CCF CfE 4 B AL T 196 4~ CSPIME A . Z4 A 212339 A
WS, B 2023 F4 ERNESESFES 50, CCF #Fik i 2023 4 CCF CSP“4H 24Uk 55 5 ” F“ i G L 75 s 4r”
KRBT

LU F5 2 (P A KR s B HE Y . AR5 0 4 N B -

AR 2 AR KA VIR R K VDB TR R R A R R P R A R B Tl KR R E K T
K V% FRHE KA

BB 75 B (H 43 e s B HE ST

RPN N TN T R = S T 2 e N [ [ N = v G == L D N N 7 1 BN 2N e B N =N
BN

2024 4 CCF CSP A 240 4 W Z ikt | 430 3 A 31 H.6 A2 H.9 A 22 HAI12 A 8 H,.&/7 1 A 22476 T g it
& THE.



