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Road extraction from remote sensing images combining

attention and context fusion
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(School of Electronics and Information, Xi'an Polytechnic University, Xi'an710048, China )

Abstract: Aiming at the complexity of features in remote sensing images and the existence of an elongated
and continuous distribution of roads that are easy to obscure, a Road Extraction Model for Remote Sensing
Images Combining Attention and Context Fusion (ACFD-LinkNet) was proposed. The network is based
on the D-LinkNet network. Firstly, a strip attention module was used in the codec part of the D-LinkNet
network to enhance the feature extraction capability of roads at different scales, to better capture the global
features of the roads, and to capture the long-distance information of the roads. Secondly, a Context
Fusion Module (CFM) was proposed and added to the feature delivery part of the network codec to predict
road connections between neighboring pixels, fusing road information between different layers of the

context to solve the problem of obstacle obstruction interfering with road connections. Finally, the cross—
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entropy loss function and Dice loss function of the improved model were set up with multiple loss function

hyperparameter weight assignments to solve the dataset positive and negative sample inhomogeneity, and

the optimal segmentation accuracy was obtained by adjusting the weight ratios. Experiments on the
DeepGlobe and CHN6-CUG datasets resulted in F, values of 86.76% and 92.12% for the composite

metrics, respectively, which is an improvement of 3.96% and 1.13% compared to the D-LinkNet model,

in addition to optimal performance compared to semantic segmentation methods such as Unet,

Deeplabv3—+, A*>FPN, etc.

Key words: image processing; remote sensing image; road extraction; attention mechanism; context

feature fusion; hyperparameter weight allocation
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Fig. 6 Loss function with different weight ratio road extraction results
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Table 2 Road extraction results in DeepGlobe dataset
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X} 55k 52 %% F W EGE-UNet Al VM-UNet i& &
X 43 HAT AR RLBI (o el U B 25 # Y GE B . B 5B
G3 T, AR SCAE fiff e (RIS v T i 0 1Y 55 3 3 P Pk
Bf 38 2 A i B 5 N SCRRE g 3 P S R
FE AR BRI % 50 8 Pk R 405 (5 B U Y BE T, g 5
B R A Ab 355 J 3 e i 1 SR R L A K b 3R T T
SRS IRy € O A S B 2

3 35 CHN6-CUG %4l 48 I & #8185 5t 7
i . IR 3 Al LLA H, ACFD-LinkNet 5
AV BB B A L & IR bR o il Gk B T 92,220 .
92.02% .92.12% .77.90% , 5 Precision 5 — ¥
Deeplabv3-+ Al kb , 48 SCAL B (1) Recall Al F, 43 %L
Sy WIRTET 1.67% M 1.46% o F Ay B L& 1645
Fb AH X %2 5 (9 FCN A D-LinkNet A5 %1 43 51 $2 T+
T 1.22% 1 1.13% , [A] B 4% 30 45 A5 i # EGE-
UNet, H 1 mIoU [ H & 4 16.99%0 . SE 50 45 1
W, ACFD-LinkNet # # 4] o HoAth X Fb % % H
A 3 F, BE A T A AR G R IR R R AR T
PEIUIE B 30 2, IFAE Ab PP 22 S f 22 RO G
D5 TR B A U TR Y I ) P Al R Y
#% 3% 4 ) R

%3 EFCHN6-CUGHBEERRINER

Table 3 Road extraction results in CHN6—-CUG dataset

%
CHN6-CUG ¥t ¥ 4
Fik —

Precision Recall  F,-score  mloU
Unet' ! 78.56 88.30 83.15 73.56
FCN'™® 90.83 90.97 90.90 74.94
Deeplabv3 -+ 90.98 90.35 90.66 75.70
D-LinkNet' 90.97 91.01 90.99 76.66
SGCN™ 88.97 52.64 66.14 67.10
A*FPN'? 90.19 78.42 83.89 75.89
EGE-UNet"* 48.91 49.99 49.45 60.91
VM-UNet'®! 73.33 61.95 67.17 67.86
ACFD-LinkNet 92.22 92.02 92.12 77.90
2.3.3 JHRAIE

T 5, 8 T 26 A [ 7 ik S [ B Y
e B IR A T 50 UE Y 4 S R RE R, 15
2 45 b5 5 6 Mk A A7 E , IF 7E DeepGlobe F
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% 55 %

CHNG6-CUG % 45 4 X A 1] B2 He ¥ 8 1 47 78 b
SE

e 4 Ry A Y AE S B L T AN 4R
bro 7E DeepGlobe £ ¥ % I, Bk Precision #§ b5 4h ,
1 25 1 2 R4 M A 554 1 B I BB Recall |
F,—score A1 mIoU $8#5 3 #% & , mIoU 38 #5 75 W >
Bt 5 b e A A O A A 43 5 T 0. 82%
1.22%,1.08% .1.65% . X 13 B 7€ ¢ 1 42 B %)
W51 A G T i B nT 28 fift 23 T 46 B R 1Y
DO A S0 7, SR T I IX I, B T T PR RS . R
W, AR S 45 5 4 55 T A 25 A 8 AR 22 5 1A Rl
ED=WAk: 8- ST FNL i

P19 Ay i il 4SS 70 AE S B0 4R T B B R A
fR2s 5B L 55 1. 247 B H DeepGlobe 346 4 , 58
3VAFFEIE CHN6-CUG B i . Hgl A&
TE R RS W 28 DK FNEE 155 ) b BEAT R AE
B 5, PRI R A R R i B . th R4

BX

Z]

Al A1, 7E DeepGlobe % #i 42 I+ Precision, Recall ,
F\—score, mloU i J& #& J& & & 4 51 32 7+ T
0.57%.3.52% .2.40% .1.02% , £ CHN6-CUG
B Ly BT T 0.55%.0.92%.0.73% .
0.39% o X BFEFRAE4R BUH 7 Hii A & i
o3 B HBE S 30 A AH DG AE B T 3R TR Y
THORE BE o [RIRE , LN R SRl A B S | AR
XoF 42 S50 A0 L AR B 5 G P AT o ) T 45 0
8 45 7E DeepGlobe £ 48 % b3 H42 7+ 1 0. 59% .
4.24% .2.84%.0.96% , £ CHN6-CUG %k 5 4
AT T 0.63%.0.39%.0.51%.0.43%
KRB SCRlA B RE A SR TR )Z FRE
WERMAR RN EENTREEEE. 5
D-LinkNet BRI I, 5l AFHWEBE TS LT X
A A5 e 3 0 T RRAE UM S5 R RE P AR K
S T RR AR B A AR S 1 BRI, A AR e T 0E
B JHE P 372 4 1)

x4 HBRBBRENRER

Table 4 Ablation model road extraction results %
) SAM DeepGlobe ¥4 4 CHN6-CUG ¥4t 4
5k o /YN A — —

B Precision Recall ~ F,=score mloU Precision Recall F,-score mloU
D-LinkNet — — 94.11 73.93  82.80 78.23 90.97 91.01 90.99  76.66
D-LinkNet+SAM 1 25 {4 B2 ] 94.68 77.45 85.20 79.25 91.52 91.93 91.72  77.05
D-LinkNet+SAM 1 233l 2 B A ) 95.54 76.14 84.74 78.43 90.18 90.69 90.44 7597
D-LinkNet+SAM 2 2 {7 A B ] 94.61 72.39 82.02 78.03 90.11 89.63 89.87  75.40
D-LinkNet+CFM — — 94.70 78.17 85.64 79.19 91.60 91.40 91.50  77.09
ACFD-LinkNet — — 95.79 79.29 86.76 79.68 92.22 92.02 92.12  77.90
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Fig. 9 Ablation model road extraction results
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LinkNet £ 21 75 5 4~ 04 4 T 09 374 48 b 3 LA
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