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Abstract: In optical remote sensing images, roads are easily affected by multiple factors such as obstruc-
tions, pavement materials, and surrounding environments, resulting in blurred features. However, even if
existing road extraction methods enhance their feature perception capabilities, they still suffer from a large
number of misjudgments in feature-blurred areas. To address the above issues, this paper proposed the
road extraction network based on GCN guided model viewpoint (RGGVNet). RGGVNet adopted the en-
coder-decoder structure and designed a GCN based viewpoint guidance module (GVPG) to repeatedly

guide the model viewpoint at the connection of the encoder and decoder, thereby enhancing attention to fea-
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ture blurred areas. GVPG took advantage of the fact that the GCN information propagation process had
the characteristic of average feature weight, used the road salience levels in different areas as a Laplacian
matrix, and participated in GCN information propagation to realize the guidance model perspective. At the
same time, a dense guidance viewpoint strategy (DGVS) was proposed, which uses dense connections to
connect the encoder, GVPG module, and decoder to each other to ensure effective guidance of model
viewpoints while alleviating optimization difficulties. In the decoding stage, a multi-resolution feature fu-
sion module (MRFF) was designed to minimize the information offset and loss of road features of different
scales in the feature fusion and upsampling process. In two public remote sensing road datasets, the IoU of
our method reached 65. 84% and 69. 36% , respectively, and the FI-score reached 79.40% and 81.90%,
respectively. It can be seen from the quantitative and qualitative experimental results that the performance
of our method is superior to other mainstream methods.
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Tab.1 Results of comparative experiments on the Massa-

chusetts road dataset

Preci- Re- F1-

Methods ) ToU/%
sion/%  call/%  score/%

FCN 69. 16 70. 14 69. 65 53.43

SegNet 75.76 78. 26 76.99 61.21

PSPNet 76.36 78.16 77.24 61.37
U-Net 76.12 79.01 77.54 62.52
LinkNet 81.50 80.63 77.07 62.70
DeeplabV3+  74.40 78.85 76.56 61.02
CDG 81.41 71.80 76.10 61.90
DA-RoadNet  79.16 77.25 78.19 61.90
CADUNet 79.45 76.55 77.89 64.19
DDU-Net 82.54 73.99 78.03 63.98
RGGVNet 77.02 81.93 79.40 65. 84

4 Pl 7 X Massachusetts 12 B I8 14550 3 4
PR PE A 25 AN 7 B s CF 1 UL 1) s 1
i) o FT AR AR S, SRR W A S B R Y AR T
HoAl R L5 o Bl 758 — A7 40 6 X s, [] i
FETENFAE 25 09 31 38 AR R AW A R 18, i T
GVPG BEH 1 5] 3 AUAT A SCRT $2 55 12 i 56 % Tl
W3 3 18 AT S AT A X, R LA
FRAE 55 38 G RE AR DL 43 9 At G Ay v Y A Ut
Aby= A KR H . RGGVNet 3B B E B A 7
S P JR% R RE 7, DAL Ot AR Rt SR O T Ll e B
35 AT L0 DX B, B SRR AR 32 B R R B R
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Fig. 7 Visualized results of different algorithms on the Massachusetts road dataset
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Tab.2 Results of comparative experiments on the DeepGlobe road dataset (%)

Methods Precision Recall F1-score IoU
FCN 71.38 74.74 73.02 57.51
SegNet 69. 49 80.01 73.22 60. 43
PSPNet 67. 64 80. 92 73.69 59. 82
U—Net 81.50 80.40 80.95 67.99
LinkNet 77.45 79.98 78.68 64.86
DeeplabV 3+ 68.72 80.48 74.14 61.02
D-LinkNet — — — 64.12
RADANet — — 73.67 58. 58
BDTNet 84.18 76.77 80. 30 67.09
DCS-TransUperNet 82.44 78.43 80. 39 65. 36
SDUNet 78.40 74.20 79.40 66. 80
CoANet — — 81.22 68.37
RENA 78. 40 77.00 76. 40 63. 10
RGGVNet 79.58 84.37 81.90 69. 36
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Fig. 8 Visualized results of different algorithms on the DeepGlobe road dataset
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Tab.3 Results of ablation experiment

Method T puy e
score/ % (X10%)

Baseline 75.89 61.54 29.663
Baseline-M 76.87 62.79 30.017
Baseline-ML 77.01 63.12 30.017
Baseline-MG 78.88 65. 55 33.582
Baseline-MGS 79.17 65.70 33.582
Baseline-MGSL 79.40 65. 84 33. 582

Baseline-M : R} 78 fff 5 &5 % 3 U8 i A S it
i MRFF B8 .t T MRFF B8 B REAE 22 1]
SRR AR Y e % 0T B/ A SR AR R
R X LB F 1-score F1 ToU 43 il $2
TF0.98% FI1.25% . [AF, MRFF Jf R & it id
Z BRI, SR ALK 0. 354X 10°%

Baseline-ML : Bl 7 fi# % 4% &8 73 ¥8 Jin A< 3C i3
11 #9 MRFF £ 3 I 48 il Dice loss P84T W W 2%
Yk, FERR 22 2] 5L #2 o1, Dice loss 5| 545 U X}
BT 55 H b5 9 38, Fl-score Fl IoU %F [t Baseline-
M 43 52 F+ 0. 14 % F10.33% .

Baseline-MG : 7£ Baseline-M 19 %&£ i F in A
GDVP#EH . SLH 45 R R, Z BB AE Baseline-
M () S il 1%t FI-score F1 IoU 43 5 $2& T+ 2. 01%
f2.76% , 58I A 3.565X 10° ) S8 . GDVP
5| SRR G T T AR G 2 P KO AR X, A
A5G SR AR AR T A A B R R RE 7, B R T
RIS S . S LRI, TR X A S AR L
AR ERITE IR, W s A
ZH.

Baseline-MGS : 7£ Baseline-MG (1) J& il | 2%
LT AR 1T %42 GDVP B iR
W ik — 2 T Fl-score Ml IoU, 5 [RI B, i K
WAL BEAT RSN R A S RS E W
$E Tt

Baseline-MGLS : 48 3 75 B 22 B A4 1y B it |-
IS S 42 B9 Br A O s o IR SR TE TH Rl S 5
b B e A A5 R SR T AR ST R 7 VA A AL

. Baseline-MGLS X kb 3 2k #5 #I 7 F 1-score Fl
ToU f8 b5 b, 20 3427 3. 51% F1 4. 30% , i 3% 2
TETIEM bR A 45 R, B E AR O Rk A
R 1 4 ORCR

Ry 56 AN [ 483 2 o B L B o kit S I 2 SR 1Y
SC MR, AS Sk % 7E Massachusetts £ 45 4 | e I+
STHY L S H WA fe B AR 2R B I AN 4R AR
ToU Fl F1-score , AN [7) 722 Ffp 452 21 & FhAH OC 2 #0ik
OISR R e R R — B, S s Rk 4
Fr7N o

R4 PAAYBSYIRBER

Tab.4 Experimental results of loss function hyperparametric

a Fl1-score/ % ToU/%

0 79.17 65.70
0.2 79.33 65. 80
0.4 79.40 65. 84
0.6 79.13 65. 81
0.8 78.97 65. 74
1.0 78.63 65. 48

T LLE B Y a=0.4 8, Fl-score #1 IoU 4%
&, Fl-score fl IoU ¥ R B H 46 TV )5 T &1 4
#, T Dice loss H#ETH R #4585 B L
251 32 I LA 4 2% B I 28 I AR R T I 4%
XTHT S HAR B G o SR, Y o it — i 2 I
FE ) 32 K 9 Dice loss 23 5 80K B2 T B8 15 AN 2
E , H# %W Fl-score Ml IoU, I, a=0.4
it Dice loss A D)t 25 46 FH R 45 21
3.6 HEAZAMIE
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05 1% WorldView-3 5 #5439 5 & BOL 2% T A
WA B BHR AT T 7 iz K. 0 A 8 1
Tt DeepGlobe %5 #i8 4 Il 25 2] o5 £ 45 R, M J5 Xt
W AR B 0 AR R AT D0 . 3k BT A5 34 R BT
YR, IF H ol X 38 5 0 45 X 2 A B K
5, HhlgsmEFEEg s R®E NER
(AN E1NE A 2 N I A ES o S TR 7 o RS R i
TR B 2 B L AR X AN T 8 A R
B 4> S IR A5 R AN 9 B s, B Tk 5 4 9 G
P E AR &, T T BRORE B R AN BE AT E
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Fig.9 Testresults in wider cities
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