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Road extraction from remote sensing images based on shallow
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Abstract: To address two key challenges—namely, the multi-scale and multi-directional nature of roads
and the frequent loss of fine-grained details, we propose a novel remote sensing road extraction network
based on detail-adaptive and shallow feature guidance. Firstly, we design a shallow feature-guided attention
module, which integrates strip convolutions, attention mechanisms, and shallow feature guidance to

enhance the reconstruction of detailed information. Then, a multi-scale and multi-directional feature fusion
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module is developed, leveraging Gabor convolutions, local pooling, and global directional pooling to

improve the representation of road features at various scales and directions. Finally, a detail-adaptive

enhancement module is constructed using Gaussian filtering, interpolation, serpentine convolution, and

standard convolution, which adaptively enhances the detailed information. The proposed network achieves F1-
scores and IoU values of 74.62% and 62.38% on the CHN6-CUG dataset and 77.86% and 65.17% on
the Massachusetts dataset, outperforming eight existing methods by at least 1.41% and 1.32% and 1. 04%

and 0. 88% , respectively. Compared with other advanced methods, the proposed model demonstrates superior

performance in road extraction tasks, maintaining high extraction accuracy while having a lower parameter

count, showing a good balance between performance and efficiency.

Key words: remote sensing image; road extraction; multi-scale; attention; multi-directional convolution
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Fig. 6 Road extraction results from different methods on Massachusetts dataset
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Tab.1 Quantitative indices of the road extraction results of different models %
Models _ CHNG6-CUG _ Massachusetts
Precision Recall F1 ToU Precision Recall F1 ToU
CARNet 76.15 72.56 72.24 60. 12 80. 37 74.65 75.77 63.33
RCFSNet 77.98 67.21 69. 37 56. 37 80. 25 73.63 75.54 62.98
MSMDFFNet 78.24 68.15 71.27 58.85 80. 04 73.45 75. 66 63.18
DBRANet 74.64 73.46 71.63 59.91 79.97 74.15 75.74 63.28
D-LinkNet 74.93 73.22 71.83 59.72 79. 60 74.40 75.74 63.15
TransRoadNet 75. 60 72.85 72.04 59.85 79.65 74.09 75.41 62.94
HSN-Net 77.01 72.37 72.73 60. 54 81.11 75.05 76.82 64.29
SwinMSNet 77.38 73.52 73.21 61.06 81.13 74.95 76.74 64.08
Ours 78.51 74.73 74.62 62.38 81.95 75.72 77.86 65.17

0 HIR B AR 5 2R
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R T B R AR Sy v 22 05 1) R AR RS R R
(MSMDFFEM) 4177 [ i )i 3 58 #5 B (DAEM)
R 2 FRAE 5] 3 0 B B (SFGAM) 1 A &%
M, 7E CHN6-CUG #ll Massachusetts $% 35 5 | %}
SR H AT I Ml 52 50, SL I A5 R AN 2 R H
/T FROR BB B X R OR B Fe
DN 2 525 45 B AT 0, RS B A SO AT — A

o, # o T SO B AR BORE R BOR R X — 2P
3FE T SFGAM . MSMDFFM #l DAEM 7 $2 7}
T AR BORS B 5 A A ROPE o 7E 3 4LTH Ml gR
o, L4 SFGAM, A 8088 46 19 F 14 800 0
T 0.81% F0.48% ,ToU 45 FFE T 0. 65%
0. 7% , UL JZ 51 S HLH X 401 5 B 3 o 2L
AW viEk . K4 MSMDFFEM, P A4~ 33 4
F1803 5 FRET 0.93% #10. 71% , ToU 433 F
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Tab. 2 Ablation experiment results of DSNet structure %
SEFGAM MSMDEEM DAEM CHNG6-CUG Massachusetts
Fl ToU Fl1 ToU
X NG N 73.81 61.73 77.38 64. 47
NG X N 73.69 61.27 77.15 64.56
NG NG X 73.57 61.45 77.21 64. 62
N NG N 74.62 62.38 77.86 65.17
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AT 43 BT A (R R A ) 5 AL A % BE A G AR A
B9 2 % im (Parameters, Params) Fl 1 #5385 IR 5L
(Floating-point Operations, FLOPs) , H &K % (&
WMFE 3P~ M 3ATHL, T 4245 8 %) Params /1
T2 A4 )k Z El, B & T D-LinkNet, fit T
RCFSNet MSMDFFNet %8 . 7£ FLOPs$§#x
b, Fr AR A B &2 IR T RCFSNet Al MSMDEFF Net,
WAL T B IT 84 58 K1 TransRoadNet, {4 I & T
T3 i AL B 4N D-LinkNet 1 CARNNet, J2 3t

®3 FRAKEKFLOPSMSHE
Tab.3 FLOPs and number of parameters for different

models

ToU/ %
CHNG6 Massachusetts
CARNet 196.21 42.35 60.12 63.33
RCFSNet  729.23 58.23 56.37 62.98
MSMDFFNet 298.41 39.26 58.85 63.18
DBRANet  212.63 47.68 59.91 63. 28
D-LinkNet  134.35 31.1 59.72 63.15
TransRoadNet 321.49  36.64 59.85 62. 94
HSN-Net  313.31 59.40 60.54 64.29
SwinMSNet 375.53 55.45 61.06 64. 08
Ours 228.43 35.41 62.38 65.17
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