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HR-DeepLabV3+ . Amulti-scale context fusion network model with

attention mechanism for road extraction
MA Zhaoheng', ZHANG Lei', LIU Rufei*, FENG Fei', WANG Youlei'
(1. Hebei Geographic Information Group Co., Ltd., Shijiazhuang 050031, China;
2. College of Geodesy and Geomatics, Shandong University of Science and Technology, Qingdao 266590, China)

Abstract: Urban road networks are critical infrastructure for city development and serve as essential carriers for
socio-economic activities. However, the existing road extraction methods based on remote sensing imagery often
perform poorly under complex conditions with tall building shadows and vegetation occlusion. To address this
challenge, we proposed an advanced deep learning model named HR-Deepl.abV3 +. The backbone was designed
using HRNetV2-W18 (High-Resolution Network W-18) to preserve the fine-grained details in high-resolution
imagery. The decoder incorporates a multi-level fused atrous spatial pyramid structure along with a multi-head
attention mechanism to enhance the model” s ability to capture contextual information. The loss function was
optimized by reducing the weight of background features to guide the model to focus more on subtle road structures
and mitigate the interference from complex background elements. Extensive experiments conducted on publicly
available datasets of CHN6-CUG, DeepGlobe, and SJZ Road demonstrated that the proposed method achieved

Intersection over Union (I ) scores of 0. 711, 0.685, and 0. 751, respectively. These results indicate that HR-
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Deepl.abV3—+ exhibits more robust and reliable performance compared to other state-of-the-art networks.
Key words: urban road network; remote sensing recognition; deep learning; spatial pyramid; road network

extraction
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Table 1  Comparison of results between improved DeeplLabV3-+ and other mainstream networks on the DeepGlobe test set

04 44 2 k) F, Ioy FLOPs/GFLOPs Param/MB
SDUNet 0.891 0.668 132.872 67. 243
DDU-Net!'* 0.887 0. 665 86. 541 24.516
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N RS 0. 945 0.711 71. 409 9.663
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Table 2 DeepGlobe dataset recognition comparison
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Table 3 Comparison of results between improved HR-DeeplLabV3-+and other networks on the CHN6-CUG test set
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Table 4 Comparison of various networks on the CHN6 CUG dataset

Y Elf%  SDUNet'™ DDU-Net'™ TRNet'") SCRDNet"'™ BDTNet"'™ RCFSNet'' DPENet™) RADANet™" ztﬁ#n
LEd : ' l
: u
o ‘ i
P f ‘T -
ws l-l-l‘-ll-l-l-l A EE.
e L 11 Tl
P -
B R A ] b !
- B o
illl“ll““l\lll
BN

% 5 HR-DeepLabV3+ 5 H il 7 W 48 7 SJZ Road JliK & B X bk 45

Table 5 Comparison of results between improved Deepl.abV3+and other mainstream networks on the SJZ Road test set

%9 2% 45 1 Fy Loy FLOPs/GFLOPs Param/MB
SDUNet%! 0. 892 0. 687 132. 872 67.243
DDU-Net'™ 0.895 0.691 86. 541 24.516

TRNet'*] 0. 887 0.677 152. 845 27. 863
SC-RDNet! 0.897 0.712 81.184 32. 741
BDTNet*! 0.893 0.701 38.572 57.325
RCFSNet!" 0. 886 0.664 506. 760 58.228
DPENet!®) 0.905 0.709 167.516 27. 846
RADANet " 0.912 0.716 212. 452 73.852
EN GRS 0. 937 0.751 71. 409 9.663
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Table 6 Network comparison of SJZ Road dataset
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Table 7 Ablation experiment

I()U Fl
W%
DeepGlobe CHN6-CUG SJZ Road DeepGlobe CHN6-CUG SJZ Road

Basebline 0.618 0. 638 0.715 0. 871 0.871 0. 906
Basebline+ MHA 0. 639 0. 642 0.721 0. 882 0.873 0. 909
Basebline+ ASPP 0. 635 0. 643 0.723 0. 883 0. 875 0.910
Basebline+ HRNet 0. 652 0. 649 0.726 0. 885 0.877 0.913
Basebline+ MHA + HRNet 0. 666 0. 658 0.734 0. 893 0. 885 0.918
Basebline+ ASPP+ HRNet 0.699 0.661 0.736 0. 896 0. 886 0. 920
EN SRS 0.711 0. 685 0.751 0.945 0.897 0.937
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