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Road Extraction Algorithm for Remote Sensing Images Based on Improved DeepLabv3 +

WANG Qian, HE Lang, WANG Zhanqing and HUANG Kun
School of Science, Wuhan University of Technology.Wuhan 430070, China

Abstract Road extraction can help us better understand the urban environment and is an important part of urban transportation
and planning. With the development of deep learning and computer vision, the use of deep learning-based semantic segmentation
algorithm to extract roads from remote sensing images has become increasingly mature. However, existing deep learning road ex-
traction algorithms suffer from slow extraction speed and susceptibility to background environmental factors,resulting in missed
segmentation and discontinuity. To address these issuessa lightweight algorithm called CE-Deepl.abv3+ based on ECANet atten-
tion mechanism and cascade atrous spatial pyramid pooling module is proposed. Firstly,the main feature extraction network is re-
placed with the lightweight MobileNetv2 to reduce parameter volume and improve model execution speed. Secondly, the convolu-
tion layers of the atrous spatial pyramid pooling module are further expanded to increase the receptive field,and different feature
layers are cascaded to enhance semantic information reuse, thereby improving the ability to extract fine-grained features. Thirdly,
the ECANet attention mechanism is added to suppress environmental interference and focus on road information. Finally,an im-
proved loss function is used for training to address the impact of road and background sample imbalance on model performance.
Experimental results show that the improved algorithm achieves excellent performance, with significant improvements in segmen-
tation efficiency and accuracy compared to the original DeeplL.abv3—+ algorithm.

Keywords Semantic segmentation, Remote sensing images,Road extraction, Attention mechanism,Deepl.abv3 -+, Cascade atrous

spatial pyramid pooling
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Table 2 Performance results of Focal loss with different proportions

on DeepGlobe road dataset
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Table 4 Performance results of different improved modules

on DeepGlobe road dataset
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Table 5 Performance results of different attention mechanism

modules and different ASPP improvement modules
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Table 6 Comparison results of different algorithms on DeepGlobe

road dataset

Algorithm mPA/%  Accuracy/% mloU/% (Efi;l;‘;;/;
FCN8s[11] 84.56 96. 34 72.68 253. 4
U-Net[12] 85. 23 96.43 76. 81 63.3
SegNetl13] 83.76 95. 98 74.89 156.5
DeepLabv3+L16] 88.81 97. 81 78.77 104. 4
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CE-DeepLabv3+ 89.54 98.12 80.91 47.5
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Fig. 7 Segmentation effect of different algorithms on DeepGlobe road test set
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