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Research Progress of Road Extraction Method for Optical Remote Sensing

Images Based on Convolutional Neural Network
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Abstract; With the improvement of spatial resolution of optical remote sensing images and the

enrichment of acquisition channels, optical remote sensing images has become an efficient technological

method to achieve intelligent interpretation of land features. Due to the powerful feature extraction

ability of convolutional neural networks (CNN) and the demand of road information in many fields, road

extraction methods based on CNN have become a current research hotspot. In view of this, this paper
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summarizes the road extraction method based on CNN from four aspects: Improvement of shape

features, improvement of connectivity, improvement of multi-scale features and improvement of

extraction strategy according to the relevant research literature in recent years. Then, we describe

typical road occlusion cases and use classical CNNs to analyze and validate the current technical

difficulties at the level of limitations of sample labels. Finally, the development trends of road extraction

from remote sensing images are outlooked from four aspects, namely, multi-source data synergy.

sample library construction, weakly supervised modeling and domain-adaptive learning.
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intelligent interpretation
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Fig.1 Basic process of road extraction based on convolutional neural network
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Table 1 Overall performance comparison statistics between traditional method and convolutional neural network method
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Fig.2 Schematic diagram of road capping phenomenon
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Table 2 Typical image road extraction dataset
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Fig.3 Example of interference in the training set for road extraction
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Table 3 Accuracy statistics of test results for different data sets

kS RS Tk P/% R/% Fi/% Ao/ % riou/ %
U-Net 68.38 2.19 4.24 95.79 2.17
Massachusetts DeepGlobe D-LinkNet 68.11 3.09 5.91 95.81 3.04
DeepLabv3+ 73.18 3.59 6.84 95.84 3.54
U-Net 79.88 76.98 78.40 98.19 64.48
DeepGlobe DeepGlobe D-LinkNet 82.06 78.39 80.18 98.35 66.92
DeepLabv3+ 82.24 80.09 81.15 98.42 68.28
U-Net 57.06 55.52 56.28 95.73 39.16
DeepGlobe Massachusetts D-LinkNet 58.80 64.55 61.54 96.01 44.44
DeepLabv3+ 59.76 62.72 61.20 96.07 44.10
U-Net 78.73 75.79 77.23 97.78 62.91
Massachusetts Massachusetts D-LinkNet 80.71 76.37 78.48 97.93 64.58

DeepLabv3+ 81.17 74.98 77.95 97.90 63.87
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Fig.5 Example of road extraction results for different sample sizes
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