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Abstract An improved road network extraction method of open-pit mine based on Deeplabv3 + is proposed to
address road boundary information loss and inaccurate road network extraction during road extraction of open-pit
mine images captured using unmanned aerial vehicle. First, the Retinex algorithm is used to preprocess the original
images to get a dataset with balanced color and light. Second, because the proportion of pixels between the road
region and background are largely different, the proportion weighting method is used to correct the serious
imbalance between positive and negative samples in network training. Finally, a densely connected ASPP module
with different rates is built using the Deepl.abv3 + model to optimize the feature extraction of the open-pit mine
road, thereby expanding the receptive field of the road feature points and improving the coverage of multiscale
features. Experimental results show that the semantic segmentation method is better than the original DeeplLabv3+
algorithm. The mean intersection over union reaches 79.27 %, accurately extracting road areas in a large range. The
proposed method can be applied to extract the main road network of open-pit mines.
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Fig. 1 Road extraction network structure based on Deeplabv3+
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(a) Original road image; (b) road image after
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Table 2 Comparison of road segmentation results of different ASPP modules

Structure Max receptive field MIOU /% Time /ms

ASPP(6,12,18) 37 75.34 123

Dense ASPP(6,12) 37 75.23 88

Dense ASPP(6,18) 49 76.98 91

Dense ASPP(6,12,18) 73 79. 24 127

Dense ASPP(6,12,18,24) 121 79. 83 169
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Table 3 Performance comparison of different models

Model PA /% MIOU /%

U-Net 69. 80 59. 87

SegNet 72.74 61.06
DeepLabv3+ 88. 59 75. 43
Road-Deeplab 92. 41 79.27
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Fig. 7 Comparison of extraction results using different road networks. (a) Original images; (b) U-Net extraction results;

(¢) SegNet extraction results; (d) DeeplLabv3— extraction results; (e) Road-DeepLab extraction results
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Fig. 8 Road extraction effect of Road-Deeplab model. (a) Original image; (b) label image; (c) extracted image
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