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Table 1 The detail information of encoding layer structure
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1024x1024%3 512X512x64 conv TXT 2 3
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Encoderl 256X256X64 256X256X64 3Xres_block 3%x3 1 1
256x256x64 128x128%64 maxpooling 2x2 2 0
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128x128%64 128x128%128 4xres_block 3%3 1 1
128%128%128 64%X64%128 maxpooling 2X2 2 0
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64x64%256 32X32x256 maxpooling 2X2 2 0
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Table 2 The detail information of decoding layer structure

Yty )2 LN LY E33 % PN padding

32x32x512 32x32x128 conv 1x1 1 0
32%x32x128 64X64x128 Trans—conv 3x3 2 1

Decoder4
64x64x128 64Xx64x256 conv 1x1 1 0
64Xx64x256 64%x64x64 conv 1x1 1 0
64Xx64x64 128%128%64 Trans—conv 3%x3 2 1
Decoder3 128%128%64 128%128%128 conv 1x1 1 0
128x128x128 128x128%32 conv 1x1 1 0
128%128%32 256X256%32 Trans—conv 3%x3 2 1
Decoder2 256X256%32 256X256X64 conv 1x1 1 0
256X256X64 256X256X16 conv 1x1 1 0
256X256X16 512%X512%16 Trans—conv 3%x3 2 1

Decoderl
512%x512%16 512X512X64 conv 1x1 1 0
512X512%64 1024x1024%32 Trans—conv 4x4 2 1

Decoder0
1024x1024%32 1024x1024x1 conv 3%x3 1 1
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Table 3 The result of road extraction with DC—Net

g Precision Recall F1-score OA

GF-2 0.9075 0.9049 0.9062 0.9872
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Fig. 8 The loss value change when training
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Table 4 The comparison of road extraction with different models in rural areas

- K51 K52 JEREN

Precision Recall Fl-score Precision Recall Fl-score Precision Recall Fl-score

FCN 0.6453 0.8001 0.7144 0.6898 0.7468 0.7172 0.5210 0.8484 0.6456
U-Net 0.8801 0.7239 0.7944 0.7769 0.7649 0.7709 0.6273 0.5962 0.6114
Segnet 0.7631 0.8943 0.8235 0.8426 0.7635 0.8011 0.8087 0.8173 0.8130
Linknet 0.8322 0.8677 0.8496 0.9046 0.9103 0.9074 0.8632 0.6024 0.7096
RefineNet 0.9100 0.8802 0.8949 0.8997 0.9098 0.9047 0.8620 0.8994 0.8803
DeepLabv2 0.8322 0.8927 0.8614 0.8918 0.9012 0.8965 0.8757 0.8901 0.8828
DC~Net 0.8632 0.9123 0.8871 0.9264 0.9077 0.9170 0.9075 0.9049 0.9062
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Fig. 10 The comparison of road extraction in rural areas
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Road extraction in rural areas from high resolution remote sensing image
using a improved Full Convolution Network
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Abstract: Aiming at the problems of limited research, application of extracting rural roads with high-resolution remote sensing data, and
insufficient accuracy of extraction results, a new improved full convolution rural road extraction network model Distributed Convolution
network (DC net) is proposed; it combines void convolution and Air Spatial Pyramid Pooling (ASPP) structure. The model extracts the
depth feature information of the road based on the full convolution encoding and decoding structures. At the same time, in accordance with
the characteristics of the slender rural roads, the ASPP structure based on the hollow convolution is added between the decoded layers to
extract the multiscale characteristic information of the road, and the Field of View (FOV) is expanded without sacrificing the spatial
resolution of the feature, thereby improving the recognition rate of narrow and fine rural roads. Some suburban areas of Changzhutan city
group are considered the experimental objects and the domestic satellite remote sensing image of Gaogaoer as the experimental data.
Experimental results are compared with those of the classical methods of all convolution networks. The results show that: (1) the proposed
road extraction model DC net is feasible in rural road extraction, with the overall extraction average accuracy reaching 98.72%, indicating
high extraction accuracy; (2) comparative results of the effect of several classic full convolution network models on rural road extraction,
DC net extraction accuracy and connectivity, as well as tree and shadow shading in the aspect of block are acceptable; (3) the improved road
extraction model of the entire proposed convolution network can effectively extract the feature information of rural roads in high-resolution
remote sensing images. The overall extraction effect is improved; it provides a new approach for improving the precision of rural road
extraction based on domestic high-resolution images.

Based on the full convolution network model in deep learning, this paper proposes an improved full convolution rural road extraction
model DC net which combines hole convolution and ASPP structure. According to the characteristics of long and thin and connectivity of
rural roads, this method combined with hole convolution to expand the receptive field of feature map in the process of model training, which
makes the extraction of rural roads more complete.

Key words: full convolution network, dilated convolution network, atrous convolution, ASPP, rural road extraction
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