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"Deep Convolutional Neural Network
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‘Convolutional Neural Networks
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*Convolution Kernels
YActivation Function

ABatch Normalization(BN)
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'Fully Convolutional Network (FCN)
‘Channel Attention

‘Spatial Attention

‘Residual densely connected blocks

‘Residual Dilated Convolution Modules
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Pointwise Convolution
VStrided Convolution

“'Feature Enhancement Block (FEB)
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‘Down-sampling

"Up-sampling

"Transposed Convolutions

*Shallow Upsampling

°Specialized Convolution Blocks (SCB)
*General Convolutions

YSeparable Convolution
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' Shallow Up-Sampling Feature (Fus)
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Abstract
Road extraction from high-resolution remote sensing images has been used in a wide range of applications

such as traffic management, route planning, and road navigation. Due to their long length and small width, as
well as shadows caused by vegetation and buildings, the detection of the roads challenging. As the roads In an
area are of different types such as being near short passages, highways and motorways, we face some
difficulties in automatic classifying and recognizing different kinds of roads. In order to improve the reliability
and accuracy of extraction of the roads with shorter lengths when there are roads of different sizes; a neural
network model is proposed in this paper that achieves pixel-accurate segmentation. The proposed network
directly processes the input image and uses four specialized convolutional blocks (SCB) during down-sampling
which is complemented by a shallow sampling approach to generate a binary mask for the road class. As the
common semantic segmentation networks are deep and have various teachable parameters, the proposed
network in this research uses shallow sampling which leads to lessen the network depth and as a result the
number of the parameters decreases. The performance of the proposed model in this research was evaluated
using the Massachusetts dataset, and the evaluation results clearly show the superior performance of the
proposed model compared to the other neural networks with fewer parameters. Compared to the other neural
networks such as DEEPLAB3+, U _NET and D_LINKNET, the proposed model was able to improve the IOU

and F-Score indices in Massachusetts dataset by 1.98 and 3.03, respectively.
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