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Satellite Imagery Super-Resolution Algorithm via
Multi-Scale Residual Deep Neural Network

WANG Jiaming, LU Tao’
School of Computer Science and Engineering, Wuhan Institute of Technology, Wuhan 430205, China

Abstract: Satellite imagery realizes interstellar-earth observations, which is widely used in military and
economic fields. Because the performances of satellite-borne imaging equipment and the band width of satellite
communications system are limited, the resolution of ground targets in satellite images are often low, thus they
cannot fully meet the needs of target identification and analysis. Moreover, satellite images have three features:
wide range of imaging, variation of multi-scale of ground targets, and diversification of texture information,
which bring new challenges to the existing super-resolution algorithms. Using the multi-scale nature of satellite
image, a multi-scale residual neural network was proposed in this paper for accurately reconstructing the
multi-scale information. Firstly, different scale features of low-resolution satellite images were extracted, then
for each scale-level, an adaptive deep residual neural network was developed for better reconstruction
performance. Then a fusion network was used to refine different scales of residual information. The proposed
fusion network fuses high-frequency information of different scales to output the target high-resolution satellite
image. Experimental results over the SpaceNet satellite image database prove the superiority of the proposed
algorithm.
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Fig. 1 Network architecture of multi-scale residual deep neural network. The network includes two subnetworks:

multi-scale residual network and residual fusion network. (£ is the convolution kernel size, n is the number of convolution kernel

and s is stride size)
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