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Remote Sensing Image Super-Resolution Reconstruction with
Local High-Resolution Clustered Object Images
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Abstract: In recent years, the application scenarios of satellite remote sensing images have become
increasingly diverse. However, due to limited collection equipment and cost constraints, the images obtained
by satellite sensors usually do not have sufficient resolution and are not uniformly distributed, which is
difficult to distinguish some clustered objects. Low-resolution remote sensing images are not suitable for
semantic understanding tasks such as object detection and recognition to accurately locate and classify all
objects. Compared to obtaining complete high-resolution remote sensing images at once, existing remote
sensing images usually have relatively clear high resolution in local areas and sufficient detailed information for
distinguishing object groups. Traditional remote sensing image super-resolution reconstruction methods
mainly focus on the global features of remote sensing images, expanding resolution and pixels based on global
features of images, while ignoring the details of remote sensing images. To address this problem, this paper
proposes a method that introduces detailed information about local clustered object areas in local images in the
reconstruction of complete remote sensing images. Specifically, the proposed method uses a multi-level

neural network to extract image features of different scales and then uses residual learning to merge and
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reconstruct these features. In the experiments of this paper, the proposed method achieved better visual
effects and numerical results compared to several existing remote sensing image super-resolution
reconstruction methods. This indicates that the proposed method can effectively utilize the pixel information of
local images, significantly improve the details of global remote sensing images and optimize the recognition
capability of the group objects area, and enhance the quality and availability of remote sensing images in a low-
cost way.

Key words: remote sensing image super-resolution; local satellite image; assisted super-resolution; multi-
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Fig.1 Local image based satellite image super-resolution algorithm pipeline
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Table 1 Comparison results of super-resolution

RN 46 bR Bicubic SelfExSR SRCNN  LapSRN VISR SRResnet ARk
PSNR 15.67 15.91 16.54 16.98 17.03 17.28 18.65
SSIM 0.728 9 0.7358 0.740 2 0.742 6 0.756 5 0.756 8 0.802 9
FSIM 0.852 5 0.867 2 0.889 8 0.891 2 0.902 4 0.905 5 0.957 8

VIF 0.297 2 0.298 7 0.3158 0.325 8 0.3357 0.336 4 0.409 3

RSEI 0.322 5 0.3255 0.342 5 0.354 1 0.364 4 0.367 1 0.402 3

MI 3.9425 4.025 4 4.1225 4.1345 4.167 8 4.169 9 4.587 8

GMI 1.000 0 1.0114 1.004 7 1.024 5 1.0158 1.0257 1.1025
Inference time/s 0.03 3 0.05 0.21 0.45 0.27
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Fig.6 Comparison of visualization results between our method and baseline methods
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Table 2 Ablation study of our method

LR A AL S T L T
PSNR 17.28 17.55 17.98 18.65
SSIM 0.756 8 0.762 5 0.777 8 0.802 9
FSIM 0.9055 0.9125 0.926 5 0.957 8

VIF 0.336 4 0.354 8 0.387 8 0.409 3
RSEI 0.367 1 0.378 5 0.3815 0.402 3
MI 4.169 9 4.2057 4.3158 4.587 8
GMI 1.000 0 1.024 3 1.053 8 1.102 5
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Fig.7 Ablation results of our method
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