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Single Image Super Resolution using Self-Calibrated Convolution
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Abstract

Recent advances in Convolutional Neural Network (CNN)-based learning have led to the emergence of various
deep learning-based techniques in the field of Single-Image Super-Resolution (SISR). In particular, Residual Dense
Networks (RDN), which utilize residual dense blocks to propagate initial features to the final layer and use the
output of previous layers as input for subsequent layers, and similar techniques have been actively studied. However,
there are also cases where the model structure becomes increasingly complex to improve performance. In this paper,
we propose a method that replace convolution with a self-calibrated convolution to improve performance while
maintaining the basic structure of the RDN. The proposed model expands the receptive field without a complex
structure, thereby generating more detailed restored images. Experimental results demonstrate that the proposed model
outperforms conventional RDNs in a significant number of metrics, demonstrating the effectiveness of the proposed
self-calibrated convolution in improving restoration quality.
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