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graph convolutional residual network

ZHANG Meng, GUO Yi-na’, WANG Hai-dong, SHANGGUAN-Hong

(School of Electronics and Information Engineering, Taiyuan University of Science and Technology, Taiyuan Shanxi 030024, China)

Abstract: Image deblurring requires a balance between preserving spatial details and maintaining high-level contex-
tual information. To address spatial structure degradation, contextual distortion, and color imbalance caused by strong
inter-channel correlation in blurry images, this paper proposes a novel image deblurring algorithm called YUV graph con-
volutional residual network (YUVGCR), based on the YUV color space and graph convolutional network (GCN). Firstly,
a YUV-RGB color space transformation algorithm is designed to mitigate the issue of robust inter-channel correlations in
RGB channels. Subsequently, utilizing GCN, feature maps can be mapped to vertices of a pre-generated graph, and graph
convolutions can be applied to these feature maps, thereby synthesizing and constructing graph-structured data. Through
this process, implicit graph Laplacian regularization can be employed on the feature maps, enhancing their structural orga-
nization. Experimental results demonstrate that YUVGCR achieves a PSNR of 36.21 dB, which is a 2.93 dB improvement
over state-of-the-art algorithms. Visualizations of the deblurred results show that YUVGCR produces sharper edges and
finer details, significantly enhancing the overall performance of image deblurring.
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