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Blind image deblurring method with structural sparse channel prior
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Abstract: A structure sparse channel prior (SSCP) blind image deblurring approach is presented to address the issues of inaccurate
major structures and unclear edges in the blind image deblurring process. A prior method of SSCP shows that blurred images have less
structured sparse channels than sharp images. Using the performance features of SSCP, it is introduced as a new regularization term into
the standard deblurring model, and a novel blind deblurring model is created to achieve accurate estimation of the blur kernel. Through
the coordinate descent approach alternately optimizes the latent image and blurry kernel variables. Finally, deconvolution is used to
obtain deblurred clear restored images, subjective and objective comparison experiments on benchmark datasets and natural state blurred
images, and application expansion experiments on human faces and low-brightness real blurred images. The experimental results show
that the proposed method outperforms the classical deblurring method in terms of blur removal, structure restoration, edge retention, and
visual effect by an average of 1. 72% , and the computing device designed by this method can achieve a high-precision clarity to process
blurred images in the field of machine vision.
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Fig. 1 The GOPRO dataset’ s structural sparse channel
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Fig.2 Image comparison of blurred and clear images in SSCP
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Table 2 Comparison of no-reference assessment indicators for deblurring results

between the method described in the paper and the classic deblurring methods

Xof LU BRISQUE CDhV CPBD JNB MDM SSEQ
DeblurGAN-v2 36.697 4 22.594 8 0.315 4 10. 798 6 0.8650 35.5523
MIMO-UNet 42.3726 20. 683 3 0.207 8 7.894 6 0.871 7 44.1317
LDMAP 48.186 3 50.758 6 0.339 1 12.730 1 0.9159 36.823 1
MPRNet 40.296 4 20.909 0 0.190 0 8. 808 1 0.798 1 38.798 2
PMP 38.914 8 53.203 8 0.443 5 12. 658 0 0.937 2 37.6153
MSSNet 45.792 3 24.357 4 0.213 3 8.5527 0.8815 45.356 4
AL 37.775 4 53.764 4 0.481 6 12.724 1 0.936 6 34.251 4
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