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Abstract: Blind image restoration aims to accurately estimate the blur kernel and the wanted clear image with
no-reference. Existing researches show that the use of the Total Variation to model the high-order image gradient
prior constraints can effectively suppress the blocking artifact generated in the restored image. On the basis of ex-
perimental observation and research, this paper proposes to use the sparse prior constraint model to regularize the
blind restoration process to obtain a better image restoration performance. Our method makes use of the sparsity of
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the high-order gradient of the image and combines it with the low-order gradient to construct the mixed gradient re-

gularization term. At the same time, an adaptive factor based on image entropy is introduced to adjust the ratio of the

two types of gradient priors in the iterative optimization process so as to obtain better convergence. Simulated and

experimental results prove that compared with the existing state-of-the-art methods of blind image restoration, the

proposed method has superior image restoration performance.

Keywords: blind image restoration; high-order gradient; sparse prior; adaption
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horizontal gradient distribution is presented for example
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Table 1 The average performance of ablation study. The best performed ones are marked in bold

Measure Blurred (AP IVAP+(IVA° IVAP+ A VAP
SSiM 0.5436 0.7110 0.7407 0.8280
PSNR 25.1436 26.0087 26.6255 26.7176

Ground truth |IVAP

IVAP+IVAIP

()

IVAP+ e VAP

B4 Hakkihd Rk

Fig. 4 An example of ablation experiment of the proposed regularization scheme
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Table 2 Average deconvolution performance on dataset®”. The best performed ones are marked in bold

Metrics Li® Nah!' Krishnan!?®! Xu&Jia” Hosseinil*! Ours
SSIM 0.8303 0.8257 0.7270 0.7841 0.5404 0.8403
PSNR 20.8716 25.3978 22.8246 24.4006 20.7021 25.9269
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Fig. 5 Examples of qualitative comparisons on the BSDS dataset®?.
Columns from top to bottom: blurry image, Li, Nah, Krishnan, Xu and Jia, Hosseini, and ours
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T, :

Krishnan®! Xu&Jial” Hosseinil*! Ours

B6 RRZHEELEHEE LGERLER
Fig. 6 An example of real-life blurry image from the GOPRO dataset!'"..
Columns from left to right: blurry image, Li, Nah, Krishnan, Xu&Jia, Hosseini and ours

A3 FRFEEATHIEE L) TR

Table 3 Average deconvolution performance on dataset®. The best performed ones are marked in bold

Metrics L' Nah!"" Krishnan®® Xu&Jia!” Hosseinil*! Ours
SSIM 0.8419 0.8752 0.7901 0.8147 0.8152 0.8723
PSNR 27.5433 28.2621 25.0031 26.6808 27.5458 30.4183
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Table 4 Model overview and parameter estimation
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Fig. 7 Estimations of regression curves
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Table 5 Average SSIM performance on Levin dataset® over different w

Metrics wWo [ W w3

SSIM 0.7391 0.7616 0.7673 0.7467
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Blind image restoration performance of the proposed method

Overview: Blind image restoration is widely used to improve the quality of degraded images with no-reference. Its
main purpose is to accurately estimate the blur kernel and the wanted clear image. In the blind restoration research
based on high-order image gradient priors, most of the existing works employ the total variation to model the gradient
prior constraints. This class of method can effectively suppress the blocking artifact in the restored image. On the basis
of experimental observation and research, this paper proposes to use the sparse prior constraint model to regularize the
blind restoration process to obtain a better image restoration performance. On the one hand, by looking into the histo-
gram of high-order and low-order gradients of a natural image, it can be found that the sparsity of high-order gradients
is even more salient than that of low-order gradients. On the other hand, the existing researches show that the use of
sparse priors to describe a heavy-tailed distribution of low-order gradients helps to restore the significant edges of the
have image while effectively suppressing noise and ringing effects. Therefore, this work proposes to combine the
low-order and high-order gradient priors into a new sparse regularization term so as to benefit from both types of gra-
dient priors. In the meantime, an interesting experimental finding is introduced in this work that different degrees of
image blur favor different ratios of the two types of gradient priors which are beneficial to obtain the optimal solution.
Therefore, to obtain better iteration convergence, an adaptive factor w based on image entropy is introduced to adjust
the ratio of the two types of gradient priors in the iterative optimization process. Since it is hard to model the parameter
w mathematically, the expression of w is determined by manually parameter adjustment and statistically data fitting in
this work. The overall iterative optimization process is developed in a coarse-to-fine manner, and the split Bergman
method is employed to deal with the non-convex problem of each minimization subtask. Finally, to analyze the perfor-
mance of the proposed blind image restoration method, the ablation study was firstly conducted to demonstrate the
efficiency of the employed strategies. Then, on the BSDS image dataset (simulated dataset) and the GOPRO image data-
set (real blurred dataset), the proposed method was compared with the existing state-of-the-art image restoration me-
thods. Experimental results show that our method can recover sharper edges and smoother details as well as introduce
less unwanted artifacts, and our method is at a relatively leading level not only in subjective visual effects but also in
performance evaluation indicators. All the above advantages demonstrate that the proposed method has superior image
restoration performance.
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