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A An Empirical Study on The Relation Between Kernel
Accuracy and Performance of The Proposed Method

Extensive experiments conducted in the main paper showed that the proposed method has overall better
robustness to kernel error than existing non-blind deconvolution methods, in the application of blind
motion deblurring. The amount of kernel error in these experiments ranges from small to very large. In
this experiment, we would like to see at what range of the amount of kernel error, the proposed method
performs better than the existing ones.

The experiments are conducted on the Levin et al.’s dataset using the estimated kernels sampled
from the intermediate results of SelfDeblur (Ren et al, 2020). That is, we sampled the estimated kernels
and estimated latent images from SelfDeblur at every 100 iterations. Then, the intermediate deblurred
results from SelfDeblur are compared to the one from the proposed methods (note that both use the
same intermediate estimation of motion-blur kernel).

The accuracy of kernel estimation is measured by the maximum of normalized convolution cross-
correlation (MNC) (Ren et al, 2020). See Fig. 1 for the PSNR and MNC curve. It can be seen that the
proposed method can’t yield reasonable results in the very early stage (before 400 iterations) where the
MNC is lower than 0.71. After 400 iterations, the kernel error decreases to a medium amount, and the
proposed method start to perform better than SelfDeblur. The advantage of the proposed method is kept
unchanged afterward (around > 0.3dB after convergence). See Fig. 2 for visual results.

This empirical study shows that the proposed method can handle well the small to medium amount
of kernel error. The range where the proposed works well is [0.7, 0.95] (in MNC) in the experiment. In
other words, a blind deblurring method can call the proposed method for deblurring the image during
the iteration to speed up the convergence, as long the estimation of the kernel is not too far way from
the truth kernel.
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Fig. 1 Quantitative results on Levin et al.’s dataset with different intermediate kernels generated from SelfDeblur.
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Fig. 2 Visual results of motion deblurring with different intermediate kernels generated from SelfDeblur.
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B Results of Ablation Study on Set12

The ablation study is also conducted on Set12 in NID with accurate motion kernels. See following tables
for the results.

Table 1 PSNR(dB) results in ablation studies on Set12 with accurate motion kernels and AWGN (σ = 5%).

Dropout
Noise Level σ Peak Value

1% 3% 5% 128 256 512 1024

Standard 32.04 28.85 27.62 26.41 27.62 28.57 29.57
SA 32.09 28.97 27.75 26.98 27.90 28.87 29.81

Margin 0.05 0.12 0.13 0.37 0.28 0.30 0.24

Table 2 Quantitative results in ablation studies on Set with accurate motion kernels and AWGN (σ = 5%).

w/o Dropout Aggregat. Replace. Masking Ours

PSNR(dB) 23.71 24.10 26.12 26.28 26.56
SSIM 0.579 0.588 0.732 0.760 0.770

C More Visual Results in Limitation Analysis

The following figures show that the proposed method does not work well on large kernel error.

Input Ours TLS ASN

Fig. 3 Failure case of the proposed method when deblurring on images from Lai et al.’s synthetic dataset in the presence
of large kernel error.
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D More Visual Results in The Experiments

Input (17.43dB) IBM3D (21.61dB) FID (25.51dB) EPLL (27.30dB) DIP (25.75dB) DIKP (26.92dB) DDec (27.24dB)

BP-DIP (19.80dB) FCNN (26.18dB) IRCNN (25.38dB) FDN (29.62dB) DMSP (26.61dB) DPDNN (26.89dB) RGDN (26.91dB)

VEM (25.88dB) CPCR (19.22dB) DWDN (28.20dB) Ours (32.84dB) GT (PSNR)

Fig. 4 Visual results of nonblind motion deblurring on a blurry image from Levin et al.’s dataset.(4th kernel from (Levin
et al, 2011) and noise level σ = 2.55).

Input (18.25dB) IBM3D (25.76dB) FID (25.39dB) EPLL (26.19dB) DIP (24.14dB) DIKP (26.31dB) DDec (23.13dB)

BP-DIP (22.27dB) FCNN (26.95dB) IRCNN (27.42dB) FDN (24.08dB) DMSP (27.28dB) DPDNN (27.11dB) RGDN (26.97dB)

VEM (27.44dB) CPCR (25.50dB) DWDN (27.22dB) Ours (27.47dB) GT (PSNR)

Fig. 5 Visual results of nonblind motion deblurring on a blurry image from Sun et al.’s dataset (4th kernel from (Levin
et al, 2011) and noise level σ = 7.65).
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Input (23.01dB) IBM3D (23.85dB) FID (26.61dB) EPLL (26.69dB) DIP (28.12dB) DIKP (26.71dB) DDec (27.99dB)

BP-DIP (27.61dB) FCNN (27.86dB) IRCNN (24.60dB) FDN (29.47dB) DMSP (28.01dB) NNet (25.57dB) RGDN (29.80dB)

VEM (28.85dB) CPCR (26.78dB) DWDN (27.78dB) Ours (31.96dB) GT (PSNR)

Fig. 6 Visual results of nonblind motion deblurring on a blurry image from Set12 (3rd scenario from (Danielyan et al,
2011)).

Input (29.32dB) IBM3D (35.07dB) FID (30.72dB) EPLL (34.86dB) DIP (24.16dB) DIKP (31.15dB) DDec (29.90dB)

BP-DIP (31.87dB) FCNN (34.46dB) IRCNN (35.29dB) FDN (29.95dB) DMSP (33.97dB) NNet (32.35dB) RGDN (34.88dB)

VEM (34.92dB) CPCR (35.21dB) DWDN (35.68dB) Ours (35.79dB) GT (PSNR)

Fig. 7 Visual results of nonblind deblurring on a blurry image from Sun et al.’s dataset (4th scenario from (Danielyan
et al, 2011)).
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Input (20.29dB) VST-BM3D (25.27dB) RWL2 (25.53dB) DIKP (24.28dB) DDec (24.39dB) BP-DIP (23.83dB) Ours (26.24dB)

FDN (24.95dB) DMSP (25.09dB) RGDN (25.85dB) VEM (25.99dB) CPCR (21.43dB) DWDN (25.86dB) GT (PSNR)

Fig. 8 Visual results of nonblind deblurring on a blurry image with Poisson noise from Set12 (5th kernel from (Levin et al,
2011) and peak = 128).

Input (25.73dB) VST-BM3D (30.84dB) RWL2 (30.53dB) DIKP (30.15dB) DDec (29.90dB) BP-DIP (16.61dB) Ours (31.99dB)

FDN (30.36dB) DMSP (26.61dB) RGDN (29.00dB) VEM (29.89dB) CPCR (25.87dB) DWDN (31.45dB) GT (PSNR)

Fig. 9 Visual results of nonblind deblurring on a blurry image with Poisson noise from Sun et al.’s dataset (1st kernel
from (Levin et al, 2011) and peak = 256).

Input (12.13dB) IBM3D (13.67dB) FID (17.72dB) EPLL (19.63dB) MRD (17.21dB) DIP (11.91dB) DIKP (13.33dB)

DDec (13.19dB) BP-DIP (12.76dB) FCNN (13.01dB) IRCNN (14.35dB) FDN (3.99dB) DMSP (20.23dB) RGDN (19.37dB)

VEM (12.42dB) CPCR (15.39dB) DWDN (19.28dB) Ours (21.00dB) GT (PSNR)

Fig. 10 Visual results of motion deblurring on a blurry image with real-world degradation from Lai et al.’s dataset (4th
kernel from (Lai et al, 2016) and σ = 2.55).
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Input (18.14dB) IBM3D (23.24dB) FID (20.85dB) EPLL (23.46dB) MRD (25.05dB) DIP (25.82dB) DIKP (23.17dB)

DDec (17.72dB) BP-DIP (25.72dB) FCNN (23.51dB) IRCNN (23.70dB) FDN (24.26dB) DMSP (24.08dB) RGDN (16.80dB)

VEM (24.23dB) CPCR (24.14dB) DWDN (24.59dB) Ours (29.28dB) GT (PSNR)

Fig. 11 Visual results of motion deblurring on a blurry image with real-world degradation from Anger et al.’s dataset (3th
kernel from (Levin et al, 2011) and σ = 2.55).

Input (11.21dB) Pan-L0 (11.93dB) Pan-DCP (12.27dB) Yang & Ji (16.68dB) Anger-L0 (10.41dB) Anger-HN (12.77dB) SelfDeblur (17.46dB)

ASN (17.03dB) Cho (12.50dB) IBM3D (15.83dB) EPLL (19.40dB) DIP (12.65dB) DIKP (19.88dB) DDec (18.43dB)

BP-DIP (16.41dB) FCNN (18.12dB) IRCNN (17.24dB) FDN (8.85dB) DMSP (19.79dB) VEM (17.01dB) TLS (18.63dB)

CPCR (15.10dB) DWDN (18.51dB) Ours (20.07dB) GT (PSNR)

Fig. 12 Visual results of real motion deblurring on a blurry image from Lai et al.’s dataset with inaccurate kernels.(4th
kernel from (Lai et al, 2016)).
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Input (23.41dB) Pan-L0 (24.72dB) Pan-DCP (27.64dB) Yang & Ji (14.40dB) Anger-L0 (20.27dB) Anger-HN (23.33dB) SelfDeblur (27.64dB)

ASN (26.40dB) Cho et al.(22.85dB) IBM3D (12.52dB) EPLL (15.19dB) DIP (22.72dB) DIKP (26.70dB) DDec (25.96dB)

BP-DIP (16.32dB) FCNN (13.87dB) IRCNN (14.01dB) FDN (14.11dB) DMSP (15.12dB) VEM (24.87dB) TLS (27.46dB)

CPCR (16.02dB) DWDN (24.83dB) Ours (27.82dB) GT (PSNR)

Fig. 13 Visual results of real motion deblurring on a blurry image from Kohler et al.’s dataset with inaccurate kernels.(10th
kernel from (Köhler et al, 2012)).
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Input Ours FID DIP TLS DWDN ASN

Fig. 14 Visual results of real motion deblurring on Lai et al.’s real dataset.
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