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Overview

In this supplemental material, we first present the detailed network architecture and parameters of
the proposed approach in Sec. |[Al We further provide more analysis of the proposed method and
ablation studies in Sec. [B] Section [C] shows some qualitative results for potential applications of
the proposed approach on medical imaging and imaging in astronomy. We provide more visual
comparisons against other methods in Sec.

A Configurations of the Deep Wiener Deconvolution Network

As shown in Fig. 2] of the main paper, our proposed network consists of a feature extraction network,
a feature-based Wiener deconvolution, and a multi-scale feature refinement network. Tables [6]and
list the detailed configurations of the feature extraction network and the feature refinement network
for one scale, respectively. Following Eq. (9) of the main paper, the number of input channels in the
feature refinement network for scale [ = 1 and [ > 1 differs. Hence, our feature refinement network
shares its parameters across all scales except for the first encoder block.

Table 6: Parameters of the feature extraction network. Conv denotes a convolutional layer and Res
denotes a residual block.

Layers Conv, Res; Res2 Ress
Filter size 5 5 5 5
Number of filters 16 16 16 16
Stride 1 1 1 1

B In-Depth Analysis

In this section, we provide additional detailed ablation studies and discussions on the proposed deep
Wiener deconvolution network.

B.1 Effect of the feature-based Wiener deconvolution with a basic reconstruction network

Our goal of this section is to complement the results in the main paper (in particular Tab. [3]in the
main paper) and to analyze the effect of the feature information on the classical Wiener deconvolution.
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Table 7: Parameters of the feature refinement network. Conv denotes a convolutional layer, Res
denotes a residual block, and Deconv denotes a transposed deconvolutional layer. Resi—Resj+2 (i=1,
4, 7, 10, 13, 16) represents a series of three identically configured residual blocks.

Layers Convq Resi1—Ress Conva Ress—Resg Convs Res7—Resg
Filter size 5 5 5 5 5 5
Number of filters 32 32 64 64 128 128
Stride 1 1 2 1 2 1
Layers Resio—Resi2 Deconv; Resi3—Resis Deconv, Resis—Res1s Convy
Filter size 5 3 5 3 5 5
Number of filters 128 64 64 32 32 3
Stride 1 2 1 2 1 1

Table 8: Effect of the feature-based Wiener deconvolution. All methods are evaluated on the datasets
of [21]] (1% noise level) and [24]] (1% noise level). The basic reconstruction network that contains
three residual blocks followed by one convolutional layer is denoted as Basic reconstruction. The
baseline method that follows the classical Wiener deconvolution with the Basic reconstruction network
is denoted as Wiener,. The baseline methods that combine the classical Wiener deconvolution with
the image gradients, the concatenation of both the input and the image gradients, 9 learned deep
features, and 16 learned deep features are denoted as Wienerg, Wienery+g, Wienero pures, and
Wienerp, respectively.

Feature extraction Wiener Refinement / Reconstruction PSNR in dB/SSIM

Intensity Gradients Deep features deconvolution  Bagic reconstruction Multi-scale refinement 211 241
Wiener [49] v X X v X X 27.48/0.6981 26.76/0.7033
Wiener; 4 X X v v X 30.32/0.8931 27.14/0.8226
Wienerg X 4 X v v X 18.03/0.6456 13.46/0.5350
Wiener +G v v X v 4 X 33.37/0.9239 29.35/0.8423
Wienero features X X v v v X 34.09/0.9394 30.46/0.8755
Wienerp X X v v v X 34.78/0.9478 30.95/0.8836
Ours X X v v X v 36.90/0.9614 31.74/0.8938

We thus disable our proposed feature refinement network for all the baseline methods in this section.
We compare the classical Wiener deconvolution [49] with various baseline methods that combine the
classical Wiener deconvolution with various features: only the image gradients along the vertical and
horizontal directions (Wienerg for short), the concatenation of both the blurry image and the image
gradients (Wiener . for short), and learned deep features (Wieners feasures and Wienerp for short, latter
using 16 features). To reconstruct the final clear image from the deconvolved features, we use a basic
reconstruction network that contains three residual blocks followed by one convolutional layer. Note
that this is the same basic reconstruction network discussed in the main paper. For fair comparison,
we further compare with a baseline method that follows the classical Wiener deconvolution in image
space with the same reconstruction network (Wiener, for short). Table[§]shows that using the gradient
information alone is not sufficient, but is effective to improve the deconvolution performance when
combined with the intensity information from the blurry image. Thus, combining useful feature
information is able to improve the performance of the classical Wiener deconvolution. Furthermore,
the baseline method with the learned deep features performs the best among all the baseline methods,
increasing the PSNR by at least 0.72dB on the dataset by [21]] and 1.11dB on the dataset by [24].
The results in Tab. [§] demonstrate that the deep features are more effective for extracting useful
information for better deblurring and do not require a manual feature combination compared to fixed
feature extractors.

The last row in Tab. [§]reports the results of the proposed approach with the deep Wiener deconvolution
module and our multi-scale feature refinement module, which demonstrates that the multi-scale
refinement network is much better at recovering the clear image from the deconvolved features,
increasing the PSNR by 2.12dB on the dataset by [21] and 0.79dB on the dataset by [24].



Table 9: Effectiveness of the deep features learned by our piece-wise linear feature extraction network,
evaluated on the datasets/@fl], [24], and 43] (PSNR in dB/SSIM). We compare the baseline method

that combines the classical Wiener deconvolution with the proposed deep feature extraction network
(Wienep ) with a baseline that uses a linear feature extraction netwbikrep w/ learned linear
features.

Dataset Noise level Wiengrw/ learned linear features Wienrer
1% 33.69/0.9133 34.78/0.9478
Levinetal. [21] 3% 29.80/0.8343 31.18/0.8942
5% 28.09/0.7888 29.39/0.8553
BSDS [24] 1% 31.69/0.8815 32.69/0.9127
Sun et al.[[4B] 1% 29.46/0.8472 30.95/0.8836

Table 10: Quantitative comparison to state-of-the-art methods on the dataset of Levin ét al. [21].

Noise level DMPHN[58] EPLLI55] MLP4D] CSH[37] LDT[8] IRCNNTS5] FNBLO[42] RGDNTI0]  Ours
150  PSNR(dB) 21.35 22.04 22.98 21.87 21.46 24.64 21.75 17.10 2557
SSIM 0.5144 0.5987 0.5562 0.5130 0.4309 0.6647 0.4411 0.2491 0.7429
20%  PSNR(dB) 20.45 21.13 22.13 20.82 21.96 22.68 20.21 14.81 24.01
SSIM 0.4301 0.5579 0.5350 0.4618 0.5177 0.5912 0.3508 0.1599 0.6765
200  PSNR(B) 18.66 19.28 20.32 13.15 19.15 20.97 18.06 1234 21.79
°  ssiM 0.2909 0.4457 0.4916 0.1103 0.3124 0.5554 0.2378 0.0889 0.5637

Table 11: Quantitative comparison to state-of-the-art methods on the dataset of Martih et al. [24].

Noise level DMPHN [53] EPLL[56] MLP[40] CSF[37] LDT[8] FCN[54] IRCNN[55] FDN[16] FNBD [42] RGDN[10] Ours
35  PSNR(dB) 24.04 26.28 2562 2633 2624  26.92 27.18 27.23 27.44 27.088.58
SSIM 0.6538 0.6996  0.6505 0.7096 0.7018 0.7346  0.7219 0.7505  0.7618 0.7626040

sy  PSNR(B) 23.72 24.66 2401 2493 2490 2545 25.65 25.93 25.49 25.327.29
SSIM 0.6255 06276 05619 06428 0.6358 0.6771  0.6640  0.6943  0.6589 0.6688573

B.2 Effectiveness of learned deep features with a basic reconstruction network

In this section, we focus on the effect of learned deep features and disable our proposed feature
re nement network for all the baseline methods. To reconstruct the nal image from the deconvolved
deep features, we use the same basic reconstruction network as in Tab. 8. As stated in the main
paper, the derivations of the feature-based Wiener deconvolution strictly hold in a linear feature space.
Moreover, we are interested to leverage powerful learned feature extriEtgrbeyond hand-crafted

ones. To this end, we develop a feature extraction network to estifRatg. As the feature extraction
network with ReLUs is piece-wise linear, the linearity assumption of the Wiener deconvolution holds
only locally [19, 27]. To evaluate the feasibility and effectiveness of this piece-wise linear feature
extraction network, we remove the ReLUs in the proposed feature extraction network and compare
the effect of using features extracted by the proposed netWiidngep for short) and the linear
feature extraction networkNienep w/ learned linear featurefor short) on the classical Wiener
deconvolution in Tab. 9. The results show that the method with the features extracted by the proposed
piece-wise linear (deep) feature extraction network performs much better than that using only a linear
feature extraction network, increasing the PSNR by at [&880B on the dataset oPfl], 1:00dB on

the dataset of [24], antt49dB on the dataset of [43].

B.3 More experimental results on blurry images with higher noise levels

In the main paper, we compare the proposed method with state-of-the-art methods on the dataset
of Levin et al.[21] with Gaussian noise df%-10%, and on the datasets of Martin et @4] and

Sun et al[43] with Gaussian noise df%. In this section, we further evaluate our method on these

test datasets with higher levels of Gaussian noise. Tables 10 and 11 show that the proposed method
performs better than state-of-the-art methods on blurry images also with higher noise levels.
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Figure 6: lllustration of learned deep featurés) Blurry input. (b) Ground truth.(c)—(e)are the
visualization of one channel of the blurry input, the image gradient along the vertical direction, and
the image gradient along the horizontal direction, respectiybith) are the deconvolved results
corresponding tdc)—(e) (i) and(j) visualize some features learned by the feature extraction network
and the corresponding deconvolved results, respectively.

B.4 Visualization of learned deep features

To intuitively illustrate what the proposed feature extraction network learns, we show some learned
features in Fig. 6(i), where the corresponding results deconvolved by Egs. (3) and (8) of the main
paper are shown in Fig. 6(j). The blurry input and ground truth are shown in Fig. 6(a)—(b). For
better understanding, we also show the visualization of one channel of the blurry input and the image
gradients along two directions in Fig. 6(c)—(e). Their corresponding deconvolved results are shown
in Fig. 6(f)—(h). Compared to the intensity information and the gradient information in Fig. 6(c)—(h),
the learned deep features in Fig. 6(i)—(j) contain much richer feature information, facilitating the
reconstruction of high-quality images. In addition, by integrating the feature extraction, the deep
Wiener deconvolution, and the feature re nement into an end-to-end network, the feature extraction
network can automatically learn useful feature information from the blurry input for better deblurring.
Thus, the proposed method does not require a manual combination of features.

B.5 Role of feature extraction network

As stated in the main paper, we propose to obtain powerful feature extréE{grsising deep neural
networks that provide more useful information for a subsequent Wiener deconvolution. However,
on may actually wonder whether the feature extraction network acts as a denoiser, leading to the
observed robustness of the proposed method to various noise levels. To answer this question, we
further compare the learned features for blurry images without and with noise of different noise levels
(1%; 5%; 10%) in Fig. 7. The results show that the higher the noise level of the blurry image is, the
more noise the learned feature contains. Therefore, the feature extraction network does not appear to
act as a denoiser.

B.6 Robustness to differing noise levels

Estimation of parametersfs‘gand fs'g. As mentioned in the main papes ands] denote
E jFixj> andE jF;nj? , respectively. However, in real applications, it is hard to accurately calculate
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