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Abstract

We present a simple and effective approach for non-blind image deblurring, com-
bining classical techniques and deep learning. In contrast to existing methods that
deblur the image directly in the standard image space, we propose to perform an
explicit deconvolution process in a feature space by integrating a classical Wiener
deconvolution framework with learned deep features. A multi-scale feature re-
finement module then predicts the deblurred image from the deconvolved deep
features, progressively recovering detail and small-scale structures. The proposed
model is trained in an end-to-end manner and evaluated on scenarios with both
simulated and real-world image blur. Our extensive experimental results show
that the proposed deep Wiener deconvolution network facilitates deblurred results
with visibly fewer artifacts. Moreover, our approach quantitatively outperforms
state-of-the-art non-blind image deblurring methods by a wide margin.

1 Introduction

Image deblurring is a classical image restoration problem, which has attracted widespread atten-
tion [e.g., 1, 3, 9, 10, 56]. It is usually formulated as

y = x ∗ k + n, (1)

where y, x, k, and n denote the blurry input image, the desired clear image, the blur kernel, and image
noise, respectively. ∗ is the convolution operator. Traditional methods usually separate this problem
into two phases, blur kernel estimation and image restoration (i.e., non-blind image deblurring). The
goal of non-blind image deblurring is to restore the clear image x from its corrupted observation y
given the blur kernel k. Early non-blind deblurring methods include the Wiener filter [49] and the
Richardson-Lucy algorithm [33]. Later work commonly relied on a probabilistic formulation, most
often maximum a-posteriori approaches, and much research has been devoted to developing effective
image priors [15, 37, 50, 56] or sophisticated data terms [8, 32]. However, the optimization problems
resulting from such advanced models are difficult to solve, which limits their practical appeal.

In recent years, convolutional neural networks have been exploited for image deblurring and shown
promising results. To effectively exploit a-priori knowledge for non-blind image deblurring, one
line of work [40, 42, 54, 55] decomposes this problem into image denoising (which is achieved by
learned deep models) and image deconvolution1 (performed in the standard image space). However,
the underlying deep models for image denoising are not specifically optimized for image deblurring,

1Note that deconvolution is a particular way of solving image deblurring given the blur model in Eq. (1).
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(a) Blurry input (b) Blind [53] (c) Non-blind [8] (d) Non-blind [55] (e) Ours (non-blind)

Figure 1: Deblurring results on a real blurry image from [50]. A recent blind image deblurring
method [53], based on end-to-end trainable networks, does not effectively estimate a clear image.
With an estimated blur kernel from [29], non-blind image deblurring methods [8, 55] generate better
results(c,d) than the blind method(b). Yet, our method recovers still much clearer results(e).

thus not effective in removing deconvolution artifacts and restoring structural detail. In addition,
we observe that performing the deconvolution in the standard image space introduces undesirable
artifacts and loses �ne-scale image detail (Fig. 1(d)). To remove artifacts, several algorithms use
the information extracted by �xed feature extraction operators [31, 41] or discriminatively learned
ones [8, 32] in the deconvolution process. However, these methods are not effective in �ner-scale
detail restoration (Fig. 1(c)). Another line of work adopts generic network architectures (e.g., U-
Net [23, 45, 53], GANs [17]) to directly estimate the clear image from the blurry input and achieves
reasonable image quality (without the blur kernel being known). Nevertheless, most of these networks
do not perform well compared to established non-blind image deblurring methods if the blur kernel is
known, cf. Fig. 1(b)vs.Fig. 1(c)–(d). Thus, it is of signi�cant interest to investigate the properties of
the deconvolution process and develop effective deep models for non-blind image deblurring.

In this paper, we develop a domain-speci�c network that integrates a classical deconvolution technique
into deep neural networks for non-blind image deblurring. In this way, our approach deviates
from existing methods [42, 55], whose deconvolution process is independent from the deep model.
Speci�cally, we �rst explore the utility of the classical Wiener deconvolution and propose afeature-
based Wiener deconvolution. Then we embed the feature-based Wiener deconvolution into a deep
neural network, which contains a feature extraction network to provide useful features for the feature-
based Wiener deconvolution and a feature re�nement network to further re�ne the deconvolved
features for better image reconstruction. Taken together, we �nd that the feature-based Wiener
deconvolution can better constrain the whole network to learn effective non-blind deblurring.

The contributions of this paper can be summarized as follows:(i) We develop a novel feature-
based Wiener deconvolution module that enforces the estimated latent image to coincide with the
degradation process in a (deep) feature space. A detailed analysis demonstrates that a feature-space
deconvolution is more effective in suppressing artifacts and recovering �ne detail compared to
previous methods that conduct the deconvolution in the image space. Learned deep features further
improve the results.(ii) We then propose a multi-scale feature re�nement module to restore the
�ne-scale structures of the deconvolved features, facilitating the reconstruction of high-quality images.
The whole network is trained in an end-to-end manner.(iii) Bene�tting from the feature-based Wiener
deconvolution, our approach adaptively estimates the noise level from the blurry features, which
ensures that training a single instance of the proposeddeep Wiener deconvolution networkis able to
handle various levels of noise. Extensive experiments demonstrate that our approach outperforms
existing state-of-the-art methods that require the noise level to be known by a large margin.

2 Related Work

Non-learned methods. Since non-blind image deblurring is ill-posed, various priors have been
proposed to constrain the solution space, e.g., total variation [47], hyper-Laplacian priors [15, 20],
interal patch recurrence [25], etc. Danielyan et al.[5] develop an iterative deblurring algorithm based
on BM3D [4]. Shan et al.[41] model the noise distribution by constraining several orders of its
derivatives. Yuan et al.[52] propose an inter-scale and intra-scale deconvolution method to recover
�ne detail while suppressing artifacts. Common to these hand-crafted priors is that they do not fully
exploit the characteristics of clean image data and usually lead to complicated inference problems.

Classical learning methods. To better capture the inherent properties of clear photographic images,
various learning methods have been proposed. Zoran and Weiss[56] present a Gaussian mixture
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Figure 2: Deep Wiener deconvolution network. While previous work mostly relies on a deconvolution
in the image space, our network �rst extracts useful feature information from the blurry input image
and then conducts an explicit Wiener deconvolution in the (deep) feature space through Eqs. (3)
and (8). A multi-scale encoder-decoder network progressively restores clear images, with fewer
artifacts and �ner detail. The whole network is trained in an end-to-end manner.

prior learned from natural images. Roth and Black[35] learn expressive high-order MRF priors, so
called �elds of experts. Schmidt et al.[39] derive a discriminative model based on regression tree
�elds [12]. Shrinkage �elds [37] combine random �elds with a discriminatively learned optimization
algorithm. Similarly, Chen et al.[2] train nonlinear reaction diffusion models by parameterized linear
�lters and in�uence functions. To better model the image reconstruction error, [8, 32] learn a set of
�lters and penalty functions to model the data term. Although achieving decent image quality, these
learned priors or penalty functions usually require the design of sophisticated numerical algorithms.

Deep learning methods. More recently, deep learning has been used for non-blind image deblurring.
Xu et al. [51] use the singular value decomposition of the pseudo-inverse kernel to initialize the
network parameters. However, this method needs �ne-tuning for every kernel. To overcome this,
several methods [34, 36, 40, 54, 55] decompose non-blind deblurring into two individual subproblems,
i.e., image denoising and image deconvolution. For example, Zhang et al.[54] �rst deconvolve the
blurry image in the image space and then use a fully convolutional network to learn image gradients
to further guide the �nal deconvolution, while [40, 55] train a set of CNNs to improve the denoising
accuracy. These methods achieve reasonable image quality, but separately designing these two
subproblems will make the approach not be fully optimized for image deblurring. Kruse et al.
[16] generalize discriminative FFT-based deconvolution by using CNN-based regularization and
propose a boundary adjustment method. Gong et al.[10] incorporate deep neural networks into a
gradient descent scheme. However, most of these approaches implement the deconvolution process
in the standard image space. Hence, artifacts remain and �ne-scale detail is lost, as pointed out
by [8, 31, 41].

Other related work. Son and Lee[42] use a Wiener deconvolution as a preprocessing step and
then develop residual networks with long and short skip-connections to remove artifacts caused by
the Wiener deconvolution. Their network is able to remove artifacts but does not effectively preserve
image detail. Thus, they adopt an additional postprocessing step to remedy this problem. Different
from [42], we show that the Wiener deconvolution implemented in the standard image space is less
effective for artifact suppression and detail restoration and thus propose a novel feature-based Wiener
deconvolution embedded in an end-to-end architecture without any postprocessing step.

While most prior work assumes the noise level to be known, noise-blind methods offer an alternative.
[38] develops a sampling-based Bayesian method with integrated noise estimation. [13] introduces a
sampling-free approach using a smoothed generalization of the0-1 loss. Different from [13, 38], we
explore the Wiener deconvolution in a deep feature space and adaptively estimate the noise level from
the blurry features, ensuring that training a single model is able to handle various levels of noise.

3 Deep Wiener Deconvolution Network

Our goal is to develop an effective non-blind image deblurring approach to restore high-quality
images with few artifacts and �ne detail. Speci�cally, the proposed deep Wiener deconvolution
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network contains a feature-based Wiener deconvolution module and a multi-scale feature re�nement
module, which are trained in an end-to-end manner. Figure 2 summarizes the model architecture.

3.1 Feature-based Wiener deconvolution

To design a network speci�cally for the task of image deblurring, we propose to embed an explicit
Wiener deconvolution step into our network. However, only using the intensity information in the
standard image space for the deconvolution is not effective for artifact removal and detail restoration
as pointed out by [8, 31, 41]. Thus, we propose afeature-based Wiener deconvolution moduleto
better constrain the deconvolution process with useful feature information from the blurry input.

Let f f i gM
i =1 denote a set of linear �lters, which are used to extract useful feature information from the

blurry input. By convolving both sides of Eq. (1) withf f i g, we can obtain the relationship between
y; x, andk in the feature space, owing to the properties of convolution,

Fi y = KF i x + Fi n; 8i = 1 ; : : : ; M; (2)

whereFi ; K; y; x, andn denote the matrix/vector forms off i ; k; y; x, andn.

The goal of our feature-based Wiener deconvolution module is to explicitly deconvolve the blurry
featuresf Fi yg from Eq. (2) by �nding a set offeature-based Wiener deconvolution operatorsf Gi g
so that we can obtain the latent features as

Fi x̂ = Gi Fi y; 8i = 1 ; : : : ; M; (3)

wherex̂ is the latent clear image sought after. In order to obtain latent features that are close to the
ground-truth clear features, for eachi , we need to minimize the mean squared error [49]

ei = E
�
jFi x � Fi x̂j2

�
= E

�
jFi x � Gi Fi yj2

�
= E

�
jFi x � Gi (KF i x + Fi n)j2

�
(4a)

= (1 � Gi K)(1 � Gi K)> E
�
jFi xj2

�
� (1 � Gi K)G>

i E
�
Fi x(Fi n)> �

(4b)

� (1 � Gi K)> Gi E
�
(Fi x)> Fi n

�
+ Gi G

>
i E

�
jFi nj2

�
;

whereE denotes the expectation. Assuming the noise to be independent from the latent clear image
and having zero mean, we can derive that

E
�
Fi x(Fi n)> �

= E
�
Fi x

�
E

�
(Fi n)> �

= 0 and E
�
(Fi x)> Fi n

�
= E

�
(Fi x)> �

E
�
Fi n

�
= 0 : (5)

We denoteE
�
jFi xj2

�
andE

�
jFi nj2

�
by sx

i andsn
i and then rewrite Eq. (4b) as

ei =
�
1 � Gi K

��
1 � Gi K

� >
sx

i + Gi G
>
i sn

i : (6)

To minimizeei , we compute the derivative of Eq. (6) with respect toGi and set it to zero:
�
K> Ksx

i + sn
i

�
Gi � K> sx

i = 0 : (7)

Then we can obtain the feature-based Wiener deconvolution operatorGi as

Gi =
K>

K> K + sn
i

sx
i

= F � 1

 
F (K)

F (K)F (K) + sn
i

sx
i

!

; (8)

whereF denotes the discrete Fourier transform andF (K) is the complex conjugate ofF (K). Thus,
we can obtain the latent featuref Fi x̂g by Eqs. (3) and (8).

To extract useful feature information from the blurry input, we can choose common derivative
operators (e.g., �rst- and higher-order derivatives) or discriminatively learned linear �lters. In general,
the input of the feature-based Wiener deconvolution module is the degraded image and the outputs are
the deconvolved latent featuresf Fi x̂g. Our analysis in Sec. 5 shows that the Wiener deconvolution is
more effective when combining more and more useful feature information.

In addition, we can obtain more powerful feature extractorsf Fi g in Eq. (3) using deep neural
networks [6, 26, 28]. While deep feature extractors are not linear, as assumed by Eq. (2), they are
locally linear [19, 27]. Hence, we apply Eq. (2) regardless; remaining errors can be compensated by
the feature re�nement (Sec. 3.2). We directly estimate the blurry featuresf Fi yg given as input to
the deconvolutionGi and use a feature extraction network with one convolutional layer followed by
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(a) Blurry input (b) Standard image space (c) Deep feature space (d) Ground truth

Figure 3: Effect of the feature-based Wiener deconvolution.(a) Blurry image and blur kernel.(b) and
(c) are the results by methods that perform the deconvolution in the standard image space and a deep
feature space, respectively.(d) Ground truth. The deblurred result(c) from the proposed approach
contains fewer artifacts and much more detail in the red and yellow boxes than those in(b).

three residual blocks [11]. By embedding the feature-based Wiener deconvolution into an end-to-end
network, the feature extraction network can learn more useful features for deconvolution, cf. Sec. 5.

We estimatesx
i as the standard deviation of the blurry featureFi y and estimatesn

i as the variance of
the difference between the blurry featureFi y and the mean-�ltered result ofFi y. A more detailed
analysis is included in the supplemental material.sn

i can approximately estimate the noise level of
each blurry feature. Bene�tting from the feature-based Wiener deconvolution and the multi-scale
feature re�nement in Sec. 3.2, our network is able to handle blurry images with various noise levels.

To intuitively illustrate the effect of the feature-based Wiener deconvolution module, we compare
performing the Wiener deconvolution in the standard image space and in a deep feature space
in Fig. 3(b) and (c). For fair comparison, both methods use the same multi-scale feature re�nement
in Sec. 3.2 to reconstruct the �nal results. Figure 3 shows that deconvolving the blurry image in a
deep feature space is much more effective at yielding a clear image with fewer artifacts (e.g., the
chair back in the red boxes of Fig. 3) and �ner textures (e.g., the seat in the yellow boxes of Fig. 3).

3.2 Multi-scale feature re�nement

To restore high-quality images from the deconvolved latent features, we develop a multi-scale feature
re�nement module in a coarse-to-�ne manner. Speci�cally, we �rst build a pyramidff Fi x̂

l gL
l =1 g of

the full-resolution latent featuresf Fi x̂g from Eq. (3) using bicubic downsampling with a scale factor
of 2. Then we can obtain the clear imagex̂l at each scale by

x̂l = N (hl ); hl =

(
C

�
F1x̂l ; : : : ; FM x̂l � if l = 1 ;

C
�
F1x̂l ; : : : ; FM x̂l ; N � 1(F1x̂l � 1; : : : ; FM x̂l � 1) "

�
if l = 2 ; : : : ; L;

(9)

whereN denotes a network for the feature re�nement module,N � 1 denotes the networkN without
the last layer,Cis the concatenation, and" is the upsampling operation. For the networkN , we use
an encoder-decoder architecture to re�ne the latent features and reconstruct the �nal clear image. The
detailed network parameters are given in the supplemental material.

Loss function. To better regularize the network, we apply an`1 loss function at each scalel . The
�nal loss function is given as

L =
LX

l =1


 l

N l




 x̂l � xl






1; (10)

wherexl is the downsampled ground-truth image using bicubic interpolation for the scalel , f 
 l g are
the weights for each scale, andN l is the number of elements inxl for normalization.
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