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Abstract

Many fundamental image-related problems involve decartiah operators. Real
blur degradation seldom complies with an ideal linear ctuti@n model due to

camera noise, saturation, image compression, to name drfst@ad of perfectly

modeling outliers, which is rather challenging from a gexige model perspec-
tive, we develop a deep convolutional neural network towagthe characteristics
of degradation. We note directly applying existing deeprakboetworks does not
produce reasonable results. Our solution is to establisttdmnection between
traditional optimization-based schemes and a neural n&teuchitecture where
a novel, separable structure is introduced as a reliablpastifor robust decon-
volution against artifacts. Our network contains two submes, both trained in
a supervised manner with proper initialization. They yiditent performance
on non-blind image deconvolution compared to previous gaive-model based
methods.

1 Introduction

Many image and video degradation processes can be modelmthaktion-invariant convolution.
To restore these visual data, the inverse processgdeegnvolutionbecomes a vital tool in motion
deblurring [1, 2, 3, 4], super-resolution [5, 6], and exteddepth of eld [7].

In applications involving images captured by cameras,i@nstilsuch as saturation, limited image
boundary, noise, or compression artifacts are unavoidabtevious research has shown that im-
properly handling these problems could raise a broad setit#as related to image content, which
are very dif cult to remove. So there was work dedicated tadeling and addressing each particular
type of artifacts in non-blind deconvolution for suppresgiinging artifacts [8], removing noise [9],
and dealing with saturated regions [9, 10]. These methodbedurther re ned by incorporating
patch-level statistics [11] or other schemes [4]. Becaash enethod has its own specialty as well
as limitation, there is no solution yet to uniformly addraefishese issues. One example is shown
in Fig. 1 — a partially saturated blur image with compres@mors can already fail many existing
approaches.

One possibility to remove these artifacts is via employiegerative models. However, these models
are usually made upon strong assumptions, such as ideatidahdependently distributed noise,

which may not hold for real images. This accounts for the flaat even advanced algorithms can
be affected when the image blur properties are slightly ghdn
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(b) Krishnan et al

Figure 1: A challenging deconvolution example. (a) is thertyl input with partially saturated
regions. (b) is the result of [3] using hyper-Laplacian pr{g) is our result.

In this paper, we initiate the procedure for natural imagsodgolution not based on their physically
or mathematically based characteristics. Instead, we shoew direction to build a data-driven
system using image samples that can be easily produced &oraras or collected online.

We use the convolutional neural network (CNN) to learn theotieolution operation without the
need to know the cause of visual artifacts. We also do notreBny pre-process to deblur the image,
unlike previous learning based approaches [12, 13]. In flaistnon-trivial to nd a proper network
architecture for deconvolution. Previous de-noise nenealvork [14, 15, 16] cannot be directly
adopted since deconvolution may involve many neighborimglp and result in a very complex
energy function with nonlinear degradation. This makespeater learning quite challenging.

In our work, we bridge the gap between an empirically-deibeech convolutional neural network

and existing approaches with generative models in the gbatgseudo-inverse of deconvolution.
It enables a practical system and, more importantly, pexs/iah empirically effective strategy to

initialize the weights in the network, which otherwise canhbe easily obtained in the conventional
randome-initialization training procedure. Experimerti®w that our system outperforms previous
ones especially when the blurred inputimages are parsaliyrated.

2 Related Work

Deconvolution was studied in different elds due to its famdentality in image restoration. Most
previous methods tackle the problem from a generative petsge assuming known image noise
model and natural image gradients following certain distions.

In the Richardson-Lucy method [17], image noise is assuronefbltow a Poisson distribution.
Wiener Deconvolution [18] imposes equivalent Gaussianragsion for both noise and image gra-
dients. These early approaches suffer from overly smoattgds and ringing artifacts.

Recent development on deconvolution shows that regutaizéerms with sparse image priors are
important to preserve sharp edges and suppress artifd@spharse image priors follow heavy-tailed
distributions, such as a Gaussian Mixture Model [1, 11] oypen-Laplacian [7, 3], which could be
ef ciently optimized using half-quadratic (HQ) splitting@]. To capture image statistics with larger
spatial support, the energy is further modeled within a Giaorthl Random Field (CRF) framework
[19] and on image patches [11]. While the last step of HQ mebthquadratic optimization, Schmidt
et al. [4] showed that it is possible to directly train a Gaas<RF from synthetic blur data.

To handle outliers such as saturation, Cho et al. [9] useidti@nal EM to exclude outlier regions
from a Gaussian likelihood. Whyte et al. [10] introduced awiiary variable in the Richardson-
Lucy method. An explicit denoise pass is added to deconmiutvhere the denoise approach is
carefully engineered [20] or trained from noisy data [12heTgenerative approaches typically have
dif culties to handle complex outliers that are not indedent and identically distributed.



Another trend for image restoration is to leverage the deepal network structure and big data to
train the restoration function. The degradation is thexefm longer limited to one model regarding
image noise. Burger et al. [14] showed that the plain malgel perceptrons can produce decent
results and handle different types of noise. Xie et al. [Tsjveed that a stacked denoise autoen-
coder (SDAE) structure [21] is a good choice for denoise apainting. Agostinelli et al. [22]
generalized it by combining multiple SDAE for handling @ifént types of noise. In [23] and [16],
the convolutional neural network (CNN) architecture [24Jsawsed to handle strong noise such as
raindrop and lens dirt. Schuler et al. [13] added MLPs to adideconvolution to remove artifacts.
Though the network structure works well for denoise, it doeswork similarly for deconvolution.
How to adapt the architecture is the main problem to addretss paper.

3 Blur Degradation

We consider real-world image blur that suffers from sevanaés of degradation including clipped
intensity (saturation), camera noise, and compressiidfa@d. The blur model is given by

§= ol (x k+n); (1)
where x represents the latent sharp image. The notation1 is to indicate the fact thax could
have values exceeding the dynamic range of camera sensbthumbe clippedk is the known
convolution kernel, or typically referred to as a point stdunction (PSF)n models additive
camera noise. () is a clipping function to model saturation, de ned a&) = min( z; Zmax ),
wherezmax is a range threshold.y[ ] is a nonlinear (e.g., JPEG) compression operator.

We note that even witkt and kernek, restoring x is intractable, simply because the information
loss caused by clipping. In this regard, our goal is to restioe clipped inpug, wherer = (x ).

Although solving forR with a complex energy function that involves Eq. (1) is diflt, the gener-
ation of blurry image from an input is quite straightforward by image synthesis according & th
convolution model taking all kinds of possible image degtamh into generation. This motivates a
learning procedure for deconvolution, using training i@@airsf ®;; ¥, 9, where index 2 N.

4 Analysis

The goal is to train a network architectdrgé) that minimizes
1 X
— Kf(9i) Rk 2
g, KO0 R @)

wherejN j is the number of image pairs in the sample set.

We have used the recent two deep neural networks to solvertbidem, but failed. One is the
Stacked Sparse Denoise Autoencoder (SSDAE) [15] and tle ththe convolutional neural net-
work (CNN) used in [16]. Both of them are designed for imageaise. For SSDAE, we use patch
sizel7 17as suggested in [14]. The CNN implementation is providechieyauthors of [16]. We
collect two million sharp patches together with their bagversions in training.

One example is shown in Fig. 2 where (@) is a blurred image. Kig) and (c) show the results of
SSDAE and CNN. The result of SSDAE in (b) is still blurry. Th&ll8 structure works relatively
better. But it suffers from remaining blurry edges and sgrghosting artifacts. This is because these
network structures are for denoise and do not consider sagedeconvolution properties. More
explanations are provided from a generative perspectiwdat follows.

4.1 Pseudo Inverse Kernels
The deconvolution task can be approximated by a convolatiogtwork by nature. We consider the
following simple linear blur model
y=x k:
The spatial convolution can be transformed to a frequenayadio multiplication, yielding
F(y)= F(x) F(k):
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Figure 2: Existing stacked denoise autoencoder and cotiwnhl neural network structures cannot
solve the deconvolution problem.

Figure 3: Pseudo inverse kernel and deconvolution examples

F () denotes the discrete Fourier transform (DFT). Operatsrelement-wise multiplication. In
Fourier domainx can be obtained as

x=F YF()=Fk)=F '(1=F(K) v;

whereF ! is the inverse discrete Fourier transform. While the sofeex is written in a form of
spatial convolution with a kerndél *(1=F (k)), the kernel is actually a repetitive signal spanning
the whole spatial domain without a compact support. Whesearises, regularization terms are
commonly involved to avoid division-by-zero in frequenandain, which makes the pseudo inverse
falls off quickly in spatial domain [25].

The classical Wiener deconvolution is equivalent to usifidndnov regularizer [2]. The Wiener
deconvolution can be expressed as

1 iF (k)j?
o g y=w oy,

Fk) JF (7 + sr

whereSNR is the signal-to-noise rati&y denotes the pseudo inverse kernel. Strong noise leads to a

Iargeﬁ, which corresponds to strongly regularized inversion. \Gerthat with the introduction

of SNR, k¥ becomes compact with a nite support. Fig. 3(a) shows a disk kernel of radius,
which is commonly used to model focal blur. The pseudo-isedierneky with SNR = 1E 4

is given in Fig. 3(b). A blurred image with this kernel is shoim Fig. 3(c). Deconvolution results
with k¥ are in (d). A level of blur is removed from the image. But naasel saturation cause visual
artifacts, in compliance with our understanding of Wienecahvolution.

x=F Y

Although the Wiener method is not state-of-the-art, itsrogoict that the inverse kernel is with a
nite yet large spatial support becomes vastly useful inoeural network system, which manifests
that deconvolution can be well approximated by spatial otution with suf ciently large kernels.
This explains unsuccessful application of SSDA and CNNatliyeto deconvolution in Fig. 2 as
follows.

SSDA does not capture well the nature of convolution witlittly connected structures.

CNN performs better since deconvolution can be approxidiaydarge-kernel convolution
as explained above.



Previous CNN uses small convolution kernels. It is howewtram appropriate con gura-
tion in our deconvolution problem.

It thus can be summarized that using deep neural networkertorm deconvolution is by no means
straightforward. Simply modifying the network by emplogitarge convolution kernels would lead
to higher dif culties in training. We present a new struauo update the network in what follows.
Our result in Fig. 3 is shown in (e).

5 Network Architecture

We transform the simple pseudo inverse kernel for decotieolunto a convolutionahetwork
based on the kernel separability theorem. It makes the mktwore expressive with the mapping to
higher dimensions to accommodate nonlinearity. This sys$ebene ted from large training data.

5.1 Kernel Separability

Kernel separability is achieved via singular value decositppm (SVD) [26]. Given the inverse
kernelk, decompositiohk? = USVT exists. We denote by, andy; thej " columns ofU andV,
s; thej ! singular value. The original pseudo deconvolution can Ipgessed as
X
Koy= s uy (v ) 3)
i
which shows 2D convolution can be deemed as a weighted suapafable 1D Iters. In practice,
we can well approximatie’ by a small number of separable lters by dropping out keraskociated
with zero or very smals; . We have experimented with real blur kernels to ignore damgealues
smaller than0:01. The resulting average number of separable kernels is &#b{25]. Using a
smallerSNR ratio, the inverse kernel has a smaller spatial support. [déefaund that an inverse
kernel with length 100 is typically enough to generate Vigyalausible deconvolution results. This
is important information in designing the network architee.

5.2 Image Deconvolution CNN (DCNN)

We describe our image deconvolution convolutional neugdhork (DCNN) based on the separable
kernels. This network is expressed as

hs=Wsz hy; hy= (Wi h 1+b 1); 121,29, ho=4%;

whereW, is the weight mappingthd 1) layer to thd™ one andy 1 is the vector value bias.
() is the nonlinear function, which can be sigmoid or hyperbtahgent.

Our network contains two hidden layers similar to the separkernel inversion setting. The rst
hidden layerh; is generated by applying8 large-scale one-dimensional kernels of slz2d 1,
according to the analysis in Section 5.1. The valB&and121are empirically determined, which
can be altered for different inputs. The second hidden layés generated by applying8 1 121
convolution kernels to each of the 38 map$in To generateresults,Ja 1 38kernelis applied,
analogous to the linear combination using singular vajue

The architecture has several advantages for deconvolufiost, it assembles separable kernel in-
version for deconvolution and therefore is guaranteed togignal. Second, the nonlinear terms
and high dimensional structure make the network more egwe=than traditional pseudo-inverse.
It is reasonably robust to outliers.

5.3 Training DCNN

The network can be trained either by random-weight iniation or by the initialization from the
separable kernel inversion, since they share the exact sauwture.

We experiment with both strategies on natural images, waiehall degraded by additive Gaussian
noise (AWG) and JPEG compression. These images are in twgarés — one with strong color
saturation and one without. Note saturation affects maistiag deconvolution algorithms a lot.



m separable kernel

26 ®DCNN (random init.)
DCNN (seperable kernel init.)
25 B ODCNN w/o fine tune
24 = ODCNN
23
22
21
20

w/o saturation w/ saturation

Figure 4: PSNRs produced in different stages of our coniarat neural network architecture.
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Figure 5: Results comparisons in different stages of ouoaamution CNN.

The PSNRs are shown as the rst three bars in Fig. 4. We oltaifallowing observations.

The trained network has an advantage over simply perforsgpgrable kernel inversion,
no matter with random initialization or initialization fno pseudo-inverse. Our interpreta-
tion is that the network, with high dimensional mapping aondlmearity, is more expres-

sive than simple separable kernel inversion.

The method with separable kernel inversion initializatiaelds higher PSNRs than that
with random initialization, suggesting that initial vakiaffect this network and thus can be
tuned.

Visual comparison is provided in Fig. 5(a)-(c), where thautts of separable kernel inversion, train-
ing with random weights, and of training with separable kéinversion initialization are shown.
The resultin (c) obviously contains sharp edges and moeglslelNote that the nal trained DCNN
is not equivalent to any existing inverse-kernel functigarewith various regularization, due to the
involved high-dimensional mapping with nonlinearities.

The performance of deconvolution CNN decreases for imagfhsoalor saturation. Visual artifacts
could also be yielded due to noise and compression. We ingkiesection turn to a deeper structure
to address these remaining problems, by incorporating aise NN module.

5.4 Outlier-rejection Deconvolution CNN (ODCNN)

Our complete network is formed as the concatenation of tleemmlution CNN module with a
denoise CNN [16]. The overall structure is shown in Fig. 6.e Tenoise CNN module has two
hidden layers with 512 feature maps. The input image is deadavith512kernels of sizel6 16
to be fed into the hidden layer.

The two network modules are concatenated in our system byicamg the last layer of deconvolu-
tion CNN with the input of denoise CNN. This is done by mergihgl 1 38kernel with 512
16 16kernelsto generate 512 kernels of Sl 16 38. Note that there is no nonlinearity when
combining the two modules. While the number of weights grdws to the merge, it allows for a
exible procedure and achieves decent performance, bhéuiincorporating ne tuning.
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Figure 6: Our complete network architecture for deep deglution.

5.5 Training ODCNN

We blur natural images for training — thus it is easy to obtalarge number of data. Speci cally,
we use 2,500 natural images downloaded from Flickr. Twoionilpatches are randomly sampled
from them. Concatenating the two network modules can desthe deconvolution process and
enhance the ability to suppress unwanted structures. Wettra sub-networks separately. The
deconvolution CNN is trained using the initialization framparable inversion as described before.
The output of deconvolution CNN is then taken as the inpubhefdenoise CNN.

Fine tuning is performed by feeding one hundred thoud&dd 184patches into the whole network.
The training samples contain all patches possibly withey@aturation, and compression artifacts.
The statistics of adding denoise CNN are also plotted in4igd.he outlier-rejection CNN after ne
tuning improves the overall performance up to 2dB, espldiat those saturated regions.

6 More Discussions

Our approach differs from previous ones in several wayst,Rire identify the necessity of using a
relatively large kernel support for convolutional neuretwiork to deal with deconvolution. To avoid
rapid weight-size expansion, we advocate the use of 1D kerBecond, we propose a supervised
pre-training on the sub-network that corresponds to rginéation of Wiener deconvolution. Third,
we apply traditional deconvolution to network initializat, where generative solvers can guide
neural network learning and signi cantly improve perfonnca.

Fig. 6 shows that a new convolutional neural network archite is capable of dealing with decon-
volution. Without a good understanding of the functionadif each sub-net and performing super-
vised pre-training, however, it is dif cult to make the net« work very well. Training the whole
network with random initialization is less preferred besathe training algorithm stops halfway
without further energy reduction. The corresponding rssare similarly blurry as the inputimages.
To understand it, we visualize intermediate results from dleconvolutional CNN sub-network,
which generates 38 intermediate maps. The results are simokiig. 7, where (a) is the selected
three results obtained by randome-initialization trainamyd (b) is the results at the corresponding
nodes from our better-initialized process. The maps indak like the high-frequency part of the
blurry input, indicating random initialization is likelptgenerate high-pass lters. Without proper
starting values, its chance is very small to reach the compomaps shown in (b) where sharper
edges present, fully usable for further denoise and attiéanoval.

Zeiler et al. [27] showed that sparsely regularized declutian can be used to extract useful
middle-level representation in their deconvolution netw@®ur deconvolution CNN can be used to
approximate this structure, unifying the process in a deepevolutional neural network.



Figure 7: Comparisons of intermediate results from declutiam CNN. (a) Maps from random
initialization. (b) More informative maps with our initizktion scheme.

[ kerneltype[Krishnan [3] Levin[7] | Cho [9] [Whyte [10]Schuler [13[Schmidt[4] Ours |
disk sat. 24.05dB | 24.44dB| 25.35dB| 24.47dB| 23.14dB| 24.01dB| 26.23dB
disk 25.94dB | 24.54dB| 23.97dB| 22.84dB| 24.67dB| 24.71dB| 26.01dB
motion sat.| 24.07dB| 23.58dB| 25.65dB| 25.54dB| 24.92dB| 25.33dB| 27.76dB
motion 25.07dB | 24.47 dB| 24.29dB| 23.65dB| 25.27dB| 25.49dB| 27.92dB

Table 1: Quantitative comparison on the evaluation image se

" v I -,
(b) Levin et al. [7] (c) Kri_srhnan etal. [3]
IR Y

(e) Cho et al. [9- (f) Whyte et al. [10]  (g) Schuler et aI. A[13] h) Ours

Figure 8: Visual comparison of deconvolution results.

7 Experiments and Conclusion

We have presented several deconvolution results. Here we sfuantitative evaluation of
our method against state-of-the-art approaches, indusjrarse prior deconvolution [7], hyper-
Laplacian prior method [3], variational EM for outliers [$gaturation-aware approach [10], learning
based approach [13] and the discriminative approach [4]cbvepare performance using both disk
and motion kernels. The average PSNRs are listed in Tablégl.8Fshows a visual comparison.
Our method achieves decent results quantitatively andillysurhe implementation, as well as the
dataset, is available at the project webpage.

To conclude this paper, we have proposed a new deep cormdlitietwork structure for the chal-

lenging image deconvolution task. Our main contributiotoiket traditional deconvolution schemes
guide neural networks and approximate deconvolution byiasef convolution steps. Our system
novelly uses two modules corresponding to deconvoluti@hatifact removal. While the network

is dif cult to train as a whole, we adopt two supervised praiting steps to initialize sub-networks.
High-quality deconvolution results bear out the effeatiess of this approach.
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