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Figure 1: Non-blind deconvolution. From left to right: input blurréchage and blur kernel (estimated from the blurred image gifhergus
et al. 2006]), standard Richardson-Lucy (RL) [Lucy 19743u#, and our result.

Abstract. Ringing is the most disturbing artifact in the image
deconvolution. In this paper, we present a progressive-gtale
and intra-scale non-blind image deconvolution approaci $fg-

ni cantly reduces ringing. Our approach is built on a novage-
preserving deconvolution algorithm calldglateral Richardson-
Lucy (BRL)which uses a large spatial support to handle large blur.
We progressively recover the image from a coarse scale teea n
scale (inter-scale), and progressively restore imagelsletithin
every scale (intra-scale). To perform the inter-scale dealotion,

we propose goint bilateral Richardson-Lucy (JBRL3Igorithm so
that the recovered image in one scale can guide the decdiorolu
in the next scale. In each scale, we propose an iterativdualsi
deconvolution to progressively recover image details. @keri-
mental results show that our progressive deconvolutiorpcaduce
images with very little ringing for large blur kernels.

1 Introduction

The goal of image deconvolution/deblurring is to recordteutrue
imagel from a degraded imag® that is the convolution of the true
image and a spatial invariant/variant kerKel

B = nois€l K); Q)

where is the convolution operator, and nofseis the noise pro-
cess. The problem is callddind deconvolutionf both kernel and
image are unknown, aron-blind deconvolutioif only the image is
unknown. The image deconvolution is not only critical to mani-

enti ¢ applications such as astronomical imaging, remaesing,
and medical imaging, but also important for consumer phajalgy

and computational photography.

In consumer photography, image blurring is often unavdildne
to insuf cient lighting, use of a telephoto lens, or use ofraadl
aperture for a wide depth of eld. As resolution increasesmne

era manufacturers have begun to compete on the basis of mecha
ical image stabilization. In computational photographe tap-
tured image is usually a convolved image that needs to be de-
convolved, for instances, in coded exposure [Raskar etOQl6]2
masked aperture [Levin et al. 2007; Veeraraghavan et al7]200
multi-aperture [Green et al. 2007], light eld microscoplyevoy

et al. 2006], and wavefront coding [Dowski and Johnson 1999]

However, the deconvolved image usually contains unpldéadan
convolution artifacts due to the ill-posedness of the declution
even if the kernel is known. Because the kernel is often band-
limited with a sharp frequency cut off, there will be zerouesd
or near-zero values in its frequency response. At thoseimecjes,
the direct inverse of the kernel usually has a very large rtadye,
causing excessive ampli cation of signal and noise. The tast
prevalent resulting artifacts are ripple-like ringing @nd the edges
and ampli ed noise. Ringing artifacts are periodic oversisoand
undershoots around the edge, which decay spatially away the
edge, as shown in the middle of Figure 1. It is extremely diftdo
remove these artifacts after the deconvolution. Moreowvercan-
not obtain the true kernel in practice. The inaccurate Kemnilke
also amplify the artifacts and result in undesired imagecstres.

In this paper, we focus on non-blind deconvolution. In macigrs-

ti c applications, the kernel is known. In the computatibphotog-
raphy systems, the kernel is usually known or known up to kesca
For consumer photography, there are a number of effectiys tea
estimate the kernel. For instance, the kernel due to the rzame-
tion can be effectively estimated from a single image [Ferefal.
2006], from a secondary sensor [Ben-Ezra and Nayar 20a8} fr
a secondary image [Yuan et al. 2007], from an accelerometers
from a gyroscopes [Invensense.com ]. The kernel due to siotpl
ject motion such as 1D motion, af ne transformation, or iane
rotation, can be estimated automatically or interactij@gskar
et al. 2006; Levin 2006; Jia 2007].

To reduce undesirable artifacts, edge regularization -tech
niques [Terzopoulos 1986; Rudin et al. 1992; Geman and Yang
1995; Black et al. 1998; Dey et al. 2006; Levin et al. 2007]
have been proposed using a non-Gaussian prior on the image
to add strong regularization for the smooth regions and weak
regularization for the sharp edges. Thus, the sharp edges ar
preserved while the ringing artifacts are reduced.

Unfortunately, the current edge preserving methods onkkwe||

for relatively small kernels (e.gs 15 pixels) because these meth-
ods need to rst locate the image edges in the initial blutirael
age or the image recovered in each iteration. If the blurédeim



large, locating the image edges in the rst iteration becemi -
cult. Consequently, inappropriate regularization yigider results.

Our approach. We propose a progressive inter-scale and intra-
scale non-blind deconvolution that preserves the edgesealutes
the ringing artifacts, especially for the large kernel.sEiwe pro-
gressively perform the deconvolution in the scale space.thAt
coarsest scale, we are able to obtain reasonably good esldgles a
kernel is small. Using the recovered edges in one scale agla,gu
we can more accurately locate the edges in the ner scales,Thu
we progressively apply an appropriate regularization ficorarse

to ne so that the sharp edges in the nest scale can be eventu-

ally recovered. Second, in each scale, we also progregsiaety
out the deconvolution by an iterative residual deconvohutalgo-
rithm. This algorithm gradually recovers more and more ienag
details/edges which could not been recovered in the presoale.

The above inter-scale and intra-scale deconvolution getie a
novel deconvolution algorithm callegint bilateral Richardson-
Lucy (JBRL) The JBRL preserves the edges by taking both the
image itself and a guide image into account. The guide image i
the recovered image from the previous scale in the intdeste
convolution, or the restored image from the previous iterain

the intra-scale deconvolution. The JBRL algorithm is baoitt a
proposed, more fundamental edge-preserving algorithfachi-
lateral Richardson-Lucy (BRLwhich introduces a bilateral regu-
larization by borrowing the idea of bilateral Itering [Toasi and
Manduchi 1998; Durand and Dorsey 2002]. The BRL can handle
larger blur kernels because it uses a much larger spatipbsup

By performing our progressive intra-scale and inter-sdaleonvo-
lution, we can recover the sharp edges and ne details whike s
stantially suppress the ringing artifacts, as shown in redu

2 Related work

Non-blind deconvolution. There is an abundant literature on the
non-blind deconvolution. The reader is referred to [Bantard
Katsaggelos 1997] for classical methods, such as Wiener, It
Kalman Iter, and Tikhonov regularization [Tikhonov 1943]in
this paper, we focus on the work most relevant to ours.

Edge-preserving regularization [Geman and Reynolds 1§82k
limited or small penalties on large image edges accordiragrion-
Gaussian prior, e.g., TV regularization [Rudin et al. 1998y et al.
2006]. In [Levin et al. 2007], excellent results are obtdines-
ing a sparse, natural image prior which encouraging the nityajo
of image pixels piecewise smooth. Other priors include rcdieid
continuity funcition [Terzopoulos 1986] and half-quadtafunc-
tion [Geman and Yang 1995]. See [Black et al. 1998] for a sungma
for various robust functions.

Image edges can also be preserved by explicitly introduseuy
mentation. [Mignotte 2006] uses the adaptive regularatparti-
tioning the image into homogeneous regions during eachticer.
Bar et al. [2006] couple the deconvolution and segmentatsing
a Mumford-Shah regularization.

Most multi-scale deconvolution methods [Murtagh et al. 3,99
Neelamani et al. 2004; Figueiredo et al. 2007] operate in the
wavelet domain. Essentially, these approaches also tryetsepre

the edges by adaptive regularization on the wavelet coefits.

scalel
B=B'K =Kl

scale0
B=B%K =K?

iterative residual decor

bilateral RL using joint bilateral RL

Figure 2: Progressive deconvolution. The image is progressively
reconstructed from coarse scale to ne scale. At the topesfalve
recover and upsample the deconvoluted image using theshilat
RL algorithm. At each scale we apply the iterative residual de-
convolution (which is based on the joint bilateral RL alghm) to
progressively recover image details.

gus et al. [2006] showed that a very accurate kernel can be est
mated for blur due to camera shake by using natural imagetstat
together with a sophisticated variational Bayes inferexigerithm.
They recover the image using the standard Richardson-LRLY (
algorithm [Lucy 1974]. Spatially variant kernel estimatibas also
been studied in [Bardsley et al. 2006; Levin 2006]

Deconvolution in computational photography. The deconvolu-
tion is an essential component in one branch of computdtjghe
tography: computational optics, which captures opticalbged
(convolved) images followed by computational decodingcue
volution) to produce new images. For example, a coded ageiru
time is used for motion deblurring [Raskar et al. 2006] andgm
super-resolution [Agrawal and Raskar 2007], and a coderdape
in space is used for depth estimation and refocusing [Leval.e
2007; Veeraraghavan et al. 2007; Green et al. 2007], maztilat
light eld capturing [Veeraraghavan et al. 2007], and imypny
the pinhole camera in astronomy [Zand 1996]. In light eld-mi
croscopy [Levoy et al. 2006], the 3D volume is reconstrudtech

a focal stack by a 3D deconvolution. In wavefront coding [[3&iv
and Johnson 1999], the nal image is deconvolved from a depth
independent out-of-focus image.

3 Overview

In this section, we present an overview of our progressivaige
volution framework. We build a pyramifiB'gl., of the full-
resolution blurred imag®, and a pyramid K 'g-; of the blur
kernelK using bicubic downsampling and scale factor d. Our
goal is to progressively recover an image pyrarhidg-, from
coarse to ne. Figure 2 is the owchart and Figure 3 shows an
example.

At the top scale0, we directly apply the proposed bilateral RL
(BRL) algorithm (Section 4). The recovered image at thidesca
contains few ringing artifacts because the BRL algorithm e&
fectively suppress the ringing when the kernel is relagivhall.
Then, we upsample the image for the next scale using the BRL al
gorithm again.

At each scalé, we use the upsampled reslitfrom the previous
scale as guideimage. We apply the joint bilateral RL (JBRL) algo-
rithm (Section 5.1) which uses guide imadeo guide the deconvo-
lution. Moreover, we progressively recover the image detar an
iterative residual deconvolution algorithm (Section 6The coarse

The above approaches share a common weakness: if the blur ker getajls are rst recovered using strong regularizatioersgth, and

nel is large, it is dif cult to nd edges in the blurred image the
restored image in each iteration.

Blind deconvolution. A comprehensive literature review for the
blind deconvolution can be found in [Kundur and Hatzinak®ad].
Early works [Reeves and Mersereau 1992; Caron et al. 20Q2] us
ally only handle a simple parametric form of the kernel. kgfter-

the ne details are later restored using weak regularizegiength,
as shown in Figure 3 (c). Finally, we upsample the resultingge
for the next scale.

Using the above progressive inter-scale and intra-scalernyelu-
tion, we gradually recover an image with few ringing artiaas
shown in Figure 3(b).
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Figure 3: Progressive deconvolution example. (a) from left to rigittirred image, blur kernel, result by standard RL algorithemd ground
truth image. (b) progressively recovered images from adarxsale to ne scale by our approach. (c) in each scale, thelgunage is the
upsampled image from the previous scale. The image detalpragressively recovered. The numbers in braces are #ratibn steps.
Compared with the standard RL result, our nal result (scéla (b)) contains much fewer ringing artifacts.

4 Bilateral Richardson-Lucy (BRL)

We rst revisit the Richardson-Lucy (RL) deconvolution alg
rithm [Lucy 1974], then introduce our edge-preserving aeoe
lution algorithm which we call bilateral Richardson-LudgRL).
BRL is the building block of our progressive deconvolutioarhe-
work.

Richardson-Lucy (RL). For a Poisson noise distribution, the like-
lihood probability of the imagé can be expressed as:

Yoo K)(x)PWexpf (I K)(X)g.

B (x)! )

p(Bjl) =
X
whereB, = Poissof(l K )(x)) is a Poisson process for each
pixel x. For simplicity, we omitx in the following equations. The
maximum likelihood solution of can be obtained by minimizing
the following energy:

| :argmin E(l); 3)
WhereE(I):Pf(I K) B log[(l K)]g.

Takirg the derivative oE (1 ) and assuming the normalized kernel
K ( K(x)dx = 1), the Richardson-Lucy (RL) algorithm [Lucy
1974] iteratively updates the image according to:

1 _ B .
It =t K (ak (4)

whereK is the adjoint oK , i.e,K (i;j)= K( j; i), andtis
a time step. The RL algorithm has two important propertiesi-n
negativity and energy preserving. The non-negativity traiss es-
timated values be negative. The algorithm preserves takaioergy
of the image in the iteration. These two properties give thpesor
performance of the RL algorithm. In addition, the RL alganit is
ef cient; it requires only two convolutions and two multipations
per iteration.

4.1 Bilateral Richardson-Lucy (BRL)

The RL algorithm does not preserve the edges in the desigmeof t
regularization. So we add a new edge-preserving regutamza
termEg (1) to the energy (3):

[ =argmin [E()+ Es() (5)
where is the regularization factor. We de ne the tefes (1) as:

Es(l)= fax yp) (Hx)  1HYi; (6)

X y2

wheref () isthe spatial Iter and () is the robust penalty function.
We take a Gaussian for the spatial Iter

x_yj?

f(jx 5.

yj) = exp



Figure 4: Comparison of three regularization algorithms. Our ap-
proach is able to recover more image details.

The spatial support centered at each pix&l controls the amount
of neighboring pixels involved. We adaptively set the raddispa-
tial supportr  to match the size of the blur kernal: = 0:5r ,
whererk is the radius of the blur kernel. The spatial variange
could be derived from the radius : s = (r =3)%.

For the robust function( ), we choose the following form:
e 1wi?

(31 (x) »

Iy)=1 exp

It gives a large but limited penalty on the image differejfide)
I (y)j for the range variance;. We adaptively set the range vari-
ancetd:01j max(l) min(1)j2 by following [Kopf et al. 2007].

By minimizing (5), we get a regularized version of RL algbnit:

|t = " B )
1+ r Eg(lY) (It K)
The derivativer Eg (1) can be computed ef ciently by:
X
rEs(l)= Iy 1YDy ; 8)
y2

whereDy is the displacement matrix (operator) which shifts the
entire imagel§j by jg pixels in the direction ok Here,e denotes
the displacement vector from each pixeto its neighbor pixel.

I;j is a weighted long-range gradient image in the directiore.of
For each pixek in the imagd ¢,

o) = fFGx  yDadl(x)  1(y)i 9)

) () 1(y).
where the range Iteg(jl (x) 1(y)j)=1 () 1yi=
exp( W) is a Gaussian Iter. The weight for the dif-

ferencejl (x) 1 (y)j is computed by a bilaterally weighted Iter
f ()g() inimage and range, also called bilateral Iter [Tomasi and
Manduchi 1998; Durand and Dorsey 2002].

The gradient imageie§j controls the regularization of each pixel.

Without the bilateral Iter,I)‘,j would place a large penalty on large
image gradient, so the process would smooth the sharp €etges.
bilateral Iter, however, preserves the sharp edges bexauakes

on smaller values as the spatial distance and/or the rastgnde
increase. Because we apply a bilateral regularizationite(6), we

call the deconvolution algorithm in (7hilateral Richardson-Lucy
(BRL).

The BRL adaptively uses the information ineage spatial support
(11 11in this case). Figure 4 shows the comparison of ve de-
convolution algorithms: standard RL, Tikhonov regulatiaa, TV
regularization [Dey et al. 2006], Levin's method [Levin &t2007],
and our algorithm. In this example, we downsample the bilimre
age so that the blur kernel size is about 15 pixels. The geshtiw
that BRL preserves image edges well, suppresses ringiifigcast
and recovers more image details.

Although using a larger spatial support helps, blurred iesagith
large blur kernels are still beyond the capability of the Batgo-
rithm. Figure 5 (a) shows the BRL result fd® 40 kernel. De-
tails are also suppressed. In the next two sections, wergrese
progressive deconvolution approach which is capable etgifely
handling large blur kernels.

5 Progressive Inter-scale Deconvolution

The basic idea of progressive deconvolution is to use aneénasg
guide for the deconvolution. In the inter-scale level, we tise
image recovered in the one scale as the guide image for tlemdec
volution in the next scale. In the intra-scale level, we Ueiinage
restored in one iteration as the guide image for the nextitar. In
this section, we rstintroduce the inter-scale deconviolit

Figure 3 (a) shows a blurred image witrd@ 40 blur kernel.
The leftmost image (scale 0) in Figure 3 (b) is the deconiahut
result by the BRL at the coarsest scale. As we can see, thisecoa
scale image provides more useful edge information thanrigaal
blurred image. If we may exploit the information from thisage
for the deconvolution in the next scale, we can obtain a bedteilt.

If we continue the process from coarse to ne, better resuiha
nest scale can be obtained.

To exploit the edge information in the guide image, we prepas
joint bilateral RL (JBRL) algorithm as follows, motivated bhe

successful joint bilateral Itering in [Petschnigg et aD®; Eise-
mann and Durand 2004; Kopf et al. 2007].

5.1 Joint Bilateral Richardson-Lucy (JBRL)

Let the upsampled image from the previous scale be the gmide i
agel 9. We change the new regularization term that we introduced
in the above section to a joint terByg (I ;19) that takes both the
image and the guide image into account:

EJ?J(|F')| g) =

fax  yDgxitex) 15yl (1(x)  1(y)i); (10)

X y2

whereg®(jl 9(x) 19(y)j) is the range Iter applied on the guide
imagel 9. We also use a Gaussian for this range lter:

j1ex) 19y

27 '
where ? is the range variance, which is adaptively se0101
imax(19)  min(19)j2. To reconstruct the image, we minimize:

[ =argmin [E()+ E 8 (1519 (11)

gli1°(x)  1°(y)i) = exp

The derivation of corresponding RL algorithm is the sameepkc
that Equation (9) became:
o) = fGx yDaGh ) Ty

Q) 19W)i) M (12)



(a) (b)

(c) (d)

Figure 5: Results on &0 40 kernel. (a) bilateral RL (BRL). (b) progressive inter-sealeconvolution using joint bilateral RL (JBRL).
More details are recovered. (c) progressive inter-scald anra-scale deconvolution. Much ner details are restréd) true image.

Figure 6: Joint bilateral RL. Top: residual blurred imageB and
guide imagd 9. Bottom: deblurred residual layers| by bilateral
RL and joint bilateral RL. The latter recovers more details.

The additional range Iteg%jl %(x) 19%(y)j) decreases the reg-
ularization at places where the image gradigf{x) 19(y)j is
large in the guide imagk®. Thus, the regularization is adaptively
guided by two kinds of forces: the “internal forcg(jl (x) 1 (y)j)
from the image itself and the “external forcg®(jl 9(x) ~ 19(y)j)
from the guide image. Figure 6 shows the effectiveness gbihe
bilateral RL.

Figure 5 (b) shows the progressive inter-scale deconaslutsult
which is better than the BRL result in Figure 5 (a). Howevesinsn
details are not be recovered. In the next section, we int®die
intra-scale deconvolution to restore more ne details iohescale.

Upsampling with BRL In a typical scale space approach, the solu-

tion in one scale is upsampled for the next scale, usually &iyna
ple bilinear or bicubic interpolation schema. These methead
to smooth the edges, so are insuf cient for our approach. tidépa

the BRL to upsample the image as follows. We assume that the

ki

B=B 19 K]
19

residual blurred image: ’

s

joint bilateral RL deconv: |

detail layer:

guide image:

Figure 7: Iterative residual deconvolution. First, we calculate a
residual blurred image B using the guide image? which is com-
puted from the previous scale. Second, the detail layleis recov-
ered by the joint bilateral RL (JBRL) with the help from thedgu
imagel 9. Last, the guide imagk? is updated by adding the new
recovered detail layer.

() to effectively suppress the ringing in the smooth regioas b
cause the magnitude of ringing artifact is usually propori to
the amplitude of the jumping edges. However, large regzdari
tion strength will also suppress the detail recovery. Tiees we
propose a progressive intra-scale deconvolution to recovage
details step-by-step by decreasing the regularizati@mgth, using
an iterative residual deconvolution as follows.

6.1 Ilterative residual deconvolution

The residual deconvolution proposed in [Yuan et al. 2007gpms
the deconvolution on the relative image to reduce the abesalmn-
plitude, and so to reduce the resulting ringing artifacts.iktegrate
this idea into an iterative deconvolution scheme that msgjvely
recovers image details while decreasing the regularizati@ngth.
The algorithm is described in Figure 7.

In each iteration, we rst compute the blurred residual imag
B =B 19 K.Then,we applythe joint bilateral RL to recover

the detail layer | from the blurring equation B = | K. The

imagel ¢ is rst used as the guide image in the joint bilateral RL

algorithm, and then is updated with recovered layer of tetal

for the next iteration.

bicubic upsampled image" is a degraded version of the intended  This amounts to minimizing the following energy by decragshe
hi-resolutionl ". The degradation is approximated by a small Gaus- regularization strength during iterations:

sian blur kernek: 1Y = 1"y k with the standard deviation of 0.5
for the upsampling factor 2. We found that the approximation
gives very good results for our purpose of producing an upszan
image with sharp edges.

6 Progressive Intra-scale Deconvolution

The progressive inter-scale deconvolution only focus @nltica-
tion of the edge but not the edge strength or scale. In faetinth
age with strong edges requires large global regularizatitangth

I =argmin [E( 1)+ E e ( 1:1%)]; with R

(13)
where is a decay factor. In our implementation, we set the decay
factor to1 and iterate three times to recover three layers of details.
As shown in Figure 3 (c), each iteration recovers a layer @fgen
details and the layers represent ner and ner image details

Hi-pass JBRL for ringing suppression In the last iteration (the
third one), the regularization strength decreaseg tmd becomes



Figure 8: Hi-pass JBRL in the last iteration at the scale 5. The
ringing layer is computed by subtracting the hi-pass JBRiule
from the JBRL result. All images are enhanced for display.

too small to effectively suppress ringing. We nd that theduen-
cies of the most noticeable ringing artifacts are usualyelothan
the frequencies of the details that we want to recover indbeiter-
ation. Furthermore, human perception tolerates smalésaaging

in highly textured regions. Based on this observation, we zal
energy termEy ( |) to enforce a smoothness constraint on the
middle range of frequencies of the recovered details:

I :argmin [EC D+ Es( 119+ En( 1); (14
is a scale parameter set@4 . ThetermEx( |) =

I G isthe sum of Itered image | G by a Gaussian
kerneIG with the variance = . In other words, we add a
mid-scale regularization term to suppress the most unaitasid-
scale ringing artifacts while allow the recovery of ne diéta We
only add this regularization in the last iteration. Figursh®ws the
results with and without the energy teffin (1), and extracted
the ringing layer.

Figure 5 (c) shows the result by our nal inter-scale anddrdcale
deconvolution and the intra-scale deconvolution. Muchende-
tails are recovered with the intra-scale deconvolutiormpared
with the results in Figure 5 (a) and (b).

phere

7 Experimental Results

We apply our progressive deconvolution on a variety of nealges.
Figure 9, 10 and 11 are three image blurred due to camera:shake
painting in the museum, an outdoor photographer, and a tay mo
key. We estimate the blur kernels of these images by Fergingjte
image method [Fergus et al. 2006]. The estimated kerne$ size
38 38,39 39 and27 27respectively.

In our experiments, we generally set the spatial variancebe
default values and adaptively set the range variances atebéll
RL and joint bilateral RL. The regularization factorbalances the
details recovery and ringing suppression. For the exanmpkég-
ure 11, we use a large value 0.05 since the contrast in thigdnsa
high. For other examples, we use the default value 0.03.

In Figure 9, we compare our approach with four leading meth-
ods: standard RL, TV regularization [Dey et al. 2006], Lé&vin
method [Levin et al. 2007], and wavelet regularization [kgh
etal. 1995]. For the standard RL, we run 20 iterations. Feother
three methods, we ne tune their regularization factorsradpce

4 "
1 true image
— JBRL (inter-scale and intra-scale)
JBRL (inter-scale only)
i BRL (no inter-scale, no intra-scale)
' blurred image J

2+ ]

Log Magnitude

2p/5 3p/5 4p/5 p

Frequency

0 p/5

Figure 14: The DFT curves of a 1D scanline in 5 images: true
image, blurred image, deconvolved results by BRL (no istate,
no intra-scale), by JBRL (inter scale only) and JBRL (integle
and intra-scale).

the most visually pleasant results by balancing the detaibvery
and ringing reduction. Standard RL produces the most rettiee
ringing. The three regularization methods reduce the mgpgirti-

facts to a certain degree, but also suppress or blur the inetgés.

Our approach can recover ner image details and thin image st
tures while successfully suppress ringing.

Figure 10 shows cropped views of an outdoor scene. We show the
result by standard RL and TV regularization for the comaris

the paper. A full comparison is in the supplementary mateAa

we can see, the camera, tripod, and shutter release cableetire
reconstructed. The subtle color noises in our result caeimeved

by post-processing in the chrominance channels, but we shew
raw deconvolution result here.

The toy monkey in Figure 11 is taken by a telephoto lens wifiboef
tive 320mm focal length (200mm lens on a DSLR with 1.6 crogpin
factor). The image is blurred even with the shutter speefl 4éts
and 5.0 aperture. Our approach produces a high qualityratatu
looking image.

In Figure 12, we apply our approach on one example from [Fergu
et al. 2006]. The blurred image and estimated kernel ararata
from author's website Note that the main contributions of [Fer-
gus et al. 2006] are on kernel estimation and they use thelatdn
RL for the non-blind deconvolution. In this paper, we previd
new non-blind deconvolution algorithm which can furthepitove
the quality of the recovered image. The combination of the tw
approaches is a powerful solution for single image debigrri

We also apply our approach to an example from [Yuan et al. 007
Figure 13(a) is the blurred image and Figure 13(b) is theltresu
from [Yuan et al. 2007] in which a blurred/noisy image paire a
used. Figure 13(c) is the result by combing Fergus et al's ker
nel estimation and our non-blind deconvolution only usirgirgle
blurred image as the input. The obtained result is comparalthe
result by the Yuan et al's two image approach.

8 Discussion

Frequency analysis.To better understand the effectiveness of the
inter-scale and intra-scale deconvolution, we perform ralysis
in the frequency domain. We compute one-dimensional Discre
Fourier Transform (DFT) of a scanline (262th row) in four gea

Ihttp://cs.nyu.edu/fergus/research/deblur/



Figure 9: A painting in the museum. Top (from left to right): blurredage and estimated kernel, standard RL, and TV regularinatio
Middle (from left to right): Levin's method, wavelet regtilation, and our approach. Bottom: close-up views in thédegraphic order.

Figure 10: An outdoor photographer. Top: blurred image and kernelndd RL, and our approach. Bottom: close-up views of bldirre
image, standard RL, TV regularization, and our approach.



Figure 11: A toy monkey taken by a telephoto lens. From left to rightrrbliimage and kernel, result by standard RL, and by our apgino

(a) blurred image and kernel (b) [Fergus et al. 2006] (c) esuit (d) close-up views

Figure 12: (a) The input blurred image and estimated kernel is borrofverh [Fergus et al.2006]. (b) Their result (borrowed fromdigus
et al. 2006)) is achieved by a standard RL algorithm givernested kernel. (c) our decovolution result from the samerbtliimages and
estimated kernel (d) Close-up views show our results cotfigaver ringing artifacts and ghosting effects than Fergual s result.

(a) blurred image and kernel (b) [Yuan et al. 2007] (c) ouultes (d) close-up views

Figure 13: (a) The input blurred image is borrowed from [Yuan et al. 2Zp&7d the kernel is estimated from the blurred image usingdbe
et al. 2006]. (b) The deconvolution result (borrowed fronud¥ et al. 2007]) is achieved from a pair of images(blurrezigy). (c) our
non-blind deconvolution result is computed from the bldirage only. The kernel is estimated by [Fergus et al. 2006].

shown in Figure 5 and the corresponding blurred image. ThE DF ered result using a very large motion blur kerh&0 160, for the
curves of ve scanlines are compared in Figure 14. The mam co image size o700 525. The system is severely under-constrained
clusion drawn from the gure is that all three techniques we-p because more unknown pixels outside the image contributieeto
posed - BRL, inter-scale deconvolution, and intra-scat®deolu- blurred image.

tion play important roles in recovering of high frequencyiamts. The frequency spectrum of the blur kernel also determineg ho
Limitations. What is the largest kernel size in the capability of our much image details we are able to recover. In Figure 15 (botto
approach? It depends on the image size and the frequendytspec  we apply our approach on the blurred image withCa 40 gaus-

of the blur kernel. When the kernel size is approaching thesgien sian kernel. Most high-frequency components have alreaslyith
size, the boundary effect will arise. Figure 15 (top) shdvesrecov- the low-pass blurring procedure. We can successfully gspthe



Figure 15: Limitations. Top: our result on 460 160motion blur
kernel. Boundary artifacts appear. Bottom: our result ofta 40
gaussian kernel. High frequency details destroyed in therioig
process cannot be recovered.

ringing artifacts but are not able recover all image infatioradue
to the frequency loss.

9 Conclusion

The image deconvolution is an important and long-standiodp
lem for many applications. In this paper, we have presenfam-a
gressive inter-scale and intra-scale non-blind image medotion
approach. We have developed two novel edge-preservingideco
lution algorithms, bilateral RL and joint bilateral RL, toalke the
progressive deconvolution effective. The results obthibg our
approach show that a combination of progressive interesaat
intra-scale deconvolution can recover visually pleasingges with
very little no ringing.

In the future, we plan to extend our approach to 3D deconvolu-
tion [Levoy et al. 2006]. We are also interested to apply the p
gressive framework to other restoration problems requigdge
preservation, such as image denoising or surface recatistiu

AcknowledgmentsWe thank the anonymous reviewers for helping
us to improve this paper. This work is performed when Lu Yuan
visited Microsoft Research Asia. Lu Yuan and Long Quan were

supported in part by Hong Kong RGC Grants 619006 and 619107.

References

AGRAWAL, A., AND RASKAR, R. 2007. Resolving objects at higher resolution from
a single motion-blurred image. Proceedings of CVPR-8.

BANHAM, M. R., AND KATSAGGELOS, A. K. 1997. Digital image restoratiohEEE
Signal Processing Magazine 42, 24-41.

BAR, L., SOCHEN, N., AND KIRYATI, N. 2006. Semi-blind image restoration via
mumford-shah regularizatiohEEE Trans. on Image Processing., 15 483-493.

BARDSLEY, J., EFFERIES S., NAGY, J.,AND PLEMMONS, R. 2006. Blind iterative
restoration of images with spatially-varying blur. @ptics Expressl767—-1782.

BEN-EZRA, M., AND NAYAR, S. K. 2003. Motion deblurring using hybrid imaging.
In Proceedings of CVPRoI. |, 657-664.

BLACK, M. J., S\PIRO, G., MARIMONT, D. H., AND HEEGER D. 1998. Robust
anisotropic diffusionlEEE Trans. on Image Processing3, 421-432.

CARON, J. N., M., N. N.,AND J., R. C. 2002. Noniterative blind data restoration by
use of an extracted lter functiorApplied optics (Appl. opt.) 482, 68-84.

DEY, N., BLANC-FRAUD, L., ZIMMER, C., KAM, Z., RoUXx, P., Q.LIVO-MARIN, J.,
AND ZERUBIA., J. 2006. Richardson-lucy algorithm with total variatiegular-
ization for 3d confocal microscope deconvolutidficroscopy Research Technique
26, 69, 260-266.

Dowskl, E. R.,AND JOHNSON, G. E. 1999. Wavefront coding: A modern method
of achieving high performance and/or low cost imaging systelnSPIE vol. 29,
137-145.

DURAND, F., AND DORSEY, J. 2002. Fast bilateral Itering for the display of high-
dynamic-range images. Proceedings of SIGGRARE57-266.

EISEMANN, E.,AND DURAND, F. 2004. Flash photography enhancement via intrinsic
relighting. ACM Trans. Graph. (SIGGRAPH) 23, 673-678.

FERGUS R., SNGH, B., HERTZMANN, A., ROWEIS, S. T.,AND FREEMAN, W. T.
2006. Removing camera shake from a single photograh@M Trans. Graph.
(SIGGRAPH) 253, 787-794.

FIGUEIREDO, M., BioucAs-DIAs, J., AND NOwak, R. 2007. Majorization-
minimization algorithms for wavelet-based image restoratlEEE Trans. on Im-
age Processing 182, 2980-2991.

GEMAN, D., AND REYNOLDS, G. 1992. Constrained restoration and the recovery of
discontinuitiesIEEE Trans. on PAMI. 143, 367-383.

GEMAN, D., AND YANG, C. 1995. Nonlinear image recovery with half-quadratic
regularization.|EEE Trans. on Image ProcessingZ 932-946.

GREEN, P., $IN, W., MATUSIK, W., AND DURAND, F. 2007. Multi-aperture pho-
tography.ACM Trans. Graph. (SIGGRAPH) 26, 68-75.

INVENSENSECOM. http://www.invensense.com/.

JA, J. 2007. Single image motion deblurring using transparehcProceedings of
CVPR 1141-1151.

KopPF J., GOHEN, M., LISCHINSKI, D., AND UYTTENDAELE, M. 2007. Joint
bilateral upsamplingACM Transactions on Graphics (SIGGRAPH) 3696-99.

KUNDUR, D., AND HATZINAKOS, D. 1996. Blind image deconvolutiotEEE Signal
Processing Magazine. 13, 43-64.

LEVIN, A., FERGUS R., DURAND, F., AND FREEMAN, W. T. 2007. Image and
depth from a conventional camera with a coded apertUk&M Trans. Graph.
(SIGGRAPH) 266, 70-77.

LEVIN, A. 2006. Blind motion deblurring using image statistics1 Advances in
Neural Information Processing Systems 891-848.

LEvOY, M., NG, R., ADAMS, A., FOOTER, M., AND HOROWITZ, M. 2006. Light
eld microscopy. ACM Trans. Graph. (SIGGRAPH) 28, 68.

Lucy, L. 1974. An iterative technique for the recti cation of aysed distributions.
Astronomical Journal 79745.

MIGNOTTE, M. 2006. A segmentation-based regularization term forgiendeconvo-
lution. IEEE Trans on Image Processing,15 1973-1984.

MURTAGH, F., STARCK, J. L., AND Bijaoul., A. 1995. Image restoration with
noise suppression using a multiresolution suppdstronomy and Astrophysics
112, 179-189.

NEELAMANI, R., GH0I, H., AND BARANIUK, R. 2004. ForWaRd: Fourier-wavelet
regularized deconvolution for ill-conditioned systentSEE Trans. on Signal Pro-
cessing 522, 418-433.

PETSCHNIGG G., AGRAWALA, M., HOPPE H., SZELISKI, R., COHEN, M., AND
ToyaMA ., K. 2004. Digital photography with ash and no- ash imagaigs.ACM
Trans. Graph. (SIGGRAPH) 23, 664-672.

RASKAR, R., AGRAWAL, A., AND TUMBLIN, J. 2006. Coded exposure photography:
motion deblurring using uttered shutteACM Trans. Graph. (SIGGRAPH) 28,
795-804.

REEVES, S. J.,AND MERSEREAU R. M. 1992. Blur identi cation by the method of
generalized cross-validatiofEEE Trans. on Image Processing.3, 301-311.

RUDIN, L., OSHER, S.,AND FATEMI, E. 1992. Nonlinear total variation based noise
removal algorithmsPhysica D 60

TeErRzopouLOS D. 1986. Regularization of inverse visual problems inirajvdis-
continuities.|IEEE Trans. on PAMI 84, 413-242.

TIKHONOV, A. 1943. On the stability of inverse problemBokl. Akad. Nauk SSSR
39, 5, 195-198.

Tomasl, C.,AND MANDUCHI, R. 1998. Bilateral ltering for gray and color images.
In Proceedings of ICCM839-847.

VEERARAGHAVAN, A., RASKAR, R., AGRAWAL, A., MOHAN, A., AND TUMBLIN,
J. 2007. Dappled photography: mask enhanced cameras feotighed light
elds and coded aperture refocusindACM Trans. Graph. (SIGGRAPH) 26,
69-76.

YUAN, L., SUN, J., QUAN, L., AND SHUM, H.-Y. 2007. Image deblurring with
blurred/noisy image pairsACM Trans. Graph. (SIGGRAPH) 28, 1-10.

ZAND, J. 1996. Coded aperture imaging in high energy astrondABA Laboratory
for High Energy Astrophysics (LHEA) at NASA's GSFC



