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Abstract

We describe a novel approach to reduce spatially-varyinomdlur in video and images using
a hybrid camera system. A hybrid camera is a standard vide®r@athat is coupled with an auxiliary
low-resolution camera sharing the same optical path buiucaygy at a signi cantly higher frame rate.
The auxiliary video is temporally sharper but at a lower heson, while the lower-frame-rate video
has higher spatial resolution but is susceptible to motiomn b

Our deblurring approach uses the data from these two videarss to reduce spatially-varying
motion blur in the high-resolution camera with a technichgt tombines both deconvolution and super-
resolution. Our algorithm also incorporates a re nementraf spatially-varying blur kernels to further
improve results. Our approach can reduce motion blur frarhigh-resolution video as well as estimate
new high-resolution frames at a higher framerate. Expentaieesults on a variety of inputs demonstrate

notable improvement over current state-of-the-art metfindmage/video deblurring.

. INTRODUCTION

This paper introduces a novel approach to reduce spatialying motion blur in video
footage. Our approach uses a hybrid camera framework migsed by Ben-Ezra and Nayar [6],
[7]. A hybrid camera system simultaneously captures a héglolution video together with a
low-resolution video that has denser temporal sampling Aybrid camera system is designed
such that the two videos are synchronized and share the gatinelgath. Using the information
in these two videos, our method has two aims: 1) to deblur thends in the high-resolution
video, and 2) to estimate new high-resolution video frames laigher temporal sampling.

While high-resolution, high-frame-rate digital cameras lbecoming increasingly more afford-
able (e.g1960 1280at 60fps are now available at consumer prices), the hylandera design
remains promising. Even at 60fps, high-speed photograpmlgdgraphy is susceptible to motion
blur artifacts. In addition, as the frame-rate of high-taon cameras increase, low-resolution
camera frame-rate speeds increase accordingly with canaeeailable now with over 1000fps
at lower-resolution. Thus, our approach has applicatioaever increasing temporal imaging. In
addition, the use of hybrid cameras, and hybrid-cameradédsggns, have been demonstrated to
offer other advantages over single view cameras includiyjgab segmentation and matting [7],
[35], [36], depth estimation [31] and high dynamic range ging [1]. The ability to perform
object segmentation is key in deblurring moving objects esahstrated by [7] and our own
work in Section V.
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Fig. 1. Tradeoff between resolution and frame rates. Topglerfrom a high-resolution, low-frame-rate camera. Bottonages

from a low-resolution, high-frame-rate camera.

The previous work in [6], [7] using a hybrid camera systenuiexd on correcting motion blur
in a single image targeting globally invariant motion blur.this paper, we address the broader
problem of correcting spatially-varying motion blur andnato deblur temporal sequences.
In addition, our work achieves improved deblurring perfarmoe by more comprehensively
exploiting the available information acquired in the hybtamera system, including optical ow,
back-projection constraints between low-resolution arghHesolution images, and temporal
coherence along image sequences. In addition, our appzache used to increase the frame
rate of the high-resolution camera by estimating the mgsfiames.

The central idea in our formulation is to combine the benetsboth deconvolution and
super-resolution. Deconvolution of motion blurred, higisolution images yields high-frequency
details, but with ringing artifacts due to lack of low-freepcy components. In contrast, super-
resolution-based reconstruction from low-resolutionges recovers artifact-free low-frequency
results that lack high-frequency detail. We show that thHawdeing information from deconvolu-
tion and super-resolution are complementary to each otieican be used together to improve
deblurring performance. In video deblurring applicationsr method furthermore capitalizes
on additional deconvolution constraints that can be ddrivem consecutive video frames. We
demonstrate that this approach produces excellent rasuteducing spatially-varying motion

blur. In addition, the availability of the low-resolutiomagery and subsequently derived motion
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Fig. 2. The processing pipeline of our system. Optical owe ast calculated from the Low-Resolution, High-FrametRa
(LR-HFR) video. From the optical ows, spatially-varyingation blur kernels are estimated (Section 11I-B). Then thaimm
algorithm performs an iterative optimization procedureichhsimultaneously deblurs the High-Resolution, Low-FeaRate
(HR-LFR) image/video and re nes the estimated kernels {8adV). The output is a deblurred HR-LFR image/video. Hoe t
case of deblurring a moving object, the object is separatad the background prior to processing (Section V). In thaluteing

of video, we can additionally enhance the frame rate of tHaudeed video to produce a High-Resolution, High-FrameéeRa
(HR-HFR) video result (Section VI).

vectors further allows us to perform estimate new tempaeahés in the high-resolution video,
which we also demonstrate.

A shorter version of this work appeared in [47]. This journaksion extends our confer-
ence work with greater discussion of the deblurring algonit further technical details of
our implementation, and additional experimentations. dididon, a method to estimate new
temporal frames in the high-resolution video is presente8action VI together with supporting
experiments in Section VII.

The processing pipeline of our approach is shown in Figurafdch also relates process
components to their corresponding section in the paper.rdimainder of the paper is organized
as follows: Section Il discusses related work; Section Bsdibes the hybrid camera setup
and the constraints on deblurring available in this syst&ection IV describes our overall
deconvolution formulation expressed in a maximum a paztefMAP) framework; Section V
discusses how to extend our framework to handle moving thj&ection VI describes how to
perform temporal upsampling with our framework; Sectioth pMbvides results and comparisons

with other current work, followed by a discussion and summarSection VIII.



Il. RELATED WORK

Motion deblurring can be cast as the deconvolution of an sntémt has been convolved
with either a global motion point spread function (PSF) opat®lly-varying PSF. The problem
is inherently ill-posed as there are a number of unblurredges that can produce the same
blurred image after convolution. Nonetheless, this pnoble well studied given its utility in
photography and video capture. The following describesrsgvelated work.

Traditional Deblurring  The majority of related work involves traditional blind aewolution
which simultaneously estimates a global motion PSF and éiduded image. These methods
include well-known algorithms such as Richardson-Lucy][433] and Wiener deconvolu-
tion [50]. For a survey on blind deconvolution readers aferred to [20], [19]. These traditional
approaches often produce less than desirable resultsnitiatie artifacts such as ringing.

PSF Estimation and Priors A recent trend in motion deblurring is to either constraie th
solution of the deblurred image or to use auxiliary inforimato aid in either the PSF estimation
or the deconvolution itself (or both). Examples include kvby Ferguset al. [17], which used
natural image statistics to constrain the solution to theodeolved image. Raskaet al. [38]
altered the shuttering sequence of a traditional cameraetmake the PSF more suitable for
deconvolution. Jia [23] extracted an alpha mask of the btiregion to aid in PSF estimation.
Dey et al.[15] modi ed the Richardson-Lucy algorithm by incorporagi total variation regular-
ization to suppress ringing artifacts. Lewt al. [28] introduced gradient sparsity constraints to
reduce ringing artifacts. Yuaet al. [53] proposed a multiscale non-blind deconvolution apphoa
to progressively recover motion blurred details. Skaal. [41] studied the relationship between
estimation errors and ringing artifacts, and proposed #eaf a spatial distribution model of
image noise together with a local prior that suppressesngn jointly improve global motion
deblurring.

Other recent approaches use more than one image to aid iretioeblution process. Bascle
et al.[5] processed a blurry image sequence to generate a singlerted image. Yuaet al.[52]
used a pair of images, one noisy and one blurred. Rav-Achdaletd) [39] consider images that
have been blurred in orthogonal directions to help estitta#ePSF and constrain the resulting
image. Chen and Tang [11] extend the work of [39] to removeaigimption of orthogonal blur

directions. Bhatt al. [8] proposed a method that uses high-resolution photograptenhance



low-quality video, but this approach is limited to statieses. Most closely related to ours is the
work of Ben-Ezra and Nayar [6], [7], which used an additiomahging sensor to capture high-
frame-rate imagery for the purpose of computing optical amd estimating a global PSF. &t
al. [31] extend the work of Ben-Ezra and Nayar [6], [7] by usinggtiel cameras with different
frame rates and resolutions, but their work targets depth estimation and not deblurring.
The aforementioned approaches assume the blur to arise drgiobal PSF. Recent work
addressing spatially-varying motion blur include that ef/ln [27], which used image statistics to
correct a single motion blur on a stable background. Baydsi@l. [4] segmented an image into
regions exhibiting similar blur, while Chet al. [12] used two blurred images to simultaneously
estimate local PSFs as well as deconvolve the two imagesEBenand Nayar [7] demonstrated
how the auxiliary camera could be used to separate a movijegtoloom the scene and apply
deconvolution to this extracted layer. These approach&s [2], [12], [7], however, assume the
motion blur to be globally invariant within each separatagelr. Work by Shart al. [42] allows
the PSF to be spatially-varying; however, the blur is caisad to that from rotational motion.
Levin et al. [30] proposed a parabolic camera designed for deblurriragas with 1D object
motion. During exposure, the camera moves in a manner tlmtsathe resulting image to be
deblurred using a single deconvolution kernel.
Super-resolution and upsampling The problem of super-resolution can be considered as a
special case of motion deblurring in which the blur kerneh l®ew-pass Iter that is uniform in
all motion directions. High-frequency details of a shar@mge are therefore completely lost in
the observed low-resolution image. There are two main aubres to super-resolution: image
hallucination based on training data and image superugsnl computed from multiple low-
resolution images. Our work is closely related to the la#tpproach, which is reviewed here.
The most common technique for multiple image super-reswius the back-projection algorithm
proposed by Irani and Peleg [21], [22]. The back-projecatorithm is an iterative re nement
procedure that minimizes the reconstruction errors of @&mased high-resolution image through
a process of convolution, downsampling and upsampling.iéf beview that includes other early
work on multiple image super-resolution is given in [10]. Maecently, Pattet al.[37] proposed
a method to align low-resolution video frames with arbjgraampling lattices to reconstruct a
high-resolution video. Their approach also uses optica for alignment and PSF estimation.

These estimates, however, are global and do not considal ddgect motion. This work was
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extended by Elad and Feuer [16] to use adaptive lItering memphes. Zhao and Sawhney [55]
studied the performance of multiple image super-resatusigainst the accuracy of optical ow
alignment and concluded that the optical ows need to beawalkly accurate in order to avoid
ghosting effects in super-resolution results. Shechtetaal. [43] proposed space-time super-
resolution in which multiple video cameras with differeasolutions and frame rates are aligned
using homographies to produce outputs of either higher ¢eah@nd/or spatial sampling. When
only two cameras are used, this approach can be considemt@ndtration of a hybrid camera,
however, this work does not address the scenario whereessaron-blur is present in the high-
resolution, low-frame-rate camera. Srouletkal. [45] proposed a regularization framework for
solving the multiple image super-resolution problem. Tdpproach also does not consider local
motion blur effects. Recently, Agrawal [2] proposed a mdttmincrease the resolution of images
that have been deblurred using a coded exposure systenn.agpeoach can also be considered
as a combination of motion deblurring and super-resolytiomhis limited to translational motion.
Our work  While various previous works are related in part, our workurgque in its
focus on spatially-varying blur with no assumption on globalocal motion paths. Moreover,
our approach takes full advantage of the rich informatioailable from the hybrid camera
system, using techniques from both deblurring and supstugon together in a single MAP
framework. Speci cally,our approach incorporate spijfi@iarying deconvolution together with
back-projection against the low-resolution frames. Thambined strategy produces deblurred
images with less ringing than traditional deconvolutiont twith more detail than approaches
using regularization and prior constraints. As with othecahvolution methods, we cannot
recovery frequencies that have been completely loss dueotmmblur and downsampling. A

more detail discussion on our approach is provided in SedieD.

1. HYBRID CAMERA SYSTEM

The advantages of a hybrid camera system are derived fronadtgional data acquired
by the low-resolution, high-frame-rate (LR-HFR) camerahil& the spatial resolution of this
camera is too low for many practical applications, the hsglkeed imagery is reasonably blur
free and is thus suitable for optical ow computation. Figur illustrates an example. Since the
cameras are assumed to be synchronized temporally andvoigséne same scene, the optical

ow corresponds to the motion of the scene observed by thé-hegolution, low-frame-rate
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Fig. 3. Our hybrid camera combines a Point Grey Dragon y lineaa, which captures images D824 768 resolution a5
fps (6:25 fps for image deblurring examples), and a Mikrotron MC134inera that captures imagesI#8 96 resolution at
100 fps. A beamsplitter is employed to align their optical axed aespective images. Video synchronization is achievétgus

a 8051 microcontroller.

(HR-LFR) camera, whose images are blurred due to its slograporal sampling. This ability
to directly observe fast moving objects in the scene withailneliary camera allows us to handle
a larger class of object motions without the use of prior omtinodels, since optical ow can
be computed.

In the following, we discuss the construction of a hybrid eaa) the optical ow and motion
blur estimation, and the use of the low-resolution imageeseaenstruction constraints on high-

resolution images.

A. Camera Construction

Three conceptual designs of the hybrid camera system weausted by Ben-Ezra and
Nayar [6]. In their work, they implemented a simple designwhich the two cameras are
placed side-by-side, such that their viewpoints can be idersd the same when viewing a
distant scene. A second design avoids the distant scen@aegunt by using a beam splitter
to share between two sensing devices the light rays that thasagh a single aperture, as

demonstrated by McGuiret al. [36] for the studio matting problem. A promising third desig
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Fig. 4. Spatially-varying blur kernel estimation usingiopt ows. (a) Motion blur image. (b) Estimated blur kernes$ (a)
from optical ows.

is to capture both the HR-LFR and LR-HFR video on a single @enhip. According to [9],
this can readily be achieved using a programmable CMOS rsgmgvice.

In our work, we constructed a hand-held hybrid camera sys@sed on the second design as
shown in Figure 3. The two cameras are positioned such teatadptical axes and pixel arrays
are well aligned. Video synchronization is achieved usin§0&1 microcontroller. To match
the color responses of the two devices we employ histogramlizqtion. In our implemented
system, the exposure levels of the two devices are set toumd,eand the signal-to-noise ratios

in the HR-LFR and LR-HFR images are approximately the same.

B. Blur Kernel Approximation Using Optical Flows

In the absence of occlusion, disocclusion, and out-ofglestation, a blur kernel can be
assumed to represent the motion of a camera relative totehjethe scene. In [6], this relative
motion is assumed to be constant throughout an image, angldbelly invariant blur kernel is
obtained through the integration of global motion vectorsraa spline curve.

However, since optical ow is in fact a local estimation of tiums, we can calculate spatially-
varying blur kernels from optical ows. We use the multisedlucas-Kanade algorithm [32] to
calculate the optical ow at each pixel location. Followitige brightness constancy assumption

of optical ow estimation, we assume our motion blurred iraagare captured under constant
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illumination, such that the change of pixel color of movirgse/object points over the exposure
period can be neglected. The per-pixel motion vectors aea thtegrated to form spatially-
varying blur kernelsK (x;y), one per pixel. This integration is performed as describgdeh
for global motion. We use a Lcontinuity spline curve t to the path of optical ow at posin
(x;¥). The number of frame used to t the spline curvel&for image examples andlfor video
examples (Figure 3). Figure 4 shows an example of spataltying blur kernels estimated from
optical ows.

The optical ows estimated with the multiscale Lucas-Kaaamlgorithm [32] may contain
noise that degrades blur kernel estimation. We found sucdbynestimates to occur mainly
in smooth or homogeneous regions which lack features faespondence, while regions with
sharp features tend to have accurate optical ows. Sincéud#ty artifacts are evident primarily
around such features, the Lucas-Kanade optical ows aex#ie for our purposes. On the other
hand, the optical ow noise in relatively featureless ragidas little effect on deblurring results,
since these areas are relatively unaffected by errors irdéfsdurring kernel. As a measure to
heighten the accuracy and consistency of estimated optiees, we use local smoothing [51]
as an enhancement of the multiscale Lucas-Kanade algo[f88n

The estimated blur kernels contain quantization errorstdube low resolution of the optical
ows. Additionally, motion vector integration may providen imprecise temporal interpolation
of the ow observations. Our MAP optimization framework addses these issues by re ning
the estimated blur kernels in addition to deblurring theevidrames or images. Details of this

kernel re nement will be discussed fully in Section IV.

C. Back-Projection Constraints

The capture of low-resolution frames in addition to the higholution images not only
facilitates optical ow computation, but also provides swmpesolution-based reconstruction con-
straints [21], [22], [37], [10], [16], [3], [43] on the highesolution deblurring solution. The back-
projection algorithm [21], [22] is a common iterative teajure for minimizing the reconstruction

error, and can be formulated as follows:

X
=1t (uw(y) dat h)) p (1)

j=1
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Fig. 5. Performance comparisons for different deconvofutalgorithms on a synthetic example. The ground truth motio
blur kernel is used to facilitate comparison. The signahdise ratio (SNR) of each result is reported. (a) A motiouartad
image [SNR(dB)=25.62] with the corresponding motion blarrel shown in the inset. Deconvolution results using (bgner
Iter [SNR(dB)=37.0], (c) Richardson-Lucy [SNR(dB)=328 (d) Total Variation Regularization [SNR(dB)=36.13%) (Gradient
Sparsity Prior [SNR(dB)=46.37], and (f) our approach [SNR&50.26dB], which combines constraints from both deodution

and super-resolution. The low resolution image in (g) is Bwisampled from the original image, shown in (h).

whereM represents the number of corresponding low-resolutiormiasions,t is an iteration
index, |, refers to the -th low-resolution imagey ( ) denotes a warp function that alighsto a
reference image, is the convolution operatiom is the convolution Iter before downsampling,
pis a lter representing the back-projection process, d0glandu( ) are the downsampling and
upsampling processes respectively. Equation (1) assuméegach observation carries the same
weight. In the absence of a pridr,is chosen to be a Gaussian Iter with a size proportionate
to the downsampling factor, arglis set equal td.

In the hybrid camera system, a number of low-resolution &srare captured in conjunction
with each high-resolution image. To exploit this availatia, we align these frames according

to the computed optical ows, and use them as back-projactionstraints in Equation (1).
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The number of low-resolution image constraiMsis determined by the relative frame rates of
the cameras. In our implementation, we choose the rst lesslution frame as the reference
frame to which the estimated blur kernel and other low-netswh frames are aligned. Choosing
a different low-resolution frame as the reference frameld/éead to different deblurred result,

which is a property that can be used to increase the tempangbles of the deblurred video as
later discussed in Section VI.

The bene ts of using the back-projection constraint, andtiple such back-projection con-
straints, is illustrated in Figure 5. Each of the low-resioln frames presents a physical constraint
on the high-resolution solution in a manner that resembt®g éach offset image is used in a
super-resolution technique. The effectiveness of inaafjpay the back-projection constraint to
suppress ringing artifacts is demonstrated in Figure 5 mpared to several other deconvolution

algorithms.

IV. OPTIMIZATION FRAMEWORK

Before presenting our deblurring framework, we brie y rewi the Richardson-Lucy decon-
volution algorithm, as our approach is fashioned in a simmtenner. For the sake of clarity,
our approach is rst discussed for use in correcting globation blur. This is followed by its

extension to spatially-varying blur kernels.

A. Richardson-Lucy Image Deconvolution

The Richardson-Lucy algorithm [40], [33] is an iterative ximaum likelihood deconvolution

algorithm derived from Bayes' theorem that minimizes thikofeing estimation error:
argminn(jjly | Kj?) 2)

wherel is the deblurred imageK is the blur kernel]l, is the observed blur image, amq )
is the image noise distribution. A solution can be obtainsithgi the iterative update algorithm
de ned as follows:

|
1=t K > 3
K 3)

where is the correlation operation. A blind deconvolution methminhg the Richardson-Lucy

algorithm was proposed by Fist al. [18], which iteratively optimized andK in alternation

using Equation (3) with the positions of and K switched during optimization iterations for
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Fig. 6. Multiscale re nement of a motion blur kernel for thmage in Figure 11. (a) to (e) exhibit re ned kernels at pragieely
ner scales. Our kernel re nement starts from the coarsesel. The result of each coarser level is then upsampled aed u

as an initial kernel estimate for the next level of re nement

K. The Richardson-Lucy algorithm assumes image no{sgto follow a Poisson distribution.
If we assume image noise to follow a Gaussian distributibenta least squares method can be
employed [21]:

"= 1t+ K (I, I' K) (4)

which shares the same iterative back-projection updageaslEquation (1).

From video input with computed optical ows, multiple bleda imaged, and blur kernels
K may be acquired by reversing the optical ows of neighbormgh-resolution frames. These
multiple observation constraints can be jointly appliecEmuation (4) [39] as

X
1" =1+ wK; (I, ' K)) (5)
i=1
whereN is the number of aligned observations. That image restratan be improved with
additional observations under different motion blurs isrgartant property that we exploit in
this work. The use of neighboring frames in this manner mayg akrve to enhance the temporal

consistency of the deblurred video frames.

B. Optimization for Global Kernels

In solving for the deblurred images, our method jointly eaysl the multiple deconvolution
and back-projection constraints available from the hybaohera input. For simplicity, we assume

in this subsection that the blur kernels are spatially irardr Our approach can be formulated
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(©) (d)
Fig. 7. Convolution with kernel decomposition. (a) Convaa result without kernel decomposition, where full blarkels are

generated on-the- y per pixel using optical ow integratio(b) Convolution using 30 PCA-decomposed kernels. (c)vGlotion

using a patch-based decomposition. (d) Convolution usatig dunction decomposition of kernels, with at most 30alélinctions

0. 101388 0. 062137 0. 057351 0. 023986 0. 000000

.—I_.—I_.—I_.—I_...—I_.

0. 028823 0. 043137 0. 049608 0. 046667 0. 022605

per pixel.

Fig. 8. PCA versus the delta function representation fonédledecomposition. The top row illustrates the kernel dgmosition
using PCA, and the bottom row shows the decomposition ugiegdelta function representation. The example kernel iertak
from among the spatially-varying kernels of Figure 7, frorhieh the basis kernels are derived. Weights are display&mvbe
each of the basis kernels. The delta function representati only guarantees positive values of basis kernels, |batpovides

more exibility in kernel re nement.

into a MAP estimation framework as follows:

arg maxP (I; K jls; Ko; 1)

argmax P (I1; K )P (Ko ;K )P (LjHP (P (K)

arg r|n||<n L1l K )+ L(Kgjl; K)+L(Lj)+L(1)+ L(K) (6)
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wherel and K denote the sharp images and the blur kernels we want to dstilpa K,

and |, are the observed blur images, estimated blur kernels froticadbpows, and the low-
resolution, high-frame-rate images respectively, Bigd = log(P()). In our formulation, the
priors P(1) and P(K) are taken to be uniformly distributed. Assuming thatK ,jlI; K ) is

conditionally independent df, that the estimation errors of likelihood probabilitiégl ,jl; K ),

P(Kojl; K) andP(1,jl) follow Gaussian distributions and that each observatioh,oK , and

I, is independent and identically distributed, we can therriteviEquation (6) as

X hd X
argmin ite 1 K2+ s ity d(t h)jif+ o« jiKE Kgji® o (7)
i j i
where ¢ and g are the relative weights of the error terms. To optimize theva equation
for | andK, we employ alternating minimization. Combining Equati¢h¥ and (5) yields our
iterative update rules:
1) Updatel t** = |t + P NOKE (ly 1Y KD+ Pjle h o (uW(,) dit hy)
2) UpdateK ™ = Kf+ BT (I, 1™ KH+ (Ko KJ)
wheref = |= P wyy 1 CGY) TOGY) O Ki(u;v) 0, andP

steps are processed in alternation until the chande fadls below a speci ed level or until a

wv) Ki(u;v) = 1. The two update
maximum number of iterations is reached. The t&h(l, ) is the warped aligned observations.
The reference frame to which these are aligned to can be athedfl low-resolution images.
Thus for each deblurred high-resolution frame we have uMtgossible solutions. This will
later be used in the temporal upsampling described in Se&tlo In our implementation, we
setN = 3 in correspondence to the current, previous and next fraareslM is set according
to the relative camera settings (4/16 for video/image deiplg in our implementation). We also
initialize 1° as the currently observed blur imagg K ? as the estimated blur kernil, from
optical ows, and set g = ¢ =0:5.

For more stable and exible kernel re nement, we re ne therkel in a multiscale fashion
as done in [17], [52]. Figure 6 illustrates the kernel re namh process. We estimate PSFs from
optical ows of the observed low-resolution images and tldemvnsample to the coarsest level.
After re nement at a coarser level, kernels are then upsathphd re ned again. The multiscale
pyramid is constructed using a downsampling factoﬂverf)i with ve levels. The likelihood

P(KjK) is applied at each level of the pyramid with a decreasing teigp as to allow more
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exibility in re nement at ner levels. We note that startgn at a level coarser than the low-
resolution images allows our method to recover from somer énr PSF estimation from optical

Oows.

C. Spatially-varying Kernels

A spatially-varying blur kernel can be expressedka&s; y; u; v), where(x;y) is the image
coordinate andu; v) is the kernel coordinate. For large sized kernels, é%).,65, this represen-
tation is impractical due to its enormous storage requiremeérecent work has suggested ways
to reduce the storage size, such as by constraining the mpéth [42]; however, our approach
places no constraints on possible motion. Instead, we deasenthe spatially-varying kernels

into a set ofP basis kernelk, whose mixture weights, are a function of image location:

»x
K(X;y;u;v) = a(x;y)k(u; v): (8)
1=1
The convolution equation then becomes
X
L(x;y) K(xy;uyv) = a(xy)Ixy) ki(u;v)): 9

1=1
In related work [26], principal components analysis (PCA)used to determine the basis

kernels. PCA, however, does not guarantee positive keraleles, and we have found in our
experiments that PCA-decomposed kernels often lead toceptable ringing artifacts, exem-
plied in Figure 7(b). The ringing artifacts in the convolah result resemble the patterns of
basis kernels. Another method is to use a patch represemiatiich segments images into many
small patches such that the local motion blur kernel is tmesaithin each small patch. This
method was used in [25], but their blur kernels are defocusdts with very small variations
within local areas. For large object motion, blur kernelghie patch based method would not
be accurate, leading to discontinuity artifacts as showigure 7(c). We instead choose to use
a delta function representation, where each delta functpnesents a positiofu; v) within a
kernel. Since a motion blur kernel is typically sparse, weresonly30s 40 delta functions for
each image pixel, where the delta function positions arerdehed by the initial optical ows.
From the totab5 65 possible delta-function in the spatial kernel at each pix¢he image, we
nd in practice that we only use abo®00s 600distinct delta functions to provide a suf cient

approximation of the spatially-varying blur kernels in t@nvolution process. Examples of basis
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kernel decomposition using PCA and the delta function igar&ation are shown in Figure 8. The
delta function representation also offers more exibilitykernel re nement, while re nements

using the PCA representation are limited to the PCA subspace
Combining Equations (9) and (7), our optimization functlmecomes

argmin ity an (I ki)jj=+ s jily d(l h)j*+ « faiki ao, kijji“: (10)
' i | j i
The corresponding iterative update rules are then

1) Updatel t* |t+PiN=1PFa\.t,|<iI (I P:’a\.t,(w ki) + BPjleh (u(W ()
d(it hy))

. =
2) Updateal™ = af +(B™" (10 " Pal(1% k) ki+ k(2 &)

where | ° and I 2 are local windows in the estimated result and the blur imades kernel

re nement can be implemented in a multiscale framework foFager exibility and stability.

The number of delta functiorlg, stored at each pixel position may be reduced when an updated
value ofa; becomes insigni cant. For greater stability, we processheapdate rule ve times
before switching to the other.

D. Discussion

Utilizing both deconvolution of high-resolution imagegdrack-projection from low-resolution
images offers distinct advantages, because the deblumfognation from these two sources
tend to complement each other. This can be intuitively seemdnsidering a low-resolution
image to be a sharp high-resolution image that has undengatien blurring with a Gaussian
PSF and bandlimiting. Back-projection may then be viewed dsconvolution with a Gaussian
blur kernel that promotes recovery of lower-frequency imdégatures without artifacts. On the
other hand, deconvolution of high-resolution images witke high-frequency PSFs typically
associated with camera and object motion generally suppecbnstruction of higher-frequency
details, especially those orthogonal to the motion dicgctWhile some low-frequency content
can also be restored from motion blur deconvolution, therefien signi cant loss due to the
large support regions for motion blur kernels, and thisltesn ringing artifacts. As discussed in
[39], the joint use of images having such different blur fiimies and deconvolution information

favors a better deblurring solution.
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Multiple motion blur deconvolutions and multiple back-@ctions can further help to generate
high quality results. Differences in motion blur kernelsarg neighboring frames provide differ-
ent frequency information; and multiple back-projecti@nstraints help to reduce quantization
and the effects of noise in low-resolution images. In someuanstances there exists redundancy
in information from a given source, such as when high-rasmiumages contain identical motion
blur, or when low-resolution images are offset by integeepamounts. This makes it particularly
important to utilize as much deblurring information as candbtained.

Our current approach does not utilize priors on the debduinreage or the kernels. With
constraints from the low-resolution images, we have foumesé priors to be unneeded. Fig-
ure 5 compares our approach with other deconvolution dlgas. Speci cally, we compare our
approach with Total Variation regularization [15] and Sugr Priors [28], which have recently
been shown to produce better results than traditional Widtezing [50] and the Richardson-
Lucy [40], [33] algorithm. Both Total Variation regularizan and Sparsity Priors produce results
with less ringing artifacts. There are almost no ringingfacts with Sparsity Priors, but many
ne details are lost. In our approach, most medium to larggescinging artifacts are removed
using the back-projection constraints, while ne detaite aecovered through deconvolution.

Although our approach can acquire and utilize a greater atmfidata, high-frequency details
that have been lost by both motion blur and downsampling @abe recovered. This is a
fundamental limitation of any deconvolution algorithm thines not hallucinate detail. We also
note that reliability in optical ow cannot be assumed begansmall time interval. This places
a restriction on the number of motion blur deconvolution steaints that can be employed to
deblur a given frame.

Lastly, we note that iterative back-projection techniqoneorporated into our framework is
known to have convergence problems. Empirically we havadothnat stopping after no more

than 50 iterations of our algorithm produces acceptableltes

V. DEBLURRING OFMOVING OBJECTS

To deblur a moving object, a high-resolution image needsdoségmented into different
layers because pixels on the blended boundaries of movipgtstcontain both foreground and

background components, each with different relative nmoteothe camera. This layer separation
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(@) (b) (©) (d) (e)

Fig. 9. Layer separation using a hybrid camera: (a)-(d) lesslution frames and their corresponding binary segrienta

masks. (e) High-resolution frame and the matte estimatezblypositing the low-resolution segmentation masks withatming.

is inherently a matting problem that can be expressed as:
= F +(1 )B (12)

where |l is the observed image intensitly,, B and are the foreground color, background
color and alpha value of the fractional occupancy of thedmyand. The matting problem is
an ill-posed problem since the number of unknown variabtegreater than the number of
observations. Single image approaches require userassssto provide a trimap [14], [13], [46]
or scribbles [49], [29], [48] for collecting samples of thméground and background colors. Fully
automatic approaches, however, have required either alialceground [44], multiple cameras
with different focus [35], polarized illumination [36] or @amera array [24]. In this section, we
propose a simple solution to the layer separation probleah tthikes advantage of the hybrid
camera system.

Our approach assumes that object motion does not causemitioin the high-frame-rate
camera, such that the object appears sharp. To extract piwa ahatte of a moving object,
we perform binary segmentation of the moving object in th&-tesolution images, and then

compose the binary segmentation masks with smoothing toogjppate the alpha matte in the
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high-resolution image. We note that Ben-Ezra and Nayar §édua similar strategy to perform
layer segmentation in their hybrid-camera system. In lE@Jran example of this matte extraction
is demonstrated together with the moving object separatiethod of Zhanget al. [54]. The
foreground coloF also must be estimated for deblurring. This can be done hynaisg a local

colorzsmoothness prior oA andB and soIvinZg for theirzvalues with Bayesian matting [14]:
3 3

4 Fl+|2:2 I (1 ):|2 54F5=4 FlF"'I:I2

| 5 (12

I (1 )= ¢ Bl+|(1 )>= B BlB+I(1 =7
where( g; g) and( g; g) are the local color mean and covariance matrix (Gaussian dis
tribution) of the foreground and background coldrss a3 3 identity matrix, and | is the
standard derivation df, which models estimation errors of Equation (11). Givendbkition of
F andB, the solution can be re ned by solving Equation (11) in closedniolRe nements
of F, B, and can be done in alternation to further improve the result.

Once moving objects are separated, we deblur each layeraselyausing our framework. The
alpha mattes are also deblurred for compositing, and thtuded background areas revealed
after alpha mask deblurring can then be lled in either bykspoojection from the low-resolution

images or by the motion inpainting method of [34].

VI. TEMPORAL UPSAMPLING

Unlike deblurring of images, videos require deblurring otiltiple consecutive frames in
a manner that preserves temporal consistency. As describ&ection IV-B, we can jointly
use the current, previous and subsequent frames to delducutient frame in a temporally
consistent way. However, after sharpening each indivithaahe, temporal discontinuities in the
deblurred high-resolution, low-frame-rate video may lmeeocevident through some jumpiness
in the sequence. In this section, we describe how our methodadleviate this problem by
increasing the temporal sampling rate to produce a dellunigh-resolution, high-frame-rate
video.

As discussed by Shechtma al. [43], temporal super resolution results when an algorithm
can generate an output with a temporal rate that surpassdsrtiporal sampling of any of the
input devices. While our approach generates a high-raealutdeo at greater temporal rate than

the input high-resolution, low-frame-rate video, its teorgd rate is bounded by the frame rate
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HR-LFR image

LR-HFR images

Deblurred image with dilerent
LR-HFR images as reference for alignn

Fig. 10. Relationship of high-resolution deblurred regoltcorresponding low-resolution frame. Any of the low-resion

frame can be selected as a reference frame for the deblwesedt.rThis allows up td deblurred solutions to be obtained.

the low-resolution, high-frame-rate camera. We therefefeain from the term super resolution
and refer to this asemporal upsampling

Our solution to temporal upsampling derives directly fromr @eblurring algorithm. The
deblurring problem is a well-known under-constrained peobsince there exist many solutions
that can correspond to a given motion blurred image. In oanago, we havévl high-frame-
rate low-resolution frames corresponding to each higbluti®n, low-frame-rate motion blurred
image. Figure 10 shows an example. With our algorithm, weefioee have the opportunity to
estimateM solutions using each one of thé low-resolution frames as the basic reference frame.
While the ability to produce multiple deblurred frames id mocomplete solution to temporal
upsampling, here the use of thebt different reference frames leads to a set of deblurred
frames that is consistent with the temporal sequence. Timiguae feature of our approach is
gained through the use of the hybrid camera to capture leatugon, high-frame-rate video in
addition to the standard high-resolution, low-frame-natdeo. The low-resolution, high-frame-
rate video not only aids in estimating the motion blur kesnahd provides back-projection
constraints, but can also help to increase the deblurregovichme rate. The result is a high-

resolution, high-frame-rate deblurred video.
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(@) ~(b) (c)

(d) (e) ®

Fig. 11. Image deblurring using globally invariant kernéks) Input. (b) Result generated with the method of [17], rehthe
user-selected region is indicated by a black box. (c) Regierated by [6]. (d) Result generated by back-project&d. [(e)

Our results. (f) The ground truth sharp image. Close-up siewd the estimated global blur kernels are also shown.

VIl. RESULTS AND COMPARISONS

We evaluate our deblurring framework using real images addos. In these experiments, a
ground-truth blur-free image is acquired by mounting themes on a tripod and capturing a
static scene. Motion blurred images are then obtained byingdtie camera and/or introducing a
dynamic scene object. We show examples of several diffe@sgsyglobally invariant motion
blur caused by hand shake;plane rotational motion of a scene objectranslational motion
of a scene objectput-of-plane rotational motion of an object,zoom-in motion caused by
changing the focal length (i.e. camera’'s zoom setting), mhlgpnation of translational motion

and rotational motion withmultiple frames used as input for deblurring one framedeo
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(d) (e) ®

Fig. 12. Image deblurring with spatial varying kernels frootational motion. (a) Input. (b) Result generated with thethod
of [42] (obtained courtesy of the authors of [42]). (c¢) Reéegénerated by [6] using spatially-varying blur kernelsireated
from optical ow. (d) Result generated by back-projecti@L]. (e) Our results. (f) The ground truth sharp image. Glgse are

also shown.

deblurring with out-of-plane rotational motion , video deblurring with complex in-plane
motion, andvideo deblurring with a combination of translational and zoom-in motion.
[Globally invariant motion blur] In Figure 11, we present an image deblurring example
with globally invariant motion, where the input is one higgsolution image and several low-
resolution images. Our results are compared with thosergtate by the methods of Fergus
et al. [17], Ben-Ezra and Nayar [6] and back projection [21]. Fergt al's approach is a
state-of-the-art blind deconvolution technique that esypla natural image statistics constraint.

However, when the blur kernel is not correctly estimateduasatisfactory result shown in (b)
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Fig. 13. Image deblurring with translational motion. Insttéxample, the moving object is a car moving horizontally. We
assume that the motion blur within the car is globally inaati (a) Input. (b) Result generated by [17], where the sstgeted
region is indicated by the black box. (c) Result generated6hy(d) Result generated by back-projection [21]. (e) Oesuits.

(f) The ground truth sharp image captured from another cahefsame model. Close-up views and the estimated global blur

kernels within the motion blur layer are also shown.

will be produced. Ben-Ezra and Nayar use the estimatedalptie/ as the blur kernel and then
perform deconvolution. Their result in (c) is better thaattin (b) as the estimated blur kernel
is more accurate, but ringing artifacts are still unavoldaBack-projection produces a super-
resolution result from a sequence of low resolution imageshown in (d). Noting that motion
blur removal is not the intended application of back-prog@t we can see that its results are
blurry since the high-frequency details are not suf cigrdaptured in the low-resolution images.

The result of our method and the re ned kernel estimate asplayed in (e). The ground truth
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(@) (b) (c)

(d) (e) ®

Fig. 14. Image deblurring with spatially-varying kernels.this example, the moving object contains out-of-plangtion
with both occlusion and disocclusion at the object boundéay Input. (b) Result generated by [6]. (¢) Result generdtg
back projection [21]. (d) Our results using the rst low-obgtion frame as the reference frame. (e) Our results udieglast

low-resolution frame as the reference frame. (f) The grownth sharp image. Close-ups are also shown.

is given in (f) for comparison.

[In-plane rotational motion] Figure 12 shows an example with in-plane rotational motion.
We compared our result with those by Sheinal. [42], Ben-Ezra and Nayar [6], and back-
projection [21]. Sharet al.[42] is a recent technique that targets deblurring of impleotational
motion. Our approach is seen to produce less ringing atsife@mpared to [42] and [6], and it
generates greater detail than [21].

[Translational motion] Figure 13 shows an example of a car translating horizontsg

assume the motion blur within the car region is globally nmeat and thus techniques for
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(d) (e) ®

Fig. 15. Image deblurring with spatially-varying kernels.this example, the camera is zooming into the scene. (a)tinp

(b) Result generated by [17]. (b) Result generated by [§]R@sult generated by back-projection [21]. (d) Our res\f)sThe
ground truth sharp image. Close-ups are also shown.

removing globally invariant motion blur can be applied aftayer separation of the moving
object. We use the technique proposed in Section V to sep#ratmoving car from the static
background. Our results are compared with those genergt&eiguset al. [17], Ben-Ezra and

Nayar [6] and back-projection [21]. In this example, the mngwcar is severely blurred with most
of the high frequency details lost. We demonstrate in (c)lithéation of using deconvolution

alone even with an accurate motion blur kernel. In this eXamjpe super-resolution result in
(d) is better than the deconvolution result, but there amesbigh-frequency details that are
not recovered. Our result is shown in (e) which maintainstrims-frequency details recovered

by super-resolution and also high-frequency details re\ by deconvolution. Some incorrect
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(d) (e) ®

Fig. 16. Deblurring with and without multiple high-resaln frames. (a)(b) Input images containing both transteticand
rotational motion blur. (¢) Deblurring using only (a) as unp(d) Deblurring using only (b) as input. (e) Deblurring (@) using
both (a) and (b) as inputs. (f) Ground truth sharp image. €&lgss are also shown.

high-frequency details from the static background are nrexdly retained in our nal result,
because of the presence of some high-frequency backgroetadlsdin the separated moving
object layer. We believe that a better layer separationrihgn would lead to improved results.
This example also exhibits a basic limitation of our apploaSince there is signi cant car
motion during the exposure time, most high frequency detdibst and cannot be recovered by
our approach. The ground truth in (f) shows a similar, parkadfor comparison.
[Out-of-plane rotational motion] Figure 14 shows an example of out-of-plane rotation where

occlusion/disocclusion occurs at the object boundary. @swult is compared to that of Ben-Ezra

and Nayar [6] and back-projection [21]. One major advantafyeur approach is that we can

27



detect the existence of occlusions/disocclusions of theamdlurred moving object. This not
only helps to estimate the alpha mask for layer separatwnalso aids in eliminating irrelevant
low-resolution reference frame constraints for back propm. We show our result by choosing
the rst frame and the last frame as the reference frame. Batiusion and disocclusion are
contained in this example.

[Zoom-in motion] Figure 15 shows another example of motion blur from zoomfiaces.
Our result is compared to Ferges al. [17], Ben-Ezra and Nayar [6] and back-projection [21].
We note that the method of Fergasal. [17] is intended for globally invariant motion blur, and
is shown here to demonstrate the effects of using only aeiblir kernel to deblur spatially-
varying motion blur. Again, our approach produces bettsults with less ringing artifacts and
richer detail.

[Deblurring with multiple frames] The benet of using multiple deconvolutions from mul-
tiple high-resolution frames is exhibited in Figure 16 fopiawheel with both translational and
rotational motion. The deblurring result in (c) was complutssing only (a) as input. Likewise,
(d) is the deblurred result from only (b). Using both (a) abdl s inputs yields the improved
result in (e). This improvement can be attributed to theedéhce in high-frequency detail that
can be recovered from each of the differently blurred imadée ground truth is shown in (f)
for comparison.

[Video deblurring with out-of-plane rotational motion] Figure 17 demonstrates video
deblurring of a vase with out-of-plane rotation. The cemkrotation is approximately aligned
with the image center. The top row displays ve consecutimpuit frames. The second row
shows close-ups of a motion blurred region. The middle roawshour results with the rst
low-resolution frames as the reference frames. The fourth #ih rows show close-ups of our
results with respect to the rst and the fth low-resolutidrames as the reference frames.

This example also demonstrates the ability to produce pialtieblurring solutions as de-
scribed in Section VI. For temporal super-resolution, wenbme the results together in the
order indicated by the red lines in Figure 17. With our methed can increase the frame rate
of deblurred high resolution videos up to the same rate adotlegesolution, high-frame-rate
video input.

[Video deblurring with complex in-plane motion] Figure 18 presents another video deblur-

ring result of a tossed box with complex (in-plane) motioheTop row displays ve consecutive
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Fig. 17. Video deblurring with out-of-plane rotational riwot. The moving object is a vase with a center of rotation apipnately
aligned with the image center. First Row: Input video franféscond Row: Close-ups of a motion blurred region. Third Row
Deblurred video. Fourth Row: Close-ups of deblurred videmai the rst low-resolution frames as the reference frankéfh
Row: Close-ups of deblurred video frames using the fth Imgolution frames as the reference frames. The nal videpisece
has higher temporal sampling than the original high-resmiuvideo, and is played with frames ordered according o réd

lines.

input frames. The second row shows close-ups of the motiomdal moving object. The middle
row shows our separated mattes for the moving object, antbtivéh and the fth rows present
our results with the rst and third low-resolution frames i@ference. The text on the tossed
box is recovered to a certain degree by our video deblurriggridhm. Similar to the previous
video deblurring example, our output is a high-resolutitigh-frame-rate deblurred video. This
result also illustrates a limitation of our method, where #hadow of the moving object is not
deblurred and may appear inconsistent. This problem isextitan for future investigation.
[Video deblurring with a combination of translational and zoom-in motion] Our nal

example is shown in Figure 19. The moving object of interest car driving towards the camera.
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Fig. 18. Video deblurring with a static background and a mgvbbject. The moving object is a tossed box with arbitrary
(in-plane) motion. First Row: Input video frames. Secondvk€lose-up of the motion blurred moving object. Third Row:
Extracted alpha mattes of the moving object. Fourth Row: délelurred video frames using the rst low-resolution frasres
the reference frames. Fifth Row: The deblurred video framsisg the third low-resolution frames as the reference ésrithe

nal video with temporal super-resolution is played wittafnes ordered as indicated by the red lines.

Both translational effects and zoom-in blur effects existhis video deblurring example. The
top row displays ve consecutive frames of input. The secoywl shows close-ups of the motion
blurred moving object. The middle row shows our extractedt@safor the moving object, and
the fourth and the fth rows present our results with the estd the fth low-resolution frames

as reference.

VIIl. CONCLUSION

We have proposed an approach for image/video deblurringgusinybrid camera. Our work
has formulated the deblurring process as an iterative nietiat incorporates optical ow, back-

projection, kernel re nement, and frame coherence to &ffely combine the bene ts of both
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Fig. 19. Video deblurring in an outdoor scene. The movingeobjs a car driving towards the camera, which produces both
translation and zoom-in blur effects. First Row: Input videames. Second Row: The extracted alpha mattes of the govin
object. Third Row: The deblurred video frames using the lost-resolution frames as the reference frames. Fourth Rdwe:
deblurred video frames using the third low-resolution fesnas the reference frames. The nal video consists of fraongsred

as indicated by the red lines. By combining results from gisiiifferent low-resolution frames as reference frames, ae c
increase the frame rate of the deblurred video.

deconvolution and super-resolution. We demonstrate thatappproach can produce results that
are sharper and cleaner than state-of-the-art techniques.

While our video deblurring algorithm exhibits high-qugliesults on various scenes, there exist
complicated forms of spatially-varying motion blur thahdae dif cult for our method to handle
(e.g., motion blur effects caused by object deformatiohg performance of our algorithm is also
bounded by the performance of several of its componentisiditgy optical ow estimation, layer
separation and also the deconvolution algorithm. Despiésd limitations, we have proposed
the rst work to handle spatially-varying motion blur withrlatrary in-plane/out-of-plane rigid

motion. This work is also the rst to address video deblugrend to increase video frame rates
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using a deblurring algorithm.

Future research directions for this work include how to iovarthe deblurring performance
through incorporating priors into our framework. Recenbldering methods have demonstrated
the utility of priors, such as the natural image statistigsrpand the sparsity prior, for reducing
ringing artifacts and for kernel estimation. Another reshalirection is to improve layer separa-
tion by more fully exploiting the available information ihe hybrid camera system. Additional
future work may also be done on how to recover the backgroaniibfly occluded by a motion

blurred object.
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