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Abstract

Mostpreviousmotiondeblurringmethodsestoethede-
gradedimage assuminga shift-invariant linear blur lter.
Thesemethodsare not applicableif the blur is causedby
spatiallyvariantmotions.In this paper we modelthe phys-
ical propertiesof a 2-D rigid bodymovementand propose
a practical framevork to deblur rotational motionsfrom
a singleimage. Our main observationis that the trans-
parencycue of a blurred object, which representshe mo-
tion blur formationfrom an imaging perspective provides

sufcient informationin determininghe objectmovements.

Compaatively singleimage motiondeblurring usingpixel
color/gradientinformation has large uncertaintiesin mo-
tion representatiorand computation.Our resultsare pro-
ducedby minimizinga new enegy functioncombiningro-
tation, possibletranslationsandthe transpaencymapus-
ing aniterative optimizingprocess Theeffectivenessf our
methods demonstatedusingchallengingimage examples.

1. Intr oduction

Motion blurin anaturalimageis causedy camerahale
or objectmotionduring exposurewhenthe shutterspeeds
relatively slow. Theimagedegradationis usuallymodeled
asthe corvolution of a clearimagewith a shift-invariant
blur kernel

B=S k+n

whereS is thelatentunblurredimage k is the point spread
function (PSF),andn is the possibleadditive noise. Nor-
mally, the problem of recovering details from a single
blurred imageis severely ill-posed given the large set of
unknovnsandcomplex color informationfrom the blurred
image. The solutionuniquenesgannotbe generallyguar
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anteedsince the corvolution with a blur kernel is non-
invertible. To tacklethis problem,additionalimagepriors,
suchasthe global gradientdistribution from clearimages
[7], areproposed Someapproachessemultiple imagesor
additionalvisualcueg2, 2] to constrainthekernelestima-
tion.

(d)

Figurel. Transparencmap.(a) An blurredimage.(b) Thetrans-
pareng mapin the highlightedregionsof (a). (c) An unblurred
image.(d) Thetransparencmapin the highlightedregionsof (c).

The spatially variant blur kernel estimationis an even
moredif cult problem. The blur kernel,in this case,may
varyin size,shapeandvaluesamongpixels[24]. Thisgen-
erality makesit extremelydif cult to estimateanappropri-
atePSF To make theproblemtrackable additionalassump-
tions, suchas modelingthe generalkernel as a weighted
sumof severalspatiallyinvariantkernelg17], areproposed
in previouswork. However, dueto thecomplexity of theun-
known kernelandthe expandedsolutionspacethesemeth-
ods cannotproducecorvincing kernel estimationand are
easilystuckin local minimumin optimization.



In this paper we proposea practical algorithmto de-
blur rigid-body object undegone primarily the rotational
motionsfrom a singleimage. The blur kernelis spatially-
variantandunknownn. The possibletranslationsduring ro-
tationareallowed. Ourblur kernelrepresentatiois general
andis modeledexplicitly by a novel motion descriptor In
orderto reducethe ambiguitiesin motiondeblurringusing
compleximagestructuresywe approximatehetranspareng
mapphysicallyproducedy theblurredobject[11] andem-
ploy it to robustly estimatethe spatiallyvariantkernels.

Thetransparengmap[11] containsfractionalpixel val-
ueswhich canbe physicallyinterpretedasthetime percent-
agethat the foreground pixels are exposedduring image
capture. Eachpixel hasa fractional value between0 and
1. With the fact that the foregroundalways occludesthe
backgroundit furtherdescribeshe partialocclusionof the
backgroundcenddy theforegroundobjectduringtheexpo-
sure. So, essentiallythe transpareng mapabstractobject
motioninformation. Thepixelsin objectcentethavevaluel
andthe pixelsaroundthe boundaryof a blurredobjectmay
have fractional values. For an unblurredobjectwith solid
boundaryeachpixel in theimagecorrespondso eitherthe
backgroundr theforeground.Sothetransparengmapcan
be approximatedy binary valuesconsistingof only 0 and
1. Oneillustrationis shovnin Figurel.

Usingthetransparengmapin our motionkernelestima-
tion hasthefollowing bene ts. First, thetranspareng map
hasvery simplerepresentatioreachvalueis betweerD and
1, andis notrelatedto thecomplex imagestructure Second,
thetransparengmaphasusefulphysicalrepresentatioand
directly re ects the objectmotion structures.Third, the la-
tenttranspareng mapafterdeblurringshouldcontainonly
binary valuesfor a solid objectwhich greatlyreducesthe
ambiguitiesin imagereconstruction Moreover, the binary
value propertyin an unblurredtranspareng map makesit
possibleto apply an ef cient discreteoptimizationin blur
kernelestimation.

By adoptingthe transpareng map, our modeling and
computatiorprocessaresimpli ed comparingo usingonly
theimagecolorinformation. In our method,a robustitera-
tive optimizationalgorithmis proposedo estimatehe mo-
tion descriptoy which is further appliedto recovering the
original colorimage.

The restof this paperis organizedasfollows. We rst
review previous work in Section2. The motion analysis
anddescriptoraredescribedn 3. In Section4, we explain
themodelandthe proposedalgorithm.We shav theresults
in Section5. Finally, we concludeour methodanddiscuss
it in Section6.

2. Previous work

Therearetwo main streamsdn researctcategorizedby
the blur models,i.e., the spatially-invariantand spatially-

variant motion deblurring. If the point spreadfunction
(PSF)is known, several algorithmssuchas Wiener lter -
ing, quick Pixon smoothing,Richardson-Lug decotvolu-
tion canbeappliedto inferring the original clearimage.

Decorvolution is also an importanttopic in astronomi-
calimagingresearchGull discusse#n [9] the principle of
maximizing the entrogy in decomwolving images. Tsumu-
rayaet al. [23] apply Lucy's algorithmto reconstructhe
deblurredimages. Zarowin et al. [27] proposea modi ed
versionof van Cittert decorvolution (VCD) to relieve the
limitation of the traditionalmethodwhich is only applica-
ble to shapesandrelatedpoints.

Withoutknowing the blur kernel,onecanrecoveragen-
eralblurimageusingblind convolution. In [13, 5], methods
areproposedo estimatethe blur kernelassuminga priori
knowledge. Two-stepapproachesreadoptedby rst esti-
matingthe kernelandthendecowolving the image. With
the assumptiorthat the unblurredimageis two-tone,Li et
al. [15] proposeaniterative approacho re ne adeblurring

Iter until the nal resultis visually acceptableln [7], FeF

gusetal. proposeanensembldearning[16] approachwith

theprior modelingthe distribution of imagegradient.Most
recently Jiaproposeso solve thespatiallyinvariantmotion
blur from a transpareng point of view [11]. Comparingto

[11], ourgoalis to estimatehespatially-\ARIANT kernels
with entirely differentmotionmodels.

In theshift-variantdeblurringmethodg17, 24, 4], agen-
eral PSFis assumedCal\etti etal. [3] assumehatthe PSF
is known, andthentherestoratiorof ablur andnoisyimage
canbe accomplishedby solvinga large linear system.The
generalizedninimal residual(GMRES) methodis usedto
iteratively solwve this linear system. Nagy and Leary [17]
modelthe spatially variantblur kernelasthe combination
of spatiallyinvariantkernels.It providesaway to simplify
thePSFmodeling,but it lacksof physicalanalysisandcon-
straints.Ribaricetal. [21] proposea methodto restoreim-
agesblurredby circularmotion. This methodassumeshat
the rotational centerand the angularvelocity are known,
which makesit dif cult to be appliedto naturalimages.

To provide additionalinformationfor imagerestoration,
multiple imagesor hardwareareusedto improve theresult
constructionWithout estimatinghe PSF Jiaetal. [12] en-
hancea short-posuredarkimageby transferringhecolor
from a long-exposureblurredimage. Yuanet al. [26] pro-
ducehigh quality deblurredmagesusingblur/noisyimage
pair con gurations. The ringing artifactsare signi cantly
reducedby the proposedyain-controlledRichardson-Lug
(RL) algorithm.Ben-Ezraetal. [3] construciahybrid cam-
erasystemto acquirethe cameramotion tracksfor accu-
rately estimatingkernels. Raskaret al. [19] reducetheill-
posednessf thedeblurringproblemby rapidly openingand
closingthe shutterwith a pre-speci edbinarysequencean-
formationlost of high frequenciescanbe reduced. There



aremary previousworks in researctof imagedeblurring.
We referthereadetto therespectre suneys[22, 18, 10].

Comparingto otherwork, our singleimagedeblurring
methodprovides a novel solutionto deblur rotation plus
translationmotions. Our framework is practicalthanksto
our kernelmodeling,transpareng maprepresentatiorand
therobustiterative optimization.

3. Motion blur descriptor

While the state-of-the-artesearcton spatiallyinvariant
motiondeblurringhasreached certaindegreeof maturity
[19, 2, 7, 11], methodsdealingwith spatially variant blur
arestill far from practicality To sufciently describeob-
jectmotions,asingleblur Iter maynotbeenough.In this
section,we proposea motion blur descriptorto modelthe
objectrotationalmotionwith possiblarregulartranslations.

An imagecanberegardedasanintegral of thelight hit-
ting the imagesensoiper time unit. The blur effectin an
imageis causedy theobjectmotionduringexposure If we
considerthe mixedlight emittedor re ected from the fore-
groundandbackgroundtheimageblur formulationcanbe
very complex. Hencewe introducethe transpareng map,
asdescribedn Sectionl, to describeéhemotionblur.

We denotef as the transpareng map of a solid ob-
ject without motionin the latent(unblurred)image,where
f(x;y) = 0 if pixel (x;y) is on the background,and
f(x;y) = 1if (x;y) belongsto the foreground,asshavn
in Figure1l. We alsodenoteB asthe transpareng map
wherea solid objectundegoesmotionsin a blurredimage.
Obviously, B canbe formulatedas an integral of differ-
entf after rotation and translationduring exposure. Let
Tr(X;y; t; Xt; Vi) bethevalueof transparengmapin
(x;y) afterf rotateswith angle ; andshiftsby ( X¢; Vi),
theblurredtransparengmapB (x; y) is givenby

Zy
Tr(xy; o Xi
0

B(x;y) = ?1 yodt, (1)

where T denotesthe exposuretime. By discretization,
B (x; y) canbeestimatedy

IX 1
Tr(xy; i; Xi;
i=0

yi)(tisa  t):
2

The value of N determineghe level of accurag. In the
experimentswe found N = 20is sufcient to producea
visually satisfyingresult. By dividing the exposuretime T
evenly, themotiondescriptoiQ containsall theinformation
to describethe objectmotions

ﬁ(x;y;Q;f)=T1

Q=1f(i; xi; wWiji2f0;1;:::;;N  1gg

3.1 Descriptor analysis

In Eqn. (2), thereisoneTr(x;y; ; Xx; YY) for each
time slot, modelingthe objectmotion. Dueto theimplicit
format of thesemotion parametersthis function cannotbe
usedin ef cient optimization. In the following, usingthe
Fouriertransformwe derive anexplicit representation.

Consideringthe object motion during image capture,
we map each pixel (x;y) in the transformedimage

Tr(x;y;f; ; x; y)toonepixel (x%y9% inf where
X%y = ‘;?,fg; C(S);r('()) Dyl"+ [ x yI™:
Wethushave

Trigy: o x y)=f(xco{ ) ysin()+ x

xsin( )+ycod )+ y): (3)

In orderto establishanexplicit function of motiondescrip-
tors for Tr, we transformthe imageto the frequeng do-
main. Eqgn. (3) canthenbewritten as
Z,172 .4 '
Tr() = F(u;v)g? U x+vy)

g2 ((ux+vy)cos( )+( vx uy)sin( )) dudv; (4)
whereF (u; v) is a Fourier transformof f (x; y) andj? =
1
Z + 1 Z + 1
F(u;v) = f(x;y)e 12 (*Widxdy:  (5)

Dueto the discreteness boththe imagedomainandthe
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Figure2. Artif actsintroducedby DiscreteFourier Transformation

(DFT). (a) Artif actsof imagereconstructiorafter DFT. (b) Grid
misalignmengfterrotation.

frequeny domain,we needto samplef andF for further
simpli cation. Directly samplingthemusinginteger coor
dinatesmay introduceseriousartifacts,asshown in Figure
2. This is becausehe pixel positionsof the rotatedim-
age may not fall into the points with integer coordinates



asshowvn in Figure2 (b). Sothe samplingrate shouldbe
adjustedo reducethe artifacts. Without losing of general-
ity, we simplify the presentatiorby assuminghe imageis
squarewith sizeM M. Letg = 1=M, by applyingthe
Bluesteins FFT algorithm[1, 6], we rewrite (5) as

l:(u;v) ;(uxr;v r)

f(X sy S)e j2 qu rx s+Vv Y s) g 2

X X ‘
f(X sy s)€ 12 AWy« s 22 (G)
y X

where s is the distancebetweenneighboringsamplesin
theimagedomainand ; is the distancein the frequeng
domain. For simplicity, herewe usenearesnheighborhood
interpolationto getf (x s;y s). Accordingly, we have

X X _

Tr() = F(u;v)eﬂ (u x+v y) rq

v u
g2 (uxrvy)cos( p(vx uy)sin( ) ra 2. (7)

Directly computing(6) and (7) is computationallyinef -
cient sincethe time compleity is ( 2), where is the
numberof pixels. So throughsomealgebraicmanipula-
tions,we derive

TriGys 5 x5 y) = ?W(y;x)x (K (u; V)
H(u;v)ﬁ(uv ;;v+ y));:(8)
where
Hocy) = @& 90 y?cos( 152 xy sin( )
HoGy) = conj(H(xy))
= & ra(y? x?)cos() 2xysin( ))
K(uv) = €2 rau x*v Vg y):

The corvolutionin (7) is substituteddy the ef cient multi-
plicationin the frequengy domain. We verify the correct-
nessof our formulation by using a blur image synthesis
shawn in Figure 3 usinga motion descriptor The synthe-
sizedimagein (b) is quite realisticevenusingthe discrete
transform.

4. Optimization

Our goalis to restorethe latentimagef by minimizing
theenepgy function

X
Ep(Q;f) = By, Q)% (9)

Xy

(Brer (x;y)

whereB, ¢ istheinputblurredimage.It requireghatusing
the estimateddescriptorQ andimagef , the reconstructed

blur image B should be similar to the input blur image
Bref . Anotherimplicit constraintis thatf (x;y) 2 f0; 1g
whichwill beimposedn ourdiscreteoptimizationprocess.
Herewe naturallyassumehatf (x;y), Xi, V;,and j
areall independentln orderto make the problemtrackable
andto successfullyestorehe degradedmage,therotation
angles ¢+1 ¢ in shorttime intervalsareassumedgmall.

4.1 Parameter initialization

ABC Image

ﬁ'c- MN\“

@) (b)

Figure 3. Rotationalblur image synthesis. (a) The original im-
age.(b) TheblurredimagegeneratedisingDFT. The naturalness
validatesthe correctnessf our motiondescriptor

The transpareng map B usedin our methoddescribes
the transpareng of the foreground occluding the back-
grounddue to object motion. It can be computedusing
the naturalimagealphamattingmethods.In our approach,
the methodin [14] is usedto computethe fractionaltrans-
pareng map. Sincemattingmethodsonly usecolor infor-
mationto computethealphamatte thereis norealphysical
consideration®f the backgroundor foreground. So there
may exist errorsin somepixels. As shavn in Section5,
we only needto selectandusethe pixelswith structuresn
obedienceo the humanperceptiorinsteadof all of them.

We rst initialize the objectrotationcenter(cy; c,). It is
commonthattheblurredcolorimagecontaingextureinfor-
mation.Sotheuserscaninteractively selectseveralpairsof
pointsfrom boththetranspareng mapandthe colorimage
indicating the object motion. The pixelsin eachpair are
selectedapproximatelyat the startandthe end positionsof
oneobjectpoint during its movement. In this paper these
points are called characteristigooints. One illustration is
shavn in Figure4. The estimationof rotationcenterdoes
not requiremuchaccurag. The errorscanbe compensated
by the estimationof translation x; and vy; in thefollow-
ing optimizationprocess.

After selectinghe characteristipoint pairs,therotation
centercanbe estimatedy solving a leastsquareproblem.
Assumingeachpoint pair consistof thestartpoint (x&; y.)
andtheendpoint (xL; y.), we have

I

(Xs CX)2 + (yls Cy)z;

asillustratedin Figure5. Consideringall selectedooints,

¢)?= (xh )+ (vh



(b)

Figure4.Blurredcolorimage.(a) Theoriginalblurimage.(b) The
userselecteatharacteristipointsaccordingo themotionpatterns
of objectstructure.Eachpixel pair roughlyindicatesthe startand
endpositionof onepointin motion.

(x5 yh)

(X5Ys)
(cx.cy)

Figure5. The matchedpointscanbe usedto identify the rotation
center(cy; cy).

therotationcentercanbe computedy solving
Av 2 [c]” = Bw 1 (10)

whereM is the numberof the correspondingpoint pairs,

= o=y oy o xQ2ey(2 %2 (2
Ai1= LA 2= W,andB, = 2Ty ,
8 = 1;2;3; ;M. After ¢, andc, areestimatedwe
movethe coordinatecenterto (cx; cy).

4.2 lterati ve optimization

In thefollowing, we proposeaniterative optimizationto
solve all unknowvns. The discreteand continuousoptimiza-
tions arealternatvely performed.Our optimizationcanbe
dividedinto threestepsandthesethreestepsareprocessed
iteratively.

Estimating . In this step, assumingthe valuesof F,

Xi, Vi are xed, we apply a continuousoptimiza-
tion to compute ; by minimizing Ep. Denoting m(l')
= (ux + vy)cog ;) + (vx uy)sin( ;) andm{’ =
(vx uy)coq ;) (ux+ vy)sin( ;),the rst orderpartial
derivativesof Ep canbeexplicitly givenby

@b _ 4 3gX X
@ N (xy (

Xy uv

I:(u;v)j
@2 (U xrv yrmi)) ra p(y).

where vy = Brer(X;y) B(x;y). Forsmall i's, we

2
usethe approximationthat sin ; i, COS j 1

to avoid computatiorof mary trigonometricfunctions.The
Hessianmatrix canbe derived similarly. Using the above
representation,; is computedusingthe conjugategradient
method.

Estimating the latent transparencymap f . Giventhees-
timated , x,and y,wecomputethebinarymapf using
discreteoptimizationby minimizing

X 1"(1
Eo(@f)=  (Bret(D Xi; YiN%

p i=0

Tr(p; i

wherep = (x;y). Giventhatthe motion parametergre
estimatedwe canapply inversemotionsto the input blur
imageto derive the latentone. SinceTr denoteshe mo-
tion of the objectin a small time intenal, applying (3),
we getf (x%y) = Tr(xi;yi; i; Xi; Vi), Wherei 2
f0;1;::;; N 1g. Underthe rotationalmotion, x; andy;
arenot guaranteedo be integers. We thususethe bilinear
interpolationfrom the neighboringfour pixelswith integer
coordinateso computehetransparengvalues:

f(x%yd) = iyl Xyl 22 (11)
j=0
Integratingthe above equationsyve have
1 X1 )
(Bref (X, y) N Tr(Xi;yis i X Yi)
i=0
1 X1 S
= (Bref (X1Y) N ]if(xji;y{))z
i=0 j=0
/ E,+ Ey; (12)
where 5 X o
Ei= & Brer CoyfOdiy); (13)
iij
and
_ 2 X i1 Jog (wd1eud1Ng (22
E2 - m i1 |zf(XI1’yI1)f (Xlz’ylz)
(i1 1)8( 255 2)
1 . S
tz (DR (14)

bl

We build aMarkov Randontield (MRF) in theimageplane
to solvetheabore enegy minimizationproblemwhereeach
pixel is a node. The edgesare constructedoy connecting
node(x{!;yl!) to (x{2;y|?) if thereexistsa corresponding
termf (x};y12)f (x{2;y!?) in E2. All the nodesare 0-1
labeled.Enegy Ep is minimizedusingloopy belief propa-
gation[8][25].



Estimating x; and y; In this stage,we estimateob-
ject translations x; and vy;. Since ; andf are x ed,
Tr(x;y; i;0;0) is alsoknown. We build Gaussiarimage
pyramidsfor Tr(x;y; i;0;0) andB,¢ respectiely. We
usea multi-scaleapproactwith theseGaussiaimagepyra-
midsto compute x; and y; in atop-dovn manner Sup-
posethe nest level is 0 andthecoarsestevel is s, it is ob-
viousthatthetranslationin coarsdevel is small. Assuming

thatthetranslations x* and y'® in level s aresmaller
< 1, we computethe

I
thanl pixel,ie., 1< x{¥; y®
translationvectorin the ne level by

2 xt ™ P
2 y0 ™+ Oy,

x() =
y ) o= (15)

where ,( )(x), ,( )(y) 2 ( 1;1). With the constructed

Gaussiarpyramids, we minimize E,() ) on eachlevel and
propagatehe estimatedranslationvectorto the ner one.
Combining(3), (9), (15) we minimize

ES’
X 1 X

= By o Ty x D y)?
Xy i
X 1 X

= By g U@ D0 Do’
xy i

wherex) = xcog ;) vysin(i)+2 x ™ andy' =

xsin( ;) + yeog i) + 2 y* " since ()(x) and
i( )(y) are small values,we apply the Taylor expansion

tof O+ x);9 +  {(y)) andderive

X X
E¢ BLO T (OR
Xy i
+@( )ga)ﬁ) i()(x)+ @( )g\i,)ﬂ) i( )(y)))Z:

(16)

Thetermf ( )(x';y") in (16) in the Gaussiarpyramid can
be computedoy

PO = TrOy; ;2 x ™52 yE ™)
Our computatiorstartsfrom the coarsestevel. In the opti-
mizationin level , E is minimized by settingthe par
@&y’ @&y’

. @’ ey
ing an over-determinedinear systemwith 2N unknowns:

i( )(x)'s and |( )(y)'s. The optimization stops when

xi(o) and yi(o) arecomputed.

tial derivatives to zerosand solv-

4.3 Recover the color image

The above optimizationstepsiteratively process.n our
experimentsthey alwayscornvergein 10 iterations. To re-
coverthe colorimage,usingthetranspareng map,we sep-
aratetheblur imageinto foregroundl ; andbackground y,.

Theneachpixel in | canbe expressedisa weightedsum
of thepixelsin theoriginal clearobject.Since j, x;,and

yi areestimatedthe spatiallyvariantblur kernelfor each
pixel canbe uniquelyconstructedWe write

I+ (p) = Re (P)

whereR; (p) is the correspondingixel in the latent un-
blurred objectandk(p) is the kernelconstructedor pixel

p

k(p) + n; (17)

We applythe Richardson-Lug decomwolution methodto
iteratively restorethe unblurredforegroundR; . Thenthe
nal imageresultis constructedby combiningR; and 1y,
with therecoveredtransparengmapf .

5. Resultand analysis

Examplesare demonstratedh this section. All images
shavn containa blurred objectundegoing unknown rota-
tion plustranslatiormotionsduringimagecapture.

We rst shaov the doll examplein Figure6. Thedoll is
held by a handundegoinginconsistentotionsfor differ-
entpixelsduringimagecaptureasshovn in (a). (b) shavs
the selectedcharacteristigoints marked by red crossesn
the input image for computingan approximatedrotation
center The errorintroducedin this stageis inevitable but
doesnot greatlyin uence our optimization. We apply the
mattingmethodto computethe blur transpareng mapwith
an input of several strokes indicating de nite foreground
and backgroundpixels. We shaw the stroke-overlaid im-
agein (c). (d) illustratesthe generatechlphamatte. Once
we estimateall motion parameterswe apply themto con-
structingspatially variantkernels. The kernelsare usedto
restorethe transpareng map(e) andlatentobject(f) using
Richardson-Lug decomwolution. (g) shavs the deblurred
objectcomposedackto the extractedbackground . (h)
shavs the magni ed region. The motion blur is removed
successfullyon the object.

We showv anothertwo examplesin Figure 7. (a) and
(b) show the input blur imageswith marked characteristic
points. Thesepointsareselectedkasilyusingthe recogniz-
ableimage patterns. (c) and (d) are the computedtrans-
pareny maps. We apply our iterative optimizationto the
transpareng mapsandestimateobjectmotions. Using the
constructedlur Iter , we deblurtheforegroundobject. The
compositionsof the deblurredobjectand the background
areshowvnin (e) and(f).

Our methodemploys the naturalimagemattingmethod
to computethe transpareng map. In a complex scenegx-
istingmattingmethodsnaynotwork well andmaygenerate
incorrectalphavaluesfor somepixels. We show in Figure
8 thatthe errorswill notsigni cantly in uence our method
in the motion estimationsincenot all transpareng pixels
aretakeninto computations.In Figure 8 (a), the handis



(€) (f)

)

(c)

() (h)

Figure6. Doll. (a) Theinputimagecontainingamotionblurreddoll. (b) Theselectedtharacteristipointsareillustratedusingredcrosses.
(c) Strokesspecifyingtheforegroundandthe backgroundo be usedin themattingmethod.(d) The computedlur transparencmapafter
imagematting. (e) Theinferredunblurredtransparenc mapby our method. (f) The computedunblurredobjecton a black background.
(9) Theunblurredforegroundobjectcomposedo the original background . (h) Themagni ed view of (g).

blendedto the background.lIt is dif cult to obtaina good
alphamatte,asshovnin (c). We only usethetranspareng
pixels with lesserror asillustratedin (d). Applying the
proposedoptimization,the motion parameterganbe suc-
cessfullyestimated. The deblurredtranspareng map and
the compositedobjectto the backgroundare shovn in (e)
and(f) respectiely. It canbe obsenedthatsincethetrans-
pareng mapcontainserrors,thereare pixelsnot correctly
deblurred. However, mostpixelsin the resultarevisually
plausible.Thepatternsonthesleeve arealsoclear

6. Conclusionand Discussion

To concludewe have proposeda novel andhighly prac-
tical methodto restorethe degradedimage containinga
blurred object due to the rotationaland translationalmo-
tions. Insteadof usingthe complex color informationin
input images,we introducea transpareng map encoding
the objectmotionandapplyit to estimatingthe motionpa-
rameters.Our motion descriptorseparateshe motion blur
in differenttime intervalsandthe computatioris facilitated
by Fouriertransform.A novel optimizationmethodis pro-
posedto iteratively re ne parametelestimationusing dis-
creteand continuousoptimizations. Our methodhasbeen
appliedto severaldif cult examples.

In discussion the quality of our nal resultis closely
relatedto the quality of thetransparengmapgeneratedy
themattingmethods Our furtherwork includesdeveloping
amorereliabletransparengmapestimatiorapproactusing
multiple inputimages.Reducingthe manualwork, suchas
thecharacteristipoint selectionwill alsobestudied.
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