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Abstract

In thispaperweaddresstheproblemof simultaneouses-
timationof structureandrestorationof imagesfromblurred
photometricmeasurements.Giventheblurredobservations
of a static scenecapturedwith a stationarycamera, under
different illuminant directions,weobtain thestructure rep-
resentedby the surfacegradientsand the albedoand also
performblind imagerestoration. Thesurfacegradientsand
the albedoare modeledas separateMarkov randomfields
(MRF) and a suitableregularizationschemeis usedto es-
timatethe different fieldsas well as the blur parameter.

1. Intr oduction
Researcherstraditionally treat the shapefrom shading

problem without consideringthe blur introducedby the
camera. However, when one capturesthe imageswith a
camera,thedegradationin theform of blur andnoiseis of-
ten presentin theseobserved images.It is naturalthat the
variationsin imageintensitydueto camerablur affectsthe
estimatesof the surfaceshape.Thus, the estimatedshape
differs from the true shapein spiteof possiblyhaving the
knowledgeof thetruesurfacereflectancemodel. This lim-
its theapplicabilityof thesetechniquesin 3D computervi-
sion problems. It is to be mentionedherethat all the ex-
isting approachesin the literatureassumea pinholemodel
that inherentlyassumesthat thereis no camerablur during
observation. However the blur could happendue to a va-
riety of reasonssuchas improperfocussettingor camera
jitter. This motivatesusto restorethe imageaswell, while
recoveringthestructure.Theproblemcanthenbestatedas
follows: givenasetof blurredobservationsof astaticscene
taken with different light sourcepositions,obtain the true
depthmapandthe albedoof the surfaceaswell asrestore
the imagesfor different light sourcedirections. Sincethe
camerablur is not known, in addition,we estimatetheblur
point spreadfunction(PSF)which causedthedegradation.
In this paperwe assumea point light sourceillumination
with known sourcedirectionsandan orthographicprojec-
tion. Dueto above, theproblemcanbeclassifiedasa joint
blind restorationandsurfacerecoveryproblem.Sincesuch

a problemis inherentlyill-posed,we needsuitableregular-
izationof all thefieldsto beestimated,i.e.,surfacegradients
aswell asthealbedo.

Researchersin computervisionhaveattemptedtousethe
shadinginformationto recoverthe3D shape.Hornwasone
of thefirst researchersto studythisproblemby castingit as
a solutionto secondorderpartialdifferentialequations[5].
Shapefrom shading(SFS)problemis typically solved us-
ing four differentapproaches.Theseapproachesincludethe
regularizationapproach,thepropagationapproach,thelocal
approachand the linear approach.Most of the traditional
SFSalgorithmsassumethatthesurfacehasconstantalbedo
values,but thephotometricstereo(PS)doesnot. The idea
of PSwasinitially formulatedby Woodham[13] andlater
appliedby others[7, 11]. Someof therecentapproachesto
PSincludea neuralnetwork basedmethodfor a rotational
objectwith a non uniform reflectancefactor[8], andinte-
gratingtheSFSwith thePSin orderto improvetheperfor-
manceof shaperecovery [10]. Thegeneralapproachesfor
imagerestorationincludebothstochasticanddeterministic
methods.For acomprehensivesurvey of variousdigital im-
agerestorationtechniquesthe readeris referredto [1]. A
plethoraof methodshave alsobeenproposedto solve the
problemof blind imagedeconvolution [9]. Recently, Can-
delaet al. usedlocal spectralinversionof a linearizedtotal
variationmodel for denoisinganddeblurring[3]. As dis-
cussedabove, the researchershave treatedthe shapeesti-
mationandrestorationproblemsseparately. Also, for shape
estimationusingtheshadingcue,theblur introducedby the
camerais never considered.We demonstratein this paper
thatboththeshapeestimationandrestorationproblemscan
behandledjointly in aunifiedframework.

2. Problem Definition
Considera sceneilluminatedwith differentlight source

positionswhereboththeobjectandthecamerapositionsare
stationary. We capturetheimageswith a largedistancebe-
tweentheobjectandthecamera,thusmakinga reasonable
assumptionof orthographicprojectionandneglectthedepth
relatedperspectivedistortions.Thelight sourceis assumed



to be a distantpoint light. Now given an ensembleof im-
agescapturedwith differentlight sourcepositions,usingthe
theoryof photometricstereowecanexpresstheintensityof
theimageat a pointusingtheimageirradianceequationas�������
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(1)
where

� is theunit surfacenormalat a point on theobject
surface,

�$ is theunit vectordefiningthe light sourcedirec-
tion and

�
is the albedoor the surfacereflectanceof the

surface. The surfacegradients
���!�%�&�

areusedto specify
the unit surfacenormal.

�
is called the reflectancefunc-

tion. Here,we concentrateon theLambertianmodelin our
study, but themethodcanbeexpandedto otherreflectance
modelsalso. In practice,oneusesmorethanthreeobser-
vationsto estimatethe

�!���
andthealbedodueto inconsis-

tency in measurements.Thesolutionto equation(1) using
thedifferentmeasurementsgivesthetruesurfacegradients
andthealbedoin the leastsquaressenseonly whenwe do
notconsiderthecamerablur. However, dueto improperfo-
cussettingorcamerablur theobservationsareoftenblurred.
Thus,consideringtheeffectof blur theobservedimagecan
beexpressedas' �����
	��(
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where
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representsthetwo-dimensionalpoint spread
function (PSF)of the imaging system,and

/1�����
	��
is an

additive noise introducedby the system. Considering 2
light sourcepositions,and using the vector/matrixnota-
tions,equation(2) canbeexpressedas354 
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where
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representsthePSFwith
8

representingtheblur
parameter, and

9 4
is the true focusedimagefor the
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light sourceposition,which is a functionof thesurfacegra-
dientsand the albedoas seenfrom equation(1). In this
paperwe assumethat theblur is dueto thecameraout-of-
focuswhich canthenbemodeledby a pillbox blur or by a
GaussianPSFcharacterizedby a singleparameter

8
.
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is thenoisevectorwhich is a zeromeani.i.d process.Our
problemnow is to estimatetheblur parameter

8
, thealbedoH , thesurfacegradientsI and J , andalsoto performblind

imagerestorationgiventheobservations3 4 ,
=K
L@��CBDBDBD� 2 .

3. SimultaneousEstimation of Structure and
Blind Restoration

As we are using a regularization based approach
for simultaneousestimationof different parameterfields
( I � J � and H ), weneedto usesuitablepriorsfor thefieldsto
beestimated.TheMRF providesa convenientandconsis-
tentwayof modelingcontext dependententitiessuchasim-
agepixels,depthof theobjectandotherspatiallycorrelated

features.Let M bea randomfield over anarbitrary NPOQN
lattice of sites R 
TSU��VW�YXZ�D[ \^]_V`�YXa] N?b @&c . From the
Hammersley-Clif ford theorem[2] whichprovestheequiva-
lenceof anMRF andaGibbsrandomfield (GRF),we haved � M 
feZ�(
hgikjmlkn1o�prq`s where

e
is a realizationof M , M�t is

thepartition functiongivenby u q lkn.o!prq`s and v ��eZ� is the
energy function givenby v �;eU�w
 ufx�y&z�{ x �;eU� . { x ��eZ� de-
notesthepotentialfunctionof clique | and } is thesetof all
cliques.

In order to imposethe spatialcorrelation,we consider
pair wisecliqueson a first orderneighborhoodandimpose
a quadraticcostwhich is a functionof finite differenceap-
proximationsof thefirst orderderivativeat eachpixel loca-
tion, i.e.,~ x�y&z { x ���k��
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where
�

representsthe penalty for departurefrom the
smoothnessin

�
. The prior model as definedabove was

usedfor eachof thedifferentfields I � J � and H . Thesespri-
orsareusedin conjunctionwith theimageformationmodel
givenin equation(3).

Weobtain 2 observationsof astaticsceneby varyingthe
directionof the point light source. It is assumedthat the
directionsareknown. We alsoassumethat the reflectance
modelis known. We introducethecontext dependenciesin
the estimatedfields by modelingthemasseparateMRFs.
Thusthe correspondingpriorsare v � I � , v � J � , and v � H � .
Consideringthebrightnessconstrainttermandthesmooth-
nessterm for regularizingthe solution,thefinal costfunc-
tion canthenbeexpressedas� 
 �~4 � g.� 3 4 b 60��8.�
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(5)
This cost function is convex andcan be minimized using
a gradientdescentapproach.The blur parameterand the
structure(alongwith the imagesfor different light source
directions)arethenestimatedin analternativewayby keep-
ing the blur parameterconstantandupdatingthe structure
andvice-versa.It shouldbenotedherethatwe arenot per-
forming imagedeconvolutionwhich is highly ill-posedand
oftenleadsto numericalinstability.

In orderto do thesimultaneousblur estimatealongwith
the structureandimagerestoration,we mustfirst estimate
theamountby whichanimageis blurred.Whentheimages
arecapturedwith acamera,theblur phenomenoncouldoc-
cur dueto variousreasonsevenwhenthecamerais station-
ary. Consideringthat theunknown blur is dueto theeffect
of improperfocusing,it canbemodeledby aGaussianPSF,



whenwe needto estimatethe blur parameter
8

(standard
deviation) thatdeterminestheseverity of theblur.

We estimatetheblur by usinga simpleapproachassug-
gestedby Subbarao[12]. Sincethe blur is mostly due to
cameradefocus,the PSFcan be easily parameterizedby
singleparameter

8
(see[4] for details).HencethePSFesti-

mationproblemsimplifiesdrastically. Let ' ���!�
	�� represent
the blurredimagewhile

�����!�
	��
is the true focusedimage.

Then ' �����
	�� canbeexpressedin termsof
��������	��

by asim-
pleconvolutionoperationas' �����
	���
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Usingthefactthat
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is Gaussian,andtakingthe
Fourier Transformon both sides,we caneasilyderive the
following equationfor theestimatedblur as8 � 
 @�*���Z� b��� �� - � �� log   � � � � � � �¡ � � � � � � ��¢ � � ¢ � � � (7)

where£ is asmallregionin thefrequency domainand
�

is
theareaof £ . MeasuringtheFourier transformat a single
spectralpoint

� � � � � � � is, in principle,sufficient to obtain
thevalueof

8 � , but a morerobustestimatecanbeobtained
by taking the averageover a small areain the frequency
domain.

The blur estimationtechniqueasdiscussedabove gives
the estimateof blur only when the true focusedimage��������	��

and its blurred version ' ������	�� are available. But
our problemis to estimatethe blur given the blurred ob-
servationsonly, sincethetruefocussedimagesfor different
light sourcepositionsare unknown. Only the reflectance
modelis known. We now suggesthow theblur canbeesti-
matedfrom thegivendataitself.

Usingthephotometricstereoweobtaintheleastsquares
estimatesof the fields I � J and H from the observations
disregardingtheblurringeffect. Theoptimizationis carried
out usingthe initial estimatesof fields andan initial value
of
8 p�¤`s by minimizing thecostfunction in equation(5) forI � J � H keeping

8 p�¤Ws constant.Thenew estimatesof fieldsI pr¥�s � J pr¥&s � H pr¥&s are thenusedin imageirradianceequa-
tion (1) alongwith thesourcedirectionsto gettheestimates
of the imagesat different light sourcepositions. We then
obtainthe new estimateof blur

8 pr¥&s by usingequation(7)
holding I pr¥&s � J pr¥&s � H pr¥&s constant.Herethe blursarecal-
culatedbetweentheobservedimages35¦ � 35§ �¨BCBDB�� 3:© and
theimageestimates

�9 pr¥&sg � �9 pr¥&s� �(BCBDB�� �9 pr¥&s� andtheaverageof
theseestimatedblurs is usedastheupdatedone. This new
valueof

8 pr¥&s obtainedis thenusedagainin the optimiza-
tion to updatethe fields I � J � H . In effect the estimation
of blur parameterandthedifferentfieldsarecarriedout al-
ternatelyuntil theconvergenceis obtainedfor theestimated8

. The blur thusobtainedis the final estimatedone. The
correspondinggradientfieldsarethenusedto calculatethe

(a) (b) (c)

Figure1: (a) Synthesizedchecker-boardsphereimage.(b)
Observationusinga Gaussianblur

8^
ª@
correspondingto

Figurein (a). (c) Restoredimage.

depthmapasgivenin [6]. Themasksizechosenfor thePSF
shouldbesufficiently largecomparedto thevalueof

8
. We

havecarriedoutextensiveexperimentsundervaryinginitial
conditionsanddifferentmeasurementsetsandwe did not
experienceany difficulty in convergence.We alsoexperi-
mentedon simulateddatasetswhenthe observationnoise
is quitehighandtheamountof defocusblur is large.Under
suchtaxingcircumstanceswefoundtheestimateof theblur
parameter

8
to bea bit underestimated.

4. Resultsand Discussions
We now presentthe resultsfor the proposedapproach.

First, we considerthe experimentsusing the synthetically
generatedimages.For this experiment,we generateda set
of imagesof a sphericalsurfacefor differentsourceposi-
tions.Thespherehadachecker-boardpatternedalbedo(see
Figure1). Theobtainedimagesarethenblurredby usinga
Gaussianblur maskof size «¬O�« with

8�
­@
. Thefinal es-

timated
8

for this experimentis
@k" \k®k¯ � . Figure1(c) shows

theefficacy of our algorithmfor theestimationof truesyn-
thesizedimagefrom its blurredversion(seeFigure1(b)).
Therestoredimageis quitecomparableto thetruesynthetic
imagedisplayedin Figure1(a). Of theeight imagesgener-
atedwith differentlight sourcepositions,we show a single
imagewith sourceposition

��°±
L\m" ²Z¯��³�C°±
L\m" ´k\
. We see

that the boundarycurve on eachsegmentin the estimated
imagearesharperwhencomparedto theblurredimagein-
dicatingtherestorationof high frequency details.Theesti-
mateddepthmapshown asan intensityvariationin Figure
2(b) is also quite correctas the intensity is highestat the
centeranddecreasesaswe move away from it which defi-
nitely reflectstheshapeof a hemisphere.Theshapedistor-
tion seenin thedepthmapof Figure2(a)asobtainedfrom a
standardPSmethodclearlyindicatesthelossof depthinfor-
mation.Finally, we show theestimatedandthetruealbedo
mapsin Figures3(a, b). The restoredalbedomap is also
quitecomparablewith the trueone. In all our experiments
thevalueof

�
is chosenas

\�" \�@
for theestimationof all the

threefieldsnamely, I , J andthe H .
Next, we consideran experiment using the real im-

ages. We take imagesof a stuffed doll ‘Jodu’ for eight
different positionsof the light source. No attemptwas



(a) (b)

Figure2: (a) Depthmapfor blurredchecker-boardimages.
(b) Restoreddepthmap.

(a) (b)

Figure3: (a) Estimatedalbedo. (b) True albedoobtained
from thesynthesizedimages.

madeto bring the object (Jodu) in to focus and hence,
as seenin Figure 4 the observations are partly blurred.
The blurredobservationsarethenusedto derive the fieldsI p�¤`s � J pr¤Ws andthe H p�¤`s which are usedas the initial esti-
matesfor our algorithm. An initial estimateof

8 p�¤`s 
_\�" «
computedover a masksize µFO¶µ wasusedin orderto es-
timate the different fields and to restorethe imagesitera-
tively. After every

@�\�\
iterationsin gradientdescentopera-

tion for updatingthesurfacegradientsandthealbedo(from
whichtheimagesfor differentlight sourcepositionsarecal-
culated)a new valueof

8
is estimatedandis usedagainto

refinethefieldsandthe images.Thefinal estimated
8

was
foundto be

@�" \k¯ «&· . Theresultsof theexperimentareillus-
tratedwith thefollowing Figures.Two of theeightblurred
observationswith sourcepositions

� ° 
 b \�" ´�®k´ µ �¸� ° 
b \�" « @ µ ® and
�5°w
 b \�" ® · ® µ �³�C°¬
 b \m" ¯�´ · ¯ areshown in

Figures4(a,b). TherestoredJoduimagesfor thesameare
displayedin Figures5(a,b). As canbeseenrestoredimages
aremuchsharper. Althoughwe did notobservethepercep-
tual differencein the estimateddepthmap and the depth
mapdueto blurredobservations,therewasanimprovement
in theestimateddepthmapin termsof MSE(meansquared
error).TheMSEbetweenthedepthmapdueto focusedob-
servationscapturedby keepingtheaperturevery smalland
thedepthmapdueto theblurredobservationswasfoundto
be
\�" \�\ ·�µ , whereasit was

\�" \�\�®m@
for theproposedmethod.

Thisclearlyindicatestheimprovementin thedepthmapes-
timationusingtheproposedalgorithm.Similarconclusions
canbedrawn for thealbedoestimatewheretheMSEswere\�" \�®�@

and
\�" \ �&· , respectively.

We have presenteda new approachfor the simultane-
ousestimationof structureandimagerecovery alongwith
theblur parameterestimationfrom blurredphotometricob-

(a) (b)

Figure4: ObservedJoduimageswith thecameradefocus.

(a) (b)

Figure5: RestoredJoduimages.

servations. We do obtainan improved accuracy usingthe
proposedapproach.
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