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Abstract

In this paperwe addressthe problemof simultaneougs-
timationof structue andrestoation of imagesfromblurred
photometrioneasuementsGiventheblurredobservations
of a static scenecaptured with a stationarycames, under
differentilluminant directions,we obtain the structuie rep-
resentedy the surfacegradientsand the albedoand also
performblind image restomtion. Thesurfacegradientsand
the albedoare modeledas sepaate Markov randomfields
(MRF) and a suitableregularization schemeis usedto es-
timatethe different fieldsas well as the blur parameter

1. Intr oduction

Researchersraditionally treat the shapefrom shading
problem without consideringthe blur introducedby the
camera. However, when one capturesthe imageswith a
camerathedegradationin theform of blur andnoiseis of-
ten presentn theseobsenedimages. It is naturalthatthe
variationsin imageintensitydueto camerablur affectsthe
estimatesof the surfaceshape. Thus, the estimatedshape
differs from the true shapein spite of possiblyhaving the
knowledgeof the true surfacereflectancenodel. This lim-
its the applicability of thesetechniquesn 3D computervi-
sion problems. It is to be mentionedherethat all the ex-
isting approache the literatureassumea pinhole model
thatinherentlyassumeshatthereis no camerablur during
obsenation. However the blur could happendueto a va-
riety of reasonsuchasimproperfocus settingor camera
jitter. This motivatesusto restorethe imageaswell, while
recoveringthe structure.The problemcanthenbe statedas
follows: givenasetof blurredobsenationsof a staticscene
taken with differentlight sourcepositions,obtainthe true
depthmapandthe albedoof the surfaceaswell asrestore
the imagesfor differentlight sourcedirections. Sincethe
camerablur is notknown, in addition,we estimatethe blur
point spreadfunction (PSF)which causedhe degradation.
In this paperwe assumea point light sourceillumination
with known sourcedirectionsand an orthographicprojec-
tion. Dueto above, the problemcanbe classifiedasa joint
blind restoratiorandsurfacerecovery problem. Sincesuch
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aproblemis inherentlyill-posed,we needsuitableregular
izationof all thefieldsto beestimatedi.e., surfacegradients
aswell asthealbedo.

Researcheris computenisionhave attemptedo usethe
shadingnformationto recoverthe 3D shape Hornwasone
of thefirst researcherto studythis problemby castingit as
asolutionto secondorderpartial differentialequationg5].
Shapefrom shading(SFS)problemis typically solved us-
ing four differentapproachesTheseapproachecludethe
regularizationapproachthepropagatiorapproachthelocal
approachandthe linear approach.Most of the traditional
SFSalgorithmsassumeéhatthe surfacehasconstantlbedo
values,but the photometricstereo(PS)doesnot. Theidea
of PSwasinitially formulatedby Woodham[13] andlater
appliedby others[7, 11]. Someof therecentapproacheto
PSincludea neuralnetwork basedmethodfor a rotational
objectwith a non uniform reflectancefactor[8], andinte-
gratingthe SFSwith the PSin orderto improve the perfor
manceof shaperecovery[10]. The generalapproachesor
imagerestoratiorincludeboth stochastianddeterministic
methods For acomprehensie suney of variousdigital im-
agerestorationtechniqueshe readeris referredto [1]. A
plethoraof methodshave also beenproposedo solve the
problemof blind imagedecowolution [9]. Recently Can-
delaetal. usediocal spectrainversionof alinearizedtotal
variationmodelfor denoisinganddeblurring[3]. As dis-
cussedabove, the researchertiave treatedthe shapeesti-
mationandrestoratiorproblemsseparatelyAlso, for shape
estimatiorusingthe shadingcue,the blur introducedby the
camerais never considered.We demonstratén this paper
thatboththe shapeestimationandrestoratiorproblemscan
behandledointly in aunifiedframework.

2. Problem Definition

Considera sceneilluminatedwith differentlight source
positionswhereboththeobjectandthecamergositionsare
stationary We capturethe imageswith alarge distancebe-
tweenthe objectandthe camerathusmakinga reasonable
assumptiorof orthographigrojectionandneglectthedepth
relatedperspectie distortions.Thelight sourceis assumed



to be a distantpoint light. Now given an ensembleof im-
agescapturedvith differentlight sourcepositions usingthe
theoryof photometricstereove canexpresgheintensityof
theimageat a pointusingtheimageirradianceequationas

f(@,y) = p(z,y)R(p(z,y),4(z, y)) = p(z, y)ﬁ(sv,y)-fi)
wheren is the unit surfacenormalat a point on the object
surface,s is the unit vectordefiningthe light sourcedirec-
tion and p is the albedoor the surfacereflectanceof the
surface. The surfacegradients(p, ¢) are usedto specify
the unit surfacenormal. R is called the reflectanceunc-
tion. Here,we concentraten the Lambertianmodelin our
study but the methodcanbe expandedo otherreflectance
modelsalso. In practice,one usesmorethanthreeobser
vationsto estimatethep, ¢ andthealbedodueto inconsis-
teng/ in measurementsThe solutionto equation(1) using
the differentmeasurementgivesthe true surfacegradients
andthe albedoin theleastsquaresenseonly whenwe do
notconsiderthecamerablur. However, dueto improperfo-
cussettingor cameralurtheobsenationsareoftenblurred.
Thus,consideringhe effect of blur the obsernedimagecan
beexpresseds

g(z,y) = h(z,y) * f(z,y) +n(z,y), (2)

whereh(z,y) representshe two-dimensionapoint spread
function (PSF)of the imaging system,and n(z,y) is an
additive noise introducedby the system. Consideringk
light sourcepositions, and using the vector/matrix nota-
tions,equation(2) canbe expresseds
gm :H(a)fm(p,p,q) + Ny M= 1,---,k (3)
whereH (o) representthe PSFwith o representingheblur
parameterand f,,, is the true focusedimagefor the mt*
light sourceposition,whichis afunctionof thesurfacegra-
dientsand the albedoas seenfrom equation(1). In this
paperwe assumehatthe blur is dueto the cameraout-of-
focuswhich canthenbe modeledby a pillbox blur or by a
GaussiarPSFcharacterizedy a single parametew. n,,
is the noisevectorwhich is a zeromeani.i.d process.Our
problemnow is to estimateheblur parametet, thealbedo
p, thesurfacegradientsp andq, andalsoto performblind
imagerestoratiorgiventheobsenationsg,,,, m = 1, - - - , k.

3. Simultaneous Estimation of Structure and
Blind Restoration

As we are using a regularization based approach
for simultaneousestimationof different parameteffields
(p, q, andp), we needto usesuitablepriorsfor thefieldsto
be estimated.The MRF providesa cornvenientandconsis-
tentway of modelingcontext dependengntitiessuchasim-
agepixels,depthof the objectandotherspatiallycorrelated

features.Let Z bearandomfield overanarbitrary N x N
lattice of sitesL = {(4,5)|0 < i,j < N —1}. Fromthe
Hammerslg-Clifford theorem2] which provesthe equiva-
lenceof anMRF anda Gibbsrandomfield (GRF),we have
P(Z=2)= Z%er(z) wherez is arealizationof Z, Z, is
the partition functiongivenby 3°_e~Y(®) andU(z) is the
enegy functiongivenby U(z) = > .o Ve(z). Ve(z) de-
notesthe potentialfunctionof cliquec andC is thesetof all
cliques.

In orderto imposethe spatialcorrelation,we consider
pair wise cliqueson afirst orderneighborhoodndimpose
a quadraticcostwhich is a function of finite differenceap-
proximationsof thefirst orderderiative at eachpixel loca-
tion, i.e.,

D V(@) =

N—2
u Z [(2h1 — 260-1)° + (2kg — 2k_11)*
ceC k=1

+ (Zkg41 — Zk,l)2 + (Zkt1,0 — Zk,l)2]
= U(2), (4)

where i representsthe penalty for departurefrom the
smoothnessn z. The prior model as definedabore was
usedfor eachof thedifferentfieldsp, q, andp. Thesespri-
orsareusedin conjunctionwith theimageformationmodel
givenin equation(3).

We obtaink obsenationsof a staticscendy varyingthe
direction of the point light source. It is assumedhat the
directionsareknown. We alsoassumehatthe reflectance
modelis knawn. We introducethe context dependenciems
the estimatedfields by modelingthem as separateMRFs.
Thusthe correspondingriorsareU(p), U(q), andU(p).
Consideringhebrightnesonstraintermandthe smooth-
nessterm for regularizingthe solution, the final costfunc-
tion canthenbe expresseds

k
e= llgm—H(0)fm(p,p, 9> +U(p)+U(q)+U(p).
" ©)

This costfunction is corvex and can be minimized using
a gradientdescentapproach. The blur parametetand the
structure(along with the imagesfor differentlight source
directions)arethenestimatedn analternatve way by keep-
ing the blur parameterconstantand updatingthe structure
andvice-versa.lt shouldbe notedherethatwe arenot per

formingimagedecotvolutionwhichis highly ill-posedand
oftenleadsto numericalinstability.

In orderto do the simultaneoudblur estimatealongwith
the structureandimagerestorationwe mustfirst estimate
theamountby whichanimageis blurred. Whentheimages
arecapturedvith a cameratheblur phenomenowouldoc-
cur dueto variousreasongvenwhenthe camerds station-
ary. Consideringhatthe unknown blur is dueto the effect
of improperfocusing,it canbemodeledoy aGaussiarPSk



whenwe needto estimatethe blur parametewr (standard
deviation) thatdetermineghe severity of theblur.

We estimatethe blur by usinga simpleapproactassug-
gestedby Subbarad12]. Sincethe blur is mostly dueto
cameradefocus,the PSF can be easily parameterizedy
singleparametet (se€[4] for details).Hencethe PSFesti-
mationproblemsimplifiesdrastically Let g(z, y) represent
the blurredimagewhile f(z,y) is thetrue focusedimage.
Theng(z,y) canbeexpressedn termsof f(z,y) by asim-
ple convolution operationas

9(x,y) = h(z,y;0) * f(z,y). (6)

Usingthefactthath(z,y, o) is Gaussianandtakingthe
Fourier Transformon both sides,we caneasily derive the
following equationfor the estimatedlur as

1 -2 G(wg,wy)
2= 2 log—y 200 gy, 7
o A//Rw%w;f’gﬂwz,wy)dw oy, (7)

whereR is asmallregionin thefrequengy domainand A is
the areaof R. Measuringthe Fouriertransformat a single
spectralpoint (w,, w,) is, in principle, sufficient to obtain
thevalueof o2, but amorerobustestimatecanbe obtained
by taking the averageover a small areain the frequeny
domain.

The blur estimationtechniqueasdiscussedibove gives
the estimateof blur only when the true focusedimage
f(z,y) andits blurredversiong(z,y) are available. But
our problemis to estimatethe blur given the blurred ob-
senationsonly, sincethetruefocussedmagedor different
light sourcepositionsare unknowvn. Only the reflectance
modelis known. We now suggeshow the blur canbe esti-
matedfrom the givendataitself.

Usingthe photometricstereawe obtainthe leastsquares
estimatesof the fields p, q and p from the obsenations
disrggardingtheblurring effect. The optimizationis carried
out usingtheinitial estimatef fieldsandaninitial value
of o(® by minimizing the costfunctionin equation(5) for
p, q, p keepings(® constantThenew estimate®f fields
p™, g™, p(" arethenusedin imageirradianceequa-
tion (1) alongwith thesourcedirectionsto gettheestimates
of the imagesat differentlight sourcepositions. We then
obtainthe new estimateof blur ¢(™ by usingequation(7)
holdingp(™, g™, p(™ constant.Herethe blursarecal-
culatedbetweernthe obseredimagesgy, g2, ---, gk and
theimageestimated™, £{™, ..., £{" andtheaverageof
theseestimatedlursis usedasthe updatedone. This new
valueof ¢(™) obtainedis thenusedagainin the optimiza-
tion to updatethe fieldsp, q, p. In effect the estimation
of blur parameteandthe differentfields arecarriedout al-
ternatelyuntil thecorvergences obtainedfor theestimated
o. The blur thusobtainedis the final estimatedone. The
correspondingradientfields arethenusedto calculatethe

Figurel: (a) Synthesizeadhecler-boardsphereémage. (b)
Obsenationusinga Gaussiamblur o = 1 correspondingo
Figurein (a). (c) Restoredmage.

depthmapasgivenin [6]. Themasksizechoserfor thePSF
shouldbe sufiiciently large comparedo thevalueof o. We
have carriedout extensive experimentandervaryinginitial

conditionsand differentmeasuremensetsand we did not
experienceary difficulty in corvergence. We also experi-
mentedon simulateddatasetswhenthe obsenation noise
is quitehigh andtheamountof defocusblur is large. Under
suchtaxingcircumstancewe foundthe estimateof theblur
parameter to bea bit underestimated.

4. Resultsand Discussions

We now presentthe resultsfor the proposedapproach.
First, we considerthe experimentsusing the synthetically
generatedmages. For this experiment,we generatedh set
of imagesof a sphericalsurfacefor differentsourceposi-
tions. Thespherenadachecler-boardpatternedilbedo(see
Figurel). The obtainedmagesarethenblurredby usinga
Gaussiamblur maskof size7 x 7 with ¢ = 1. Thefinal es-
timatedo for this experimentis 1.0352. Figure1(c) shavs
the efficacy of our algorithmfor the estimationof true syn-
thesizedimagefrom its blurred version(seeFigure 1(b)).
Therestoredmageis quitecomparabléo thetrue synthetic
imagedisplayedin Figurel(a). Of the eightimagesgener
atedwith differentlight sourcepositions,we shav a single
imagewith sourcepositionp; = 0.45, gs = 0.80. We see
that the boundarycurve on eachsggmentin the estimated
imagearesharpemwhencomparedo the blurredimagein-
dicatingtherestoratiorof high frequeng details. The esti-
mateddepthmapshowvn asanintensityvariationin Figure
2(b) is also quite correctasthe intensity is highestat the
centeranddecreaseaswe move away from it which defi-
nitely reflectsthe shapeof a hemisphereThe shapedistor
tion seenn thedepthmapof Figure2(a)asobtainedrom a
standard®Smethodclearlyindicateshelossof depthinfor-
mation. Finally, we show the estimatedandthe true albedo
mapsin Figures3(a, b). The restoredalbedomapis also
quite comparablewith the true one. In all our experiments
thevalueof y is choseras0.01 for the estimationof all the
threefieldsnamely p, q andthe p.

Next, we consideran experimentusing the real im-
ages. We take imagesof a stuffed doll ‘Jodu’ for eight
different positions of the light source. No attemptwas
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Figure2: (a) Depthmapfor blurredchecler-boardimages.

(b) Restoreddepthmap.
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Figure 3: (a) Estimatedalbedo. (b) True albedoobtained
from thesynthesizedmages.

(@)

madeto bring the object (Jodu) in to focus and hence,
as seenin Figure 4 the obsenations are partly blurred.
The blurred obsenationsarethenusedto derive the fields
p@. q@ andthe p(® which are usedasthe initial esti-
matesfor our algorithm. An initial estimateof ¢(®) = 0.7
computedover a masksize9 x 9 wasusedin orderto es-
timate the differentfields andto restorethe imagesitera-
tively. After every 100 iterationsin gradientdescenbpera-
tion for updatingthe surfacegradientsandthe albedo(from
whichtheimagedor differentlight sourcepositionsarecal-
culated)a new valueof ¢ is estimatecandis usedagainto
refinethe fieldsandtheimages.Thefinal estimatedr was
foundto be1.0576. Theresultsof the experimentareillus-
tratedwith thefollowing Figures. Two of the eightblurred
obsenationswith sourcepositionsp; = —0.8389, ¢, =
—0.7193 andps = —0.3639, ¢s = —0.5865 areshavn in
Figures4(a,b). TherestoredJoduimagesfor the sameare
displayedn Figuress(a,b). As canbeseerrestoredmages
aremuchsharperAlthoughwe did not obsene the percep-
tual differencein the estimateddepth map and the depth
mapdueto blurredobsenations therewasanimprovement
in the estimatedlepthmapin termsof MSE (meansquared
error). TheMSE betweerthe depthmapdueto focusedob-
senationscapturedby keepingthe aperturevery smalland
thedepthmapdueto the blurredobsenationswasfoundto
be0.0069, whereasit was0.0031 for theproposednethod.
Thisclearlyindicategheimprovementin thedepthmapes-
timationusingthe proposedalgorithm. Similar conclusions
canbedrawn for thealbedoestimatenherethe MSEswere
0.031 and0.026, respectiely.

We have presentedh new approachfor the simultane-
ousestimationof structureandimagerecovery alongwith
theblur parameteestimationfrom blurredphotometricob-

(@) (b)

Figure4: ObsenedJoduimageswith thecameradefocus.

Figure5: Restoredloduimages.

senations. We do obtainanimproved accurag usingthe
proposedapproach.
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