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Abstract

Creatinguniformlighting for archival-qualitydocument
acquisitionremainsa non-trivial problem. We proposea
novel methodfor automaticphotometriccorrectionof non-
planardocumentdy estimatinga single pointlight-souice
using a simplelight probe By addinga simple piece of
foldedwhite paperwith a known3D surfaceto a scenewe
are able to extract the 3D positionof a light souice, auto-
matically performwhite balancecorrection,and determine
areas of poor illumination. Furthermoe, this methodis
designedwith the purposeof addingit to an alreadyim-
plementeddocumentdigitization pipeline To justify our
claims,we provide an accuracy analysisof our correction
techniqueusing simulatedground-truthdata which allows
individual sourcesof error to bedeterminedandcompaed.
Thesetechniquesare thenapplied on real documentghat
havebeenacquiredusinga 3D scanner

1. Intr oduction

Theneedfor high-qualityacquisitiontechnique®f non-
standarddocumentgs becominga requirementt the fore-
front of mary digital library iniatives. While atbed scan-
nershave maturedto a placewherethey arethe accepted
standardor digitizationof standad documentsgocuments
suchasancientboundmanuscript@andscrollsareleft with-
outa suitablemainsteamtechnology

While improvementsof 3D surfaceacquisitiontechnol-
ogy are, allowing the shapeof non-planarexts to be cap-
tured, the problem of archival-quality texture acquisition
still exists. It remainsa hard problemfor a well-trained
photographeto producenearconstanillumination overan
agedandseverelywrinkled, manuscriptMoreover, evenif
suitablelighting is obtainedfor oneportion of a document
thereis no guarantedhat the samelighting con guration
will becorrectfor the next area/pagéo beacquired.

This work relieson the Shape-from-Shadin(fS) theo-
retical foundationto estimatelight sourceparametersvith
the nal goal of documentcorrection. The methodspre-
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sentedherecombinethree elds to producea nal system
for documentrestoration.

The rst area, Shape-from-Shadinghas beenone of
the majorfocusareain ComputerVision[10, 22] for mary
years.Thereare4 centralparameterfvolvedin this prob-
lem: Lighting, surfaceshape,surfacere ectance(albedo),
andshading. Normally a setof assumptionsre madein-
cluding: Lambertiansurface[13 with constantalbedo,di-
rectionallight sourceor sourceat the cameraoptical cen-
ter, and an orthogonalprojection model [6]. Hertzmann
andSeitz[9] proposedanapproactthatrecoversshapeand
materialby looking up a shading-normatable built using
a sphericlight probe,wheredistantlight and orthographic
camerds assumedbut the surfaceis notlimited to lamber
tian. In [2], it hasbeenprovedthatwhenthelight direction
and the Lambertiansurfacere ectanceare unknown, the
problemis ill-posed andthereis no uniquesolution. Pra-
dos and Faugerasmodel SfS as a well-posedproblemby
taking into accountthe illumination attenuatiorterm [17]:
Assumingknown light source(at cameraoptical center),
lambertiansurfacere ectance(constangndthe camerga-
rameterstheshadingallowsrecoveryof surfaceshapgrom
only oneimagewithoutadditionalinformation. They apply



this SfS modelto recover cylindric documentshapefrom

scannerimagesand useit for documentrestoration[16].

Work hasalsobeenperformedunderapointlight sourceas-
sumption.lwahorietal. [11] performedshapdrom shading
assuminga point light source.Kim etal. [12] alsorecon-
structedshapeusing photometricsterecand multiple point
light sourcepositions. Finally, Frolova et al. [7] demon-
stratedthe useof sphericalharmonicso reconstructiepth
usingpointlight sources.

However, for standardSfS assumptionshe problemre-
mainsill-posedwithout prior information. Thereforemary
groupshave addedlight probesthat returnthe problemto
awell-de ned state.Haraet al.[8] provide a methodto es-
timate a single point light sourceposition and surfacere-
ectance propertiesfrom a singleimagewith know scene
geometry Thiswork assumesdetectablsurfacespecularity
thatcanbe separatedrom the diffusesurfacere ectance.

Using sphericallight probeshasalsoprovidedsolutions
to light-sourcecalibration. The useof mattesphereghat
follow a lambertianre ectance properties[25] [23] have
alsobeenwidely usedin light sourceestimationmethods.
Pawell etal.[15 have introducedanovel calibrationobject,
using2-3 spheresvith known position,to calculatethe 3D
positionof multiple light sourcesAlso, Takaietal.[20] use
the notion of a differencesphereto calculatethe position
andradianceof multiplelight sourcesAlldrin etal.[1] usea
planaright probewith amulti-layeredtransparentmedium
whichdifferentiallyabsorbsindre ectslight. ThenFourier
seriescoefcients arerecoveredof theincidentlighting pa-
rameterizeavertheplane.

Sataet al.[18] have developedrobust methodsfor light
estimationusing castshadavs of known geometry While
the usefulnessof these methodscannotbe understated,
work in documenimagingcanoftenbelimited to alibrary
archive ervironment. Theselimitationsled our work to fo-
cusonalight probethatcouldbe manufcturedn- eld and
provide minimal disruptionto a digitizationpipeline.

Light sourceestimationis only part of the problemfor
documentorrection.Theestimategarametermustbeap-
pliedin away to provide thebest nal result.

Documentdistortion correctiontechniqueshave devel-
opedfrom 2D imageprocessing5] to 3D modelmanipula-
tion[21, 24, 3, 4, 19]. Dueto thefactthatthesurfaceshape
distortioninducescontentdistortionandshadingrregulari-
tiesin the capturedmage,techniqueshave beendeveloped
to tackle geometricrecti cation. A cateyory of the work
assumesegular modelsfor the surface shape[21, 24, 4]
while morerecentlya techniquebasedon physically-based
simulation[3] hasemegedto atten arbitrarily warpedand
crinkled documents.Beyond geometricrestoration shad-
ing correctionhasalso attractedattention. A few exam-
ples of work proposemethodsto addressboth geometric
and photometriccorrectionof documentsof somelimited

geometridypes[24, 4]. Consequentlyanalgorithmis pre-
sentedin [19] handlesmore extensive documenttypesby
reducingthe shadingcorrectionproblemto solvinga Pois-
sonequationwith Dirichlet boundaryconditions,which is
formulatedby relaxing the gradientsof the pixels on the
illumination edgesthat correspondo edgesin the surface
depthmap. It is developedto handledocumentgoldedwith
“hard” creaseisteadof warpedwith “soft” distortion,like
thedocumenusedin our experimentshavn in section4.1.
Morerelatedtio ourwork, PradosandFaugerasisea Shape-
from-Shadingalgorithm for documentrestoration[16] as
we discussectarlier

As we have obsenedin our researchthe 3D document
acquisitionpipelinetypically leaves e xibility for improve-
mentsto be addedbetweenmost stepsof the digitization
processin thiswork, we introducea methodfor correcting
poor lighting conditionsduring the scanningprocess. By
usinga simplefolded pieceof paperin theacquiredscene,
we can correctary shadingvariation causedby a single
pointlight source.lt is oftenavery dif cult problemwhen
trying to illuminateasurfaceuniformly andalmostimpossi-
ble with asinglelight. Thisis evenmorethe casewhenthe
surface hasbecomedistortedfrom damage deterioration,
and/orage. Furthermorewe can correctwhite-balancen
the nal imagewhen a non-whitelight is used. This en-
tire processadddlittle overheadandwork to thedigitization
process.

Our methodusesthe samemathematicafoundationsof
Shape-from-Shadindyut in aninversemanner We know
that for a small region on a surface, with known albedo,
intensity andnormal,the light sourcedirectioncanbe cal-
culated. We take this basicrelationshipone stepfurther.
If we performthis directionallight estimationfor different
patcheson the samesurface, illuminated by a point light
sourcecanwe usethedirectionfor eachof thesepatchego

nd the3D locationof thelight sourceVe have foundthat
theanswelis yes We areableto demonstrateur equations
throughsyntheticdataandanalyzedifferentsourcesof er
ror that may affect the accurag of the calculation. Then
we demonstrateurtechniqueonrealdatathathasbeenac-
quiredwith 3D scanners.

2.Method

Derived from Shape-from-Shadingheory we devel-
opedan approacho estimatdighting condition,including
sourceposition and color/intensity with a folded white-
papermodel. Our approachis proposedo dealwith both
directionallight and point light sourcewhich is excluded
in existing SfS/photometristerecalgorithms.The method
is designedto t into the commonscenarioof document
acquisitionand provide automaticdigital restorationmini-
mizing extra efforts. Only a simple piece of white folded
paperis requiredandit is addedto the acquisitionscene



servingasa light probe whichis scannedo build a model
takingadwantageof thescannindacilitiesfor thedocument
acquisition.

We assumeanmostdocumentsareoriginally at. This as-
sumptionunderliesour restoratiorframework. Digital im-
ages/modelsf documentsareusuallydistortedbecausef
its non- at(wrinkled) surface. The distortionscanbe char
acterizedas photometricdistortion and geometricdistor
tion. Using estimatedight parameterswe canrectify the
photometricdistortion, including unwantedtint from the
lighting andthe non-uniformshadingover the surfacedue
to distortedsurfacegeometry

In parallelwith the photometricrestorationpipeline, a
geometriccorrectionproceduresimilarto [3], is appliedto
thedocumenimodelto restorethe damagedrregulardocu-
mentsurfaceto its original at status.

Both thelight estimationandthe restoratiornprocedures
are3D modeldriven, startingfrom a 3D modelof a docu-
mentthat consistsof a geometricmeshanda texture map.
Our methodintegrateswith arny scanningsystemthat pro-
ducesa 3D point cloud or surfacewith a registeredtexture
image.

2.1 Assumptions

A numberof assumptionfiave beenappliedto Shape-
from-Shadingand light-sourceestimationin the literature.
However, mary of theseassumptionshave limited real-
world applicationf the presentednethods.

In particular acommonassumptionn SfSis the"direc-
tional lighting” condition. This assumptioreasilyholdsfor
syntheticexperimentsput canbehardto producewith real-
world applications. Our methodrelaxes this strong con-
straintandprovidesfacilitiesto estimatepoint sourcdight-
ing by makingareasonablassumption:

For a very small surfaceregion, the illumination from a
pointlight source approximatego directionallighting.

Secondlywe assumé ambertiansurfacedor boththelight
calibrationtargetandthe documenttself. This assumption
is easyto approximatelysatisfy for mary commonlyused
papertypesespeciallyhistoricaldocuments.

In addition, we assumedirect illumination i.e. inter
re ections and shadavs are neglected. Contingenton this
assumptionambientlight mustbe minimal in the scene;
a practicalrequirementfor most documentarchives. Fi-
nally, we assumeattenuationof light during transmission
in medium(air) canbeignored.

2.2 Light Source Estimation

A pieceof white paperis usedasalight probeto estimate
thelight sourceincludingthe positionfor point sourcesand
directionfor directionalsourcesgachin thescannecoordi-
nateframe,andits acquiredRGB color. Thepaperis folded

Estimated Light Position

Estimated Light Directions

Paper Light Probe

Figure 2. A screenshobf our systemwith estimatedparameters
labeled.

suchthatits surfacecontainsfacetswith non-uniformnor-
malsandshading.

2.2.1 Position Estimation

The foundationfor our methodis the generallrradiance
Equation:

C(x;y;z) N(x;y;2)
JE(XGY: DIiN (X Y; 2)]
Wherel | is thelight intensity/color denoteshealbedo
attheshadegoint, L is thelighting directionvectorandN
is thesurfacenormalvectorat the point.

Under the perspectie projection model, let X =

(x; y; z) denotea surfacepointidenti ed by real-world co-
ordinateslt is projectedontoimagepointi = (u; v):

[(u;v) =1L (xy:2) 1)

i = PX @)

whereP is the cameras projectionmatrix.

Underthe point light sourcecondition, we assumehat
within a”small” region the lighting approximatego direc-
tional lighting. We namethis kind of region on thelit sur
face,thatis illuminatedby approximatedirectionallight-
ing, asa patch. How smallaregion shouldbeto satisfythe
assumptiordepend®n how farthelight sourceis from the
lit object. In our experiments,light sourceswere placed
around 1.5 metersand we choosepatcheswith radiuses
about2.5 centimeters.We discusshow the patchsizein-
uencestheestimatiorresultin section3.

SupposeN patchesare chosenon the calibrationtar-
get and eachpatchis illuminated from direction I, =
(Ixn; Iyn; 1zp) whichis normalizedwheren = 1;2;:::;N.

Within patchn, supposehereareM illuminationfacets
An illumination facetis de ned asthe union of connected
polygon facesthat sharesimilar normals. Eachfacethas
anintensityl , andunit normalNy, = (NXm;NYm;NZy)
wherem = 1;2;:::; M . Tohandlesource®f errorfromreal
scanswe have addedstatisticaltechniquegto computethe
normalandintensityfor eachfacetby optimally tting point



samplesA PrincipleComponent#\nalysis(PCA) method
is usedto computethe normalof thetotal least-squares-
ting planefor a setof verticeswithin theillumination facet.
Also, to compensatéor sensonoisein theacquiredexture
image we averagetheintensityvaluesof everytexel within
anilluminationfacet.

Accordingto equationd and2, we canconstructnirra-
dianceequationfor eachpatchby assuminghe calibration
targetalbedois white (i.e. = lyhite ):

L lwhite (IXnNXm + 1YnNym + 12anzm) = Im (3)
Dividing them™ facetby thek™ facetyields:

3

IXnNXm + lynnym + 1zanzy

o= (4)
(% IXnnxy + lyanyg + 1z,nzy
which canbewritten as:
Amk IXn + Bmklyn + Cklza = 0
where: Bpk = Imnyk  lknNym

A linear systemcan be constructedwith 3 unknowns:
[Xn,lyn, 1z, for eachpatchn:

2 3
A B12 Cr2 2 Ix 3
g Az Bas Cas 24 |y: 5-0
7
AmM uym Bm v Cm pm

(6)

At minimum, 4 facetsare neededto solve the lighting
directionfor eachpatch. Usually more facetsare usedto
overcomeimage noise and other factors. SingularValue
Decomposition(SVD) is appliedon the coefcient matrix
to nd thenull-spaceof the systemandobtainthe optimal
least-squaresolution.

For directionallight, 1 patchis enoughto obtainthelight
direction. For a point light source,after having obtained
the lighting directionsfor at least2 patcheswe calculate
theintersectiorof thelight raysassociateavith thepatches
to obtain the point light sourceposition S, which canbe
de ned throughthe parametricepresentationf eachlight
ray:

S=Ch+ Lhth, n=1;2;::;;N (7
whichleadsto thelinearsystem:

2 _ 32 S 3 2 3
1 (Ing} 0 o 0 ¢ C
gl 0 L = 0 égt;§=gczé
1 0 0 (e tN Cn

(8)

where C, is the centerof patchn. The solutioncan be
found by multiplying the right side matrix of the equation
by the pseudo-imerseof the coefcient matrix.

In practice we applya RANSAC algorithmto overcome
badpatchestimationddueto un-modelede ectanceprop-
ertiesanda lack of surfacenormalvariations.

2.2.2 Color Estimation

With estimatedight sourcepositionS = (sx; sy; sz), each
illuminationfacetm canvotefor alight colorestimationby
solvingl . from equation3:

I'm
Iim = y I 9)
I white (% Nm)

whereCy, is the centerof the facet. We averagethe voted
colorsasthe nal estimation.Theoperationgareappliedin-
dependentlpntheR, G, andB color channelsThis allows
usto solve for the capturedight sourcecolor.

2.3 DocumentRestoration

A completedocumentestoratioris achievedby simulta-
neouslycorrectingthe distortionfrom the two components
of a documentmodel: the geometricmeshandthe texture
map. We implementgeometriccorrectionusing the tech-
niguespresentedh [3, 19]. A surfacemeshacquiredroma
high-resolutiorBD scannermodeledasa mass-springys-
tem deformsrealistically when simulationis governedby
physicallaws. A "gravity” forceis simulatedto drive the
surfaceto collide with andreston the at ground. The
whole systemstrivesto minimizeits accumulategbotential
enegy of the springs. The techniqueis ableto restorean
arbitrary crumpleddocumentsurface and producean ap-
proximateconformalmappingthat parameterizethe three
dimensionakurfaceon a planardomain[14].

Many documentsespeciallyageddocumentsare close
to Lambertiarsurfaceswherethere ectancevariesdirectly
proportionalto a scalefactorf thatequalsto the cosineof
the angle betweenthe lighting directionandthe normal
of the surfaceat that point givenby f = cos . With an
estimatedpoint light sourceposition, using our approach
describedn section2.2.1,it is straightforwardto compen-
satefor the non-uniformillumination over the surface: the
intensityvalueof eachimagepixel is dividedby cos . The
resultantimageis equialentto one capturedfor a docu-
mentwith at surface. Moreover, the scendighting is not
perfectlywhitein mostcasesandimagingdevicesoftenadd
skew to the color of a scene.With the capturedight color
estimatedn section2.2.2,we areableto remove thetinting
effect causedy theillumination andrestorethe document
imageto its original albedoby updatingthe scalefactorf
asf = I cos . Whencompletedthe nal outputis adocu-
mentimagewithout photometricandgeometricdistortion.



3. Empirical Analysis

Figure3. (a) Theground-truthshadedsurface. (b) Thedifference
imageof theground-truthshadeduriaceandshadedsurfacewith
vertex erroradded( = 1:2). Note: White (diff= 0) and Red
(diff= 255).

We presentanalysisof variousaspectsof our method
with ground-truthdata. Using syntheticdata,we are able
to control mostsourcesof error. Therefore,errorscanbe
analyzedndependentlypy simulationin a controlledenvi-
ronment.After quantifyingthe error, we shaw resultsfrom
anactualscanperformedwith a 3D scanner

3.1 SurfacePerturbations

All readilyavailable3D scanningechnologiesntroduce
someform noisein the acquiredsurface. High-frequeng
noise,in particular is very commonin mostscanningech-
nologies. Thesesmall variationsin the surfaceadd great
amountsof errorwhentriangulatinga 3D point cloud. This
error propagatedirectly to the surface normal for each
polygonwhich is useddirectly when estimatingthe light-
sourceposition. To determinehow greatthe effect of high-
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Figure4. Demonstratiorof the errorintroducedby randomnoise
in the 3D pointsof asurface.

frequeng surfacenoiseis on our nal estimation,we per
formed experimentalcalculationsdirectly on ground-truth

data. Using a randomnumbergeneratorfollowing a uni-
form distribution, we addedvaryinglevels of randomerror
to eachdimensionof the 3D vertices.

Figure4 shavs theresultof applyingthe surfacepertur
bations.The plot shonsthaterrorfollows alinearpattern.

Figure3 shavsthedifferenceof theground-truthshaded
imagewith the shadedmageof anestimatedight position
with addederror.

3.2 Number of PatchesSelected

During our experiments,we have determinedthat the
numberof patchesselectedalso playsa role in the accu-
ragy of the nal light positionresult. To testthis result,we

Relative Error of Estimated Light Position (%)

2 3 4 5 6 7 8 9 10
Number of Patches used for Estimation

Figure 5. Demonstratiorof the accurayg producedwith varying

numbersof patcheselected.

selectedanincreasinghumberof patcheswith 5 facetseach
and calculatedthe light positionwith eachincrease. We
startedatthe minimumof 2 patchesandaddedup to 8 more
patches.Thetwo mostnotablefeaturesof this plot arethe
globalminimumwhenthereare3, 4, or 5 patchesand,once
morethan5 patchesreused.errorbeginsto greatlyreduce
theoverallaccuray of thelight estimation.

3.3 Number of Facetsper Patch

Another parameterin our algorithm is the number of
facetsselectecperpatch. Theunderlyingequationsequire
atleast4 facetsto solve the setof equations.However, as
canbeseenin Figure6, oncemorethan8 facetsarechosen
per patch, error greatly reducegthe estimation. This vali-
datesour assumptiorthat a small areaon the surfacecan
be estimatedwith directionallight, but whenthis areabe-
comesto large this assumptiorfails. Furthermoredepend-
ing on the selectionof the facetswhenonly usinga small
numbertheirvariationin intensityandnormalsplaysavery
importantrole. For example, it shouldbe possibleto select
4 facetswith similar intensitiesand normals. This caseis
underconstrainecéndwill leadto aninvalid solution.



Figure 6. Demonstratiorof the accurag producedby increasing
thetotal numberof facetsfor every patch.

3.4. Other Sourcesof Err or

Another sourceof error can be the placementof the
patcheshemseles.Sincethealgorithmreliesontriangula-
tion of directionallight rays,a usermustkeepin mind that
patchesto closetogethermight produceparallel or near
parallelrays. This issuerequiresthe simplesolutionof se-
lecting patcheswith enougtrelative distancebetweerthem
to producenicely-behaing intersectingays.

On a differentnote, thereis a differentsourceof error
introducedby thetextureacquisitionitself. Digital cameras
introduceanothersourceof errorwhenimaginga surface.
Gaussiamoiseis anintrinsic propertyof currentimagesen-
sortechnologiesvhich becomesven moreapparentwhen
dealingwith areaof low illuminationin ascene.

3.5. Real-world Analysis

Figure 7. A comparisonbetweenacquiredtexture image and
shadedrenderedmagewith estimatedight position. (a) shavs
textureimage.(b) shavs shadedmagewith light estimated.

Since performing exact measurementsf actual light
sourcesis very dif cult, providing numericalanalysisof
real-world resultsbecomesnuchharder However, demon-
stratingthe performanceof our algorithmby visual obser
vationsenesasa sufcient examplethatour resultsareas
expected.In Figure7, the 3D surfaceof anacquiredcali-
brationtargetis shavn. For referencethe acquiredtexture

image,usedfor calibration,is shovnin Figure7(a). Thees-
timatedlight sourcepositionandcoloris thencalculatedor
this datasetandtherenderedestimationis shaovn in Figure
7(b). As canbe seenin Figure7, the shadedsurfacelooks
consistentvith theacquiredtextureimage.

3.6. Effect of Err or on Photometric Corr ection

The accurag of the photometriccorrectionwith respect
to the original documents directly relatedto the accurag
of the light sourcepositionandcolor estimation.In Figure
8, adirectcomparisoris madebetweera ground-truthdoc-
umentimage and the photometricallycorrectedimagefor
varying degreesof light sourcepositionaccurag. For ref-

Figure 8. Overall photometriccorrectionaccurag dependenbn
light sourceestimation.

erenceto the previous plots, we move the Y-axis, error of
light position,to the X-axis andshow the errorbetweerthe
groundtruth and the photometricallycorrectedimage for
eachlight sourcepositiononthe Y-axis.

4. Results

We have implementedhe algorithmspresentedn sec-
tion 2 andappliedthemon syntheticandreal-world docu-
mentrestoration.

4.1 Synthetic Results

Using Autodesk3D StudioMax, we generatedch virtual
scendhatincludedadistortedsurfacewith adocumentex-
turemap,adistortedwhite surfaceto sene asalight probe,
acoloredpoint-lightsourcethatilluminatesthesceneanda
cameraWe createdhesurfacedistortionsusingthebuilt-in
noisefunctionandaddingapreserationconstrainthatkept
thepolygonedgelengthscloseto the originaledges Figure
9(a)shavstheimagecapturedoy thecameraThe geomet-
ric distortionscausethe non-uniformillumination over the



Figure9. (a): Thesynthetidnputimageof a distorteddocumenendpapetight probe.(b): Thephotometricallycorrecteddlocumentmage
usingthe proposednethod.(c): The nal outputshawing geometricandphotometricdistortionremoval.

surfaceandthedistortedines. Also, dueto thein uence of
thelight color, the captureddocumenimagedeviatesfrom
its original albedo.

We appliedthe methoddescribedn section2.2 to ob-
tain an estimationfor the light positionandits color. Us-
ing the estimatedvalues, photometriccorrectionwas ap-
plied andproduceda documentmagefree from distortion
when combinedwith the geometriccorrection. The esti-
matedlight positionis (14.1074-35.518940.0826)versus
groundtruth (14.243;-36.644;40.965)and estimatedight
color (RGB)is (188.7,213.69,155.55)versusgroundtruth
(189,213,155).Figure 9 shows the entire restorationpro-
cess.Figure9(a) shavs the input image, (b) shavs photo-
metric correction,and(c) shavs the nal outputaftergeo-
metriccorrection.Thedocumentonteniookssigni cantly
betterthantheinputimage:linesarestraightened)lumina-
tion is uniform andalbedosareundistorted.In Figure9(b),
therectanglemarkstheregion thatfailedin restoratiordue
to shadavs in the input image. However, our systemcan
notify the userof thesefailuresto facilitate properaction
duringdigitization.

4.2 Real-world Results

In Figure10(a),we shov animageof awrinkled news-
paper Thesenon-uniformvariationsin the surfacecreate
avery dif cult taskwhentrying to generateconstantllu-
minationacrosghe surface. Theresultof our photometric
correctionandgeometricun-warpis shavn in Figure10(c).
In Figure11(a),we shav theimageof aheavily wornbook
cover. This surfaceis particularly interestingbecauseof
waterdamagendfolding thathave occurredo thesurface.
Theresultof our photometriccorrectionis shavn in Figure
11(b). However, it shouldbe notedthatthe 3D scanneme
useddid nothave high enoughresolutionto modelall of the
surfacevariations.Therefore someof thedimplesandfolds

Figure10. (a) Exampleof damagechewnspaperfragment.(b) The
photometricand geometriccorrectionresult. (The highlighted
squaremarkstheregion shavn in Figurel.)

arenot completelycorrected.However, this is a limitation
of our scanningdevice which did not accuratelymodelthe
surfaceandis not a failure of our method.

5. Conclusion

In this work, we have presentech novel techniquefor
the photometriccorrectionof distorteddocumentghatcan
beincludedin mostcurrentrestoratiorsystemsaswe have
demonstratedThis systemrobustly estimateghe position
andcolor of a point-light sourceusinga new type of light
probethatreducesnary of therequirementseededor cal-
ibration. We have demonstrategarticularsourcef error
thatmay have adwerseaffectson the results.Moreover, we
have producedpromisingresultsfor bothsyntheticandreal-
world data.
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