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Abstract

Creatinguniformlighting for archival-qualitydocument
acquisitionremainsa non-trivial problem. We proposea
novel methodfor automaticphotometriccorrectionof non-
planardocumentsbyestimatinga single, point light-source
using a simple light probe. By adding a simplepieceof
foldedwhitepaperwith a known3D surfaceto a scene, we
are able to extract the3D positionof a light source, auto-
maticallyperformwhitebalancecorrection,anddetermine
areasof poor illumination. Furthermore, this methodis
designedwith the purposeof adding it to an alreadyim-
plementeddocumentdigitization pipeline. To justify our
claims,we provide an accuracyanalysisof our correction
techniqueusingsimulatedground-truthdata which allows
individualsourcesof error to bedeterminedandcompared.
Thesetechniquesare thenappliedon real documentsthat
havebeenacquiredusinga 3D scanner.

1. Intr oduction

Theneedfor high-qualityacquisitiontechniquesof non-
standarddocumentsis becominga requirementat thefore-
front of many digital library iniatives. While �atbed scan-
nershave maturedto a placewherethey are the accepted
standardfor digitizationof standard documents,documents
suchasancientboundmanuscriptsandscrollsareleft with-
outa suitablemainstreamtechnology.

While improvementsof 3D surfaceacquisitiontechnol-
ogy are,allowing the shapeof non-planartexts to be cap-
tured, the problem of archival-quality texture acquisition
still exists. It remainsa hard problemfor a well-trained
photographerto producenear-constantilluminationoveran
aged,andseverelywrinkled,manuscript.Moreover, evenif
suitablelighting is obtainedfor oneportionof a document
thereis no guaranteethat the samelighting con�guration
will becorrectfor thenext area/pageto beacquired.

This work relieson theShape-from-Shading(SfS)theo-
retical foundationto estimatelight sourceparameterswith
the �nal goal of documentcorrection. The methodspre-

Figure1. (a)Portionof adeterioratednewspaperclipping. (b) Our
correctedresult.

sentedherecombinethree�elds to producea �nal system
for documentrestoration.

The �rst area, Shape-from-Shading,has beenone of
themajor focusareain ComputerVision[10, 22] for many
years.Thereare4 centralparametersinvolvedin this prob-
lem: Lighting, surfaceshape,surfacere�ectance(albedo),
andshading.Normally a setof assumptionsaremadein-
cluding: Lambertiansurface[13] with constantalbedo,di-
rectionallight sourceor sourceat the cameraoptical cen-
ter, and an orthogonalprojectionmodel [6]. Hertzmann
andSeitz[9] proposedanapproachthatrecoversshapeand
materialby looking up a shading-normaltablebuilt using
a sphericlight probe,wheredistantlight andorthographic
camerais assumedbut thesurfaceis not limited to lamber-
tian. In [2], it hasbeenprovedthatwhenthelight direction
and the Lambertiansurfacere�ectanceare unknown, the
problemis ill-posedandthereis no uniquesolution. Pra-
dos and Faugerasmodel SfS as a well-posedproblemby
taking into accountthe illumination attenuationterm [17]:
Assumingknown light source(at cameraoptical center),
lambertiansurfacere�ectance(constant)andthecamerapa-
rameters,theshadingallowsrecoveryof surfaceshapefrom
only oneimagewithoutadditionalinformation.They apply



this SfS model to recover cylindric documentshapefrom
scannerimagesand useit for documentrestoration[16].
Work hasalsobeenperformedunderapoint light sourceas-
sumption.Iwahorietal. [11] performedshapefrom shading
assuminga point light source.Kim et al. [12] alsorecon-
structedshapeusingphotometricstereoandmultiple point
light sourcepositions. Finally, Frolova et al. [7] demon-
stratedtheuseof sphericalharmonicsto reconstructdepth
usingpoint light sources.

However, for standardSfSassumptionstheproblemre-
mainsill-posedwithoutprior information.Therefore,many
groupshave addedlight probesthat returnthe problemto
a well-de�ned state.Haraet al.[8] provide a methodto es-
timatea singlepoint light sourcepositionandsurfacere-
�ectancepropertiesfrom a single imagewith know scene
geometry. Thisworkassumesdetectablesurfacespecularity
thatcanbeseparatedfrom thediffusesurfacere�ectance.

Usingsphericallight probeshasalsoprovidedsolutions
to light-sourcecalibration. The useof mattespheresthat
follow a lambertianre�ectanceproperties[25] [23] have
alsobeenwidely usedin light sourceestimationmethods.
Powell etal.[15] haveintroducedanovel calibrationobject,
using2-3 sphereswith known position,to calculatethe3D
positionof multiple light sources.Also, Takaietal.[20] use
the notion of a differencesphereto calculatethe position
andradianceof multiplelight sources.Alldrin etal.[1] usea
planarlight probewith amulti-layered,transparentmedium
whichdifferentiallyabsorbsandre�ects light. ThenFourier
seriescoef�cients arerecoveredof theincidentlighting pa-
rameterizedover theplane.

Sataet al.[18] have developedrobust methodsfor light
estimationusingcastshadows of known geometry. While
the usefulnessof thesemethodscannot be understated,
work in documentimagingcanoftenbelimited to a library
archive environment.Theselimitationsled our work to fo-
cusona light probethatcouldbemanufacturedin-�eld and
provideminimaldisruptionto a digitizationpipeline.

Light sourceestimationis only part of the problemfor
documentcorrection.Theestimatedparametersmustbeap-
plied in away to providethebest�nal result.

Documentdistortion correctiontechniqueshave devel-
opedfrom 2D imageprocessing[5] to 3D modelmanipula-
tion [21, 24, 3, 4, 19]. Dueto thefactthatthesurfaceshape
distortioninducescontentdistortionandshadingirregulari-
tiesin thecapturedimage,techniqueshave beendeveloped
to tackle geometricrecti�cation. A category of the work
assumesregular modelsfor the surfaceshape[21, 24, 4]
while morerecentlya techniquebasedon physically-based
simulation[3] hasemergedto �atten arbitrarilywarpedand
crinkled documents.Beyond geometricrestoration,shad-
ing correctionhasalso attractedattention. A few exam-
ples of work proposemethodsto addressboth geometric
andphotometriccorrectionof documentsof somelimited

geometrictypes[24, 4]. Consequently, analgorithmis pre-
sentedin [19] handlesmoreextensive documenttypesby
reducingtheshadingcorrectionproblemto solvinga Pois-
sonequationwith Dirichlet boundaryconditions,which is
formulatedby relaxing the gradientsof the pixels on the
illumination edgesthat correspondto edgesin the surface
depthmap.It is developedto handledocumentsfoldedwith
“hard” creasesinsteadof warpedwith “soft” distortion,like
thedocumentusedin our experimentshown in section4.1.
Morerelatedto ourwork,PradosandFaugerasuseaShape-
from-Shadingalgorithm for documentrestoration[16] as
wediscussedearlier.

As we have observedin our research,the3D document
acquisitionpipelinetypically leaves�e xibility for improve-
mentsto be addedbetweenmost stepsof the digitization
process.In thiswork, we introduceamethodfor correcting
poor lighting conditionsduring the scanningprocess.By
usinga simplefoldedpieceof paperin theacquiredscene,
we can correctany shadingvariation causedby a single
point light source.It is oftena very dif�cult problemwhen
trying to illuminateasurfaceuniformly andalmostimpossi-
blewith a singlelight. This is evenmorethecasewhenthe
surfacehasbecomedistortedfrom damage,deterioration,
and/orage. Furthermore,we cancorrectwhite-balancein
the �nal imagewhen a non-whitelight is used. This en-
tire processaddslittle overheadandwork to thedigitization
process.

Our methodusesthesamemathematicalfoundationsof
Shape-from-Shading,but in an inversemanner. We know
that for a small region on a surface,with known albedo,
intensity, andnormal,the light sourcedirectioncanbecal-
culated. We take this basicrelationshipone stepfurther.
If we performthis directionallight estimationfor different
patcheson the samesurface,illuminated by a point light
source,canweusethedirectionfor eachof thesepatchesto
�nd the3D locationof thelight source?Wehavefoundthat
theansweris yes. Weareableto demonstrateourequations
throughsyntheticdataandanalyzedifferentsourcesof er-
ror that may affect the accuracy of the calculation. Then
wedemonstrateour techniqueonrealdatathathasbeenac-
quiredwith 3D scanners.

2. Method

Derived from Shape-from-Shadingtheory, we devel-
opedan approachto estimatelighting condition,including
sourceposition and color/intensity, with a folded white-
papermodel. Our approachis proposedto dealwith both
directionallight and point light sourcewhich is excluded
in existing SfS/photometricstereoalgorithms.Themethod
is designedto �t into the commonscenarioof document
acquisitionandprovide automaticdigital restorationmini-
mizing extra efforts. Only a simplepieceof white folded
paperis requiredand it is addedto the acquisitionscene



servingasa light probe, which is scannedto build a model
takingadvantageof thescanningfacilitiesfor thedocument
acquisition.

We assumemostdocumentsareoriginally �at . This as-
sumptionunderliesour restorationframework. Digital im-
ages/modelsof documentsareusuallydistortedbecauseof
its non-�at(wrinkled) surface.Thedistortionscanbechar-
acterizedas photometricdistortion and geometricdistor-
tion. Using estimatedlight parameters,we canrectify the
photometricdistortion, including unwantedtint from the
lighting andthenon-uniformshadingover thesurfacedue
to distortedsurfacegeometry.

In parallel with the photometricrestorationpipeline,a
geometriccorrectionprocedure,similar to [3], is appliedto
thedocumentmodelto restorethedamagedirregulardocu-
mentsurfaceto its original �at status.

Both the light estimationandtherestorationprocedures
are3D modeldriven,startingfrom a 3D modelof a docu-
mentthat consistsof a geometricmeshanda texturemap.
Our methodintegrateswith any scanningsystemthat pro-
ducesa 3D point cloudor surfacewith a registeredtexture
image.

2.1. Assumptions

A numberof assumptionshave beenappliedto Shape-
from-Shadingandlight-sourceestimationin the literature.
However, many of theseassumptionshave limited real-
world applicationsof thepresentedmethods.

In particular, a commonassumptionin SfSis the”direc-
tional lighting” condition.Thisassumptioneasilyholdsfor
syntheticexperiments,but canbehardto producewith real-
world applications. Our methodrelaxes this strongcon-
straintandprovidesfacilitiesto estimatepointsourcelight-
ing by makinga reasonableassumption:

For a very small surfaceregion, the illumination from a
point light sourceapproximatesto directionallighting.

Secondly, weassumeLambertiansurfacesfor boththelight
calibrationtargetandthedocumentitself. This assumption
is easyto approximatelysatisfyfor many commonlyused
papertypesespeciallyhistoricaldocuments.

In addition, we assumedirect illumination i.e. inter-
re�ections andshadows areneglected. Contingenton this
assumption,ambientlight must be minimal in the scene;
a practical requirementfor most documentarchives. Fi-
nally, we assumeattenuationof light during transmission
in medium(air) canbeignored.

2.2. Light SourceEstimation

A pieceof whitepaperis usedasalight probeto estimate
thelight sourceincludingthepositionfor pointsourcesand
directionfor directionalsources,eachin thescannercoordi-
nateframe,andits acquiredRGBcolor. Thepaperis folded

Figure2. A screenshotof our systemwith estimatedparameters
labeled.

suchthat its surfacecontainsfacetswith non-uniformnor-
malsandshading.

2.2.1 Position Estimation

The foundationfor our methodis the generalIrradiance
Equation:

I (u; v) = I L � (x; y; z)
~L(x; y; z) � ~N (x; y; z)

j~L(x; y; z)jj ~N (x; y; z)j
(1)

WhereI L is the light intensity/color. � denotesthealbedo
at theshadedpoint,L is thelighting directionvectorandN
is thesurfacenormalvectorat thepoint.

Under the perspective projection model, let X =
(x; y; z) denotea surfacepoint identi�ed by real-world co-
ordinates.It is projectedontoimagepoint i = (u; v):

i = PX (2)

whereP is thecamera'sprojectionmatrix.
Underthe point light sourcecondition,we assumethat

within a ”small” region the lighting approximatesto direc-
tional lighting. We namethis kind of region on the lit sur-
face,that is illuminatedby approximateddirectionallight-
ing, asa patch. How smalla region shouldbeto satisfythe
assumptiondependson how far thelight sourceis from the
lit object. In our experiments,light sourceswere placed
around1.5 metersand we choosepatcheswith radiuses
about2.5 centimeters.We discusshow the patchsize in-
�uencestheestimationresultin section3.

SupposeN patchesare chosenon the calibration tar-
get and eachpatch is illuminated from direction ~L n =
(lxn ; lyn ; lzn ) which is normalized,wheren = 1; 2; :::; N .

Within patchn, supposethereareM illuminationfacets.
An illumination facetis de�ned astheunion of connected
polygon facesthat sharesimilar normals. Eachfacethas
an intensityI m andunit normal ~Nm = (nxm ; nym ; nzm )
wherem = 1; 2; :::; M . Tohandlesourcesof errorfromreal
scans,we have addedstatisticaltechniquesto computethe
normalandintensityfor eachfacetbyoptimally�tting point



samples.A PrincipleComponentsAnalysis(PCA) method
is usedto computethenormalof thetotal least-squares�t-
ting planefor a setof verticeswithin theillumination facet.
Also, to compensatefor sensornoisein theacquiredtexture
image,weaveragetheintensityvaluesof everytexel within
anillumination facet.

Accordingto equations1 and2,wecanconstructanirra-
dianceequationfor eachpatchby assumingthecalibration
targetalbedois white (i.e. � = I white ):

I L I white (lxn nxm + lyn nym + lzn nzm ) = I m (3)

Dividing themth facetby thek th facetyields:

I m

I k
=

lxn nxm + lyn nym + lzn nzm

lxn nx k + lyn nyk + lzn nzk
(4)

whichcanbewrittenas:

Amk lxn + Bmk lyn + Cmk lzn = 0

where :
Amk = I m nx k � I k nxm

Bmk = I m nyk � I k nym

Cmk = I m nzk � I k nzm

(5)

A linear system can be constructedwith 3 unknowns:
lxn ,lyn , lzn for eachpatchn:

2

6
6
4

A12 B12 C12

A23 B23 C23

::: ::: :::
A (M � 1)M B (M � 1)M C(M � 1)M

3

7
7
5

2

4
lxn

lyn

lzn

3

5 = 0

(6)
At minimum, 4 facetsareneededto solve the lighting

direction for eachpatch. Usually more facetsareusedto
overcomeimagenoiseand other factors. SingularValue
Decomposition(SVD) is appliedon the coef�cient matrix
to �nd thenull-spaceof thesystemandobtaintheoptimal
least-squaressolution.

For directionallight, 1 patchis enoughto obtainthelight
direction. For a point light source,after having obtained
the lighting directionsfor at least2 patches,we calculate
theintersectionof thelight raysassociatedwith thepatches
to obtain the point light sourceposition S, which can be
de�ned throughtheparametricrepresentationof eachlight
ray:

S = Cn + ~L n tn n = 1; 2; :::; N (7)

which leadsto thelinearsystem:
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6
4

1 � ~L 1 0 ::: 0
1 0 � ~L 2 ::: 0
::: ::: ::: ::: :::
1 0 0 ::: � ~L N
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S
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t2
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tN

3

7
7
7
7
5

=
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C1

C2

:::
CN

3

7
7
5

(8)

whereCn is the centerof patchn. The solution can be
found by multiplying the right sidematrix of the equation
by thepseudo-inverseof thecoef�cient matrix.

In practice,weapplyaRANSAC algorithmto overcome
badpatchestimationsdueto un-modeledre�ectanceprop-
ertiesanda lackof surfacenormalvariations.

2.2.2 Color Estimation

With estimatedlight sourcepositionS = (sx; sy; sz), each
illuminationfacetm canvotefor a light colorestimationby
solvingI L from equation3:

I Lm =
I m

I white (
� � � � !
S� Cm

jS� Cm j �
��!
Nm )

(9)

whereCm is thecenterof the facet. We averagethevoted
colorsasthe�nal estimation.Theoperationsareappliedin-
dependentlyon theR, G, andB colorchannels.Thisallows
usto solve for thecapturedlight sourcecolor.

2.3. DocumentRestoration

A completedocumentrestorationis achievedby simulta-
neouslycorrectingthedistortionfrom thetwo components
of a documentmodel: thegeometricmeshandthe texture
map. We implementgeometriccorrectionusing the tech-
niquespresentedin [3, 19]. A surfacemeshacquiredfrom a
high-resolution3D scanner, modeledasa mass-springsys-
tem deformsrealistically whensimulationis governedby
physicallaws. A ”gravity” force is simulatedto drive the
surface to collide with and rest on the �at ground. The
wholesystemstrivesto minimizeits accumulatedpotential
energy of the springs. The techniqueis ableto restorean
arbitrary crumpleddocumentsurfaceand producean ap-
proximateconformalmappingthatparameterizesthe three
dimensionalsurfaceonaplanardomain[14].

Many documents,especiallyageddocuments,areclose
to Lambertiansurfaces,wherethere�ectancevariesdirectly
proportionalto a scalefactorf thatequalsto thecosineof
the angle� betweenthe lighting directionandthe normal
of the surfaceat that point given by f = cos�. With an
estimatedpoint light sourceposition, using our approach
describedin section2.2.1,it is straightforwardto compen-
satefor thenon-uniformillumination over thesurface: the
intensityvalueof eachimagepixel is dividedby cos�. The
resultantimageis equivalent to one capturedfor a docu-
mentwith �at surface. Moreover, thescenelighting is not
perfectlywhitein mostcasesandimagingdevicesoftenadd
skew to thecolor of a scene.With thecapturedlight color
estimatedin section2.2.2,weareableto removethetinting
effect causedby the illumination andrestorethedocument
imageto its original albedoby updatingthescalefactorf
asf = I L cos�. Whencompleted,the�nal outputis adocu-
mentimagewithout photometricandgeometricdistortion.



3. Empirical Analysis

Figure3. (a) Theground-truthshadedsurface.(b) Thedifference
imageof theground-truthshadedsurfaceandshadedsurfacewith
vertex error added(� = 1:2). Note: White (diff= 0) andRed
(diff= 255).

We presentanalysisof variousaspectsof our method
with ground-truthdata. Using syntheticdata,we areable
to control mostsourcesof error. Therefore,errorscanbe
analyzedindependentlyby simulationin a controlledenvi-
ronment.After quantifyingtheerror, we show resultsfrom
anactualscanperformedwith a 3D scanner.

3.1. SurfacePerturbations

All readilyavailable3D scanningtechnologiesintroduce
someform noisein the acquiredsurface. High-frequency
noise,in particular, is verycommonin mostscanningtech-
nologies. Thesesmall variationsin the surfaceaddgreat
amountsof errorwhentriangulatinga3D point cloud.This
error propagatesdirectly to the surface normal for each
polygonwhich is useddirectly whenestimatingthe light-
sourceposition.To determinehow greattheeffect of high-

Figure4. Demonstrationof theerror introducedby randomnoise
in the3D pointsof a surface.

frequency surfacenoiseis on our �nal estimation,we per-
formedexperimentalcalculationsdirectly on ground-truth

data. Using a randomnumbergeneratorfollowing a uni-
form distribution, we addedvaryinglevelsof randomerror
to eachdimensionof the3D vertices.

Figure4 shows theresultof applyingthesurfacepertur-
bations.Theplot showsthaterrorfollowsa linearpattern.

Figure3 showsthedifferenceof theground-truthshaded
imagewith theshadedimageof anestimatedlight position
with addederror.

3.2. Number of PatchesSelected

During our experiments,we have determinedthat the
numberof patchesselectedalso plays a role in the accu-
racy of the �nal light positionresult.To testthis result,we

Figure5. Demonstrationof the accuracy producedwith varying
numbersof patchesselected.

selectedanincreasingnumberof patcheswith 5 facetseach
and calculatedthe light position with eachincrease. We
startedat theminimumof 2 patchesandaddedupto 8 more
patches.The two mostnotablefeaturesof this plot arethe
globalminimumwhenthereare3, 4, or 5 patchesand,once
morethan5 patchesareused,errorbeginsto greatlyreduce
theoverallaccuracy of thelight estimation.

3.3. Number of Facetsper Patch

Another parameterin our algorithm is the numberof
facetsselectedperpatch.Theunderlyingequationsrequire
atleast4 facetsto solve the setof equations.However, as
canbeseenin Figure6, oncemorethan8 facetsarechosen
per patch,error greatly reducesthe estimation. This vali-
datesour assumptionthat a small areaon the surfacecan
be estimatedwith directionallight, but whenthis areabe-
comesto largethis assumptionfails. Furthermore,depend-
ing on theselectionof the facets,whenonly usinga small
number, theirvariationin intensityandnormalsplaysavery
importantrole. For example,it shouldbepossibleto select
4 facetswith similar intensitiesandnormals. This caseis
under-constrainedandwill leadto aninvalid solution.



Figure6. Demonstrationof the accuracy producedby increasing
thetotalnumberof facetsfor every patch.

3.4. Other Sourcesof Err or

Another sourceof error can be the placementof the
patchesthemselves.Sincethealgorithmreliesontriangula-
tion of directionallight rays,a usermustkeepin mind that
patchesto close togethermight produceparallel or near-
parallelrays. This issuerequiresthesimplesolutionof se-
lectingpatcheswith enoughrelativedistancebetweenthem
to producenicely-behaving intersectingrays.

On a differentnote, thereis a differentsourceof error
introducedby thetextureacquisitionitself. Digital cameras
introduceanothersourceof error whenimaginga surface.
Gaussiannoiseis anintrinsicpropertyof currentimagesen-
sor technologieswhich becomesevenmoreapparentwhen
dealingwith areasof low illumination in ascene.

3.5. Real­world Analysis

Figure 7. A comparisonbetweenacquired texture image and
shadedrenderedimagewith estimatedlight position. (a) shows
textureimage.(b) shows shadedimagewith light estimated.

Since performing exact measurementsof actual light
sourcesis very dif�cult, providing numericalanalysisof
real-world resultsbecomesmuchharder. However, demon-
stratingtheperformanceof our algorithmby visual obser-
vationservesasa suf�cient examplethatour resultsareas
expected.In Figure7, the 3D surfaceof an acquiredcali-
brationtarget is shown. For reference,theacquiredtexture

image,usedfor calibration,is shown in Figure7(a).Thees-
timatedlight sourcepositionandcolor is thencalculatedfor
this datasetandtherenderedestimationis shown in Figure
7(b). As canbeseenin Figure7, theshadedsurfacelooks
consistentwith theacquiredtextureimage.

3.6. Effect of Err or on Photometric Corr ection

Theaccuracy of thephotometriccorrectionwith respect
to theoriginal documentis directly relatedto theaccuracy
of the light sourcepositionandcolor estimation.In Figure
8, adirectcomparisonis madebetweenaground-truthdoc-
umentimageandthe photometricallycorrectedimagefor
varyingdegreesof light sourcepositionaccuracy. For ref-

Figure8. Overall photometriccorrectionaccuracy dependenton
light sourceestimation.

erenceto the previous plots, we move the Y-axis, error of
light position,to theX-axisandshow theerrorbetweenthe
groundtruth and the photometricallycorrectedimagefor
eachlight sourcepositionon theY-axis.

4. Results

We have implementedthe algorithmspresentedin sec-
tion 2 andappliedthemon syntheticandreal-world docu-
mentrestoration.

4.1. SyntheticResults

UsingAutodesk3D StudioMax, we generateda virtual
scenethatincludedadistortedsurfacewith adocumenttex-
turemap,adistortedwhitesurfaceto serveasa light probe,
acoloredpoint-lightsourcethatilluminatesthescene,anda
camera.Wecreatedthesurfacedistortionsusingthebuilt-in
noisefunctionandaddingapreservationconstraintthatkept
thepolygonedgelengthscloseto theoriginaledges.Figure
9(a)shows theimagecapturedby thecamera.Thegeomet-
ric distortionscausethenon-uniformillumination over the



Figure9. (a): Thesyntheticinput imageof adistorteddocumentandpaperlight probe.(b): Thephotometricallycorrecteddocumentimage
usingtheproposedmethod.(c): The�nal outputshowing geometricandphotometricdistortionremoval.

surfaceandthedistortedlines.Also, dueto thein�uence of
thelight color, thecaptureddocumentimagedeviatesfrom
its originalalbedo.

We appliedthe methoddescribedin section2.2 to ob-
tain an estimationfor the light positionandits color. Us-
ing the estimatedvalues,photometriccorrectionwas ap-
plied andproduceda documentimagefree from distortion
when combinedwith the geometriccorrection. The esti-
matedlight positionis (14.1074,-35.5189,40.0826)versus
groundtruth (14.243;-36.644;40.965)andestimatedlight
color (RGB) is (188.7,213.69,155.55)versusgroundtruth
(189,213,155).Figure9 shows the entire restorationpro-
cess.Figure9(a)shows the input image,(b) shows photo-
metriccorrection,and(c) shows the �nal outputaftergeo-
metriccorrection.Thedocumentcontentlookssigni�cantly
betterthantheinput image:linesarestraightened,illumina-
tion is uniform andalbedosareundistorted.In Figure9(b),
therectanglemarkstheregion thatfailedin restorationdue
to shadows in the input image. However, our systemcan
notify the userof thesefailuresto facilitateproperaction
duringdigitization.

4.2. Real­world Results

In Figure10(a),we show animageof a wrinkled news-
paper. Thesenon-uniformvariationsin the surfacecreate
a very dif�cult taskwhentrying to generateconstantillu-
minationacrossthesurface.Theresultof our photometric
correctionandgeometricun-warpis shown in Figure10(c).
In Figure11(a),weshow theimageof aheavily wornbook
cover. This surfaceis particularly interestingbecauseof
water-damageandfolding thathaveoccurredto thesurface.
Theresultof our photometriccorrectionis shown in Figure
11(b). However, it shouldbenotedthat the3D scannerwe
useddid nothavehighenoughresolutionto modelall of the
surfacevariations.Therefore,someof thedimplesandfolds

Figure10. (a) Exampleof damagednewspaperfragment.(b) The
photometricand geometriccorrectionresult. (The highlighted
squaremarkstheregionshown in Figure1.)

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

5. Conclusion

In this work, we have presenteda novel techniquefor
thephotometriccorrectionof distorteddocumentsthatcan
beincludedin mostcurrentrestorationsystems,aswe have
demonstrated.This systemrobustly estimatesthe position
andcolor of a point-light sourceusinga new type of light
probethatreducesmany of therequirementsneededfor cal-
ibration. We have demonstratedparticularsourcesof error
thatmayhave adverseaffectson theresults.Moreover, we
haveproducedpromisingresultsfor bothsyntheticandreal-
world data.
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