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Abstract

Inpainting,thetechniqueof modifyinganimagein anundetectable
form, is asancientasart itself. The goalsandapplicationsof in-
paintingarenumerous,from the restorationof damagedpaintings
andphotographsto theremoval/replacementof selectedobjects.In
this paper, we introducea novel algorithmfor digital inpaintingof
still imagesthatattemptsto replicatethebasictechniquesusedby
professionalrestorators.After the userselectsthe regions to be
restored,thealgorithmautomaticallyfills-in theseregionswith in-
formationsurroundingthem.Thefill-in is donein sucha way that
isophotelinesarriving at theregionsboundariesarecompletedin-
side. In contrastwith previous approaches,the techniqueherein-
troduceddoesnot requirethe userto specifywherethe novel in-
formationcomesfrom. This is automaticallydone(and in a fast
way), therebyallowing to simultaneouslyfill-in numerousregions
containingcompletelydifferent structuresand surroundingback-
grounds.In addition,no limitationsareimposedon thetopologyof
the region to be inpainted. Applicationsof this techniqueinclude
therestorationof oldphotographsanddamagedfilm; removal of su-
perimposedtext like dates,subtitles,or publicity; andthe removal
of entireobjectsfrom the imagelike microphonesor wires in spe-
cial effects.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—;I.3.4 [ComputerGraphics]: GraphicsUtilities—
; I.4.4 [Image Processingand ComputerVision]: Restoration—;
I.4.9 [ImageProcessingandComputerVision]: Applications—;

Keywords: Imagerestoration,inpainting,isophotes,anisotropic
diffusion.

1 Introduction

The modificationof imagesin a way that is non-detectablefor an
observer whodoesnot know theoriginal imageis a practiceasold
asartisticcreationitself. Medieval artwork startedto berestoredas
earlyastheRenaissance,themotivesbeingoftenasmuchto bring
medieval pictures“up to date” as to fill in any gaps[1, 2]. This
practiceis calledretouchingor inpainting. Theobjectof inpainting
is to reconstitutethe missingor damagedportionsof the work, in
orderto make it morelegibleandto restoreits unity [2].

The needto retouchthe imagein an unobtrusive way extended
naturally from paintingsto photographyand film. The purposes
remainthesame:to revertdeterioration(e.g.,cracksin photographs
or scratchesanddustspotsin film), or to addor remove elements
(e.g.,removal of stampeddateandred-eye from photographs,the
infamous“airbrushing”of political enemies[3]).

Digital techniquesarestartingto beawidespreadwayof inpaint-
ing, rangingfrom attemptsto fully automaticdetectionandremoval
of scratchesin film [4, 5, 6], all thewayto softwaretoolsthatallow
asophisticatedbut mostlymanualprocess[7].

In thisarticlewe introduceanovel algorithmfor automaticdigi-
tal inpainting,beingits mainmotivationto replicatethebasictech-�
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niquesusedby professionalrestorators.At thispoint, theonly user
interactionrequiredby the algorithm hereintroducedis to mark
the regionsto be inpainted.Althougha numberof techniquesex-
ist for the semi-automaticdetectionof imagedefects(mainly in
films), addressingthis is out of thescopeof this paper. Moreover,
sincethe inpaintingalgorithmherepresentedcanbe usednot just
to restoredamagedphotographsbut alsoto remove undesiredob-
jectsandwritingsontheimage,theregionsto beinpaintedmustbe
markedby theuser, sincethey dependon his/hersubjective selec-
tion. Herewe areconcernedon how to “fill-in” the regionsto be
inpainted,oncethey have beenselected.1 Marked regionsareau-
tomaticallyfilled with thestructureof their surrounding,in a form
thatwill beexplainedlaterin thispaper.

2 Related work and our contribution

We shouldfirst notethat classicalimagedenoisingalgorithmsdo
not applyto imageinpainting,sincetheregionsto beinpaintedare
usuallylarge. Thatis, regionsoccupiedby top to bottomscratches
along several film frames,long cracksin photographs,superim-
posedlargefonts,andsoon, areof significantlargersizethanthe
typeof noiseassumedin commonimageenhancementalgorithms.
In addition,in commonimageenhancementapplications,thepixels
containbothinformationabouttherealdataandthenoise(e.g.,im-
ageplusnoisefor additive noise),while in imageinpainting,there
is no significant information in the region to be inpainted. The
information is mainly in the regions surroundingthe areasto be
inpainted. Thereis thena needto develop specifictechniquesto
addresstheseproblems.

Mainly threegroupsof workscanbe found in the literaturere-
latedto digital inpainting. Thefirst onedealswith the restoration
of films, thesecondoneis relatedto texturesynthesis,andthethird
one,a significantlylessstudiedclassthoughvery influential to the
work herepresented,is relatedto disocclusion.

Joyeuxet al. [4] deviseda 2-stepsfrequency basedreconstruc-
tionsystemfor detectingandremoving linescratchesin films. They
proposeto first recover low andthenhigh frequencies.Although
good resultsare obtainedfor their specificapplication,the algo-
rithmcannothandlelargelossareas.Frequency domainalgorithms
tradeagoodrecoveryof theoverallstructureof theregionsfor poor
spatialresultsregarding,for instance,thecontinuityof lines.

Kokaramet al. [6] usemotion estimationand autoregressive
modelsto interpolatelossesin films from adjacentframes. The
basicideais to copy into thegaptheright pixels from neighboring
frames.Thetechniquecannotbeappliedto still imagesor to films
wheretheregionsto beinpaintedspanmany frames.

HiraniandTotsuka[8] combinefrequency andspatialdomainin-
formationin orderto fill agivenregionwith aselectedtexture.This
is averysimpletechniquethatproducesincrediblegoodresults.On
the otherhand,the algorithmmainly dealswith texture synthesis

1In orderto studytherobustnessof thealgorithmhereproposed,andnot
to betoodependenton themarkingof theregionsto beinpainted,we mark
themin avery roughform with any availablepaintbrushsoftware.Marking
theseregionsin theexamplesreportedin thispaperjust takesafew seconds
to anon-expertuser.



(andnotwith structuredbackground),andrequirestheuserto select
thete� xtureto becopiedinto theregion to beinpainted.For images
wheretheregion to bereplacedcoversseveraldifferentstructures,
theuserwouldneedto gothroughthetremendousworkof segment-
ing themandsearchingcorrespondingreplacementsthroughoutthe
picture. Although part of this searchcan be doneautomatically,
this is extremelytimeconsumingandrequiresthenon-trivial selec-
tion of many critical parameters,e.g.,[9]. Othertexturesynthesis
algorithms,e.g.,[9, 10, 11], canbeusedaswell to re-createa pre-
selectedtextureto fill-in a (square)region to beinpainted.

In the group of disocclusionalgorithms,a pioneeringwork is
describedin [12]. Theauthorspresenteda techniquefor removing
occlusionswith the goal of imagesegmentation.2 The basicidea
is to connectT-junctionsat thesamegray-level with elasticamin-
imizing curves. The techniquewas mainly developedfor simple
images,with only a few objectswith constantgray-levels,andwill
not be applicablefor the exampleswith naturalimagespresented
laterin this paper. MasnouandMorel [13] recentlyextendedthese
ideas,presentinga very inspiring generalvariationalformulation
for disocclusionanda particularpracticalalgorithmimplementing
someof the ideasin this formulation. Thealgorithmperformsin-
paintingby joining with geodesiccurvesthepointsof theisophotes
arriving at theboundaryof theregion to beinpainted.As reported
by the authors,the regions to be inpaintedare limited to having
simpletopology, e.g.,holesarenotallowed.3 In addition,theangle
with which the level lines arrive at the boundaryof the inpainted
region is not (well) preserved: thealgorithmusesstraightlines to
join equalgrayvaluepixels. Thesedrawbackswill beexemplified
laterin thispaper. Ontheotherhand,weshouldnotethatthis is the
closesttechniqueto oursandhasmotivatedin partandinspiredour
work.

2.1 Our contribution

Algorithmsdevisedfor film restorationarenot appropriatefor our
applicationsincethey normally work on relatively small regions
andrely on theexistenceof informationfrom severalframes.

On theotherhand,algorithmsbasedon texturesynthesiscanfill
large regions, but requirethe userto specify what texture to put
where.This is a significantlimitation of theseapproaches,asmay
beseenin examplespresentedlater in this paper, wheretheregion
to beinpaintedis surroundedby hundredsof differentbackgrounds,
someof thembeingstructureandnot texture.

The techniquewe proposedoesnot requireany userinterven-
tion, oncethe region to be inpaintedhasbeenselected.Thealgo-
rithm is ableto simultaneouslyfill regionssurroundedby different
backgrounds,without theuserspecifying“what to put where.” No
assumptionson the topologyof the region to be inpainted,or on
the simplicity of the image,are made. The algorithm is devised
for inpaintingin structuredregions(e.g.,regionscrossingthrough
boundaries),thoughit is not devised to reproducelarge textured
areas.As we will discusslater, the combinationof our proposed
approachwith texturesynthesistechniquesis thesubjectof current
research.

3 The digital inpainting algorithm

3.1 Fundamentals

Let � standfor theregion to beinpainted,and ��� for its boundary
(noteonceagainthatnoassumptiononthetopologyof � is made).

2Sincetheregionto beinpaintedcanbeconsideredasoccludingobjects,
removing occlusionsis analogousto imageinpainting.

3This is not intrinsic to thegeneralvariationalformulationthey propose,
only to thespecificdiscreteimplementationthey perform.

Figure1: 1D signals�
	���
�� and ����
�� .
Intuitively, thetechniqueweproposewill prolongtheisophotelines
arriving at ��� , while maintainingthe angleof “arrival.” We pro-
ceeddrawing from ��� inward in this way, while curving the pro-
longationlines progressively to prevent themfrom crossingeach
other.4

Beforepresentingthe detaileddescriptionof this technique,let
us analyzehow expertsinpaint. Conservatorsof the Minneapolis
Instituteof Arts wereconsultedfor this work andmadeit clearto
usthatinpaintingis a very subjective procedure,differentfor each
work of art and for eachprofessional.Thereis no suchthing as
“the” way to solve theproblem,but theunderlyingmethodologyis
asfollows: (1.) Theglobalpicturedetermineshow to fill in thegap,
thepurposeof inpaintingbeingto restoretheunity of thework; (2.)
Thestructureof theareasurrounding� is continuedinto thegap,
contourlines are drawn via the prolongationof thosearriving at��� ; (3.) Thedifferentregionsinside � , asdefinedby thecontour
lines,arefilled with color, matchingthoseof ��� ; and(4.) Thesmall
detailsarepainted(e.g.little whitespotsonanotherwiseuniformly
bluesky). In otherwords,“texture” is added.

Our algorithmsimultaneouslyanditeratively performsthesteps
(2.) and(3.) above. (In thediscussionsectionwe will arguehow
both stepscanbe performedseparately, andwe will alsodiscuss
step(4.).) We progressively “shrink” thegap � by prolongingin-
ward,in asmoothway, thelinesarriving at thegapboundary��� .

3.2 A one dimensional illustration

A simpleonedimensional(1D) exampleis first usedto illustrate
our technique.This is doneonly for a didacticpurpose,sinceour
algorithmwasdevisedfor 2D, andthereareothertechniques(such
assplines)that might yield betterinterpolationresultsin 1D. Our
1D examplewill helpto explainhow wetranslatethebasicinpaint-
ing ideaspresentedabove into aworkingalgorithm.Considera1D
(discrete)signal � 	 ��
������ �����������  ( � �!�"�#�%$&� ' ) anda “box-
function” masksignal �(��
�� , as illustratedin Figure1. The region� to inpaint is given by the setof pointswhere �(��
)�+*, � , while
its boundary��� arethepointsQ andP. Let -� ' bethedirectionof
increasing
 .

The progressive natureof the inpaintingproceduresuggestsan
“evolution” approach.We definea family of 1D signals �.��
/�102�3�� �!�"�#�!45� ����67�8�9�  ( � �!���#�:$;� '<�=� ����6>�2$;� ' ) where0 is the
“time” parameter, suchthat �.��
/�?��� , �=	@��
)� and AB
DCFE�GIHJ�.��
/�/02� ,�LK%��
�� , where�LKM��
�� is theoutputof thealgorithm(inpaintedimage).
At eachiterationstep0 wewantto construct�.��
/�/02� given �.��
?�)0 -N � .

For the1D case,the“prolongationof linesinto � ” is interpreted
as“the continuationof the function �
	���
�� from the left of Q to its
right,andfromtherightof Pto its left, in asmoothway.” Therefore,

4Thistypeof informationpropagationis relatedandmightbeapplicable
to velocityfieldsextensionin level-settechniques[14].
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Figure2: Discreteexample;seetext..

in orderto inpaintin thedirectionof -� ' , thefollowing pseudo-code
realizestheideasabove:
for OQPFR to OQPTSVU�WQX1Y/Z%[]\_^`[Ja_bcY/Z=d=bDeB\�O!f

for eachpoint (pixel) gBeih�jQk
computethesmoothnessof a=lmgieBh : n�logieBh2p PFa=lq�q gieBh
computethesmoothnessof a=lmgie![sr"h : n�lmgBe�[3r?h�p PTa=lq�q giet[sr"h
computethesmoothnessvariationin [ [u S :a=lv gieBh�p PTn�logieBh.[]n�logiet[sr"ha=l�wox=gieih.PTa=logieBh!y{z|bDa_lv gBeih

end

end,

wherethe index 
 denotesspatialposition, the superindex 0 de-
notesthe artificial evolution time ( �.��
/�/02� , � E ��
)� ), the subindex} denotes(discretized)spatialdifferentiationin thehorizontalaxis
direction, and ~I� controlsthe velocity of the evolution. We are
changingin timethefunction �.��
/�/02� sothatateachpoint 
 , � E@��� ��
��
tendsto follow � E ��
 - N � . Thepurposeof thesmoothnessestimation
is to ensurecontinuitynotonly of �.��
/�102� but alsoof its derivatives.
Our discretesmoothnessestimatoris the secondspatialderivative
of �.��
/�/02� , � E ��
)� , � E�
� ��
�� , which in discreteform canbewritten
as � E ��
�� , � E ��
 - N � ->� � E ��
������ E ��
.� N � .To explain why this works, considerFigure2. The continuous
line denotesthepartof �.��
?�10:� thatis notchangedby thealgorithm
sinceit is outside� . To theright of Q, thethreedashedlinesdenote
threepossibleinitial conditionsfor �.� } �1�@� inside � . Beingstraight
lines, �`�D ��?��� , � in the threecases.At thepoint Q on theother
hand,thevalueof ���D�]�?��� is differentin eachcase:

If a(gi�M��R=hQP�d , n�gi�`�cR=hJ��R , a v gi�M�cR=h�P�n�gi�M�cR=h�[�n�gB���DR=h]��R , anda(gi�M�cR=h decreases;

If a(gi�M�cR=h.P�X , n�gB���cR=h.P<R , a v gi�M�)R_h.PTn�gB�M�DR_h_[%n�gi���DR=h.PFR , and a(gi�M�cR=h
doesnotchange;

If a(gi�M��R=h.PT� , n�gB���cR=h:�3R , a v gi�M�)R_h.PFn�gB�M�cR_h�[�n�gB���cR=h:�{R , and a(gi�M�cR=h
increases.

In all threecasestheevolutionis deforming�.��
/�102� inside � into
acontinuationof �
	���
�� to theleft of Q.

Figure3 shows threestagesof theevolutionof thesignalin Fig-
ure1. Thedottedline correspondsto the initial condition, �.��
/�/��� .
Thedashedline correspondsto an intermediatestate.Thecontin-
uousline correspondsto �LKM��
�� , the steadystateof the evolution.
Noticehow continuityup to thefirst derivative is obtainedfor the
point Q. That is not thecasefor P, sincethedirectionof propaga-
tion is -� ' andnot - -� ' . Wewill laterseethatthis is not a problem
for the2D case.We have tested1D exampleswith differentinitial
conditions,andfound that the algorithmalwaysconvergesto the
samesolutionwithin a0.1%errormargin. Theformalstudyof this
experimentalresultis of theoreticalinterest(seeSection5).

3.3 The 2D inpainting algorithm

Let us re-write the 1D discreteequationdescribingthe rate of
changeof �.��
/�/02� : � E@��� ��
�� , � E ��
����7~I�)� E� ��
���� (1)

Figure3: Threestagesof theevolutionof �.��
/�102� in Figure1.

Figure4: Propagationdirectionasthenormalto thesigneddistance
to theboundaryof theregion to beinpainted.

where � E� ��
)� , � E ��
�� - � E ��
 - N ���5�.
��F��� (2)� E ��
�� , � E ��
 - N � ->� � E ��
������ E ��
.� N ��� (3)

In otherwords,we estimatethesmoothness� E ��
)� of our func-
tion andcomputeits changealongthe - -� ' direction,adaptingthe
imagein the region to be inpaintedwith this variationof smooth-
nessquantity. Let usnow seehow to extendtheseideasinto 2D.

Let �
	���
/�����3��� �������|4;� �!�"'{��� �  , with � �������%4¡� ���?'5�Q$� '¢4£� ' , be a discrete2D gray level image. The inpaintingpro-
cedurewill constructa family of images �.��
/�D���?02���£� �!�"�#�Q4� �!�?'{�54¤� �!��6;�¥� �  such that �.��
/�c���?�@� , �
	���
/�c��� andAB
DC E�G�H �.��
?�D�@�10:� , �LKM��
/�c��� , where �LKM��
/�c��� is the outputof the
algorithm(inpaintedimage).

Following the 1D procedure,first we estimatethe smoothness� E ��
/����� of our function. For this purposewe may usea simple
discreteimplementationof theLaplacian: � E ��
/�c����� , � E�
� ��
/�c������ E¦=¦ ��
/�c��� . Othersmoothnessestimatorsmight beused,thoughsat-
isfactoryresultswerealreadyobtainedwith this very simpleselec-
tion.

Then,we mustcomputethechangeof this valuealong - -� ' . In
orderto do this we mustfirst definewhat the direction -� ' for the
2D informationpropagationwill be.Onepossibilityis to define -� '
asthenormalto thesigneddistanceto ��� , i.e.,at eachpoint ��
/�c���
in � thevector -� ';��
?�D��� will benormalto the“shrinkedversion”of��� to which ��
?�D��� belongs,seeFigure4. This choiceis motivated
by thebelief thatapropagationnormalto theboundarywould lead
to the continuity of the isophotesat the boundary. Instead,what
happensis thatthelinesarriving at ��� curve in orderto align with-� ' , seeFigure5. This is of coursenot whatwe expect. Note that
theorientationof ��� is not intrinsic to the imagegeometry, since
theregion to beinpainted! ! is arbitrary.

If isophotestendto align with -� ' , thebestchoicefor -� ' is then
the isophotesdirections. This is a bootstrappingproblem: hav-
ing the isophotesdirectionsinside � is equivalent to having the
inpaintedimageitself, sincewe caneasily recover the gray level
imagefrom its isophotedirectionfield ( seethediscussionsection
and[15]).



Figure5: Unsuccessfulchoiceof the informationpropagationdi-
rection.Left: detailof theoriginal image,region to beinpaintedis
in white. Right: restoration.

Weusethena timevaryingestimationof theisophotesdirection
field: for any given point ��
?�D��� , the (discretized)gradientvector§ � E ��
/�c��� givesthe directionof largest(spatial)change,while its
90 degreesrotation

§]¨ � E ��
/�c��� is thedirectionof smallest(spatial)
change,sothevector

§ ¨ � E ��
/�c��� givestheisophotesdirection.Our
field -� ' is thengivenby thetime-varying -� '7��
/�����/02� , §J¨ � E ��
/�c��� .
We areusinga time-varyingestimationthat is coarseat thebegin-
ning but progressively achieves the desiredcontinuity at ��� , in-
steadof a fixed field -� ';��
?����� that would imply to know thedirec-
tionsof theisophotesfrom thestart.

Note that the field is not normalizedas it was in the 1D case,
where -� ' wasjust thedirectionof increasing
 . Thereasonfor this
choicereliesonthenumericalstabilityof thealgorithm,andwill be
discussedin thefollowing subsection.

Sincewe areperforminganinpaintingalongthe isophotes,it is
irrelevantif

§ ¨ � E ��
/����� is obtainedasaclockwiseor counterclock-
wise rotationof

§ � E ��
/�c��� . In both cases,the changeof � E ��
/�c���
alongthosedirectionsshouldbeminimum.

Recapping,we estimatea variationof thesmoothness,givenby
a discretizationof the 2D Laplacianin our case,andproject this
variation into the isophotesdirection. This projectionis usedto
updatethevalueof theimageinsidetheregion to beinpainted.

To ensurea correctevolution of the directionfield, a diffusion
processis interleavedwith the imageinpaintingprocessdescribed
above. That is, every few steps(seebelow), we applya few itera-
tionsof imagediffusion.Thisdiffusioncorrespondsto theperiodi-
cal curvingof linesto avoid themfrom crossingeachother, aswas
mentionedin section3.1. We useanisotropicdiffusion, [16, 17],
in orderto achieve this goalwithout losingsharpnessin therecon-
struction.In particular, weapplyastraightforwarddiscretizationof
the following continuous-time/continuous-spaceanisotropicdiffu-
sionequation:�.��m� � } �/©.�1�/� ,#ª�« � } �1©o�1¬2� } �1©.�1�/��­ § �.� } �)©.�1�?�=­������ } �)©o�M�<� « (4)

where� « is adilationof � with aball of radius® , ¬ is theEuclidean
curvatureof theisophotesof ¯ and ª « � } �1©t� is asmoothfunctionin� « suchthat ª@« � } �1©t� , � in � «�° � , and ª�« � } �/©t� , N at thesetof
pointsof � whosedistanceto ��� is larger that ® (this is a way to
imposeDirichlet boundaryconditionsfor theequation(4)).

3.4 Discrete scheme and implementation details

The only input to our algorithmarethe imageto be restoredand
themaskthatdelimitstheportionto beinpainted.As apreprocess-
ing step,thewholeoriginal imageundergoesanisotropicdiffusion
smoothing.The purposeis to minimize the influenceof noiseon
theestimationof thedirectionof theisophotesarrivingat ��� . After
this, theimageenterstheinpaintingloop,whereonly thevaluesin-
side � aremodified.Thesevalueschangeaccordingto thediscrete
implementationof the inpaintingprocedure,which we proceedto

describe.Every few iterations,astepof anisotropicdiffusionis ap-
plied (a straightforward,centraldifferencesimplementationof (4)
is used;for detailssee[16, 17]). This processis repeateduntil a
steadystateis achieved.

Let � E ��
?�D��� standfor eachone of the imagepixels inside the
region � at the inpainting“time” 0 . Then,the discreteinpainting
equationborrowsfromthenumericalanalysisliteratureandis given
by � E@��� ��
/�c��� , � E ��
/�c���2�7~I�)� E� ��
?������� (5)

where

� E� ��
?�D��� , ± -�- �² � E ��
?������³ -� '7��
/�c���?02�´´ -� '7��
/�c���?02� ´´)µ ­ § � E ��
/�����=­�� (6)

-c- �² � E ��
/�����|� , �D� E ��
�� N ����� - � E ��
 - N �D�����"� E ��
?�D��� N � - � E ��
/�c� - N �/���(7)� E ��
/�c��� , � E�
� ��
/��������� E¦_¦ ��
/������� (8)-� ';��
?�D�@�?02�´´ -� ';��
?�D�@�?02� ´´ � , � - � E¦ ��
/�c�����?� E� ��
?�D���/�¶ ��� E� ��
/�c���/�/·��&��� E¦ ��
/�c���/�/·%��® � (9)

¸ E ��
/����� , -c- �² � E ��
/�c���8³ -� ';��
?�D�@�?02�´´ -� ';��
?�D�@�?02� ´´ � (10)

and

­ § � E ��
?�D���=­ ,º¹»¼ »½
¶ ��� E�
¾c¿V� · ����� E�LÀLÁ{� · ����� E¦=¾c¿�� · �&��� E¦
ÀLÁs� · �
when

¸ E{Â �¶ ��� E�
¾�Á �/·8����� E�LÀ
¿ �/·������ E¦=¾�Á �/·��#��� E¦
À
¿ �/·(�
when

¸ E{Ã �
(11)

Wefirst computethe2D smoothnessestimation� in (8) andthe
isophotedirection -� 'ÅÄ ´´ -� ' ´´ in (9). Then in (10) we computȩ E ,
the projectionof - �² � onto the (normalized)vector -� ' , that is, we
computethe changeof � along the direction of -� ' . Finally, we
multiply

¸ E by a slope-limitedversionof thenormof thegradient
of theimage, ­ § ��­ , in (11). A centraldifferencesrealizationwould
turn the schemeunstable,and that is the reasonfor usingslope-
limiters. The subindexes � and Æ denotebackward and forward
differencesrespectively, while thesubindexes C and � denotethe
minimum or maximum,respectively, betweenthe derivative and
zero(we have omittedthespacecoordinates��
?�D��� for simplicity);
see[18] for details. Finally, let us note that the choiceof

§]¨ �
insteadof anormalizedversionof it (aswasthecasein 1D) allows
for asimplerandmorestablenumericalscheme;see[19, 20].

Whenapplyingequations(5)-(11)to thepixelsin theborder���
of the region � to be inpainted,known pixels from outsidethis
region areused.That is, conceptually, we computeequations(5)-
(11)in theregion � « (an ® dilationof � ), althoughupdatethevalues
only inside � (thatis, (5) is appliedonly inside � ). Theinformation
in thenarrow band� « - � (isophotedirectionsandgrayvalues)is
propagatedinside � . Propagationof this information,both gray-
valuesandisophotesdirections,is fundamentalfor the successof
thealgorithm.

In the restorationloop we perform Ç stepsof inpaintingwith
(5), then È stepsof diffusion with (4), again Ç stepsof (5), and
so on. The total numberof stepsis É . This numbermay be pre-
established,or thealgorithmmaystopwhenchangesin the image



Figure6: Relationbetweenthe �D I�"Ê��?È�� color modelandtheone
usedin thisarticle,�ÌË.�?Í=
D0�Î��"Í=
c0�Ï|� .
arebelow a giventhreshold.Thevalueswe useare: Ç , N
Ð �"È ,� ��~�� , �!� N . The valueof É dependson the sizeof � . If � is
of considerablesize,amultiresolutionapproachis usedto speed-up
theprocess.

Color imagesare consideredas a setof threeimages,and the
above describedtechniqueis appliedindependentlyto eachone.
To avoid the appearanceof spuriouscolors,we usea color model
which is very similar to theLUV model,with oneluminanceand
two chromacomponents.SeeFigure6.

4 Results

TheCPUtime requiredfor inpaintingdependson thesizeof � . In
all the color examplesherepresented,the inpaintingprocesswas
completedin lessthan5 minutes(for thethreecolor planes),using
non-optimizedC++coderunningonaPentiumIIPC(128MbRAM,
300MHz)underLinux. All theexamplesuseimagesavailablefrom
publicdatabasesover theInternet.

Figure7 shows, on the left, a syntheticimagewith the region
to inpaint in white. Here � is large (30 pixels in diameter)and
containsahole.Theinpaintedreconstructionis shown ontheright.
Notice that contoursare recovered,joining points from the inner
and outer boundaries.Also, thesereconstructedcontoursfollow
smoothlythedirectionof theisophotesarriving at ��� .

Figure8 shows a deterioratedB&W imageand its reconstruc-
tion. As in all the examplesin this article, the useronly supplied
the“mask” image,shown in Figure9. This imagewasdrawn man-
ually, usinga paintbrush-like program. The variableswereset to
the valuesspecifiedin the previous section,andthe numberof it-
erationsÉ wassetto 3000. Whenmultiresolutionis not used,the
CPUtime requiredby theinpaintingprocedurewasapproximately
7 minutes.With a 2-level multiresolutionscheme,only 2 minutes
wereneeded.Observe thatdetailsin thenoseandright eye of the
middlegirl couldnot becompletelyrestored.This is in partdueto
thefact that themaskcoversmostof therelevant information,and
thereis not muchto bedonewithout theuseof high level prior in-
formation(e.g.,thefactthatit is aneye). Theseminorerrorscanbe
correctedby themanualproceduresmentionedin theintroduction,
andstill theoverall inpaintingtime would bereducedby ordersof
magnitude.In Figure10, top,we show a differentinitial condition
inside � . The inpaintedimage(bottom)is practicallyidenticalto
the one in Figure9, therebyshowing the robustnessof the algo-
rithm.

Figure11showsavandalizedimageandits restoration,followed
by anexamplewhereoverimposedtext is removedfrom theimage.
Thesearetypical exampleswheretexture synthesisalgorithmsas
thosedescribedin theintroductioncannot beused,sincethenum-
berof differentregionsto befilled is very large.

Figure7: Syntheticexample: � is shown in white. Topology is
not an issue,and the recovered contourssmoothlycontinuethe
isophotes.

Figure12shows theprogressive natureof thealgorithm:several
intermediatestepsof theinpaintingprocedureareshown for adetail
of figure11.

Finally, Figure 13 shows an entertainmentapplication The
bungeecordandtheknot tying theman’s legshave beenremoved.
Given the size of � a 2-level multiresolutionschemewas used.
Hereit becomesapparentthat it is the userwho hasto supplythe
algorithmwith themaskingimage,sincethechoiceof theregionto
inpaintis completelysubjective.

5 Conclusions and future work

In this paperwe have introduceda novel algorithmfor imagein-
paintingthatattemptsto replicatethebasictechniquesusedby pro-
fessionalrestorators.Thebasicideais to smoothlypropagateinfor-
mationfrom thesurroundingareasin the isophotesdirection. The
userneedsonly to provide the region to be inpainted,the rest is
automaticallyperformedby the algorithmin a few minutes. The
inpaintedimagesaresharpandwithout color artifacts.Theexam-
ples shown suggesta wide rangeof applicationslike restoration
of old photographsand damagedfilm, removal of superimposed
text, andremoval of objects. Theresultscaneitherbe adoptedas
a final restorationor beusedto provide aninitial point for manual
restoration,therebyreducingthetotal restorationtimeby ordersof
magnitude.

Oneof themainproblemswith ourtechniqueis thereproduction
of largetexturedregions,ascanbeseenin Figure14. Thealgorithm
hereproposedis currentlybeingtestedin conjunctionwith texture
synthesisideasto addressthis issue.

The inpainting algorithm herepresentedhasbeenclearly mo-
tivatedby and hasborrowed from the intensive work on the use
of Partial DifferentialEquations(PDE’s) in imageprocessingand
computervision. When“blindly” letting thegrid go to zero,thein-
paintingtechniquein equations(5)-(11),naively resemblesa third
order equation(not resultingfrom a variationalgradientdescent
flow, seebelow). Althoughaddingregularizationtermsmightmake
this high orderequationstableandallow a formal analysis,5 to the
bestof our knowledgethecompleteunderstandingof suchtypeof
equationsis not just beyondthescopeof this paperbut beyondthe
currentstateof mathematicalknowledge(althoughresultsfor other
highorderequations,whichmightberelevantfor imageprocessing
aswell, areavailable,e.g.,[22]). In addition,thediscretealgorithm
hereintroducedusesas“boundaryconditions”bothgrayvaluesand
isophotedirectionspresentat thenarrow bandsurroundingthe re-
gion to beinpainted.This is done,asexplainedabove, performing
thecomputationsin thedilatedregion � « . All this importantinfor-
mationneedsto beincorporatedto suchanequationas“extra” (and

5Note thatnumericalimplementationsof PDE’s intrinsically regularize
theequations.



fundamental)boundaryconditions.Nevertheless,this suggeststhe
investigationof theuseof lower, secondorder, PDE’sto addressthe
inpaintingproblem.Moreover, having theseequationsto begradi-
entdescentflows of variationalformulationspermitsthe inclusion
of the narrow bandinformationsimply by changingthe limits of
integration. Onepossibleapproachto follow is to first reconstruct
theisophotedirectionsÑ (a planarvectorfield), andfrom themthe
correspondinggrayvalues� . Oncethe isophotedirectionsarere-
constructed,thegradientdirectionis given,andwecanreconstruct
the gray levels by finding an imageconsistentwith thesegradi-
entdirections.Althoughthis canbedoneusinga onedimensional
transportequation,the existenttheorylimits the possiblegradient
fields,therebydisqualifyingedges.We cantake thena variational
approachandfind theimage� minimizing Ò�ÓoÔ(�?­ § ��­ - Ñ`³ § �!�)Õ�� ,
where Ñ is the reconstructedgradientdirection inside � « (an ad-
ditional term that penalizesthe deviation from the real imagein
the narrow band � « - � canbe addedaswell). The minimal �
is obtainedvia gradientdescentflows (secondorderPDE).There-
fore,whatis left is to reconstructthevectorfield Ñ . This canagain
be achieved usinga variationalformulationon Ñ with the proper
boundaryconditionsto guaranteethecontinuityof thevectorfield
across��� (seealso [13, 21]). Both variationalformulationscan
actuallybecoupledto simultaneouslyrecover theisophotes(vector
field) andgrayvaluesvia thecorrespondinggradientdescentflow,
obtainingasetof coupledsecondorderPDE’s.6 Preliminaryresults
in this directionarepromisingandwill befurther investigatedand
reportedelsewhere[23]. Oneof theadvantagesof this approachis
that formal resultsregardinguniquenessandexistenceof thesolu-
tions canbe shown, therebyreducingthe necessityto rely mainly
onexperimentalvalidationsasdoneuntil now with thebasicimage
inpaintingalgorithmsreportedin theliterature.
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Figure8: Restorationof anold photograph.

Figure9: Theuserdefinestheregion to inpaint(hereshown in red).

Figure10: Fromadifferentinitial conditioninside � wearriveat averysimilar result..



Figure11: Restorationof acolor imageandremoval of superimposedtext.



Figure12: Progressivenatureof thealgorithm:severalintermediatestepsof thereconstructionof figure11(detail).

Figure13: Thebungeecordandtheknot tying theman’s feethavebeenremoved.



Figure14: Limitationsof thealgorithm:textureis not reproduced.


