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Abstract
Recentdevelopmentsin computervisionare providing powerfultools for theevaluationof data gathered by art
historiansand archaeologists. New camera hardware allows new insights into cultural heritage, especiallyif
infrared cameras are concerned,sincethey allow the of studystructures that are visually hidden.In this paper
preliminary resultsof developinga systemfor automaticanalysisof infrared re�ectogramsare presented.We
concentrate on an algorithm for the automaticsegmentationof strokesin underdrawings- the basicconceptof
the artist - in ancientpanelpaintingsand the removal of cracks in infrared images.Thepurposeof the stroke
analysisis the determinationof the drawing tool usedto draft the painting. This informationallows signi�cant
supportfor a systematicstylisticapproach in theanalysisof paintings.Strokesegmentationin paintingsis related
to the extraction and recognition of handwriting, therefore similar techniquesto segmentthe strokes from the
backgroundincorporating boundaryinformationare used.Resultsof thealgorithmsdevelopedare presentedfor
bothtestpanelsandreal re�ectograms.

1. Intr oduction

Europe's rich culturalheritageis oneof its importantassets.
Recovering moreof this heritageandmaking it accessible
to thepublic mustbea concernof researchwork alsoin the
future.For examplepanelpaintingsfrom 1400to 1520have
beenof greatin�uence to Europeancultureduring this pe-
riod andbeyond. To learnmoreaboutthe unknown draw-
ing techniquebelow the coloredsurfacecan give new in-
sightsinto theworking of famousartistsor paintingschools
andsoincreasesigni�cantly culturalknowledgeandaware-
ness.Interdisciplinaryprojectsbetweenthe �eld of art his-
tory andcomputerbasedimageanalysishave broughtnew
aspectsin bothof the �elds to save, protectandextendcul-
tural heritage.While art historiansbene�t from new objec-
tive analysismethodsandimproved ef�ciency dueto com-
puterbasedsolutions,for techniciansa new �eld of applica-
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tion wasopened,whichrequirestheadaptationanddevelop-
mentof algorithmsto thespeci�c needsof art history.

A currentprojectdevelopsacomputerbasedanalysissys-
temof underdrawingsin medieval paintings.Underdrawings
are the basic conceptof an artist when he startsthe cre-
ation of his work of art. Thereforethe art historiansand
restorersareinterestedin investigationsof theseunderdraw-
ings.Moreover, asystematicanalysis,startingwith medieval
paintings,over a longerperiodwill bring insightsinto the
practicein painting schoolswhich is still rarely examined
up to now.

Normally the underdrawing is hiddenby covering paint
layersand is invisible to the observer in the visible light
spectrum.Using sensorsthat are sensiblein the near in-
frared,especiallyin thespectralrangefrom 1000nmto 2400
nm, underdrawingsof paintingscanbevisualized,evenbe-
low thehardlypenetrablecolorsblueandgreenin thepaint
layer. Figure1 (a)showsanimageof apanelpaintingandthe
visualizationof theunderdrawing by anIR-re�ectogram(b)
takenfrom a detailof thepaintingasoutlinedin (a).
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(a) (b)

Figure 1: "Adoration of theKings", masterof theSchotten-
stift (1470): (a) color image (b) image taken in thenear IR
range (700nm–900nm)

To beableto investigateimageprocessingmethodsfor the
analysisof underdrawingsaspeci�c acquisitionsystemwith
a high resolutioninfrared camerais necessary. In contrast
to other infraredprojects1; 2; 3 our goal is not only to digi-
tize,visualize,andimprove imagesof underdrawings,but to
analyzethestructureof theunderdrawingswith methodsof
imageprocessingandpatternrecognitionto obtaininsights
from theunknown working procedurein medieval painting
schoolsof famousartists.

In this paperwe presenta systemthat will usethe IR-
re�ectographytechniqueto obtaindigital imagesof under-
drawingsandthatwill apply imageanalysismethodsto ex-
tract objective andreproducibleinformationto supportthe
experts in studying underdrawings. Although partsof the
systemarewell-known algorithmsandhave beenpublished
elsewhere4; 5, this paperwill introducea new challenging
�eld for imageanalysison worksof art. Thepaperis orga-
nizedasfollows. First a motivation will show the needfor
a computationalsupportfor the analysisof paintings.Sec-
tion 3 givesart historicfacts,necessaryfor thedevelopment
of algorithms.Thecomponentsof thesystemaredescribed
in Section4, with emphasison the imagepreprocessingfor
crackelimination,strokesegmentationandstrokefeatureex-
traction.Section5 presentsanddiscussesthe resultsof ap-
plying thealgorithmsdevelopedto IR-re�ectogramsaswell
astestimages.Section6 will concludewith abrief overview
of work in progressandfuturework.

2. Moti vation

Sincethe late1960sexaminationof paintingswith IR pho-
tographyand IR-re�ectographyopeneda new window for
the art historian,restorer, andconservator into the working
processof artists6; 7; 8; 9; 10; 11. It helpedto visualizetheunder-
drawing onthegroundof apaintingandofferedsofartotally

(a) (b)

Figure 2: Color instructions:(a) the original painting (b)
color instruction"W" in theright-toppart of theunderdraw-
ing

unknown typesand forms of compositiondesignfrom the
14th to the16thcentury. During the last twentyyearstech-
niquesof IR-re�ectographyhave developedfurther world-
wideandhave beenmoreandmoreadaptedto theneedsof:

� Examinationof paintings12; 13

� Restorationandconservation 14

� Fake detection1

Meanwhile,many leadingmuseumsandcentersfor art re-
searchandconservation (i.e. Victoria andAlbert Museum,
HarvardMuseum)haveinstalledtheirown IR equipmentfor
regularuseandspecializedresearchprojectsareon theway
in several countries.But due to the lack of stateof the art
digital IR cameras,the potentialof digital imageanalysis
for this �eld of researchis not used.Thereforea signi�cant
supportfor a requiredsystematicstylistic approachin the
analysisof medieval and Renaissancepaintingsusing un-
derdrawingsis still missing15.

Fromtheconservator's point of view answerson individ-
ualpartsof theworking processwill begivenconcerning:

� Executionbetweenthe�rst conceptandthe�nal result
� Visualization of paint instructions in terms of written

color names(Figure2b shows an exampleof a paint in-
structionvisible in theinfraredimage"W = white")

� Differentiationbetweenfreehanddrawingsanddrawings
appliedwith differentkindsof stencils14.

Aside from the largenumberof imagesacquiredandthe
improvementof theseimages– this is alreadystateof the
art 16 – the innovation of this projectis thecomputer-based
analysisof the structureof the underdrawing. Analysis of
IR-re�ectogramsis performedprimarily by visual inspec-
tion only. It is visual, that the analysisof a large number
of imageshasbeenmadeby naked eye examinationonly.
The restrictedhumanoptical retentivenesscomplicatesthe
comparisonof differentunderdrawingsconcerningdrawing
tools,drawing materials,andstroke characteristics.
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3. Art Historic Background

In conservationandarthistorythreeprominentquestionsare
of particularinterest.The�rst questiondealswith thedevel-
opmentof underdrawings andtheir relationsto otherdraw-
ingsandbetweenunderdrawingsandthecoveringpainting.
Secondly, art historiansand restorersare interestedin the
styleof theunderdrawing, andwhethertheunderdrawing is
sketchy, freehandor a copy from a template.Finally anim-
portantquestionis,whatkind of materialsanddrawing tools
areusedin anunderdrawing 3.

Thesystempresentedin this paperwill contribute to an-
sweringthelastquestion,while providing answersconcern-
ing thestyleor developmentsof underdrawingswill bepart
of future research.In order to analyzethe strokeswith re-
spectto thedrawing toolsused,thevisualappearanceis in-
vestigated.Thefollowing sectiongivesa characterization.

3.1. Characterizing Drawing Tools/ Materials

Drawing toolsusedin medieval panelpaintingscanbecate-
gorizedinto two differenttypes,into thosethatare�uid and
into a group consistingof dry drawing material3. In Fig-
ure 3 six examplesof a stroke for both of the groupsare
depicted.Threestrokesrepresenttheclassof drawing tools
using�uid materials(a,c,e)andthreestrokesrepresentdry
materials(b,d,f). Theseexampleshave beentaken from a
panelpreparedfor our experimentsby a restorer.

(a) (b)

(c) (d)

(e) (f)

Figure 3: Stroke detailsshowingtoolsusing�uid materials
on the left, brush(a), quill (c), reedpen(e) and dry mate-
rial tools on the right, black chalk (b), silver point (d) and
graphite(f).

Our analysisapproachis basedon the observation that
prominentcharacteristicsof drawn strokesarevariationsof
shapeandvariationsof theintensityin thedrawing direction.
Table1 givesan overview of the characteristicsof the two
groupsof drawing tools.The�rst characteristicweanalyzed
is the boundaryof a stroke. It can be observed that there
arevariationsin smoothnessdependingon thedrawing tool
used.While strokesappliedwith apenor brushusinga�uid
mediumshow asmootherboundary, theboundaryof strokes
appliedwith a dry material,e.g.black chalk or graphiteis
lesssmooth.

Table 1: Characteristicsof differentdrawingtoolsandma-
terials

Tools/Materials Characteristics

�uid materials �uid lines
- paintor ink appliedby - continuousandsmooth
penor brush - vary in width anddensity

- poolingof paintat theedges
- dropletat theend
- differentendings(brush/pen)

dry materials dry lines
- charcoal - lessvariationin width
- chalks - lesscontinuous
- metalpoints - moregranular
- graphite

4. SystemOverview

The analysissystem,accordingto the standardprocessof
digital imageanalysis17, consistsof an acquisitionstep,a
preprocessingstep,an imageprocessingstepand �nally a
classi�cationstep.A schematicoverview is given in Figure
4. Sincethesystemis still underdevelopment,we canonly
presentthe imageprocessingpart in moredetail.In thefol-
lowing sectionstheprocessingstepsandthesubtaskswill be
discussed.
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Figure4: Systemoverview

4.1. Acquisition

The quality of an imageacquiredandthereforethe quality
of theinformationof theimageshasagreatin�uence onthe
successof the imageprocessingandanalysisphase18. Van
AsperenDe Boer19 showedthattherangeof optimal trans-
mittancefor many visually opaquepaint layersis locatedin
the region around2 µm, which is only accessibleby spe-
cial electronicimagingdevices.For our purposewe usea
FocalPlaneArray Camera(FPA) with a PtSi sensor, which
hasa sensitivity rangefrom 1.0 µm to 5.7 µm that canbe
adaptedby usingabandpass�lter . FPA camerashavehigher
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thermalstability, higher resolutionand lessgeometricdis-
tortionsthanVidicon cameras.The digital imagescaptured
ful�ll the requirementswith respectto radiometricresolu-
tion, geometricdistortions,pixel-resolutionand sensitivity
constancy over timefor theapplicationof furtherprocessing
steps18.

4.2. Preprocessing

Whenacquiringanimagewith aninfraredarray, noisefrom
thedetectoraswell asfrom the illumination sourceis to be
expected18. Equallydistributeddetectornoiseis reducedby
calculatingtheaverageimagefrom aseriesof images,taken
with thesamecamerasetup20.

Due to non-uniformillumination or inhomogeneitiesin
thesensitivity of thesensorarray, theintensityvaluesof the
digital imagearevary (radiometricdistortions).The devia-
tions of the intensityvaluesaremeasuredin imagestaken
from a uniform coloredtest-plane.This allows corrections
of sensorresponsein alreadyacquiredimages21.

An important preprocessingstep for building IR-
re�ectogramsof largerpaintingsis mosaicing.Panelpaint-
ingscanhave sizesof 2m by 2m or even larger, but theres-
olution andthepixel numberof thecamerais limited. In or-
der to geta completeIR-re�ectogramof a painting,smaller
subimagesarestitchedtogetherinto onelarger image.The
alignmentof imagesdependson thegeometryof theacqui-
sition setup,i.e. how the camerais moved with respectto
the object.In the simplestcasethesearepure image-plane
translations.This canbeobtainedif thecamerais mounted
onanXY-shift unit. Thisacquisitionsetupfurtherallowsthe
combinationof thetwo overlappingpartsby simpleaverag-
ing. Finally changesof the brightnessin different images,
whichis usuallyaresultof automaticgaincontrolhaveto be
corrected.Usinga positioningunit, which shiftsthecamera
andthustheimageplanewithin avirtual plane,planarimage
mosaicingmethods22 canbeapplied.

4.3. ImageProcessing

Onemajorgoalof theprojectis to identify thedrawing tools
usedby thepainterto createtheunderdrawing from theap-
pearanceof the strokes in the IR-re�ectogram.A stepto-
wardsthe identi�cation is the segmentationof the individ-
ual strokes.Fromthesegmentationpointof view, cracksare
treatedasstructuralnoiseandwill produceartifactsin the
segmentationstep.To overcomethis problem,our intention
is to eliminatethe crackswhile keepingthe boundariesof
thestrokesasaccuratelyaspossiblefor furtheranalysis.The
following sectionswill present(1) a mathematicalmorphol-
ogy basedmethodfor detectionandeliminationof cracks,
(2) an edge-basedmethodfor segmentationof the strokes,
and(3) �nally the detectionof featuresto differentiatebe-
tweendrawing tools.

4.3.1. Crack Removal

During the aging of the paintings,climactic �uctuations
causechangesin the dimensionalityof the panels.While
youngerpigment layersare elasticenoughto follow con-
tractions,a network of �ne cracks(craquelé)maycover the
wholepaintingduringtheagingprocess.Theexampleof an
IR-re�ectogramdepictedin Figure1(b) shows several dark
thin horizontallyalignedlinesrepresentingthecracksin the
groundlayer. Thepatternof thecracksis determinedby the
backgroundused.In the caseof woodenpanels,the cracks
areprimarily orientedperpendicularto thegrain23.

Willingen et al. 24 have studiedtheappearanceof cracks
anddeterminedfeaturesto classifydifferenttypesof cracks.
They differentiatebetweenfeaturesof individual cracks
(smooth,jagged,depth,thicknessetc.)andfeaturesof crack
patterns(distancebetweencracks,typeof junctions).A sim-
ilar problemhasbeentreatedby Giakoumis and Pitas 25.
They usea threestepprocesswhich �rst detectsthecracks
usinga top-hatoperator, separatesthemfrom brushstrokes
usingcolor information,and then�lls themin. In contrast
to this work, we areworking on greyscaleimages(recorded
in the infra-red region). We thereforehave no color infor-
mationfor separatingthecracksfrom thebrushstrokes.The
informationwe startwith is that cracksareusuallythinner
thanthe brushstrokes,and that they have a favoredorien-
tation.To take this information into account,we make use
of a morphologicalopening26 with aviscousreconstruction
step,which detectsthecracksand�lls themin in onestep.
AbasandMartinez27, ontheotherhand,areinterestedin the
structureof the cracknetwork. They usea top-hatoperator
toextractthecracks,andthenextractdescriptiveinformation
aboutthecracknetwork soasto classifyit.

In thecontext of thispaper, weareinterestedin theability
of the viscousmorphologicalreconstructionto reconstruct
small detailswhile preventingcertainelementsfrom being
reconstructed.Viscosityis addedto standardmorphological
reconstructionby including anopeningaftereachgeodesic
dilationstep.Thechallengesfacedin thearthistoryapplica-
tion areillustratedschematicallyin thesimplebinaryexam-
ple shown in Figure5a. In this image,we wish to preserve
the thick line and all its detailsas accuratelyas possible,
while removing the thin lines which intersectit. The thin
lines areknown to have a diameterof lessthan10 pixels,
but intersectionscansometimesresultin thicker regions.An
openingof Figure5awith adisc-shapedstructuringelement
of radius5 is shown in Figure5b. As expected,thedetailson
thethick line have beensmoothed,however, not all thethin
lineshave beensuccessfullyremoved.Usinga largerstruc-
turing elementwould smooththe thick line evenmore,and
reconstructioncannotbe usedasthe thin lines intersectthe
thick line, andwould thereforebereconstructedtoo.

The useof viscousreconstructionis a good solution to
thisproblem.Webegin by creatingthemarker imageshown
in Figure5c by erodingFigure5aby a discof radius5 pix-
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(a) (b)

(c) (d)

Figure 5: (a) Initial image. (b) Openingof image (a) with a
discof radius5 pixels.(c)Marker imageobtainedbyeroding
image (a) with a discof radius5 pixels.(d) Viscousrecon-
struction for mask(a) from marker (c). Imagesare of size
256by256pixels.

els. To reconstructthe initial image,we usea 3 � 3 pixel
squarestructuringelementfor the geodesicerosionand a
disc of radius5 pixels asstructuringelementfor the asso-
ciatedopening.In orderto reconstructthesmalldetails,we
appendanextrageodesicdilationontothereconstructional-
gorithm. The resultof this reconstructionis shown in Fig-
ure5d.

4.3.2. Stroke Segmentationand Feature Extraction

Stroke segmentationin paintingsis relatedto the extrac-
tion and recognitionof handwriting 28. Lettersand words
in Westernlanguagesand symbolsor signs in Chineseor
Japaneselanguagesarebuilt of manuallydrawn strokesor
lines.Many approachesstartwith thresholdingandthinning
methods.While thesemethodsarefastandsave resources,
valuableinformationfor a moredetailedanalysisof strokes
requiresanapproachthatalsoincorporatesboundaryinfor-
mation29. We usedDoermann's segmentationalgorithmin
thesegmentationpartof ourapproach,sinceit providesboth
theboundaryof astrokeandits intensitypro�les, whichwill
beusedto characterizestrokes.Figure6 givesanoverview
of our approachconsistingof threebasicsteps,segmenta-
tion, boundaryre�nementandfeatureextraction.

Segmentation In the StepI, �rst edgelsEi(x;y) locatedat
thestroke contouraredetectedby a Canny edgedetector.
Second,basedon thehypothesisthatthegradientvectors
of theedgelspoint in oppositedirections,thesetof edgels

Figure6: Schematicdiagramof our approach

aregroupedinto distinctivepairs(crosssections).Finally,
neighboringcrosssectionsaregroupedinto setsandrep-
resenta stroke segment.Figure7(a)shows thecrosssec-
tionsgroupedinto onestroke segmentandthepolygonal
boundary. For furtheralgorithmicdetailsof we referto 5.

Boundary re�nement In StepII the approximationof the
stroke boundary by a closed polygon is re�ned by
"snakes",a methodbasedon active contours30. After de-
terminingthe principal componentof the edgeldistribu-
tion, thecontourissplit into two sides("top" and"bottom"
boundary)thataretreatedseparately. A setof grayvalue
pro�les, perpendicularto the axis, representthe domain
for thesnakealgorithm.Figure7(b)shows theequidistant
pro�les in the original image,and arrangedto form an
image(c). Thesnake movesthroughthis domainto mini-
mizeanenergy functionaldeterminedby innerparameters
controllingrigidity andtensionof thesnake andanexter-
nalenergy in�uencedby agradientvector�o w in orderto
provide accurateandfastconvergenceto boundarycon-
cavities.

Featureextraction Contourestimateswith differentlevels
of elasticity provide descriptive information by means
of deviation againsteachother. We usedtwo succeed-
ing snakes. The �rst rigid snake was initialized on the
coarsecontourestimate.The second,moreelasticsnake
proceedsfrom this position.Figure7(d) shows the con-
vergedrigid andnon-rigidsnakes.MEAN of thedeviation
and standarddeviation (SDV) of the deviation between
the two snakesareusedasdescriptive features.For more
detailsreferto 31.

4.4. SystemOutput

Thesystemwill provideobjective supportfor theinterpreta-
tion of underdrawingswith highqualityvisualizationsof IR-
re�ectogramscombinedwith color imageson theonehand,
on the otherhanda descriptionandclassi�cationof details
of theunderdrawing with respectto drawing toolsandmate-
rials.

When the objectsof interestare detectedanddescribed
by features(e.g.boundary, shape,orientation,color, andthe
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(a) (b)

(c) (d)

Figure 7: Segmentationand Re�nement(a) crosssections
and polygonal boundary (b) edgels with axis and gray
value pro�les (c) initial "top" and "bottom" boundary(d)
converged "rigid" (black) and "non-rigid" snakes (white-
dashed)

like) thesefeaturesmay be the input to the classi�cation
stage.Classi�cationbasicallyconsistsof two tasks17:

� investigationof the relation betweenthe imagefeatures
andtheobjectclasses

� the actualclassi�cation task, that selectsan optimal set
of featureswhich allows thedifferentobjectclassesto be
distinguishedwith minimumeffort andminimal errors

Resultsof the methodsdescribedabove have to be pre-
sentedin a visualform. Theregistrationof imagesfrom dif-
ferentsourceswill allow theprovisionof avisualoverlayof,
e.g.the imageof the paint layer andthe segmentedstrokes
of theunderdrawing.

5. Experimental Resultsand Discussion

Themethodsdevelopedwill beappliedto IR-re�ectograms
andtestpanels.Sincetheacquisitionof originalpanelswith
an IR camerais ongoingwork, IR-re�ectogramswith dif-
ferentdrawing tools arenot availableat present.We there-
fore testedthe segmentationand featureextraction algo-
rithm on testpanelsandthecrackremoval algorithmon IR-
re�ectograms.

(a) (b) (c)

Figure 8: (a) Initial image. (b) Erosionof (a) by a vertical
line of length10 pixels.(c) Viscousreconstructionof (a) us-
ing (b) asa marker.

5.1. Crack Removal

To show the applicationof the crackeliminationalgorithm
weuseFigure8a,whichcorrespondsto thelowersub-region
from the IR-re�ectogramin Figure1b. For theerosionstep
we took a priori information into account,namely that a
largemajority of thecrackshave a preferredorientation,as
discussedin theintroduction.For theimageunderconsider-
ation, this preferredorientationis horizontal.We therefore
take as our marker image an erosionof the initial image
by a vertical line of length10 pixels, shown in Figure8b.
The viscousreconstructionfrom this marker image,using
a 3 � 3 pixel squarefor the geodesicreconstruction,anda
disc-shapedstructuringelementof radius6 for theopening
step,is shown in Figure8c.While thecracksareeliminated
ef�ciently , thestructurein thestrokesremains.For morede-
tailswe referto Hanbury etal. 4.

5.2. StrokeSegmentationResults

In our experimentswe studiedthedifferencesof threetypes
of drawing tools - brush,chalk and graphite.Test panels
(21cm x 30cm) containingsetsof the mentionedstrokes
have beenpreparedby a restorer. The testpanelsweredig-
itized usinga �at-bed scannerwith an optical resolutionof
1200dpi. Detailsfrom images,asdepictedin Figure9 have
beencroppedmanually. Figure9 (a)shows a seriesof brush
strokes,(c) chalkstrokesand(e)graphitestrokes,all applied
in bottomupdirection.

The resultof the segmentationstepis illustratedin Fig-
ure9 (b),(d)and(f) respectively. Theboundaryof thestroke
segments,consistingof at least 20 crosssectionsare de-
picted.Thesegmentationalgorithmworks well for mostof
the brushstrokes and graphitestokes. Problemsarisee.g.
at left stroke in Figure9(a), which is not segmentedcom-
pletely, sincethestroke width parameterwassettoonarrow.
Thesegmentationalgorithmstill hasproblemswith overlap-
ping strokeslike the "arrow top " in the left moststroke of
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(a) (b)

(c) (d)

(e) (f)

Figure 9: Theleft columnshowsdetailsfromthetestpanel
withstrokesusedin ourexperiments:brushstrokes(873x729
pixel) (a), chalk strokes (992x631pixel)(c) and graphite
strokes(989x729)pixel)(e).Theright columnshowsanover-
lay of thedetectedboundariesof thesegmentationstep

Figure9(f) and(d).Problemsoccurwith thechalkstrokesin
Figure9(d) which aresegmentedinto many smallsegments
dueto theinhomogeneityof thestrokes.This necessitatesa
further processingstep,that will be handledtogetherwith
theoverlappingproblem.

5.3. Feature Extraction Results

For the re�nement and featureextraction step, the stroke
segmentsshown areused.First, the re�nement stepis ini-
tialized by the boundaryof the segmentationstep.Figure
10(a,c,e)shows the detectedboundaryof the segmentation
stepfor threeexamplestrokes. The re�nement algorithm,
i.e. theadaptationof thetwo snakeswith differentrigidity, is
appliedseparatelyto the "top" and"bottom" boundaryof a
stroke. Figure10(b,d,f)shows theexamplestrokestogether
with an overlay of the moreelastic(dottedbright line) and
morerigid snake (underlyingblackline). It canbeobserved
that the deviation of the rigid and elasticsnake is smaller
from the brushstroke thenthosefrom the black chalk and
graphitestrokes.

To show thedifferencescalculated,theSDV- andMEAN-
valuesof the deviationsof the two snakes, i.e. two values,

(a) (b)

(c) (d)

(e) (f)

Figure 10: Details fromthe testpanelshowingstroke used
in our experiments:brushstrokes(a), chalk strokes(c) and
graphitestrokes(e). Theright columnshowsan overlay of
thesnakesto correspondingstroke sample(b,d,f)

one for the "top" and one for the "bottom" boundary, are
plottedin the diagramof Figure11. The MEAN valuesof
thebrushstrokes(denotedascircles)areconcentratednear
zero,while thereis ahighervariationof theMEAN graphite
strokes(denotedas"x") andbrushstrokes(denotedasstars).
Similarly, the standarddeviation SDV of brushstrokes is
below 0.2 for all but two of the stroke borders.The SDV
valuesfor chalk andgraphiteis between0.2 and1.6 in our
samples.SousingtheSDV featurewill allow to distinguish
betweenbrush,i.e. a �uid drawing tool, and graphiteand
chalk respectively asdry drawing tools. Using a combina-
tion of SDV andMEAN thedataof oursamplescanbeused
to differentiatebetweengraphiteand chalk, sincemost of
thechalkvaluesarepositionedright andabove thegraphite
values.Still, theseresultsarepreliminaryandexperiments
with moresamplesarenecessary. Furthermorethereliability
of this differentiationcanbe improved if a setof strokesis
considered.As canbeobservedin underdrawings,in certain
regionsof adrawing, a groupof strokesareappliedwith the
samedrawing tool, e.g.ashatchesor crosshatches.

6. Conclusionand Outlook

In this paperwe presenteda �rst step towards a system
for automaticanalysisof IR-re�ectograms.Wehavedemon-
stratedtheapplicationof viscousmorphologicalreconstruc-
tion to eliminatethin lines(cracks),while retainingasmuch
detailaspossiblein thethicker lines(thebrushstrokes).The
suggestedapproachworkswell exceptin morecomplicated
regionsof a paintingwherethebrushstrokeshave a similar
width to thecracks.Furtherwork on separatingstrokesand
cracksbasedon their smoothnessremainsto be done.The
resultsfrom the boundaryanalysisalgorithmshow that the
contourfeatureextractedto initialize thesnakesthatmodel
the contourare a promisingway to obtainsatisfactory re-
sults,althoughimprovementsin thesegmentationareneeded
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Figure 11: Standard deviation (SDV) and MEAN of the
snake deviations.Thedeviationsare measuredon the"top"
and "bottom" boundaryof the individual brush,chalk and
graphitestrokes.

to copewith suddenvariationsof the contour, asshown in
Figure9.The�rst resultsshow, thatthevisualappearanceof
theboundaryof astrokecanbeusedfor discrimination.Fur-
therexperimentswith moresamplesarenecessaryto valitate
ourmethod.

Wefurtherplanto incorporateadditionalfeatures,like the
textureof thedifferenttypesof strokes,to geta measurefor
granularityof astroke.Furthermorewehave noticed,thatin
somecases,thereis adifferencebetweenthe"top" and"bot-
tom" boundaryof a stroke in dry drawing tools.This obser-
vation hasto be prooved andevaluated.As reported,some
problemsoccur in the segmentationstepif the strokes are
interrupted.Oneof our goalsis thereforeto improve thero-
bustnessof thesegmentationstepandto extendtheapproach
to segmentoverlappingand crossingstroke formationsas
e.g.reportedin 32.
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