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Abstract

Recentdevelopmentsn computervision are providing powerfultools for the evaluationof data gatheed by art
historians and archaeolg@ists. Nev camen hardware allows new insightsinto cultural heritage, especiallyif
infrared camens are concernedsincethey allow the of studystructuesthat are visually hidden.In this paper
preliminary resultsof developinga systemfor automaticanalysisof infrared re ectograms are presented\We
concentate on an algorithm for the automaticsegmentationof strokesin undedrawings- the basicconceptof
the artist - in ancientpanel paintingsand the remwal of cracks in infrared images. The purposeof the stroke
analysisis the determinationof the drawing tool usedto draft the painting This informationallows signi cant
supportfor a systematistylisticapproad in theanalysisof paintings.Stoke segmentatiorin paintingsis related
to the extraction and recaynition of handwriting therefore similar techniquesto segmentthe strokes from the
badgroundincorporating boundaryinformationare used.Resultsof the algorithmsdevelopedare presentedor

bothtestpanelsandreal re ectograms.

1. Intr oduction

Europesrich culturalheritageis oneof its importantassets.
Recwering more of this heritageand making it accessible
to the public mustbe a concernof researctwork alsoin the
future.For examplepanelpaintingsfrom 1400to 1520have
beenof greatin uence to Europearculture during this pe-
riod and beyond. To learn more aboutthe unknawvn draw-
ing techniquebelaw the coloredsurface can give new in-
sightsinto theworking of famousartistsor paintingschools
andsoincreasesigni cantly culturalknonvledgeandaware-
ness.Interdisciplinaryprojectsbetweerthe eld of art his-
tory and computerbasedimageanalysishave broughtnewv
aspectsn bothof the elds to save, protectandextendcul-
tural heritage While art historiansbene t from new objec-
tive analysismethodsandimproved ef ciency dueto com-
puterbasedsolutions for techniciansanew eld of applica-
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tion wasopenedwhich requiresheadaptatioranddevelop-
mentof algorithmsto the speci ¢ needf art history

A currentprojectdevelopsacomputetbasedanalysissys-
temof underdravingsin medieval paintingsUnderdravings
are the basic conceptof an artist when he startsthe cre-
ation of his work of art. Thereforethe art historiansand
restorersareinterestedn investigationof theseunderdrav-
ings.Moreover, asystemati@nalysisstartingwith medieval
paintings,over a longer periodwill bring insightsinto the
practicein painting schoolswhich is still rarely examined
upto now.

Normally the underdraving is hiddenby covering paint
layersand s invisible to the obserer in the visible light
spectrum.Using sensorsthat are sensiblein the nearin-
frared,especiallyin thespectratangefrom 1000nmto 2400
nm, underdravings of paintingscanbe visualized,evenbe-
low the hardly penetrablecolorsblue andgreenin the paint
layer Figurel (a) shavs animageof apanebaintingandthe
visualizationof the underdraving by anIR-re ectogram(b)
takenfrom a detail of the paintingasoutlinedin (a).
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Figure 1: "Adoration of the Kings", masterof the Sthotten-
stift (1470): (a) color image (b) image taken in the near IR
range (700nm-90Gm)

To beableto investigatémageprocessingnethoddgor the
analysisof underdravingsaspeci ¢ acquisitionsystemwith
a high resolutioninfrared camerais necessaryin contrast
to otherinfrared projects® 23 our goalis not only to digi-
tize, visualize andimprove imagesof underdravings, but to
analyzethe structureof the underdravings with methodsof
imageprocessingand patternrecognitionto obtaininsights
from the unknavn working proceduren mediezal painting
schoolsof famousartists.

In this paperwe presenta systemthat will usethe IR-
re ectographytechniqueto obtaindigital imagesof under
drawings andthatwill applyimageanalysismethodso ex-
tract objective andreproducibleinformationto supportthe
expertsin studying underdravings. Although parts of the
systemarewell-known algorithmsandhave beenpublished
elsavhere 3, this paperwill introducea new challenging

eld for imageanalysison works of art. The paperis orga-
nizedasfollows. First a motivation will shav the needfor
a computationakupportfor the analysisof paintings.Sec-
tion 3 givesart historicfacts,necessaryor the development
of algorithms.The component®f the systemaredescribed
in Section4, with emphasi®n theimagepreprocessingdpr
crackelimination,stroke sggmentatiorandstrole featureex-
traction.Section5 presentsanddiscusseshe resultsof ap-
plying thealgorithmsdevelopedto IR-re ectogramsaswell
astestimages Section6 will concludewith abrief overview
of work in progressandfuturework.

2. Motivation

Sincethe late 1960sexaminationof paintingswith IR pho-
tographyand IR-re ectographyopeneda newv window for
the art historian,restorer and conserator into the working
proces®f artistst 7:8 91011 |t helpecto visualizetheunder
drawing onthegroundof apaintingandofferedsofartotally

(b)

Figure 2: Color instructions:(a) the original painting (b)
colorinstruction"W" in theright-top part of theundedraw-
ing

unknawvn typesand forms of compositiondesignfrom the
14thto the 16th century During the last twenty yearstech-
niguesof IR-re ectographyhave developedfurther world-
wide andhave beenmoreandmoreadaptedo the needof:

Examinationof paintings!z 13
Restoratiorandconseration 14
Fake detectiont

Meanwhile,mary leadingmuseumsand centersfor art re-

searchand consenration (i.e. Victoria and Albert Museum,
HanardMuseum)have installedtheirown IR equipmenfor

regularuseandspecializedesearctprojectsareon the way
in several countries.But dueto the lack of stateof the art
digital IR camerasthe potential of digital image analysis
for this eld of researchs not used.Thereforea signi cant

supportfor a requiredsystematicstylistic approachin the
analysisof medieval and Renaissanc@aintingsusing un-

derdravingsis still missing?s.

Fromthe conserator's point of view answerson individ-
ual partsof theworking processwill begivenconcerning:

Executionbetweerthe rst conceptandthe nal result
Visualization of paint instructionsin terms of written
color nameg(Figure 2b shavs an exampleof a paintin-
structionvisible in theinfraredimage"W = white")
Differentiationbetweenfreehanddravings anddrawings
appliedwith differentkindsof stencils!4.

Aside from the large numberof imagesacquiredandthe
improvementof theseimages— this is alreadystateof the
art 16 — the innovation of this projectis the computerbased
analysisof the structureof the underdraving. 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 retentvenesscomplicatesthe
comparisorof differentunderdravings concerningdrawving
tools,drawving materials andstroke characteristics.
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3. Art Historic Background

In conserationandarthistorythreeprominentquestionsare
of particularinterest.The rst questiondealswith thedevel-
opmentof underdravings andtheir relationsto otherdraw-
ings andbetweerunderdravings andthe covering painting.
Secondly art historiansand restorersare interestedin the
style of theunderdraving, andwhethertheunderdraving is
sketchy freehandor a copy from atemplate Finally anim-
portantquestions, whatkind of materialsanddrawing tools
areusedin anunderdraving 3.

The systempresentedn this paperwill contritute to an-
sweringthelastquestionwhile providing answersconcern-
ing the style or developmentsof underdravings will be part
of future researchin orderto analyzethe strokes with re-
spectto the drawing tools used the visualappearances in-
vestigatedThefollowing sectiongivesa characterization.

3.1. Characterizing Drawing Tools/ Materials

Drawing toolsusedin medieval panelpaintingscanbecate-
gorizedinto two differenttypes,into thosethatare uid and
into a group consistingof dry draving material3. In Fig-
ure 3 six examplesof a stroke for both of the groupsare
depicted.Threestrolesrepresenthe classof drawing tools
using uid materials(a,c,e)andthreestrokesrepresentlry
materials(b,d,f). Theseexampleshave beentaken from a
panelpreparedor our experimentdy arestorer

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

Our analysisapproachis basedon the obseration that
prominentcharacteristicef dravn strokesarevariationsof
shapeandvariationsof theintensityin thedraving direction.
Table 1 givesan overview of the characteristicef the two
groupsof drawing tools.The rst characteristiove analyzed
is the boundaryof a strolke. It can be obsered that there
arevariationsin smoothnesslependingon the drawing tool
used While strokesappliedwith apenor brushusinga uid
mediumshav a smootheboundarytheboundaryof stroles
appliedwith a dry material,e.g. black chalk or graphiteis
lesssmooth.
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Table 1: Characteristicsof differentdrawingtoolsand ma-
terials

Tools/Materials Characteristics

uid lines

- continuousandsmooth

- vary in width anddensity

- poolingof paintattheedges
- dropletattheend

- differentendingg(brush/pen)

uid materials
- paintor ink appliedby
penor brush

dry materials dry lines

- charcoal - lessvariationin width
- chalks - lesscontinuous

- metalpoints - moregranular

- graphite

4. SystemOverview

The analysissystem,accordingto the standardprocessof
digital imageanalysis!’, consistsof an acquisitionstep,a
preprocessingtep,an image processingstepand nally a
classi cationstep.A schematioverview is givenin Figure
4. Sincethe systemis still underdevelopmentwe canonly
presentheimageprocessingartin moredetail.In thefol-
lowing sectiongheprocessingtepsandthe subtaskswvill be
discussed.

Acquisition Pre- Image- System
(Input) proc essing proc essing Output
Image- Crack-

IR- Improvement removal Tool
reflectogram classi fication
—- Mosaicing —- Stroke-‘ —-

Color- segmentation Visu alization
image
Registration Feature

extraction

Figure 4: Systenoverviav

4.1. Acquisition

The quality of animageacquiredandthereforethe quality
of theinformationof theimageshasa greatin uence onthe
succes®f theimageprocessingandanalysisphase!®. Van
AsperenDe Boer1® shaved thatthe rangeof optimaltrans-
mittancefor mary visually opaquepaintlayersis locatedin
the region around2 pm, which is only accessibléby spe-
cial electronicimaging devices. For our purposewe usea
Focal PlaneArray Camera(FPA) with a PtSisensorwhich
hasa sensitvity rangefrom 1.0 um to 5.7 um that canbe
adaptedy usingabandpasslter . FPA camerasiave higher
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thermalstability, higher resolutionand lessgeometricdis-
tortionsthanVidicon camerasThe digital imagescaptured
fulll the requirementawith respectto radiometricresolu-
tion, geometricdistortions,pixel-resolutionand sensitvity
constang overtime for theapplicationof furtherprocessing
stepsté.

4.2. Preprocessing

Whenacquiringanimagewith aninfraredarray noisefrom
the detectoraswell asfrom theillumination sourceis to be
expectedi®. Equallydistributeddetectomoiseis reducedy
calculatingtheaverageimagefrom a seriesof imagestaken
with the samecamerasetup?0.

Due to non-uniformillumination or inhomogeneitiesn
the sensitvity of the sensomrray theintensityvaluesof the
digital imagearevary (radiometricdistortions).The devia-
tions of the intensity valuesare measuredn imagestaken
from a uniform coloredtest-plane This allows corrections
of sensoresponsén alreadyacquiredmages?!.

An important preprocessingstep for building IR-
re ectogramsof larger paintingsis mosaicing.Panelpaint-
ings canhave sizesof 2m by 2m or evenlarger, but theres-
olution andthe pixel numberof the cameras limited. In or-
derto geta completelR-re ectogramof a painting,smaller
subimagesare stitchedtogetherinto onelargerimage.The
alignmentof imagesdependn the geometryof the acqui-
sition setup,i.e. how the camerais moved with respectto
the object.In the simplestcasetheseare pureimage-plane
translationsThis canbe obtainedif the camerais mounted
onanXY-shift unit. Thisacquisitionsetupfurtherallows the
combinationof the two overlappingpartsby simpleaverag-
ing. Finally changesof the brightnessin differentimages,
whichis usuallyaresultof automatiqgaincontrolhave to be
correctedUsing a positioningunit, which shiftsthe camera
andthustheimageplanewithin avirtual plane planarimage
mosaicingmethod<2 canbeapplied.

4.3. Image Processing

Onemajorgoalof theprojectis to identify thedrawing tools
usedby the painterto createthe underdraving from the ap-
pearanceof the strokesin the IR-re ectogram.A stepto-

wardsthe identi cation is the sgmentationof the individ-

ual strokes.Fromthe segmentatiorpoint of view, cracksare
treatedas structuralnoiseandwill produceartifactsin the
segmentationstep.To overcomethis problem,our intention
is to eliminatethe crackswhile keepingthe boundariesof

thestrolkesasaccuratelyaspossiblefor furtheranalysisThe
following sectionawill presen{1) amathematicamorphol-
ogy basedmethodfor detectionand elimination of cracks,
(2) an edge-basednethodfor 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
causechangesn the dimensionalityof the panels.While
youngerpigmentlayers are elasticenoughto follow con-
tractions,a network of ne cracks(craquelémay cover the
whole paintingduringthe agingprocessThe exampleof an
IR-re ectogramdepictedin Figure 1(b) shavs several dark
thin horizontallyalignedlinesrepresentinghe cracksin the
groundlayer The patternof the cracksis determinedy the
backgroundused.In the caseof woodenpanelsthe cracks
areprimarily orientedperpendiculato thegrain23.

Willingen et al. 24 have studiedthe appearancef cracks
anddeterminedeature<o classifydifferenttypesof cracks.
They differentiate betweenfeaturesof individual cracks
(smooth jaggeddepth,thicknessetc.)andfeaturesof crack
patterngdistancebetweercracks typeof junctions).A sim-
ilar problem hasbeentreatedby Giakoumis and Pitas 5.
They useathreestepprocessavhich rst detectsthe cracks
usinga top-hatoperator separatethemfrom brushstrokes
using color information,andthen lls themin. In contrast
to this work, we areworking on greyscaleimages(recorded
in the infra-redregion). We thereforehave no color infor-
mationfor separatinghe cracksfrom thebrushstrokes.The
informationwe startwith is that cracksare usually thinner
thanthe brushstrokes, and that they have a favored orien-
tation. To take this informationinto account,we make use
of amorphologicalopening?® with aviscousreconstruction
step,which detectsthe cracksand lls themin in onestep.
AbasandMartinez2?, ontheotherhand areinterestedn the
structureof the cracknetwork. They usea top-hatoperator
to extractthecracks andthenextractdescriptve information
aboutthe cracknetwork soasto classifyit.

In thecontet of this paperwe areinterestedn theability
of the viscousmorphologicalreconstructiorto reconstruct
small detailswhile preventing certainelementsrom being
reconstructedViscosityis addedto standardnorphological
reconstructiorby including an openingafter eachgeodesic
dilationstep.Thechallengegacedin thearthistoryapplica-
tion areillustratedschematicallyin the simplebinary exam-
ple shavn in Figure5a. In this image,we wish to presere
the thick line and all its detailsas accuratelyas possible,
while remaring the thin lines which intersectit. The thin
lines are known to have a diameterof lessthan 10 pixels,
but intersectiongansometimesesultin thicker regions.An
openingof Figure5awith adisc-shapedtructuringelement
of radius5 is shavn in Figure5hb. As expectedthedetailson
thethick line have beensmoothedhowever, not all the thin
lines have beensuccessfullremored. Using a larger struc-
turing elementwould smooththe thick line even more,and
reconstructiorcannotbe usedasthe thin lines intersectthe
thick line, andwould thereforebereconstructedoo.

The use of viscousreconstructioris a good solution to
this problem.We begin by creatingthe markerimageshavn
in Figure5c by erodingFigure5aby a disc of radius5 pix-
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Figure5: (a) Initial image. (b) Openingof image (a) with a
discof radius5 pixels.(c) Marker image obtainedby eroding
image (a) with a disc of radius5 pixels.(d) Viscousrecon-
structionfor mask(a) from marler (c). Images are of size
256y 256 pixels.

els. To reconstructhe initial image,we usea 3 3 pixel
squarestructuringelementfor the geodesicerosionand a
disc of radius5 pixels as structuringelementfor the asso-
ciatedopening.In orderto reconstructhe small details,we
appendanextrageodesidilation ontothereconstructioral-
gorithm. The resultof this reconstructioris shavn in Fig-
ure5d.

4.3.2. Stroke Segmentationand Feature Extraction

Stroke sggmentationin paintingsis relatedto the extrac-
tion and recognitionof handwriting28. Lettersand words
in Westernlanguagesand symbolsor signsin Chineseor
Japaneséanguagesre built of manuallydravn strokes or
lines.Mary approachestartwith thresholdingandthinning
methods While thesemethodsarefastand save resources,
valuableinformationfor a moredetailedanalysisof strokes
requiresan approactthatalsoincorporateoundaryinfor-
mation2®, We usedDoermanns segmentationalgorithmin
thesegmentatiorpartof ourapproachsinceit providesboth
theboundaryof a stroke andits intensitypro les, which will
be usedto characterizestroles. Figure 6 givesan overvien
of our approachconsistingof threebasicsteps,segmenta-
tion, boundaryre nementandfeatureextraction.

Segmentation In the Stepl, rst edgelsEj(x;y) locatedat
the stroke contouraredetectedy a Canry edgedetector
Secondpasedon the hypothesighatthe gradientvectors
of theedgelgpointin oppositedirections the setof edgels
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Figure 6: Shematicdiagram of our approach

aregroupednto distinctive pairs(crosssections)Finally,
neighboringcrosssectionsaregroupedinto setsandrep-
resenta stroke sggment.Figure 7(a) shavs the crosssec-
tions groupedinto one stroke segmentandthe polygonal
boundaryFor furtheralgorithmicdetailsof we referto °.

Boundary re nement In Stepll the approximationof the
strolke boundary by a closed polygon is re ned by
"snales”,amethodbasedon active contours®. After de-
terminingthe principal componenof the edgeldistribu-
tion, thecontouris splitinto two sidey("top" and"bottom"
boundary)thataretreatedseparatelyA setof gray value
pro les, perpendiculato the axis, representhe domain
for thesnale algorithm.Figure7(b) shavs theequidistant
pro les in the original image,and arrangedto form an
image(c). Thesnale movesthroughthis domainto mini-
mizeanenegy functionaldeterminedy innerparameters
controllingrigidity andtensionof the snale andanexter-
nalenegy in uencedby agradientvector o w in orderto
provide accurateandfast corvergenceto boundarycon-
cavities.

Feature extraction Contourestimatewith differentlevels
of elasticity provide descriptve information by means
of deviation againsteachother We usedtwo succeed-
ing snales. The rst rigid snale was initialized on the
coarsecontourestimate.The secondmore elasticsnale
proceedsrom this position. Figure 7(d) shawvs the con-
vergedrigid andnon-rigidsnales.MEAN of thedeviation
and standarddeviation (SDV) of the deviation between
the two snalesareusedasdescriptie featuresFor more
detailsreferto 31.

4.4. SystemOutput

Thesystemwill provide objective supportfor theinterpreta-
tion of underdravingswith high quality visualizationf IR-
re ectogramscombinedwith colorimageson theonehand,
on the otherhanda descriptionandclassi cation of details
of theunderdraving with respecto drawving toolsandmate-
rials.

When the objectsof interestare detectedand described
by featurege.g.boundaryshapeprientation,color, andthe
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Figure 7: Sgmentationand Re nement(a) crosssections
and polygonal boundary (b) edgls with axis and gray
value pro les (c) initial "top" and "bottom" boundary(d)
corverged "rigid" (black) and "non-rigid" snales (white-
dashed)

like) thesefeaturesmay be the input to the classi cation
stage Classi cationbasicallyconsistof two tasks!’:

investigationof the relation betweenthe imagefeatures
andtheobjectclasses

the actualclassi cation task, that selectsan optimal set
of featureswhich allows the differentobjectclassego be
distinguishedvith minimumeffort andminimal errors

Resultsof the methodsdescribedabove have to be pre-
sentedn avisualform. Theregistrationof imagesfrom dif-
ferentsourceswill allow theprovision of avisualoverlayof,
e.g.theimageof the paintlayer andthe sggmentedstroles
of theunderdraving.

5. Experimental Resultsand Discussion

The methodsdevelopedwill beappliedto IR-re ectograms
andtestpanels Sincethe acquisitionof original panelswith
an IR camerais ongoingwork, IR-re ectogramswith dif-
ferentdrawing tools are not available at presentWe there-
fore testedthe segmentationand feature extraction algo-
rithm ontestpanelsandthe crackremoval algorithmon IR-
re ectograms.

(©

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

5.1. Crack Removal

To shav the applicationof the crackeliminationalgorithm
we useFigure8a,whichcorrespondso thelower sub-rgjion

from the IR-re ectogramin Figure 1b. For the erosionstep
we took a priori information into account,namely that a
large majority of the crackshave a preferredorientation,as
discussedn theintroduction.For theimageunderconsider
ation, this preferredorientationis horizontal.We therefore
take as our marker image an erosionof the initial image
by a vertical line of length 10 pixels, shavn in Figure 8h.

The viscousreconstructiorfrom this marker image, using
a3 3 pixel squarefor the geodesiaeconstructionand a
disc-shapedtructuringelementof radius6 for the opening
step,is shawn in Figure8c. While the cracksareeliminated
efciently, thestructuren the strokesremainsFor morede-
tailswe referto Hanlury etal. 4.

5.2. Stroke SegmentationResults

In our experimentsve studiedthe differencesf threetypes
of drawing tools - brush, chalk and graphite. Test panels
(21cm x 30cm) containingsetsof the mentionedstroles
have beenpreparedoy a restorer The testpanelsweredig-

itized usinga at-bed scannewith an optical resolutionof

1200dpi. Detailsfrom imagesasdepictedn Figure9 have

beencroppedmanually Figure9 (a) shavs a seriesof brush
strokes,(c) chalkstrokesand(e) graphitestrokes,all applied
in bottomup direction.

The resultof the sggmentationstepis illustratedin Fig-
ure9 (b),(d)and(f) respectrely. The boundaryof thestroke
segments,consistingof at least20 crosssectionsare de-
picted. The segmentationalgorithmworks well for mostof
the brush strokes and graphitestokes. Problemsarise e.g.
at left stroke in Figure 9(a), which is not sggmentedcom-
pletely, sincethe stroke width parametewassettoo narrow.
Thesegmentatioralgorithmstill hasproblemswith overlap-
ping strokeslike the "arrow top " in the left moststroke of

¢ TheEurographic#ssociation2003.
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Figure 9: Theleft columnshowsdetailsfromthetestpanel
with strokesusedn our experimentsbrushstrokes(873x729
pixel) (a), chalk strokes (992x631 pixel)(c) and graphite
strokes(989x729)ixel)(e).Theright columnshowsanover
lay of the detecteoundariesof the sgmentatiorstep

Figure9(f) and(d). Problemsoccurwith the chalkstrokesin

Figure9(d) which aresggmentednto mary smallsegments
dueto theinhomogeneityof the strokes. This necessitatea
further processingstep, that will be handledtogetherwith

theoverlappingproblem.

5.3. Feature Extraction Results

For the re nement and feature extraction step, the strole

segmentsshavn are used.First, the re nementstepis ini-

tialized by the boundaryof the segmentationstep. Figure
10(a,c,e)shavs the detectedboundaryof the sgmentation
stepfor three example strokes. The re nement algorithm,
i.e.theadaptatiorof thetwo snaleswith differentrigidity, is

appliedseparatelyto the "top" and"bottom" boundaryof a
stroke. Figure 10(b,d,f)shavs the examplestrokestogether
with an overlay of the more elastic(dottedbright line) and
morerigid snale (underlyingblackline). It canbe obsered
that the deviation of the rigid and elasticsnale is smaller
from the brushstrole thenthosefrom the black chalk and
graphitestrolkes.

To shaw thedifferencesalculatedthe SDV- andMEAN-
valuesof the deviations of the two snales, i.e. two values,

¢ TheEurographicsAssociation2003.
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Figure 10: Details fromthe testpanel showingstroke used
in our experimentsbrushstrokes(a), chalk strokes(c) and
graphite strokes (e). Theright columnshowsan overlay of
the snalesto correspondingstroke sample(b,d,f)

one for the "top" and one for the "bottom" boundary are
plottedin the diagramof Figure 11. The MEAN valuesof

the brushstrokes (denotedascircles)are concentratechear
zero,while thereis ahighervariationof the MEAN graphite
strokes(denotedas"x") andbrushstrokes(denotedasstars).
Similarly, the standarddeviation SDV of brushstroles is

belowv 0.2 for all but two of the stroke borders.The SDV

valuesfor chalk andgraphiteis between0.2 and1.6in our

samplesSousingthe SDV featurewill allow to distinguish
betweenbrush,i.e. a uid drawing tool, and graphiteand
chalk respectiely asdry drawing tools. Using a combina-
tion of SDV andMEAN thedataof our samplesanbeused
to differentiatebetweengraphiteand chalk, since most of

the chalkvaluesarepositionedright andabove the graphite
values.Still, theseresultsare preliminary and experiments
with moresamplesrenecessaryFurthermorehereliability

of this differentiationcanbe improvedif a setof strokesis

consideredAs canbeobsenredin underdraings,in certain
regionsof adrawing, agroupof strokesareappliedwith the
samedrawing tool, e.g.ashatchesr crosshatches.

6. Conclusionand Outlook

In this paperwe presenteda rst steptowardsa system
for automaticanalysiof IR-re ectogramsWe have demon-
stratedthe applicationof viscousmorphologicakeconstruc-
tion to eliminatethin lines(cracks) while retainingasmuch
detailaspossiblen thethicker lines(thebrushstroles).The
suggeste@pproachworkswell exceptin morecomplicated
regionsof a paintingwherethe brushstroleshave a similar
width to the cracks.Furtherwork on separatingtrokesand
cracksbasedon their smoothnessemainsto be done.The
resultsfrom the boundaryanalysisalgorithmshav thatthe
contourfeatureextractedto initialize the snalesthat model
the contourare a promisingway to obtain satishctory re-
sults,althoughimprovementsn thesegmentatiorareneeded
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Figure 11: Standad deviation (SDV) and MEAN of the
snale deviations. Thedeviationsare measued on the "top"
and "bottom" boundaryof the individual brush, chalk and
graphitestrokes.

to copewith suddenvariationsof the contour asshowvn in
Figure9. The rst resultsshaw, thatthevisualappearancef
theboundaryof a strolke canbe usedfor discrimination Fur-
therexperimentsvith moresamplesrenecessaryo valitate
our method.

Wefurtherplanto incorporateadditionalfeatureslik e the
texture of the differenttypesof strokes,to geta measurdor
granularityof a stroke. Furthermorewe have noticed thatin
somecasesthereis a differencebetweerthe"top" and"bot-
tom" boundaryof a stroke in dry drawing tools. This obser
vation hasto be prooved and evaluated.As reported,some
problemsoccurin the sggmentationstepif the strokes are
interrupted Oneof our goalsis thereforeto improve thero-
bustnes®f thesegmentatiorstepandto extendtheapproach
to sggmentoverlappingand crossingstroke formationsas
e.g.reportedn 32,
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