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Abstract

In thisthesis,wepresentasemi-automaticmethodfor thegenerationof bas-reliefs

from agivenshape.A Bas-reliefsis anartisticsculpturalrepresentationof a three

dimensionalscenewhich possessesanegligible depth.

Themainideabehindourmethodis to work with a rangeimage,whosedepth

interval sizeis compressedin a featurepreservingway. Ourapproachoperatesin

the gradientdomain,whereaswe alsopresentan extensionwhich works on the

Laplacian. The algorithmrelieson the achievementsof High-Dynamic-Range-

Compressionandadaptsnecessaryelementsto ourpurpose.

Wemanipulatethepartialderivativesof therangeimageratherthantheimage

dataitself. Thesederivativesarecompressedby applyinganattenuationfunction

which leadsto a relativeconvergenceof theentries.By a featureenhancingtech-

niqueweboostsmalldetailsin orderto keepthemperceivablein theresult.In the

end,thecompressedandenhancedpartialderivativesarerecombinedto the�nal

bas-relief.

Theresultsexhibit a very smalldepthrangebut still containperceptuallyim-

portantdetails. A usercanspecify the desiredcompressionratio andsteerthe

relevanceof small featuresin the outcome. The approachis intuitive, fastand

worksverywell for highcompressionratiosasexperimentshaveshown.

Possibleapplicationsareof artisticnaturelikesculpting,embossment,engrav-

ing or carving.
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Chapter 1

Intr oduction

Thisthesisbeginswith de�nitions andanexplanationof theproblemsetting.Then

we describethe contribution of our approach.After that we introduceandex-

plain somebasicsandnomenclature.At theendof this introductionwe presenta

prospectof how this thesisis furtherstructured.

1.1 Moti vation

Figure1.1: a Persianrelief portrayinga hunt (left); a corridor wall of the Bud-
dhistictempleBorobudurin Java,Indonesia(right); bothimagescourtesyof [29]

A relief is asculpturedartwork whereamodeledform projectsout from a�at

background[29]. Therearetwo differentkinds of reliefs. Oneis the so called

high-relief or alto-relievo which allows thatobjectsmaystandout signi�cantly

1



2 CHAPTER1. INTRODUCTION

from thebackgroundor areevencompletelydetachedfrom it. This kind of relief

is not furtherconsideredhere.

A bas-reliefor basso-relievo is carvedor embossedinto a�at surfaceandonly

hardlysticksoutof thebackground.Bas-reliefsareof asmallheightandgivethe

impressionof a threedimensionalsceneif they areviewed from an orthogonal

vantagepoint. They have beenusedby artistsfor centuriesto decoratesurfaces

like stonemonuments,coinsor vases.Figure1.1 shows someartwork examples

from differentcultures.

Today, in thetimeof 3D printers,automaticmilling devicesandlasercarvers,

bas-reliefsareusedin many differentareaslike thedecorationof dishesandbot-

tles, the productionof diesor sealsin order to mark productswith a company

logoandthey arestill appliedin coinageandthecreationof modernpiecesof art.

Figure1.2containssomemorerecentexamples.

Figure1.2: moderncoin showing Max Planck(left); hugestonecarvingin Stone
Mountain,Georgia,USA (right); bothimagescourtesyof [29]

Let us supposethat we are given an arbitrary syntheticmodel and want to

createanembossmentof it on a metallicplate.Theproblemis that in mostcases

thedepthof themodelexceedsthe thicknessof thematerial.Hence,in orderto

make this embossmentpossible,it is necessaryto compressthespatialextendof

theobjectto a fractionalamountof its initial size.

At �rst glance,this seemsto bequitesimple,becauseonecouldapplyglobal

linearrescalingwhich servestheneeds.However, thefeaturepreservationof this

methodsis very poor. Figure1.3shows theStanfordarmadillomodel [15] anda
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Chineseliondog [1] aswell astheir linearly rescaledversionandthecorrespond-

ing resultsof our approach.In thelinearly rescaledcase,theviewer canonly see

the outlineandestimatetheglobal shape,which appearsto bevery �at. Due to

the lack of visually importantdetailsin the outcome,this naive approachis not

applicable.Whereas,our resultstill containssmall featureswhich give a precise

impressionof theconstitutionof theobject'ssurface.

Figure1.3: In theleft columntheinitial modelis shown; themiddlecolumncon-
tainstheresultsafterusingthenaive linearrescalingapproachfor a compression
to 2%of its formerextend;theoutcomeof ourmethodis shown ontheright, note
that they arecompressedto the sameamount;the detailsin the middle images
arealmostnotperceivable,whereasthereliefsgeneratedby ouralgorithmexhibit
many small featureslike thedifferentmusclepartsandthemail structurefor the
armadilloor thehair andtheclawsof theliondog
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Thisexampleshowsthatthesolutionto theproblemof compressingthedepth

of a model in a featurepreservingway is not straightforward. Nevertheless,we

presentasimplemethodto overcomethischallenge.

We do not compresstheheight�eld immediatelybut we changeits gradient.

A rescalingof thegradientcomponentswould not improve the featurepreserva-

tion either. Thereforewe attenuatethem�rst, andbooststheir high frequencies

afterwards. This enhancementhelpsus to keepsmall visually importantdetails

perceivable in the result. In the end, the manipulatedgradientcomponentsare

recombinedto the�nal bas-relief.

1.2 Goal

Ouraimis to provideasemiautomaticsystemwhichsupportsanartistin produc-

ing bas-reliefs.Givenashape,we wantto �atten it without losingtheimpression

aslong asit is seenfrom the samevantagepoint. Of course,any kind of com-

pressionmodi�es thegeometryof a model,but our goal is to createa versionof

smallerspatialextentwhichstill hasasimilar appearance.That'swhy wehave to

keeptheperceptuallyrelevantdetailsup throughthecompressionprocess.

Our approachcan be applied in any areaof syntheticor real world shape

decoration.Examplesare3D printing,milling, embossment,sculpting,carvingor

engraving.

Nowadays,it is still the casethat mints designstampsfor the productionof

coinsor medalsonaCAD machineby handfrom scratch.A useof syntheticdata

asinput is not possibleyet, or it is rescaledlinearly like it wasdescribedabove.

Ourmethodcontributesto bridgethisgapby generatingvirtual prototypes.

1.3 Fundamentals

Rangeimagesalsocalledheight �elds or depthmapsareaspecialclassof digital

imageswhich cover heightrespectively distanceinformationbasedon a regular

two dimensionalgrid z = I (x; y). Dueto thefact thatthis informationdescribes

shapesin a3D sceneit is oftendenotedasa2.5Drepresentation.
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A rangeimagecanbeachievedin differentways.Oneexampleis ray casting

a 3D scene,which meansthatfor everypixel in theprojectionplanea ray is shot

andthe distanceto the �rst intersectionwith the sceneis measured.If suchan

intersectiondoesnot exist, thecorrespondingpixel will besetto a default back-

groundvalue.Z-buffering is a relatedtechnique.Herea givensceneis rendered

with the nearand far clipping planechosenin a way that they tightly enclose

thescene,after thatthez-buffer, which now containsthedistanceinformation,is

readout.

Theseapproachesonly work for virtual scenes.In contrastto that,a3D scan-

ner canproducedepthmapsof a realworld objectfrom differentviewpoints.

An importantpropertyof height �elds is that they consistof a foreground

part,containingoneor moreobjects,andabackgroundpartwhich is �lled with a

default valueusuallyverydifferentfrom theforegrounddata.

In this thesisweexclusively describedepthcompression, whichmeansthere-

ductionof amodel'sdepthextent.Weusethewordscompressionandcompressed

only in this context. In no case,storage compressionof rangeimages,thatuses

differentrepresentationsin orderto consumelessresources,like in [6] is meant.

In the following, the term compressionratio describesthe relationbetween

thelengthof thedepthinterval afterandbeforetheprocessing:

compressionratio =
M axr esul t � M in r esul t

M axor ig inal � M in or ig inal
(1.1)

Here,M axr esul t andM in r esul t representthe upperandlower boundariesof the

entriesat the objectpixels after the depthcompression(only foregroundpixels

counthere).M axor ig inal andM in or ig inal standfor thecorrespondingextremaof

theinitial shape.

1.4 ThesisOutline

Thenext chaptercontainsa survey of theactualstateof affairsin theareaof bas-

reliefgenerationandwestudythein�uenceof relatedresearch�elds. Furthermore

theimportancefor differentkindsof applicationsis investigated.In Chapter3, we

describethedifferentphasesof ourgradientdomainapproachandtheeffectsthey
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have on the intermediateresults.We presentseveralbas-reliefswhich have been

obtainedwith the help of this methodand analyzehow the usercan in�uence

theresults.After that,thealgorithmis discussedin detailandcomparedto other

existing bas-reliefgenerationtechniques.Chapter4 describeshow the gradient

domainapproachis raisedto theLaplaciandomain.Thisextensionandits differ-

encesto themethodin Chapter3 areinvestigatedafter thecorrespondingresults

arepresented.In Chapter5 wewrapupandgiveanoutlookon futureresearch.



Chapter 2

RelatedWork

In thischapterwedescribewhathasbeendonein theareaof bas-reliefgeneration

and relatedresearch�elds so far. In the end we explain how our methodcan

supportexistingapplicationsfor digital shapedecoration.

2.1 High-Dynamic-Range-Compression

Theproblemof depthcompressionfor shapesis closelyrelatedtoHigh-Dynamic-

Range-Compression(HDR-Compression)which is a hot topic in theareaof dig-

ital photography. HDR-Imagescontain luminancevaluesdistributed in a very

largeinterval, e.g.acontrastrelationin theorderof 250.000:1.Thegoalof HDR-

Compression,alsocalled tone mapping, is to diminish this interval in order to

make it possibleto display the correspondingLow-Dynamic-RangeImageson

regularmonitors,which requirea contrastrelationof at most1000:1,in thecase

of an up-to-dateTFT-device. It is necessarythat visually importantdetailsare

preserved during the compressionprocess.In the last yearsthis areahasbeen

intensively studied,see [9], [10], [27] and [18] for example.

Figure2.1 motivatesthe problemsetting. It shows the HDR imagesof the

StanfordMemorial Churchand its correspondingLow-Dynamic-Rangeresults

whichwereobtainedby differentmethods.

7
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Figure2.1: Original HDR-image(courtesyof Paul Debevec) (left); resultafter
applyingthemethodof [27] (middle);outcomeof theapproachof [11] (right);
the detailsin the windows arevery well reproducedin both cases,but the �oor
andthe stepsin the right imagelook morenatural;moreover the contrastin the
middleleft andupperright partof theimagesis betterenhancedby themethodof
[11]

SinceBas-reliefgenerationhasto ”squeeze”ashapeinto the availabledepth

rangewithout destroying perceptuallyrelevant features,it canbe regardedasa

geometricpendantto tonemapping.

Our methodmainly relieson the pioneeringwork of [11]. Their main idea

is to work in thegradientdomainandmanipulatethepartialderivativesin a way

that largemagnitudesareattenuatedstrongerthanlow ones.Therefore,they use

a multi-resolutionapproach.In theend,they recombinethegradientcomponents

to thenew low dynamicrangeimage.

Nevertheless,an extensionof this approachto rangedatais not straightfor-

wardbecausetherearesigni�cant differencesbetweenfeaturesin digital images

and featureson shapes. Moreover, HDR-imagesare more or lesscontinuous,

whereasdepthmapsconsistof a foregroundandabackgroundpartwhich leadsto

problemsalonganobject's silhouette.Thesediscrepanciesforcedus to perform

someradicalchangesin orderto adaptthemethodto ourneeds.
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2.2 Bas-Reliefs

The effect thatbas-reliefs,viewed from an orthogonalvantagepoint, arealmost

indistinguishablefrom a full 3D sceneis called the bas-reliefambiguity. This

phenomenonis amatterof humanperceptionwhich is studiedin [3]. Theauthors

proof that thereexists a 3-parameterfamily of transformationfrom a shapeto a

correspondingbas-reliefsuchthat the shadingandshadowing in both casesare

identical.

As longasavieweronly changeshisperspectiveslightly aroundanorthogonal

view, the impressionof a full relief remains. Oncea certainvantagepoint is

exceeded,the�attening andalsodistortionarerevealed.

If an object is recordedfrom several anglesunderunknown lighting condi-

tions, the bas-reliefambiguity will make it hard for a computerto resolve the

shapeof thisobject,becausethesolutionis notuniquein general,unlessassump-

tions aboutthe surfacepropertiesaremade. This problemconstitutesan active

areaof researchin computervision [2], [26].

In contrastto that,weexploit theexistenceof thebas-reliefambiguitybecause

we want to achieve exactly the opposite. Our aim is to createa shapewhich

is different from an original but exhibits the sameappearance.The bas-relief

ambiguityjusti�es ourmotivationthatfor eachmodelsuchcorrespondingshapes

do exist.

Currently, therearefour workswhichdirectly addressthechallengeof gener-

atingreliefswith thehelpof computers.

In [7] thisproblemis studiedfor the�rst time. Theauthorspresentsimpleal-

gorithmsto producebas-andhigh-reliefs.They introducetheideato work with a

view dependentheight�eld from agiven3D scene.First, they generatetherange

imageby z-buffering andthena perspective transformation(reciprocallypropor-

tional to thedepth)is appliedsuchthatobjectsin thebackgroundaremappedto a

smallerz-rangethanthosecloserto theforeground.This resultsin a kind of per-

spectiveforeshortening. After that,a linearscalingis appliedin orderto receive

theappropriaterangein theresult.This is thevery �rst work in this �eld andthe

resultsaregreatfor high-reliefsbut unfortunatelyfor bas-reliefsandespecially

for high compressionratiosit doeshardlybetterthanlinearrescalingin termsof
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featurepreservation.

Then,for a long timethis researchareahascompletelybeenoutof focusuntil

threeworkshaveappearedin thesameyear.

In [23] theauthorsdescribeamethodto computeabas-reliefof agivenmesh.

Therefore,they representthe shapein appropriatedifferentialcoordinates,then

they usea saliency measure[16] andcombineit with a featureenhancingtech-

nique.In theend,theshapeis rescaledandthebas-reliefis reconstructedfrom the

correspondingdifferentialcoordinates.

Inspiredby the resultsof [23], we developedan algorithmfor rangeimage

compressionin a featurepreservingwaywhich is presentedin [14]. It adaptsthe

main ideasof [11] to our shapeprocessingpurposeandoperatesin thegradient

domain. In this work, we have mainly beeninterestedin keepingthe surface

structureof anobjectperceivablein thegenerateddepthcompressedversion.The

informationaboutthe surfacestructureis coveredin the high frequenciesof the

partial derivatives. So,we �rst split the imageinto its gradientcomponentsand

extracttheirhigh frequencies,whicharethenrescaledbeforewerecombinethem

to thedepthcompressedresult.At this time,wehaveignoredthelow frequencies.

Theresultsof thismethod,look quitegoodbut in somesensethey seemunnatural

andexaggerated.This thesisis an extensionof our earlier work. It addresses

someopendrawbacks(seeSection3.3) anddrasticallyimprovesthe quality of

theoutcomes..Figure2.2containsacomparison.

Thework of [28] providesa semi-automatictool which assistsanartistwith

creatingbas-reliefs.Their approachis alsobasedon the ideaspresentedin [11]

and it works in the gradientdomaintoo. A logarithmicattenuationfunction is

usedin orderto compresslargegradientsstrongerthanlow ones.Then,they give

a userthepossibility to treatseveral frequency bandsin thenew gradientimage

individually. This requirestheartist to adjustseveralweight-parameters.At �rst

glance,theirapproachseemsto bequitesimilar to oursbut it differsa lot in some

crucialpoints,asit will bediscussedat theendof thenext chapter.

Thesecurrentworks are an indication for the growing interestin this very

youngresearch�eld.
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Figure2.2: Bas-reliefof thearmadilloandthelion vasemodel [1] achievedwith
theapporachproposedin [23] (left), obtainedby thealgorithmof [14] (middle)
andtheresultof themethodpresentedin this thesis(right); compressionratio is
2% in all cases

2.3 Virtual ShapeDecoration

Theareaof virtual shapedecorationcoversseveraltechniques,e.g.embossment,

engraving,carvingordigital sculpting.Itsaimis thegenerationof syntheticpieces

of art which cover the samestyles,effectsandimpressionslike their real world

pendants.

In [24] and [25] the authorsprovide a setof tools andan interactive shape

modelerwhich allows an artist to createsyntheticembossmentsandwood cut-

tings.Thedrawbackof thismethodis thatthework is completelyin thehandof a
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user. This is time-consumingandthequalityof theresultslargely dependson the

skill of theartist.

Anothersetof tools for syntheticcarving is presentedin [19]. Among in-

teractive carvingtheir approachallows two andthreedimensionalinput to deco-

rateshapes.Theauthorsrestrictthemselvesto implicit surfacesandexplain that,

amongothertechniques,ray castingis usedto computedepthdatafrom a given

3D scenebut theproblemof how to compressthis datato anappropriatesizefor

theirpurposeis notconsidered.

A computerbasedsculptingsystemfor the creationof digital charactersfor

the entertainmentindustry is presentedin [20]. They require3D or rangedata

asinput, thena userhasseveraleditingoptionsto manipulatetheoutcome.For

their algorithmthey useadaptively sampleddistance�elds [12] andexploit their

properties.

In the�rst caseouralgorithmcancontributeby actingasakind of preproces-

sor, suchthat rangedataof syntheticobjectscanbe usedto producea template

whichcanthenbefurthermodi�ed, ratherthanworking from scratch.Thiscould

improve thequality of theresultsandwould leadto greatersuccessfor untrained

users. If a modelshouldbe carved into anothervirtual object,thenour method

canbe usedto preserve morefeaturesin the outcomeor even exaggeratethem.

Oncerangedatais usedasinput, we cansupportdigital sculptingby requiring

lessuserinteractionto producesimilar or evenbetterlooking results.



Chapter 3

Gradient Domain Approach

In this chapterwe describethedifferentphasesof our gradientdomainbas-relief

generationmethod.First, we give a global survey of the algorithmandthenwe

explain thepurposeandthecontributionof eachstepin detail.We illustratethose

effectsusingthearmadillomodelasanexample.

Laterin thischapter, wepresentseveralresultswhichhavebeenobtainedwith

thehelpof ourapproach.Weinspectthein�uenceof theuseradjustedparameters

andinvestigatetheperformance.Finally, thealgorithmis discussedandcompared

to otherrecentbas-reliefgenerationmethods.

3.1 Algorithm

3.1.1 Overview

The main idea of our algorithm is to work in the gradientdomain like it was

proposedin [11]. The work�o w shown in Figure3.1 describesthe interplayof

thedifferentsteps.

After having readagivenrangeimageI (x; y), it is split into its gradientcom-

ponentsI x andI y. A problemwhich naturallyariseswhenworking with depth

mapsforcesusto performa thresholdingin orderto getrid of boundaryartifacts;

this leadsto �I x and �I y. Then,anattenuationfunction is appliedin orderto com-

presstheinterval size,andwe receive Î x andÎ y. Thefollowing unsharpmasking

stepallows a userto treatthehigh frequency bandindividually. So,anartistcan

13
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Figure3.1: Survey of thedifferentalgorithmphases

decidewhethersmalldetailsshouldbeboostedor not presentin theresultat all.

At this stage,the new gradientcomponentsJx andJy of the intermediateresult

arealreadycomputed.Solvinga Poissonproblemletsus reconstructJ with the

helpof its partialderivatives.Althoughthisrangeimagenow exhibitsaverysmall

depth,its interval rangeis adaptedby a global linear scalingin orderto make it

suit to thegivenpurpose,andsowereceive the�nal bas-relief ~J .

3.1.2 Background Detection

An input �le which hasbeengeneratedwith 3D scannerstypically containsa

binarybackgroundmaskin additionto theheightdataI (x; y) itself. In othercases,

e.g.raycastedor z-bufferedshapes,suchabinarymaskB(x; y) is extractedafter

having readtherangeimagedata:

B(i; j ) =

(
0; if I (i; j ) = �

1; else
(3.1)

Here,� representsthedefault backgroundvalueof thedepthmap.

It is importantthatbackgroundinformationdoesnotin�uencethefurthercom-

putationof the foregrounddata. This maskhelpsus to distinguishwhich part a

pixelbelongstoandis usedtonormalizetheresultin theend.Figure3.2showsthe

initial rangeimageandtheextractedbackgroundmaskfor thearmadillomodel.
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Figure3.2: Initial color-codedshape(left); mostsalientpartsareindicatedby red
andthosefurtherto thebackgroundarecoloredblue;thevaluerangeis 300atthat
stage;correspondingbinarybackgroundmask(right)

3.1.3 Decomposition

In order to work in the gradientdomainthe partial derivativesI x andI y of the

height�eld haveto becomputed.They areobtainedwith thehelpof adifferential

quotientin two dimensions:

I x (i; j ) �
I (i + h; j ) � I (i; j )

h
(3.2)

I y(i; j ) �
I (i; j + h) � I (i; j )

h
(3.3)

In ourdiscretecaseit holdsthath = 1, andsotheequationsshown abovecollapse

to a �nite forwarddifference:

I x (i; j ) � I (i + 1; j ) � I (i; j ) (3.4)

I y(i; j ) � I (i; j + 1) � I (i; j ) (3.5)

The fact that the backgroundvalue is usually very different from the fore-

grounddataleadsto large peaksat the object's boundary. In Figure 3.3 a 1D

signalis usedto illustratetheproblem.
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Figure3.3: 1D signalwith boundaryanddefault backgroundvalue(left) andcor-
responding�rst derivativeobtainedby �nite difference(right)

In thetwo dimensionalcase,which is shown in Figure3.4,a viewer canonly

seea thin line (exactlyonepixel of width) of largevaluesalongthesilhouetteand

all otherinformationinsideis closeto 0 relative to thesediscontinuities.Keeping

suchjumpsresultsin a larger depthinterval and the problemthat small details

will hardlybeperceivablein theresult.Furthermore,thesepeaksleadto artifacts

duringthehigh frequency computation.

In general,thisproblemcannotbesolvedby adaptingthebackgroundvaluein

advance.So,wehaveto modify I x andI y in awaythattheoutliersareeliminated.

Figure3.4: Gradientcomponentsof the armadillomodel; X-gradient(left) and
Y-gradient(right); bothexhibit a very largevaluerange
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3.1.4 Thr esholding

Thisstepdetacheshighvaluesform thegradientimages.Therefore,auserde�ned

parameter� is introducedandall pixelswhoseabsolutevalueis greaterthanthis

thresholdaresetto 0. First,wegenerateabinarythresholdmaskT:

T(X ; i; j ) =

(
1; if jX (i; j )j � �

0; else
(3.6)

This maskis thenusedto cut out thecorrespondingentries.The � -operator

meanscomponent-wisemultiplicationin this case:

�I x = T(I x ) � I x (3.7)

�I y = T(I y) � I y (3.8)

Note, that this methodalsoaffectslarger jumpson theobject's surface. If �

is chosentoo high, thenlarger gradientswill form the resultandsmallerdetails

will hardlybevisible. If it is chosentoo small,then�at artifactscanariseduring

thereconstructionstep,becauseimportantinformationis lost. So,this parameter

givesanartisttheopportunityto steerwhichkind of gradientsshouldberemoved

(respectively remain),but concealstherisk of cuttingoff toomuch.Thein�uence

that� hason theoutcomeis furtherdiscussedin theresultsection.

Neither the pixels in the backgroundnor the peaksalongthe silhouetteand

on the object's surfacemay contribute to the further processing.Thereforewe

constructabinarycombinedmaskC with thehelpof B andT for whichapixel is

setto 1 if andonly if it is equalto 1 in thebackgroundmaskandin boththreshold

masks:

C = B � T(I x ) � T(I y) (3.9)

Figure3.5 illustratestheeffect of this stepon thearmadillomodel. It shows

thethresholdedgradientimages�I x and �I y aswell asthecorrespondingcombined

maskC.



18 CHAPTER3. GRADIENT DOMAIN APPROACH

Figure 3.5: (left and middle) ThresholdedX- and Y-gradientof the armadillo
model; in this example� = 5; note that the detailsof the armadillo are now
visible in contrastto Figure3.4andtheinterval sizechangesdrasticallyaccording
to � ; (right) combinedbinarymask;thepositionsof detachedpixelsaremarked
in themask,thisholdsespeciallyfor thejaw in thisexample

3.1.5 Attenuation

Up to now, wehaveproducedcontinuousgradientimages.

By de�nition, attenuationis thereductionin amplitudeandintensityof a sig-

nal [29]. In practice,this meansthat valuesof larger magnitudeshave to be

diminishedstrongerthansmallentries.This relativeconvergenceleadsto a com-

pressionof theremaininginterval sizeby keepingtheappearanceof thesignal.

Thereis a numberof differentwaysin orderto achieve attenuation.We have

decidedto apply the function proposedin [11]. Therefore,we �rst constructa

weightmatrixA:

A(X ; i; j ) =

8
<

:

0; if X (i; j ) = 0
a

jX (i;j )j �
�

jX (i;j )j
a

� b
; else

(3.10)

Then, theseweightsare appliedby component-wisemultiplication and we

obtainthethresholdedandattenuatedgradientcomponentŝI x andÎ y:

Î x = A( �I x ) � �I x (3.11)

Î y = A( �I y) � �I y (3.12)

Note, that the gradientsin the backgroundand thosewhich were detached

beforeremainunchanged,becausezeroentriesaremappedto zeroentriesagain.
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This methodneedstwo parametersa andb. It hastheeffect thatabsoluteval-

uesabovea areattenuatedandthosebelow areslightly enhanced.At �rst glance,

this magni�cationseemsto becounterproductive for thepurposeof compression

but it comesup with thebene�t of preservingsmall entriesby boostingthemin

thatway. Figure3.6shows thegraphof theattenuationfunction.

Figure3.6: Theparameter”a”of theattenuationfunctionmarksthepositionof the
1-intersection,it is 10in thisparticularexample;theparameter”b”steershow fast
theweightsapproachthex-axis,hereit is 0:9

If a dependsontheinterval-constitutionthenthewholefunctionwill beadap-

tive becauseit returnsdifferentweightsfor the samevalue if it is containedin

differentintervals.For all imagesin thefollowing, thereferencevaluea is chosen

10 % of the averageabsolutevalueof all unmasked pixels in X. The parameter

b which affectsthe compressionratio is �x ed at 0:9 for all resultsshown in this

thesis.So,basicallythisattenuationstepdoesnot needany userinteraction.
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3.1.6 Unsharp Masking

If a userwantsto achieve a very high compressionratio, thenit is likely that �ne

detailswill hardlybeperceivablein theresult. Theslight enhancementfrom the

previous stepis not suf�cient to overcomethis problemin general. The small

featuresarecoveredin thehigh frequenciesof thesignalandthat's why thehigh

frequency part hasto be boostedin orderto emphasisethe �ne detailsandkeep

themup throughtheprocedure.

Therefore,we usetheconceptof unsharpmasking,which is a classicaltech-

niqueto sharpenimagesthatwasevenappliedin historicalphotographyaround

the1930's [29]. Todayunsharpmaskingis widely usedin many areasthroughout

computergraphicse.g.to enhancefeaturesin digital images[17] or meshes[13]

[8]. Themainideais to createasmoothedversionof asignalandsubtractit from

theoriginal in orderto obtainthehigh frequentpart,which is thenlinearlyscaled

by auserspeci�edfactorandaddedbackto thelow frequency component.

If thebackgroundpixelsandthosewhich have beenthresholdedbeforecon-

tributeto theblurring, thensomepixelsin thelow frequentpartwill beof a mag-

nitudewhich is toosmall,becausethereis anumberof undesired0-valuedentries

in their neighbourhood.Moreover, someof the masked pixels would be given

an unpredictablevaluedifferentfrom 0, sincethe smoothingkernelreachesthe

foregroundpixels. Both casesleadto peaksin theextractedhigh frequency part,

becausethesmoothedversionof thesignalexhibitsvalueswhichareeitherhigher

or lower thanexpected.Suchdiscontinuitieswill causeartifactsin theresult,so

wehave to addressthisproblem.

Themostimportantstepis thefollowing discreteconvolution. For thesmooth-

ing itself weusea2D Gaussian�lter G� of standarddeviation � andcorrespond-

ing kernel size. Here,m andn are the indicesof the �lter in x respectively y

direction and C representsthe combinedbinary maskobtainedfrom Equation

3.9:

B lur � (X ; i; j ) =

8
><

>:

0; if C(i; j ) = 0
P

m;n
G� (m;n )C(i � m;j � n)X (i � m;j � n)

P

m;n
G� (m;n )C(i � m;j � n) ; else

(3.13)
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The main ideaof this function is that it only considersunmaskedpixels in a

neighbourhoodfor theweightedaveraging,andlike in thepreviousstepit leaves

themaskedpixelsuntouched.Thedenominatoris usedfor normalization,sothat

theweightswhichareactuallyusedsumup to 1.

If weusetheabovementionedfunctionin ourspecialcase,wecangoonlikeit

is intendedby regularunsharpmasking.Thesignalsaresplit into two components

Low andH igh, whereaswe applyanotherslight smoothingto thehigh frequent

partin orderto preventoccurringnoise.After that,theweightof thehighfrequent

part is modi�ed andit is addedbackto obtainthe new partial derivativesof the

depthcompressedrangeimage,calledJx andJy :

Low(X ) = B lur � 1 (X ) (3.14)

H igh(X ) = B lur � 2 (X � Low(X )) (3.15)

Jx = Low(Î x ) + � � H igh(Î x ) (3.16)

Jy = Low(Î y) + � � H igh(Î y) (3.17)

Theparameter� 1 decideshow thesignalis decomposed;in our examplesthe

valuerangesfrom 2 to 5. In contrastto that,� 2 only servesto diminishnoiseand

is chosen1 for all the resultsin this thesis. The new relationbetweenthe high

andlow frequenciesis steeredby the parameter� > 0 which it dependson the

desiredcompressionratio or the intentionof theartist. � = 1 leavesthebalance

unchanged,� > 1 enhancesthe high frequencieswhereas� < 1 impairsthem.

Thehigherthecompression,thehigher� hasto besetin orderto keepthesmall

detailsup.

We want to accentuatethat the secondsmoothingwith � 2 is not essential.

Strictly spoken,thisslightmodi�cation evendestroystheideaof unsharpmasking

becausewe only boosta part of the high frequenciessincethe highestonesare

eliminated. Nevertheless,experimentshave shown that the resultsexhibit some

noisein regionswith a smallnumberof featuresandthat thedetailsappearto be

unnaturallysharpif thesecondblurring is omitted.

Figure3.7 containstheenhancedgradientimagesJx andJy of thearmadillo

model.
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Figure3.7: Intermediateresultafterunsharpmasking;new X-gradient(left) and
Y-gradient(right); compareto Figure3.5;here� = 6, � 1 = 4 and� 2 = 1

3.1.7 PoissonProblem

Theresultsof thelaststeprepresentthenew gradientcomponentsof thebas-relief.

So far, their discontinuitieshave beenremoved, they have beencompressedand

theirhigh frequencieshavebeenboosted.

Now, we reconstructthe depthcompressedrangeimageJ from its modi�ed

gradientG =
h

Jx
Jy

i
. Sincethe partial derivativeshave beenmanipulated,G is

not integrableanymore,in general.Therefore,we useanoptimizationprocessin

orderto �nd a functionwhosederivative is closestG in a leastsquaresense,like

it wasproposedin [11] and [28]:

J (x; y) = argmin
J

Z Z
jjr J (x; y) � G(x; y)jj 2dxdy (3.18)

Whereas,r =
�

@
@x
@

@y

�
representsthevectorof partialderivatives.

Reformulatingtheequationshown above leadsto thePoissonequation:

� J = divG (3.19)

Here,� = r 2 = @2

@x2 + @2

@y2 denotesthe Laplaceoperator, anddiv = @
@x + @

@y

standsfor thedivergenceoperator.

Adaptedto ourdiscretecasethismeansthattheLaplacianof J is givenby the
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sumof thepartialderivativesof G. Dueto thediscretecasewhichwearein, they

areobtainedby a �nite differenceagainlike in Chapter3.1.3,but hereit hasto be

thebackwarddiffferncein orderto producea centraldifferencelike it is de�ned

for theLaplacian:

� J =
@Jx

@x
+

@Jy

@y
(3.20)

= Jxx + Jyy (3.21)

Jxx (i; j ) � Jx (i; j ) � Jx (i � 1; j ) (3.22)

Jyy(i; j ) � Jy(i; j ) � Jy(i; j � 1) (3.23)

(3.24)

Now, the task is to computea function J whoseLaplacianis equal to the

right handsideof Equation3.24. Thesolutionto this Poissonequationis a well

known andwell studiedproblemandtherearestandardtechniquesto addressit,

so it shouldnot bediscussedin detail here. Onehasto solve a sparsesystemof

linearequationsandthereforetheLaplacematrixitself andaboundaryis required.

In our case,the boundaryis given by the default backgroundvalue. As further

readingwerecommend[4].

This steplets us recombineboth partial derivatives,andso it bringsus back

form thegradientdomainto aheight�eld (spatialdomain).

3.1.8 PostProcessing

So far, we have produceda rangeimagewhich exhibits a greatlyreduceddepth

interval size.Small featuresarepreservedbecausetherelationbetweenhigh and

low frequencieshasbeenadaptedby unsharpmasking.

Theabove mentionedparameters� , � 1, � 2 and� leadto a compressionratio

which is unknown in advance. In order to obtain the desireddepthrange,we

introducea global linearscalingfactor� > 0 which makesthebas-reliefsuit to
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thespeci�c purpose.Thisbas-reliefis called ~J .

� =
desiredratio

achievedratio
(3.25)

~J = � � J (3.26)

Then,wenormalizetheresultwith thehelpof thebinarybackgroundmaskB,

in awaythatit rangesfrom 0 toacertainpositiveamount,whereasthebackground

pixelsaresetto 0.

Finally, we mapour depthcompressedheight �eld to a regular triangulated

grid of appropriateresolutionin orderto visualizeit asa threedimensionalsur-

face. That meansthat the z-valueof eachvertex is setto the heightof the cor-

respondingpixel. The underlyingconnectivity of the verticesleadsto a mesh

representationof thebas-relief.Theoutcomesareshown in Figure3.8.

The carefulreadermight realizethat the color distribution in the left part of

Figure3.8 is very differentcomparedto the one in Figure3.2. In the original

theclaws andthenoseof thearmadilloarealmoston thesamelevel whereasthis

relationis heavily distortedin the resultbecausethe noseis muchmoresalient

thantheclaws which, areevenfurther to the backgroundthenthebreast.In the

right imageof Figure3.8 suchan effect is not perceivablebecause,on the one

handit shows an almostorthogonalvantagepoint, andon the otherhandthese

differenceson thesurfaceareonly visible if a verysmallscalingis appliedto the

z-axis,sinceit is very �at. Anotherviewpoint anda differentscalingreveal the

distortion,seeFigure3.9.
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Figure3.8: (left) reconstructedcolor-codeddepthmapcompressedto 2% of its
initial size(6:300)andthecorresponding3D surfacerepresentation(right)

Figure3.9: sideview of theoriginal model(left); sameperspectiveon thedepth-
compressedresultwith differentscaling(right)
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3.2 Results

In this sectionwe presentseveral resultswhich demonstratethepotentialof our

algorithm. We inspectthe in�uence which theuseradjustedparametershave on

theoutcomeandanalyzethespeedof thisapproach.

In Figure3.10we presentdifferentviewson thebas-reliefwhich corresponds

directly to the resultof the lastchapter. Note thepreservationof the �ne details

andtheverysmallheight.

More resultsfor modelsof differentsizeandcomplexity with varying com-

pressionratiosareshown in Figure3.11and3.12.

Figure3.10: (top row) For thelower leg onecanrecognizethe�ne surfacestruc-
ture aswell asthe nails; the partsof the mail on the upperleg andthe different
musclesaroundthestomacharevery well distinguishable;theclaws andthede-
tails on the inner part aregreatlypreserved; (bottomrow) sideview of original
rangeimageandthreedifferentperspectiveson theresultaftercompressingit to
2%of its initial extent
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Figure3.11: (top row) original Stanforddragonmodel [15] andits compressed
version(ratio of 1%); (bottomrow) anornament [1] andits correspondingbas-
relief compressedto 2% of its formerdepth,notethepreservationof theorder, a
viewercanrecognizetheoverlappinglevelsof themodelandknowswhichpartis
aboveor behindtheotherone
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Figure3.12: a rangeimageof a Buddhisticstatue [5] (left) andthedepthcom-
pressedmodelon the right (2%); note how well the low frequentfeatureslike
eyelids noseor mouthandthe very high frequentstructureon the headarepre-
servedat thesametime

3.2.1 Parameters

Figure3.13shows the in�uence of the thresholdparameter� . If thevaluefor �

is too high, thendiscontinuitieson the object's surfacewill be preserved at the

expenseof the visibility of small details. A small valuefor � can leadto large

maskedareaswhichmake it hardto reconstructtherangeimageproperly. Hence,

ameaningfulsettingof thethresholdis requiredin orderto �nd abalancebetween

thepreservationof visually relevantdetailsandcontinuityof theresult.

Thefollowing two �gures demonstratethecontribution of theunsharpmask-

ing step.Thebas-reliefsin Figure3.14areproducedusingdifferentvaluesfor � 1

whichcauseadifferentdegreeof smoothnessin theoutcome.Figure3.15demon-

stratesthein�uence of � whichsteersthenew relationbetweenthehigh-andlow

frequency part.
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Figure3.13: combinedmasks(top row) andcorrespondingresults(bottomrow)
for � = [75; 5; 1] from left to right (� 1 = 4, � 2 = 1, � = 6); in theleft imagesone
canseethatall inner pixelsaretaken into account(no differenceto background
mask)whichleadstoanexaggerationof thejaw antheclawswhereasthevisibility
of the �ne structureis impaired; the small featuresin the right part are better
preservedbut thelossof toomuchinformationonthecoarsestructureleadsto �at
artifacts;thisholdsespeciallyfor thesilhouette,thejaw andtheclawshere;� = 5
leadsto ameaningfulrelation
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Figure3.14: � 1 = 15 (left); � 1 = 10 (middle); � 1 = 2 (right); for large values
of � 1 the high frequentfeaturesare still visible but they appearto be blurred;
smallervaluesemphasisethe detailsbut the ridgesarevery sharp;comparethe
smoothnessof there�ections alongthe transitionsof thestomachandthebreast
part;in all cases� = 5, � 2 = 1, � = 6

Figure3.15: from left to right � = [20; 1; 0:2] (� = 5, � 1 = 4, � 2 = 1); these
imagesshow that onecanexaggeratethe small details(high re�ections around
details)by choosinga high boostingfactor; for the caseof � = 1 it is neutral
andthe featuresarevisible but very �at (almostno re�ections), this corresponds
to a resultfor which only thresholdingandattenuationareapplied;impairingthe
high frequenciesleadsto anevenmoreschematicappearanceof thewholemodel
(right)
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3.2.2 Performance

The MATLAB � implementationof our algorithmturnsout to be quite fast,al-

thoughwe aresurethat it canbe further acceleratedbecausewe have not paid

specialattentionto ef�ciency yet.

Thedesiredcompressionratio anddifferentvaluesfor theparametersduring

the attenuationdo not in�uence the speed.In contrastto that, larger valuesfor

theblurring parameter� 1 cancausea larger Gaussiankernelandso thediscrete

convolution in theunsharpmaskingsteptakessigni�cantly longer. If thenumber

of maskedpixels,dueto asmallthreshold,is highthenthealgorithmwill befaster

becausemoreentriescanbeignoredduringtheprocessing.

Thereconstructionstepis themosttime consumingpart.SolvingthePoisson

equationtakes more time for larger depthmaps,becausethe systemof linear

equationgrowsaccordingto theresolution.

For our experimentswe usean Intel� Xeon™ 3.06GHz dual corewith 2GB

main memory. Table3.1 shows the runtimefor differentmodelsexcluding �le-

I/O.

Name Resolution � 1 ElapsedTime
Angel statue 200x200 4 0.6sec
Buddhastatue 200x200 4 0.6sec
Armadillo 640x460 4 3.2sec
Lion Dog 535x445 2 2.4sec
Ornament 970x680 2 7.1sec
Happy Buddha 970x900 5 12.8sec
StanfordDragon 970x900 5 19.5sec

Table3.1: Runtimeoverview for selectedmodels;Happy Buddhaandangelstatue
resultsareshown in thenext chapter

3.3 Discussion

Ourgradientdomainapproachproducesbas-reliefsfromagivenshapein afeature

preservingway. Themethodis simple,fastandleadsto a richnessof detail in the

resultsevenif averyhighcompressionratio hasbeenachieved.
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The readermay askwhy thework in the gradientdomainis necessarysince

almostall operationsusedarelinear. Thecrucialpoint is thethresholdingwhich

helpsto ignore larger jumps on the objectssurface. The result of attenuating,

unsharpmaskingandlinearrescalingin thespatialdomainis absolutelyidentical

to theoutcomeshown in 3.13for thereferencevalue� = 75 wherethevisibility

of the small featuresis impairedbecausethe discontinuitiesaroundthe jaw are

kept.

Thedistortiondescribedin Section3.1.8is causedby theinterplayof thresh-

olding andthesolutionof thePoissonequationfor reconstruction.It would arise

evenif noattenuation,unsharpmaskingor linearrescalingwereperformed.In our

specialcasesuchadistortionis desiredbecauseit supportsthecorrectimpression

of themodelfrom anorthogonalvantagepoint like it is intendedfor bas-reliefs.

In [28] theauthorsusealogarithmicweightingfunctionfor attenuation,which

needsoneparameterto steerthe compressionratio. The problemwith this ap-

proachis that the weight only dependson the absolutevalue of a pixel. This

meansit returnsthesameresultfor a speci�c magnitude,disregardingits relation

to theotherentries.Supposewearegiventwo verydifferentmodelsasinput. The

thresholdingstepcancausegradientintervals of the samesize for both models

althoughthedistributionof valuesinsideof themis verydifferent.If weusedlog-

arithmicweights,thenthevaluesin bothintervalswould betreatedexactly in the

sameway. This is why weapplythefunctionproposedin [11] whichindividually

adaptsto differentintervals.

Anotherdifferenceto theapproachpresentedin [28] is thatit givesauserthe

possibilityto decomposethesignalinto anarbitrarynumberof differentfrequency

bands,which canthenbe weightedindividually. On the onehandthis leadsto

more artistic control and even allows stop-band-�lteringlike it is describedin

[13] but on theotherhandit requirestheuserto �nd meaningfulweightsby trial

anderror. Our methodis limited to two differentfrequency bands,becausewe

usedtheapproachpresentedin [17] and [8]. Thismeansthatstop-band-�ltering

is not possible,but we can producegood looking resultsin a much more user

friendly, simplerandfasterway.

As mentionedearlier, themethodintroducedin [7] is not applicablefor high

compressionratios becauseit scalesdown globally oncea height �eld is gen-
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erated. This meansthat, if the rangeimageis compressedtoo much, then the

preservationof small featureswill besimilar to theoneachievedby naive linear

rescaling.In contrastto that,our algorithmpreserves�ne detailsby boostingthe

high frequenciesandlocally taking into accountthe constitutionof eachneigh-

bourhood.

This thesisis anextensionof ourearlierwork [14] in which weonly concen-

tratedon thehigh frequenciesandignoredthelow ones.This hascausedseveral

problemsin areaswhich exhibit only a small numberof features,e.g. spherical

parts.Dependingon theparameters,theseregionshaveeitherbeennoisyor com-

pletely �attened. Hence,we includethe low frequenciesnow, andobtainresults

which look muchmorenaturalbecausetheconvexity in suchareasis preserved.

Moreover, in [14] we have usedglobal blurring, which hasled to exaggerated

largeandsharpridgesandotherundesiredartifacts,becauseit introducesdiscon-

tinuities at locationswhereentrieshave beenthresholded,as it is explainedin

Section3.1.6. Currentlywe apply thediscreteconvolution functiondescribedin

Equation3.13,in orderto preventthosepeaks.
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Chapter 4

Laplacian Domain Approach

For the gradientdomainapproachit is necessaryto computethe Laplacianof

the rangeimagein orderto getbackto thespatialdomain. That's why we have

thoughtof manipulatingtheLaplaciandirectly. To thebestof our knowledge,for

thepurposeof depthcompressionof shapesthishasnotbeendonebefore.

Theideabehindeachstepis thesamelike in Chapter3, but theeffectswhich

they have aredifferentbecausetheLaplacianandthegradientrepresentdifferent

propertiesof the model. In orderto not repeatwhat hasbeendescribedbefore,

we keepthis chaptermoretechnicalandonly demonstratethedifferencesto the

gradientdomainapproach.Thereforeweusethearmadillomodelhereagain.

Let theheight�eld I (x; y) begivenandthebinarybackgroundmaskB(x; y)

be extractedlike describedin Section3.1.2. We begin with the computationof

theLaplacian� I of therangeimage.By de�nition � I is thesumof thesecond

derivativesin bothdimensions.

� I = I xx + I yy (4.1)

I xx (i; j ) �
I (i + h; j ) � 2I (i; j ) + I (i � h; j )

h2
(4.2)

I yy(i; j ) �
I (i; j + h) � 2I (i; j ) + I (i; j � h)

h2
(4.3)

Sincetherangeimagesarediscreteit holdsagainthath = 1 in ourcase.

35
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Reformulatingtheabovementionedequationsunderconsiderationof this fact

leadsto thefollowing approximation:

� I �

0

B
@

0 1 0

1 � 4 1

0 1 0

1

C
A 
 I (4.4)

This 3x3 �lter andthe largedifferencesbetweenforegroundandbackground

dataleadto the fact that the peaksalongthe silhouettehave a width of 2 pixels

now. Likein Section3.1.4weusethresholdingwith referencevalue� to eliminate

thoseoutliersandobtain� I . B (x; y) is extendedto thecombinedmaskC(x; y)

accordingly.

� I (i; j ) =

(
1; if j� I (i; j )j � �

0; else
(4.5)

Figure4.1 shows the Laplacianof the armadillodepthmapbeforeandafter

thresholding.

Figure4.1: Initial Laplacianof the armadillo rangeimage(left) and the corre-
spondingthresholdedversion(right)

Thenwe apply theattenuationfunctiondescribedin Section3.1.5to get c� I ,

whereasthe parametera dependson the signalconstitutionandb is chosen0.9

again.
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c� I (i; j ) =

8
<

:

0; if � I (i; j ) = 0
a

j� I (i;j )j
�
�

j � I (i;j )j
a

� b
; else

(4.6)

This stepis followedby unsharpmaskingwhich booststhehigh frequencies

andproducesthenew Laplacian� J for thebas-relief.Therefore,thediscretecon-

volutionB lur � , whichhasbeenintroducedin Section3.1.6,is used.Weomit the

additionalsmoothingof thehighfrequency componentherebecausethevisibility

of very �ne detailsin theresultis impairedevenfor a slight blurring. Thenoise

reductionwhichcouldbeachievedby thesecondsmoothingis hardlyperceivable

asexperimentshaveshown, andsoit playsaminor rolehere.

Low( c� I ) = B lur � ( c� I ) (4.7)

H igh( c� I ) = c� I � Low( c� I ) (4.8)

� J = Low( c� I ) + � � H igh( c� I ) (4.9)

Theintermediateresultsafterattenuationandunsharpmaskingarepresented

in Figure4.2.

Figure4.2: Thresholdedandattenuatedsignal(left); correspondingimageafter
unsharpmasking(� = 4, alpha = 100)
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Due to the fact that we have produceda new Laplaciandirectly, the recon-

structionof J canbedoneby solvingthePoissonequation� J = f immediately.

Figure4.3 containsthe reconstructed,rescaledandnormalizedheight �eld in a

color-codedway aswell asthecorrespondingsurfacerepresentation(seeSection

3.1.8for details).

Figure4.3: Color-codedbas-relief(left) andits surfacerepresentation(right)

4.1 Results

Thecolor distribution in the left part of Figure4.3 shows that thegeneratedbas

relief exhibits a heavy bending. This is the counterpartto the distortion in the

gradientdomainapproach.The bendingis causedby the thresholdingstepand

thesolutionof thePoissonequationfor reconstruction.In ourcasethisbendingis

undesiredbecauseit elevatesthecenterof anobjecttoo far from thebackground.

Figure4.4containsdifferentviewson thebas-relief.

In Figure4.5 we comparetwo moreresultsof this approachwith thoseob-

tainedby thegradientdomainmethod.

Thevaluesfor thethreshold� andtheblurring parameter� aresimilar to the

onesfor thegradientmethod(� � 5; � � 4 ), whereastheenhancementfactor�

is largerthan100for theresultspresentedin this chapter.
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Figure4.4: All threeviews show that themiddleof thebas-reliefis signi�cantly
elevated,whereastheearsandfeetstandout only slightly from thebackground.
Especiallythetail whichnormallybelongsto thebackgroundplaneis affectedby
thisundesiredrising towardstheobject'scenter
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Figure 4.5: Happy Buddhamodel [15] compressedwith gradientdomainap-
proach(left) andthecorrespondingbas-reliefobtainedbyLaplacianmethod(mid-
dle);depthcompressedversionof akneelingangelstatue[5] achievedwith gradi-
ent(topright) andLaplacianalgortihm(bottomright); all modelsarecompressed
to 2% of their former spatialextend; note that the endsof the ropeas well as
the ropeitself, the chain, the contoursof the coatandthe facial expressioncan
berecognizedfor theBuddhamodel;thepreservationof the �ne structureat the
wingsandthehair arestriking in theangelexample;TheLaplacianimagescover
all thesedetailsbut theoverall appearanceof thegradientdomainresultsis more
plasticandnatural
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4.1.1 Performance

Dueto thefactthatwe only work on oneimage(Laplacian),we achieveanenor-

mous increasein speed,comparedto the work on two different components.

Thresholding,attenuationand unsharpmaskinghave to be appliedonly once,

which savesalmosthalf of the runtime. The computationof the Laplacianonly

requiresoneconvolution insteadof four �nite differences.

Table4.1showsthecomputationtimesfor theresultspresentedin thissection

(�le-I/O excluded;Intel� Xeon™ 3.06GHzdualcore).

Name Resolution � ElapsedTime
Angel 200x200 4 0.3sec
Armadillo 640x460 4 2.0sec
Happy Buddha 970x900 5 7.5sec

Table4.1: Runtimeoverview for selectedmodels

4.2 Discussion

All in all, thefeaturepreservationof thisLaplacianalgorithmis acceptablebut the

appearanceof themodelin the�nal bas-reliefis notasgoodastheresultsobtained

by thegradientdomainapproach.For high compressionratiosthebendingitself

is notvisiblefrom anorthogonalvantagepoint,but if thecompressionis relatively

low, thenthere�ectionson thesurfacewill revealthisdeformation.

This Laplaciandomainapproachis an extensionof an algorithm which is

prettynovel itself, hencethecurrentstateis only preliminary. A differentmethod

to overcometheboundaryproblemat theobject's silhouetteis requiredin order

to produceevenly �at results. We arestill searchingfor an appropriatesolution

but wecouldnot �nd asatisfyingoneuntil thedeadlinefor this thesis.

The virtual resultsin both of our approacheslook very promising,but there

will be two grave practicalproblemsif theseresultsshouldbe ”br oughtto real

life” with thehelpof aCNC machine,amilling device,or a lasercarver.

(1) The tools which areusede.g. by a milling device, have a certainspatial

extendso that very small detailseithercannotbe producedor will be destroyed

againduringtheprocess.
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(2) The crucial point is the fact that our generatedheight�elds arediscrete.

A CNC machineneedsto know the transitionfrom oneentry to thenext. These

canbe e.g. linear, parabolic,cubic or a circular arc of given radius. So, if our

depthcompressedrangeimagesserveasinput,onehastodecidein advancewhich

transitionshouldbe appliedwhere;or a splinecurve hasto be �tted throughall

discretepointsof a row for eachcolumn. But then,it cannotbeguaranteedthat

theeffectsanddetailswhich arevisible in thesyntheticresultsalsoariseon the

materialin theoutcome.

Theauthorsof [28] haveproduceda limestonesculpturebut dueto theabove

mentionedreasons,it exhibits only a small numberof coarsefeaturescompared

to their virtual results.



Chapter 5

Discussion& Conclusion

5.1 Discussion

Theapproachpresentedin [28] is currentlythemost�e xible onefor thegenera-

tion of bas-reliefs.Thismethodoffersanumberof possibleartisticeffectsandthe

useris givena lot of freedom,e.gonecanuseanarbitrarynumberof frequency

bandsandchangetheir relative weights. But this freedomrequireseitheranex-

periencedartist or a trial anderror adjustmentfor the parametersin caseof an

untraineduser.

Thegradientdomainapproachpresentedin this thesisis restrictedin thenum-

berof possibleartisticeffectsso far. Nevertheless,it producesbas-reliefswhich

canat leastcompetewith theonesachievedby thealgorithmpresentedin [28], it

is reasonablefastandmuchmoreuserfriendly.

Themethodpresentedin [14] is, in somesense,a subsetof our currentgra-

dientdomainalgorithm.It focusesonly on high frequencieswhich leadsto either

slightly noisyor exaggeratedresults.Dependingon themodelor theartistsinten-

tion this methodis absolutelysuf�cient. Its advantagesarethesimplicity andthe

higherspeed.

The Laplacianapproachfrom Chapter4 is still underdevelopment. All in

all, the resultsare not yet satisfyingbut promisingand they requireonly short

computationtimes. The look of the outcomesof the gradientalgorithmis still

morenaturalthantheoneof thebas-reliefsgeneratedby theLaplacianmethod.

43
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The pioneeringwork of [7] is not applicableif high compressionratiosare

neededbecausethenthefeaturepreservationis hardlybetterthantheoneof linear

rescaling.Neverthelesstheirmethodis simplerandfasterthanany otherapproach

in thisarea.

5.2 Conclusion

In this thesiswe have describeda methodwhich assistsa userwith the gener-

ation of bas-reliefsfrom a given shape.Furthermore,we have shown how this

approach,which operateson thegradient,canberaisedto theLaplaciandomain.

Theartisthasthepossibility to steertherelative attenuationbetweencoarseand

�ne detailsin orderto control their presencein theoutcome.For an orthogonal

vantagepoint we canachieve arbitrarycompressionratiosandpreserve visually

importantdetailsat thesametime.

Due to the fact that this problem is related to High-Dynamic-Range-

Compressionwe have adaptedseveral ideasfrom tonemappingto our purpose.

Our algorithmis simple,fast,easyto implementandindependentof themodel's

complexity. Possibleapplicationsareany kind of syntheticor real world shape

decorationlikeembossment,engraving, carvingor sculpting.

This is a very youngand interestingresearch�eld which currently receives

moreattention. The resultsin this arealook very promisingbut thereis still a

numberof possibleextensions.

5.3 Futur eWork

So far, the threedimensionalsceneswhich are usedas examples,only consist

of oneobject. For a very complex or even panoramicscenewith many objects,

z-buffering from oneperspective cameraor orthogonalray-castingcanleadsto

distortion,bendingandotherundesiredartifacts. For a sequenceof two dimen-

sionalimagesthisproblemis e.g.studiedin [21] and [22]. That'swhy theuseof

multi-perspectivetechniquesconstitutesadirectionfor futureresearch.Weexpect

a hugedifferencebetweentheresultsobtainedby a regularonecameracapturing
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of a sceneandtheoutcomesachievedwith a multi-view approach.It alsooffers

the opportunityto make hiddenobjectsvisible by having a camerapointing be-

hind anoccludingobject.Multiple viewpointshave beenappliedin paintingsfor

a very long time e.g. by Pablo Picasso.In our casemulti-perspective methods

would givemorerespectto humanperceptionon theonehandandprovide many

morepossibleartisticeffectson theotherhand.

Thedesignof ahybridapproachwhichkeepsandenhancesgradientdetailsas

well aspropertiesof theLaplacianandcombinesbothmethodsis anotherpossible

extension.Therefore,we want to improve thework in theLaplaciandomainby

applyingadifferentsilhouettetreatment.

Using and developing other techniquesto extract and treat the frequency

bands,e.g. by multi-resolutionmethods,would give the userevenmorecontrol

on theoutcomeandoffer furtherartisticeffectsaswell.

In contrastto that, we alsothink of reducingthe userinterventionby devel-

opinga quality measurewhich takesinto accountthepropertiesof thegenerated

bas-reliefsandthoseof theoriginalheight�eld. Thiscouldhelpto introduceadap-

tiveparametersfor thefunctionsusedinsideof ouralgorithmandhencemake the

processmoreautomatic.
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