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Abstract

In thisthesiswe presenaisemi-automaticnethodfor thegeneratiorof bas-reliefs
from agivenshape A Bas-reliefds anartisticsculpturalrepresentationf athree
dimensionakcenewhich possessesnegligible depth.

Themainideabehindour methodis to work with arangeimage ,whosedepth
intenal sizeis compresseth afeaturepreservingvay. Our approacloperatesn
the gradientdomain,whereaswe also presentan extensionwhich works on the
Laplacian. The algorithmrelies on the achiazementsof High-Dynamic-Range-
Compressiorandadaptaecessarglementdo our purpose.

We manipulatehe partialderivativesof therangeimageratherthantheimage
dataitself. Thesederwvativesarecompressetly applyinganattenuatiorfunction
whichleadsto arelative corvergenceof the entries.By a featureenhancingech-
niquewe boostsmalldetailsin orderto keepthempercevablein theresult.In the
end,the compressedndenhancegbartial derivativesarerecombinedo the nal
bas-relief.

Theresultsexhibit a very smalldepthrangebut still containperceptuallyim-
portantdetails. A usercan specify the desiredcompressiorratio and steerthe
relevanceof small featuresin the outcome. The approachs intuitive, fastand
worksvery well for high compressiomatiosasexperimentshave shown.

Possibleapplicationsareof artisticnaturelik e sculpting,embossmengngra-
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 introduceand ex-
plain somebasicsandnomenclatureAt the endof this introductionwe presenta
prospecbof how this thesisis furtherstructured.

1.1 Motivation

Figurel.1: a Persianrelief portrayinga hunt (left); a corridor wall of the Bud-
dhistictempleBoroludurin Java, Indonesigright); bothimagescourtesyof [29]

A relief is asculpturedartwork wherea modeledform projectsoutfrom a at
background[29]. Therearetwo differentkinds of reliefs. Oneis the so called
high-relief or alto-relievo which allows that objectsmay standout signi cantly

1



2 CHAPTER1. INTRODUCTION

from the backgroundr areevencompletelydetachedrom it. Thiskind of relief
is notfurtherconsideredere.

A bas-reliefor basso-reliewis carvedor embossethto a at surfaceandonly
hardlysticksout of the backgroundBas-reliefsareof a smallheightandgive the
impressionof a threedimensionalsceneif they areviewed from an orthogonal
vantagepoint. They have beenusedby artistsfor centuriesto decoratesurfaces
like stonemonumentsgoinsor vases.Figure 1.1 shavs someartwork examples
from differentcultures.

Today in thetime of 3D printers,automatiomilling devicesandlasercaners,
bas-reliefsareusedin mary differentareadik e the decoratiorof dishesandbot-
tles, the productionof diesor sealsin orderto mark productswith a compaly
logo andthey arestill appliedin coinageandthe creationof modernpiecesof art.
Figurel.2 containssomemorerecentexamples.

Figurel.2: moderncoin shaving Max Planck(left); hugestonecarvingin Stone
Mountain,Geogia, USA (right); bothimagescourtesyof [29]

Let us supposethat we are given an arbitrary syntheticmodel and want to
createanembossmenf it on a metallic plate. The problemis thatin mostcases
the depthof the modelexceedghe thicknessof the material. Hence,in orderto
make this embossmenpossiblejt is necessaryo compresghe spatialextend of
theobjectto afractionalamountof its initial size.

At rst glancethis seemdo be quite simple,becaus@necouldapply global
linearrescalingwhich senesthe needs However, the featurepreseration of this
methodss very poor. Figurel.3shavsthe Stanfordarmadillomodel [15] anda
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Chinesdiondog [1] aswell astheirlinearly rescaledrersionandthe correspond-
ing resultsof our approachlin thelinearly rescalectase theviewer canonly see
the outline and estimatethe global shape which appeardo bevery at. Dueto
the lack of visually importantdetailsin the outcome this naive approachs not
applicable.Whereaspur resultstill containssmall featureswhich give a precise
impressiorof the constitutionof the object's surface.

Figurel.3: In theleft columntheinitial modelis shovn; the middle columncon-
tainstheresultsafterusingthe naive linearrescalingapproactHor a compression
to 2% of its formerextend;the outcomeof our methodis shavn ontheright, note
that they arecompressedo the sameamount;the detailsin the middle images
arealmostnot percevable,whereaghereliefsgeneratedby our algorithmexhibit
mary smallfeaturedik e the differentmusclepartsandthe mail structurefor the
armadilloor the hairandthe claws of theliondog
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This exampleshavsthatthe solutionto the problemof compressinghe depth
of amodelin afeaturepreservingway is not straightforvard. Neverthelessye
present simplemethodto overcomethis challenge.

We do not compresshe height eld immediatelybut we changeits gradient.
A rescalingof the gradientcomponentsvould not improve the featurepresera-
tion either Thereforewe attenuatehem rst, andbooststheir high frequencies
afterwards. This enhancementelpsus to keepsmall visually importantdetails
percevablein the result. In the end, the manipulatedyradientcomponentsre
recombinedo the nal bas-relief.

1.2 Goal

Ouraimis to provide a semiautomaticsystemwhich supportsaanartistin produc-
ing bas-reliefs Givenashapewe wantto atten it withoutlosingtheimpression
aslong asit is seenfrom the samevantagepoint. Of course,ary kind of com-

pressiommodi es the geometryof a model,but our goalis to createa versionof

smallerspatialextentwhich still hasa similar appearancel hat's why we have to

keepthe perceptuallyrelevantdetailsup throughthe compressiomrocess.

Our approachcan be appliedin any areaof syntheticor real world shape
decoration Examplesare3D printing, milling, embossmengculpting,carvingor
engraing.

Nowadaysi,it is still the casethat mints designstampsfor the productionof
coinsor medalsona CAD machineby handfrom scratch A useof syntheticdata
asinputis not possibleyet, or it is rescaledinearly like it wasdescribedabove.
Our methodcontributesto bridgethis gapby generatingirtual prototypes.

1.3 Fundamentals

Rangeimagesalsocalledheight elds or depthmapsareaspecialklassof digital
imageswhich cover heightrespectrely distanceinformationbasedon a regular
two dimensionabrid z = | (x; y). Dueto thefactthatthis informationdescribes
shapesn a 3D scenat is oftendenotedasa 2.5D representation.
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A rangeimagecanbeachiezedin differentways. Oneexampleis ray casting
a 3D scenewhich meanghatfor every pixel in the projectionplanearay is shot
andthe distanceto the rst intersectionwith the sceneis measured.If suchan
intersectiondoesnot exist, the correspondingpixel will be setto a default back-
groundvalue. Z-buffering is arelatedtechnique Herea givenscends rendered
with the nearand far clipping planechosenin a way that they tightly enclose
the sceneafterthatthe z-buffer, which now containsthe distanceinformation,is
readout.

Theseapproachesnly work for virtual scenesin contrasto that,a 3D scan-
ner canproducedepthmapsof arealworld objectfrom differentviewpoints.

An importantproperty of height elds is that they consistof a foreground
part,containingoneor moreobjects,anda backgroungartwhichis lled with a
default valueusuallyvery differentfrom the foregrounddata.

In thisthesiswe exclusively describedepthcompessionwhich meanghere-
ductionof amodel's depthextent. We usethewordscompessiorandcompessed
only in this context. In no case storage compessionof rangeimages thatuses
differentrepresentationis orderto consumdessresourcedikein [6] is meant.

In the following, the term compessionratio describeghe relation between
thelengthof thedepthinterval afterandbeforethe processing:

M aX; esult Min result

! 11
M aXoriginaI Min original ( )

compressiomatio =

Here,M aX;esyt @aNdM in, syt representhe upperandlower boundarieof the
entriesat the objectpixels after the depthcompressior{only foregroundpixels
counthere). M aXorigina @aNdM ingiginai Standfor the correspondingxtremaof
theinitial shape.

1.4 ThesisOutline

Thenext chaptercontainsa surwey of the actualstateof affairsin the areaof bas-
relief generatiorandwe studythein uence of relatedresearchelds. Furthermore
theimportancdor differentkindsof applicationgs investigatedin Chapter3, we
describehedifferentphase®f ourgradientdomainapproacrandtheeffectsthey
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have on the intermediateesults.We presenseveral bas-reliefsvhich have been
obtainedwith the help of this methodand analyzehow the usercanin uence
theresults.After that, the algorithmis discussedn detailandcomparedo other
existing bas-reliefgeneratiortechniques.Chapter4 describeshow the gradient
domainapproachs raisedto the Laplaciandomain.This extensionandits differ-
encedo the methodin Chapter3 areinvestigatedafterthe correspondingesults
arepresentedln Chapter5 we wrapup andgive anoutlookon futureresearch.



Chapter 2

RelatedWork

In this chaptemwe describevhathasbeendonein theareaof bas-reliefgeneration
and relatedresearchelds so far. In the endwe explain how our methodcan
supportexisting applicationdor digital shapedecoration.

2.1 High-Dynamic-Range-Conpresson

Theproblemof depthcompressioffor shapess closelyrelatedto High-Dynamic-
Range-Compressiof(HDR-Compressionyvhichis a hottopicin theareaof dig-
ital photography HDR-Imagescontainluminancevaluesdistributedin a very
largeinterval, e.g.acontrastelationin theorderof 250.000:1 Thegoal of HDR-
Compressionalso calledtone mapping is to diminish this interval in orderto
make it possibleto display the correspondind.ow-Dynamic-Rangdmageson
regular monitors,which requirea contrastrelationof at most1000:1,in the case
of an up-to-dateTFT-device. It is necessaryhat visually importantdetailsare
presered during the compressiorprocess. In the last yearsthis areahasbeen
intensvely studied,see [9], [10], [27] and [18] for example.

Figure 2.1 motivatesthe problemsetting. It shavs the HDR imagesof the
StanfordMemorial Churchand its correspondind-ow-Dynamic-Rangeesults
which wereobtainedby differentmethods.
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Figure2.1: Original HDR-image(courtesyof Paul Debevec) (left); resultafter
applyingthe methodof [27] (middle); outcomeof the approachof [11] (right);
the detailsin the windows are very well reproducedn both caseshut the oor
andthe stepsin the right imagelook more natural;morewer the contrastin the
middleleft andupperright partof theimagess betterenhancedy the methodof
[11]

SinceBas-reliefgeneratiorhasto "squeeze”ashapeinto the available depth
rangewithout destrging perceptuallyrelevant features,it canbe regardedasa
geometrigpendanto tonemapping.

Our methodmainly relieson the pioneeringwork of [11]. Their mainidea
is to work in the gradientdomainandmanipulatethe partial derivativesin a way
thatlarge magnitudesreattenuatedgtrongerthanlow ones. Therefore they use
amulti-resolutionapproachin the end,they recombinehe gradientcomponents
to thenew low dynamicrangeimage.

Neverthelessan extensionof this approachto rangedatais not straightfor
ward becauseherearesigni cant differencedbetweernfeaturesn digital images
and featureson shapes. Moreover, HDR-imagesare more or lesscontinuous,
whereaglepthmapsconsistof aforegroundandabackgroungartwhichleadsto
problemsalongan object’s silhouette. Thesediscrepancie$orcedusto perform
someradicalchangesn orderto adaptthe methodto our needs.
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2.2 Bas-Reliefs

The effect that bas-reliefsyviewed from an orthogonalvantagepoint, arealmost
indistinguishabldrom a full 3D sceneis calledthe bas-reliefambiguity. This
phenomenois amatterof humanperceptiorwhichis studiedin [3]. Theauthors
proof that thereexists a 3-parametefamily of transformatiorfrom a shapeto a
correspondindas-reliefsuchthat the shadingand shadaeving in both casesare
identical.

Aslongasavieweronly changesis perspectieslightly aroundanorthogonal
view, the impressionof a full relief remains. Once a certainvantagepoint is
exceededthe attening andalsodistortionarerevealed.

If anobjectis recordedfrom several anglesunderunknowvn lighting condi-
tions, the bas-reliefambiguity will make it hardfor a computerto resole the
shapeof this object,becausé¢he solutionis not uniquein generalunlessassump-
tions aboutthe surfacepropertiesare made. This problemconstitutesan active
areaof researchin computervision [2], [26].

In contrasto that,we exploit the existenceof thebas-relielambiguitybecause
we want to achiare exactly the opposite. Our aim is to createa shapewhich
is differentfrom an original but exhibits the sameappearance.The bas-relief
ambiguityjusti es our motivationthatfor eachmodelsuchcorrespondinghapes
do exist.

Currently therearefour workswhich directly addresshe challengeof gener
atingreliefswith the helpof computers.

In [7] this problemis studiedfor the rst time. Theauthorspresensimpleal-
gorithmsto producebas-andhigh-reliefs.They introducetheideato work with a
view dependenheight eld from agiven3D sceneFirst, they generateherange
imageby z-buffering andthena perspectie transformatior(reciprocallypropor
tional to thedepth)is appliedsuchthatobjectsin thebackgroundaremappedo a
smallerz-rangethanthosecloserto the foreground. This resultsin akind of per-
spectiveforeshortening After that, alinear scalingis appliedin orderto receve
theappropriateangein theresult. Thisis thevery rst work in this eld andthe
resultsare greatfor high-reliefsbut unfortunatelyfor bas-reliefsand especially
for high compressiomatiosit doeshardly betterthanlinearrescalingin termsof
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featurepresenration.

Then,for alongtimethisresearctareahascompletelybeenout of focusuntil
threeworkshave appearedn thesameyear

In [23] theauthorsdescribeamethodto computea bas-reliefof agivenmesh.
Therefore they representhe shapein appropriatedifferential coordinatesthen
they usea salieny measure[16] andcombineit with a featureenhancingech-
nique.In theend,theshapds rescalecdandthebas-reliefis reconstructedrom the
correspondinglifferentialcoordinates.

Inspiredby the resultsof [23], we developedan algorithmfor rangeimage
compressiolin afeaturepreservingvay whichis presentedn [14]. It adaptghe
mainideasof [11] to our shapeprocessingpurposeandoperatesn the gradient
domain. In this work, we have mainly beeninterestedin keepingthe surface
structureof anobjectpercevablein thegeneratediepthcompressesersion.The
informationaboutthe surfacestructureis coveredin the high frequenciesf the
partial derivatives. So,we rst split theimageinto its gradientcomponentand
extracttheir high frequencieswhich arethenrescaledeforewe recombinghem
to thedepthcompressedesult. At thistime, we haveignoredthelow frequencies.
Theresultsof this method Jook quitegoodbut in somesensehey seemunnatural
and exaggerated.This thesisis an extensionof our earlierwork. It addresses
someopendravbacks(seeSection3.3) and drasticallyimprovesthe quality of
theoutcomes.Figure2.2 containsacomparison.

Thework of [28] providesa semi-automati¢ool which assistsaanartistwith
creatingbas-reliefs.Their approachs alsobasedon the ideaspresentedn [11]
andit worksin the gradientdomaintoo. A logarithmic attenuationfunction is
usedin orderto compressarge gradientsstrongerthanlow ones.Then,they give
a userthe possibility to treatseveral frequeng bandsin the new gradientimage
individually. This requiresthe artistto adjustseveralweight-parametersAt rst
glance their approactseemgo be quitesimilarto oursbut it differsalot in some
crucialpoints,asit will bediscussedttheendof the next chapter

Thesecurrentworks are an indicationfor the growing interestin this very
youngresearcheld.
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Figure2.2: Bas-reliefof thearmadilloandthelion vasemodel [1] achievedwith
theapporachproposedn [23] (left), obtainedby the algorithmof [14] (middle)
andtheresultof the methodpresentedn this thesis(right); compressiomatio is
2%in all cases

2.3 Virtual ShapeDecoration

Theareaof virtual shapedecoratiorcoversseveraltechniquese.g. embossment,
engraing, carvingor digital sculpting.lts aimis thegeneratiorof synthetigpieces
of art which cover the samestyles, effectsandimpressiondik e their real world
pendants.

In [24] and [25] the authorsprovide a setof tools andan interactve shape
modelerwhich allows an artistto createsyntheticembossmentand wood cut-
tings. Thedrawbackof this methodis thatthework is completelyin the handof a
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user Thisis time-consumin@ndthe quality of theresultslargely depend®nthe
skill of theartist.

Anothersetof tools for syntheticcarvingis presentedn [19]. Amongin-
teractve carvingtheir approachallows two andthreedimensionainput to deco-
rateshapesThe authorsrestrictthemselesto implicit surfacesandexplain that,
amongothertechniquesray castingis usedto computedepthdatafrom a given
3D scenebut the problemof how to compresshis datato anappropriatesizefor
their purposds notconsidered.

A computerbasedsculptingsystemfor the creationof digital charactergor
the entertainmenindustryis presentedn [20]. They require3D or rangedata
asinput, thena userhasseveral editing optionsto manipulatethe outcome. For
their algorithmthey useadaptvely sampleddistanceelds [12] andexploit their
properties.

In the rst caseour algorithmcancontribute by actingasakind of preproces-
sor, suchthatrangedataof syntheticobjectscanbe usedto producea template
which canthenbefurthermodi ed, ratherthanworking from scratch.This could
improve the quality of theresultsandwould leadto greatersuccesgor untrained
users.If a modelshouldbe cared into anothervirtual object,thenour method
canbe usedto presere morefeaturesin the outcomeor even exaggeratehem.
Oncerangedatais usedasinput, we cansupportdigital sculptingby requiring
lessuserinteractionto producesimilar or evenbetterlooking results.



Chapter 3
Gradient Domain Approach

In this chaptemwe describethe differentphase®f our gradientdomainbas-relief
generatiormethod. First, we give a global surwey of the algorithmandthenwe
explainthe purposeandthe contribution of eachstepin detail. We illustratethose
effectsusingthearmadillomodelasanexample.

Laterin this chapterwe presenseveralresultswhich have beenobtainedwith
thehelpof ourapproachWe inspectthein uence of theuseradjustedarameters
andinvestigatehe performanceFinally, thealgorithmis discusse@ndcompared
to otherrecentbas-reliefgeneratiormethods.

3.1 Algorithm

3.1.1 Overview

The main idea of our algorithmis to work in the gradientdomainlike it was
proposedn [11]. Thework ow shownn in Figure 3.1 describeghe interplay of
thedifferentsteps.

After having reada givenrangeimagel (X; y), it is splitinto its gradientcom-
ponentsl, andl,. A problemwhich naturally ariseswhenworking with depth
mapsforcesusto performathresholdingn orderto getrid of boundaryartifacts;
this leadsto |, andly. Then,anattenuatiorfunctionis appliedin orderto com-
presstheinterval size,andwe receize [, and (\y. Thefollowing unsharpmasking
stepallows a userto treatthe high frequeng bandindividually. So,anartistcan

13
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" B
1 Gradient Thresh-
¢ : = Attenuation
Extraction ]y J olding Iy J
Ix I y
Jx ¥
j J Poisson Unsharp
¢+ —— Rescaling
Problem Jy Masking

Figure3.1: Surwy of thedifferentalgorithmphases

decidewhethersmall detailsshouldbe boostedor not presenin the resultat all.
At this stage the new gradientcomponentsly, andJ, of theintermediateresult
arealreadycomputed.Solving a Poissonproblemlets us reconstructl with the
helpof its partialderivatives.Althoughthisrangeimagenow exhibitsavery small
depth,its interval rangeis adaptedoy a globallinear scalingin orderto make it
suitto thegivenpurposeandsowe receve the nal bas-reliefJ".

3.1.2 Background Detection

An input le which hasbeengeneratedvith 3D scannerdypically containsa
binarybackgrounanaskin additionto theheightdatal (x; y) itself. In othercases,
e.g.ray castedr z-bufferedshapessuchabinarymaskB (X; y) is extractedafter
having readtherangeimagedata:
Biy= o L DT 31)
1, else
Here, representshedefaultbackgroundralueof thedepthmap.

It isimportantthatbackgroundnformationdoesnotin uence thefurthercom-
putationof the foregrounddata. This maskhelpsus to distinguishwhich parta
pixel belonggo andis usedto normalizetheresultin theend.Figure3.2shovsthe
initial rangeimageandthe extractedbackgroundnaskfor the armadillomodel.
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Figure3.2: Initial color-codedshapgleft); mostsalientpartsareindicatedby red
andthosefurtherto thebackgroundarecoloredblue;thevaluerangeis 300atthat
stage correspondindpinary backgroundmask(right)

3.1.3 Decomposition

In orderto work in the gradientdomainthe partial dervatives|, andl, of the
height eld haveto becomputed.They areobtainedwith the helpof a differential
guotientin two dimensions:

Iy (i; j) I(i+h;jr)] () (3.2)
iy D 1) (33)

In ourdiscretecaset holdsthath = 1, andsotheequationshovn above collapse
to a nite forwarddifference:

L (5 ]) LA+ 15)  1(G5)) (3.4)
ly(i; ) LG+ 1) 1G0) (3.5)
The fact that the backgroundvalue is usually very differentfrom the fore-

grounddataleadsto large peaksat the object's boundary In Figure3.3a 1D
signalis usedto illustratethe problem.
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Figure3.3: 1D signalwith boundaryanddefault backgroundralue(left) andcor-
respondingrst derivative obtainedby nite difference(right)

In thetwo dimensionatase whichis shavn in Figure3.4,aviewer canonly
seeathin line (exactly onepixel of width) of large valuesalongthesilhouetteand
all otherinformationinsideis closeto O relative to thesediscontinuities Keeping
suchjumpsresultsin a larger depthinterval andthe problemthat small details
will hardlybe percevablein theresult. Furthermorethesepeakdeadto artifacts
duringthehigh frequeng computation.

In generalthis problemcannotbesolvedby adaptinghe backgroundraluein
adwance.So,we haveto modify I, andl in awaythattheoutliersareeliminated.

| I I I [ T T 1 H I E——— ]
250 -200 -150 -100 -50 0 50 100 150 200 250 250 -200 -150 -100  -50 0 50 100 150 200 250

Figure 3.4: Gradientcomponent®of the armadillo model; X-gradient(left) and
Y-gradient(right); bothexhibit a very large valuerange
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3.1.4 Thresholding

Thisstepdetachesighvaluesform thegradienimages.Thereforeauserde ned
parameter is introducedandall pixelswhoseabsolutevalueis greaterthanthis
thresholdaresetto 0. First,we generate binarythresholdmaskT :

Lt X ()i

T(X;ij) = 0 else (3.6)

This maskis thenusedto cut out the correspondingentries. The -operator
meansomponent-wisenultiplicationin this case:

T Ix 3.7)
T(y) |y (3.8)

I x

ly

Note, that this methodalsoaffectslarger jumpson the objects surface. If
is chosentoo high, thenlarger gradientswill form the resultandsmallerdetails
will hardlybevisible. If it is chosertoo small,then at artifactscanariseduring
thereconstructiorstep,becausemportantinformationis lost. So, this parameter
givesanartistthe opportunityto steerwhich kind of gradientsshouldberemoved
(respectrely remain),but concealgherisk of cuttingoff too much.Thein uence
that hasontheoutcomes furtherdiscussedn theresultsection.

Neitherthe pixelsin the backgroundnor the peaksalongthe silhouetteand
on the object’s surfacemay contritute to the further processing. Thereforewe
construciabinarycombinedmaskC with thehelpof B andT for whichapixelis
setto 1 if andonly if it is equalto 1 in thebackgroundnaskandin boththreshold
masks:

C=B T(x) Ty (3.9

Figure 3.5illustratesthe effect of this stepon the armadillomodel. It shavs
thethresholdedyradientimagesl , andl, aswell asthe correspondingombined
maskC.
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R

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 contrasto Figure3.4andtheinterval sizechangesirasticallyaccording
to ; (right) combinedbinary mask;the positionsof detachedixels are marked
in themaskthis holdsespeciallyfor the jaw in this example

3.1.5 Attenuation

Up to now, we have producecdcontinuouggradientimages.

By de nition, attenuationis thereductionin amplitudeandintensityof a sig-
nal [29]. In practice,this meansthat valuesof larger magnitudeshave to be
diminishedstrongerthansmallentries.This relative corvergenceleadsto a com-
pressiorof theremaininginternval sizeby keepingthe appearancef the signal.

Thereis a numberof differentwaysin orderto achiese attenuation We have
decidedto apply the function proposedn [11]. Thereforewe rst constructa
weightmatrix A:

( ) <0 if X(i;j)=0 (3.10)
AX:ij) = b 3.10
T : a Xy .

X a~ o else

Then, theseweightsare appliedby component-wisenultiplication and we
obtainthethresholdedndattenuatedradientcomponentsy and (\y:

e
y

A(ly) Iy (3.11)
Ally) 1y (3.12)

Note, that the gradientsin the backgroundand thosewhich were detached
beforeremainunchangedhecauseeroentriesaremappedo zeroentriesagain.
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This methodneedswo parameters andb. It hasthe effect thatabsoluteval-
uesabove a areattenuate@ndthosebelow areslightly enhancedAt rst glance,
this magni cation seemgo be counterproductie for the purposeof compression
but it comesup with the bene t of preservingsmall entriesby boostingthemin
thatway. Figure3.6 shavsthegraphof theattenuatiorfunction.

1.4 T T T T T

1.2 .

11- f

0.9- *

0.8

07 ! ! ! ! ! ! ! ! !
10 20 30 40 50 60 70 80 90 100

Figure3.6: Theparametefa”of theattenuatiorfunctionmarksthepositionof the
l-intersectionit is 10in this particularexample;the parametetb”steershow fast
theweightsapproachhex-axis,hereit is 0:9

If a depend®ntheinterval-constitutiorthenthewholefunctionwill beadap-
tive becauset returnsdifferentweightsfor the samevalueif it is containedin
differentintervals. For all imagesn thefollowing, thereferencevaluea is chosen
10 % of the averageabsolutevalue of all unmasled pixelsin X. The parameter
b which affectsthe compressiomatio is x edat 0:9 for all resultsshown in this
thesis.So,basicallythis attenuatiorstepdoesnot needary userinteraction.
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3.1.6 Unsharp Masking

If auserwantsto achieve a very high compressiomatio, thenit is likely that ne

detailswill hardly be percevablein the result. The slight enhancemerftom the
previous stepis not sufcient to overcomethis problemin general. The small
featuresarecoveredin the high frequencie®f the signalandthat's why the high
frequeng parthasto be boostedn orderto emphasis¢he ne detailsandkeep
themup throughthe procedure.

Therefore we usethe conceptof unsharpmasking,which is a classicalech-
niqueto sharpenmagesthatwaseven appliedin historicalphotographyaround
the1930's [29]. Todayunshargmaskingis widely usedin mary areaghroughout
computergraphicse.g.to enhancdeaturesn digitalimages[17] or meshes[13]
[8]. Themainideais to createa smoothedsersionof a signalandsubtracit from
theoriginalin orderto obtainthe high frequentpart,whichis thenlinearly scaled
by auserspeci edfactorandaddedbackto thelow frequeng component.

If the backgroundpixels andthosewhich have beenthresholdedeforecon-
tributeto theblurring, thensomepixelsin thelow frequentpartwill be of amag-
nitudewhichis too small,because¢hereis anumberof undesired-valuedentries
in their neighbourhood.Moreover, someof the masled pixels would be given
an unpredictablevalue differentfrom 0, sincethe smoothingkernelreacheshe
foregroundpixels. Both casedeadto peaksin the extractedhigh frequeny part,
becaus¢he smoothedrersionof the signalexhibits valueswhich areeitherhigher
or lower thanexpected.Suchdiscontinuitieswill causeartifactsin the result,so
we have to addresshis problem.

Themostimportantstepis thefollowing discretecornvolution. For thesmooth-
ing itself we usea 2D Gaussianlter G of standardleviation andcorrespond-
ing kernelsize. Here,m andn arethe indicesof the Iter in x respectrely y
directionand C representshe combinedbinary maskobtainedfrom Equation
3.9:

8
2 q if C(i;j)=0
Blur (X;i;j) - S G Ejm;n)C(i m;j n)X(i mj n) olse (3_13)

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

m;n
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The mainideaof this functionis thatit only considersunmasled pixelsin a
neighbourhoodor the weightedaveraging,andlik e in the previous stepit leaves
the masled pixelsuntouched.The denominators usedfor normalization sothat
theweightswhich areactuallyusedsumupto 1.

If weusetheabore mentionedunctionin ourspecialkcasewe cangoonlikeit
is intendedby regularunsharpmasking.Thesignalsaresplitinto two components
Low andH igh, whereaswve apply anotherslight smoothingto the high frequent
partin orderto preventoccurringnoise.After that,theweightof thehighfrequent
partis modi ed andit is addedbackto obtainthe new partial derivativesof the
depthcompressedangeimage,calledJ, andJy:

Low(X) = Blur (X) (3.14)
High(X) = Blur ,(X Low(X)) (3.15)
Je = Low(})+ High(}) (3.16)
J, = Low(ly)+ High(f}) (3.17)

The parameter ; decideshow the signalis decomposedn our examplesthe
valuerangedrom 2 to 5. In contrasto that, , only senesto diminishnoiseand
is chosenl for all the resultsin this thesis. The new relation betweenthe high
andlow frequenciess steeredoy the parameter > 0 which it dependson the
desiredcompressiomatio or the intentionof theartist. = 1 leavesthebalance
unchanged, > 1 enhanceshe high frequenciesvhereas < 1 impairsthem.
Thehigherthe compressionthe higher hasto be setin orderto keepthe small
detailsup.

We want to accentuatdhat the secondsmoothingwith 5 is not essential.
Strictly spolen,this slightmodi cation evendestrystheideaof unsharpmasking
becauseve only boosta part of the high frequenciessincethe highestonesare
eliminated. Neverthelessexperimentshave shovn that the resultsexhibit some
noisein regionswith a smallnumberof featuresandthatthe detailsappeartto be
unnaturallysharpif thesecondlurringis omitted.

Figure 3.7 containsthe enhancedyradientimages], andJ, of thearmadillo
model.
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i 1 i i
-10 -5 0 5 10 -10 5 0 5 10 15

Figure3.7: Intermediateesultafter unsharpmasking;newv X-gradient(left) and
Y-gradient(right); compareo Figure3.5;here = 6, ;= 4and ,=1

3.1.7 PoissonProblem

Theresultsof thelaststeprepresenthenew gradienttomponentsf thebas-relief.
Sofar, their discontinuitieshave beenremoved, they have beencompresse@nd
their high frequenciehave beenboosted.

Now, we regonstructhe depthcompressedangeimageJ from its modi ed
gradientG = jy . Sincethe partial dervatives have beenmanipulatedG is
notintegrableanymore,in general.Therefore we usean optimizationprocessn
orderto nd afunctionwhosederivativeis closestG in aleastsquaresenselike
it wasproposedn [11] and [28]:

ZZ
J(x7y) = argmin iir 36y)  G(x y)ij*dxdy (3.18)

Q@ . . .
Whereasr = & representshevectorof partialderivatives.
@

Reformulatingthe equationshovn above leadsto the Poissorequation:
J = divG (3.19)

Here, =r2= @ + % denoteghe Laplaceoperatoy anddiv = +

@?
standdor thedivergenceoperator

Rle

@
@

Adaptedto our discretecasethis meanghatthe Laplacianof J is givenby the



3.1. ALGORITHM 23

sumof the partialderivativesof G. Dueto thediscretecasewhich we arein, they
areobtainedby a nite differenceagainlikein Chapter3.1.3,but hereit hasto be
the backward diffferncein orderto producea centraldifferencelike it is de ned
for theLaplacian:

@ , @

) g (3.20)

= Ju + Jyy (3.21)

Jux (15 ) I(ir])  Ix( L)) (3.22)
Jyy (i3 1) Jy(i:j)  Jy() 1) (3.23)
(3.24)

Now, the taskis to computea function J whoselLaplacianis equalto the
right handsideof Equation3.24. The solutionto this Poissorequationis a well
known andwell studiedproblemandtherearestandardechniquego addresst,
soit shouldnot be discussedn detail here. Onehasto solve a sparsesystemof
linearequationandthereforeheLaplacematrixitself andaboundaryis required.
In our case,the boundaryis given by the default backgroundvalue. As further
readingwe recommend[4].

This steplets us recombineboth partial derivatives,andso it bringsus back
form thegradientdomainto aheight eld (spatialdomain).

3.1.8 PostProcessing

Sofar, we have produceda rangeimagewhich exhibits a greatlyreduceddepth
intenval size. Smallfeaturesarepreseredbecauseherelationbetweerhigh and
low frequenciediasbeenadaptedy unsharpmasking.

The abore mentionedparameters, ;, , and leadto acompressiomatio
which is unknavn in advance. In orderto obtainthe desireddepthrange,we
introducea globallinear scalingfactor > 0 which makesthe bas-reliefsuit to
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thespeci c purpose This bas-reliefis calledJ".

desiredratio
= — 3.25
achievedratio ( )
J = J (3.26)

Then,we normalizetheresultwith thehelpof thebinarybackgroundnaskB,
in awaythatit rangegrom 0to acertainpositveamountwhereashebackground
pixelsaresetto O.

Finally, we mapour depthcompressedheight eld to a regular triangulated
grid of appropriateesolutionin orderto visualizeit asa threedimensionakur
face. That meansthat the z-value of eachvertex is setto the heightof the cor
respondingpixel. The underlyingconnectity of the verticesleadsto a mesh
representationf thebas-relief.Theoutcomesareshovn in Figure3.8.

The carefulreademight realizethat the color distribution in the left part of
Figure 3.8 is very differentcomparedo the onein Figure 3.2. In the original
the claws andthe noseof the armadilloarealmoston the samelevel whereaghis
relationis heavily distortedin the resultbecausd¢he noseis muchmore salient
thanthe claws which, areevenfurtherto the backgroundhenthe breast.In the
right imageof Figure 3.8 suchan effect is not percevable becausepn the one
handit shavs an almostorthogonalvantagepoint, and on the other handthese
differencesnthe surfaceareonly visible if avery smallscalingis appliedto the
z-axis,sinceit is very at. Anotherviewpoint anda differentscalingreveal the
distortion,seeFigure3.9.
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Figure 3.8: (left) reconstructedolor-codeddepthmap compressedo 2% of its
initial size(6:300)andthe correspondin@D surfacerepresentatiofright)

Figure3.9: sideview of the original model(left); sameperspectie onthe depth-
compressedesultwith differentscaling(right)
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3.2 Results

In this sectionwe presentseveral resultswhich demonstratéhe potentialof our
algorithm. We inspectthe in uence which the useradjustedparametersiave on
theoutcomeandanalyzethe speedof this approach.

In Figure3.10we presendifferentviews on the bas-reliefwhich corresponds
directly to theresultof the lastchapter Note the preseration of the ne details
andthevery smallheight.

More resultsfor modelsof differentsize and compleity with varying com-
pressiomratiosareshovn in Figure3.11and3.12.

Figure3.10: (top row) For thelower leg onecanrecognizehe ne surfacestruc-
ture aswell asthe nails; the partsof the mail on the upperleg andthe different
musclesaroundthe stomacharevery well distinguishablethe claws andthe de-
tails on the inner part are greatly presered; (bottomrow) sideview of original
rangeimageandthreedifferentperspectieson the resultafter compressingt 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 correspondindpas-
relief compressetb 2% of its formerdepth,notethe preseration of the order a
viewer canrecognizeheoverlappingevelsof themodelandknows which partis

abore or behindthe otherone
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Figure3.12: arangeimageof a Buddhisticstatue [5] (left) andthe depthcom-
pressednodelon the right (2%); note how well the low frequentfeatureslike
eyelids noseor mouthandthe very high frequentstructureon the headare pre-
senedatthesametime

3.2.1 Parameters

Figure3.13shows thein uence of the thresholdparameter . If the valuefor
is too high, thendiscontinuitieson the object’s surfacewill be presered at the
expenseof the visibility of small details. A smallvaluefor canleadto large
masledareasvhich make it hardto reconstructherangeimageproperly Hence,
ameaningfulsettingof thethresholds requiredin orderto nd abalancebetween
thepreserationof visually relevantdetailsandcontinuity of theresult.
Thefollowing two gures demonstratéhe contribution of the unsharpmask-
ing step.Thebas-reliefan Figure3.14areproducedusingdifferentvaluesfor ;
which causeadifferentdegreeof smoothness theoutcome Figure3.15demon-
strateghein uence of which steerghenew relationbetweerthe high- andlow
frequeny part.
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Figure 3.13: combinedmasks(top row) andcorrespondingesults(bottomrow)
for = [755;1]fromlefttoright( 1 = 4, , =1, = 6);intheleftimagesone
canseethatall inner pixels aretakeninto account(no differenceto background
mask)whichleadsto anexaggeratiorof thejaw antheclawswhereashevisibility
of the ne structureis impaired; the small featuresin the right part are better
preseredbut thelossof too muchinformationonthe coarsestructurdeadsto at
artifacts;this holdsespeciallyfor thesilhouettethejaw andtheclawshere; = 5
leadsto ameaningfulrelation
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Figure3.14: , = 15(left); , = 10(middle); 1 = 2 (right); for large values
of ; the high frequentfeaturesare still visible but they appearto be blurred;
smallervaluesemphasise¢he detailsbut the ridgesare very sharp;comparethe
smoothnessf there ections alongthe transitionsof the stomachandthe breast
partiinallcases =5, ,=1 =6

Figure3.15: from left toright = [20,1;,0:2]( =5, 1 = 4, , = 1); these
imagesshowv that one can exaggeratehe small details(high re ections around
details) by choosinga high boostingfactor; for the caseof = 1t is neutral
andthe featuresarevisible but very at (almostno re ections), this corresponds
to aresultfor which only thresholdingandattenuatiorareapplied;impairing the
highfrequencieseadsto anevenmoreschemati@appearancef thewhole model

(right)
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3.2.2 Performance

The MATLAB implementationof our algorithmturnsout to be quite fast, al-
thoughwe are surethatit canbe further acceleratedecauseve have not paid
specialattentionto ef ciency yet.

The desiredcompressiomatio anddifferentvaluesfor the parametersluring
the attenuationdo not in uence the speed.In contrastto that, larger valuesfor
the blurring parameter ; cancausea larger Gaussiarkernelandsothe discrete
corvolution in the unsharpmaskingsteptakessigni cantly longer If thenumber
of masledpixels,dueto asmallthresholdjs highthenthealgorithmwill befaster
becausenoreentriescanbeignoredduringthe processing.

Thereconstructiorstepis the mosttime consumingpart. Solvingthe Poisson
equationtakes more time for larger depth maps,becausehe systemof linear
equationgrows accordingto theresolution.

For our experimentswe usean Intel Xeon" 3.06 GHz dual corewith 2GB
main memory Table 3.1 shaws the runtimefor differentmodelsexcluding le-
I/O.

Name Resolution| ; | Elapsedlime
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
Happ/ Buddha | 970x900 |5 | 12.8sec
StanfordDragon| 970x900 |5 | 19.5sec

Table3.1: Runtimeoverview for selectednodels;Happ/ Buddhaandangelstatue
resultsareshowvn in the next chapter

3.3 Discussion

Ourgradiendomainapproactproducedas-reliefdrom agivenshapen afeature
preservingvay. Themethodis simple,fastandleadsto arichnesof detailin the
resultsevenif avery highcompressiomatio hasbeenachiesed.
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Thereademay askwhy the work in the gradientdomainis necessargince
almostall operationsusedarelinear. The crucialpointis the thresholdingwhich
helpsto ignore larger jumps on the objectssurface. The result of attenuating,
unsharpmaskingandlinearrescalingn the spatialdomainis absolutelyidentical
to the outcomeshawvn in 3.13for thereferencevalue = 75wherethe visibility
of the small featuresis impairedbecausehe discontinuitiesaroundthe jaw are
kept.

Thedistortiondescribedn Section3.1.8is causeddy the interplayof thresh-
olding andthe solutionof the Poissorequationfor reconstructionlt would arise
evenif noattenuationunsharpmaskingor linearrescalingvereperformed.n our
specialcasesuchadistortionis desiredoecausét supportdhe correctimpression
of themodelfrom anorthogonalvantagepointlikeit is intendedfor bas-reliefs.

In [28] theauthorausealogarithmicweightingfunctionfor attenuationyhich
needsone parameteto steerthe compressionatio. The problemwith this ap-
proachis that the weight only dependson the absolutevalue of a pixel. This
meangt returnsthe sameresultfor a speci ¢ magnitudedisregardingits relation
to theotherentries.Supposeve aregiventwo very differentmodelsasinput. The
thresholdingstepcan causegradientintervals of the samesize for both models
althoughthedistribution of valuesinsideof themis very different.If we usedog-
arithmicweights,thenthe valuesin bothintervalswould be treatedexactly in the
sameway. Thisis why we applythefunctionproposedn [11] whichindividually
adaptgo differentintervals.

Anotherdifferenceto theapproactpresentedn [28] is thatit givesa userthe
possibilityto decomposéhesignalinto anarbitrarynumberof differentfrequeng
bands,which canthenbe weightedindividually. On the one handthis leadsto
more artistic control and even allows stop-band- Iteringlike it is describedin
[13] but on the otherhandit requiresthe userto nd meaningfulweightsby trial
anderror. Our methodis limited to two differentfrequeny bands,becauseave
usedtheapproachpresentedn [17] and [8]. This meanghatstop-band- Itering
is not possible,but we can producegood looking resultsin a much more user
friendly, simplerandfasterway.

As mentionedearlier the methodintroducedn [7] is not applicablefor high
compressiormratios becausdt scalesdown globally oncea height eld is gen-
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erated. This meansthat, if the rangeimageis compressedoo much, thenthe
preseration of smallfeatureswill be similar to the oneachieved by naive linear
rescaling.In contrastto that, our algorithmpreseres ne detailsby boostingthe
high frequenciesandlocally taking into accountthe constitutionof eachneigh-
bourhood.

This thesisis anextensionof our earlierwork [14] in whichwe only concen-
tratedon the high frequencieandignoredthe low ones.This hascausedseveral
problemsin areaswhich exhibit only a small numberof featurese.g. spherical
parts.Dependingon the parametergheseregionshave eitherbeennoisy or com-
pletely attened. Hence,we includethelow frequenciesiow, andobtainresults
which look muchmorenaturalbecause¢he corvexity in suchareass presered.
Moreover, in [14] we have usedglobal blurring, which hasled to exaggerated
large andsharpridgesandotherundesiredartifacts,becauset introducesdiscon-
tinuities at locationswhere entrieshave beenthresholdedasit is explainedin
Section3.1.6. Currentlywe apply the discreteconvolution function describedn
Equation3.13,in orderto preventthosepeaks.



34

CHAPTER3. GRADIENT DOMAIN APPROACH



Chapter 4
Laplacian Domain Approach

For the gradientdomainapproachit is necessaryo computethe Laplacianof
the rangeimagein orderto getbackto the spatialdomain. That's why we have
thoughtof manipulatingthe Laplaciandirectly. To the bestof our knowledge,for
the purposeof depthcompressiomf shapeghis hasnot beendonebefore.

Theideabehindeachstepis the samelik e in Chapter3, but the effectswhich
they have aredifferentbecausehe Laplacianandthe gradientrepresentlifferent
propertiesof the model. In orderto not repeatwhat hasbeendescribedbefore,
we keepthis chaptermoretechnicalandonly demonstrat¢he differencedo the
gradientdomainapproachThereforewe usethearmadillomodelhereagain.

Let theheight eld | (x;y) begivenandthe binarybackgroundnaskB (X; y)
be extractedlike describedn Section3.1.2. We begin with the computationof
the Laplacian | of therangeimage.By de nition | isthesumof thesecond
derivativesin bothdimensions.

I = L+ 1y (4.2)
L i ) (i + h;j) 2|E]I;J)+|(I h;j) 4.2)
Ly (i ) I(i;j + h) 2|£]I;J)+|(I;j h) (4.3)

Sincetherangeimagesarediscretet holdsagainthath = 1in ourcase.

35
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Reformulatinghe abore mentionecequationsinderconsideratiorof this fact
leadsto thefollowing approximation:

1
010

I @1 41K | (4.4)
010

This 3x3 Iter andthe large differenceetweenforegroundandbackground
dataleadto the fact thatthe peaksalongthe silhouettehave a width of 2 pixels
now. Likein Section3.1.4we usethresholdingvith referencevalue to eliminate

thoseoutliersandobtain 1. B(X;y) is extendedto the combinedmaskC(X; y)
accordingly

S ERN(D)

4.5
0; else (4.5)

Iz =
Figure4.1 shows the Laplacianof the armadillodepthmap beforeand after
thresholding.

Figure4.1: Initial Laplacianof the armadillorangeimage (left) andthe corre-
spondingthresholdedrersion(right)

Thenwe apply the attenuatiorfunction describedn Section3.1.5to get €1,
whereaghe parameter dependon the signal constitutionandb is chosen0.9
again.
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<0 if “T1(i:j)=0
ClG;j) = — b (4.6)
') Co_a L) gee '
G a

This stepis followed by unsharpmaskingwhich booststhe high frequencies
andproduceghenew Laplacian J for thebas-relief.Thereforethediscretecon-
volutionBlur , which hasbeenintroducedn Section3.1.6,is used.We omit the
additionalsmoothingof the high frequeng componenherebecause¢he visibility
of very ne detailsin theresultis impairedevenfor a slight blurring. The noise
reductionwhich couldbeachiezedby the secondsmoothings hardlypercevable
asexperimentshave shovn, andsoit playsaminorrole here.

Low(Cl) = Blur (€I) 4.7)
High(Cl) = CI  Low(Cl) (4.8)
J = Low(CI)+ High(Cl) (4.9)

The intermediateesultsafter attenuatiorandunsharpmaskingare presented
in Figure4.2.

Figure4.2: Thresholdedand attenuatedignal (left); correspondingmageatfter
unsharpmasking( = 4, alpha= 100
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Due to the fact that we have produceda new Laplaciandirectly, the recon-
structionof J canbedoneby solvingthe Poissorequation J = f immediately
Figure 4.3 containsthe reconstructedrescaledand normalizedheight eld in a
color-codedway aswell asthe correspondingurfacerepresentatiofseeSection
3.1.8for details).

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

4.1 Results

The color distribution in the left partof Figure4.3 shows thatthe generatedas
relief exhibits a heavy bending. This is the counterparto the distortionin the
gradientdomainapproach.The bendingis causedoy the thresholdingstepand
the solutionof the Poissorequatiorfor reconstructionin our casethis bendingis
undesireecausdt elevatesthe centerof anobjecttoo far from the background.
Figure4.4 containgdifferentviews on the bas-relief.

In Figure 4.5 we comparetwo moreresultsof this approachwith thoseob-
tainedby thegradientdomainmethod.

Thevaluesfor thethreshold andtheblurring parameter aresimilarto the
onesfor the gradientmethod( 5; 4), whereaghe enhancemerfactor
is largerthan100for theresultspresentedh this chapter
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Figure4.4: All threeviews showv thatthe middle of the bas-reliefis signi cantly
elevated,whereaghe earsandfeet standout only slightly from the background.
Especiallythetail which normallybelongso thebackgrounglaneis affectedby
this undesiredising towardsthe object's center
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Figure 4.5: Happ/ Buddhamodel [15] compressedvith gradientdomainap-
proach(left) andthecorrespondingas-reliefobtainedoy Laplacianmethod(mid-
dle); depthcompresseuersionof akneelingangelstatue[5] achievzedwith gradi-
ent(topright) andLaplacianalgortihm(bottomright); all modelsarecompressed
to 2% of their former spatialextend; note that the endsof the ropeaswell as
the ropeitself, the chain, the contoursof the coatandthe facial expressioncan
berecognizedor the Buddhamodel;the preseration of the ne structureatthe
wingsandthe hair arestriking in theangelexample;The Laplacianimagescover
all thesedetailsbut the overall appearancef the gradientdomainresultsis more
plasticandnatural
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4.1.1 Performance

Dueto thefactthatwe only work on oneimage(Laplacian),we achieve anenor
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
requiresonecornvolutioninsteadof four nite differences.

Table4.1shavsthecomputatiortimesfor theresultspresentedh this section
(le-1/0O excluded;Intel Xeon™ 3.06GHz dualcore).

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

Table4.1: Runtimeoverview for selectednodels

4.2 Discussion

All in all, thefeaturepreserationof this Laplacianalgorithmis acceptabléut the
appearancef themodelin the nal bas-relieis notasgoodastheresultsobtained
by the gradientdomainapproach.For high compressiomatiosthe bendingitself
is notvisible from anorthogonalvantagepoint, but if thecompressiois relatively
low, thenthere ectionsonthesurfacewill revealthis deformation.

This Laplaciandomainapproachis an extensionof an algorithm which is
pretty novel itself, hencethe currentstateis only preliminary A differentmethod
to overcomethe boundaryproblemat the objectss silhouetteis requiredin order
to produceevenly at results. We arestill searchingor an appropriatesolution
but we couldnot nd asatisfyingoneuntil thedeadlinefor this thesis.

The virtual resultsin both of our approachesook very promising,but there
will betwo grave practicalproblemsif theseresultsshouldbe "br oughtto real
life” with thehelpof a CNC machineamilling device,or alasercaner.

(1) Thetools which areusede.g. by a milling device, have a certainspatial
extendso that very small detailseither cannotbe producedor will be destryed
againduringthe process.
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(2) The crucial point is the factthat our generatedheight elds arediscrete.
A CNC machineneedsto know the transitionfrom oneentryto the next. These
canbe e.g. linear, parabolic,cubic or a circular arc of givenradius. So, if our
depthcompressedangeimagessene asinput,onehasto decidein advancewhich
transitionshouldbe appliedwhere;or a splinecurve hasto be tted throughall
discretepointsof arow for eachcolumn. But then,it cannotbe guaranteedhat
the effectsanddetailswhich arevisible in the syntheticresultsalsoariseon the
materialin theoutcome.

Theauthorsof [28] have producedalimestonesculpturebut dueto theabove
mentionedreasonsit exhibits only a small numberof coarsefeaturescompared
to their virtual results.



Chapter 5

Discussion& Conclusion

5.1 Discussion

The approactpresentedn [28] is currentlythe most e xible onefor thegenera-
tion of bas-reliefs This methodoffersanumberof possibleartisticeffectsandthe
useris givena lot of freedom,e.gonecanusean arbitrarynumberof frequeng
bandsandchangetheir relatve weights. But this freedomrequireseitheran ex-
periencedartist or a trial and error adjustmentor the parametersn caseof an
untraineduser

Thegradientdomainapproactpresentedh thisthesiss restrictedn thenum-
ber of possibleartistic effectssofar. Neverthelessit producedas-reliefswhich
canatleastcompetewith the onesachievzedby the algorithmpresentedn [28], it
is reasonabléastandmuchmoreuserfriendly.

The methodpresentedn [14] is, in somesensea subsef our currentgra-
dientdomainalgorithm. It focusesonly on high frequenciesvhich leadsto either
slightly noisy or exaggeratedesults.Dependingon themodelor the artistsinten-
tion this methodis absolutelysufcient. Its advantagesrethe simplicity andthe
higherspeed.

The Laplacianapproachfrom Chapter4 is still underdevelopment. All in
all, the resultsare not yet satisfyingbut promisingandthey requireonly short
computationtimes. The look of the outcomesof the gradientalgorithmis still
morenaturalthantheoneof the bas-reliefggeneratedby the Laplacianmethod.

43
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The pioneeringwork of [7] is not applicableif high compressionatiosare
neededecausehenthefeaturepreserationis hardlybetterthanthe oneof linear
rescaling.Neverthelessheir methodis simplerandfasterthanany otherapproach
in thisarea.

5.2 Conclusion

In this thesiswe have describeda methodwhich assistsa userwith the gener
ation of bas-reliefsfrom a given shape. Furthermorewe have shavn how this
approachyhich operate®n the gradient,canberaisedto the Laplaciandomain.
The artist hasthe possibility to steerthe relative attenuatiorbetweencoarseand
ne detailsin orderto controltheir presencen the outcome. For an orthogonal
vantagepoint we canachieve arbitrarycompressionmatiosandpresere visually
importantdetailsatthe sametime.

Due to the fact that this problem is related to High-Dynamic-Range-
Compressiomwe have adaptedseveral ideasfrom tone mappingto our purpose.
Our algorithmis simple,fast,easyto implementandindependenof the model's
compleity. Possibleapplicationsareary kind of syntheticor real world shape
decoratiorlike embossmengngraing, carvingor sculpting.

This is a very youngand interestingresearcheld which currentlyreceves
more attention. The resultsin this arealook very promisingbut thereis still a
numberof possibleextensions.

5.3 FutureWork

Sofar, the threedimensionalsceneswhich are usedas examples,only consist
of oneobject. For a very complex or even panoramicscenewith mary objects,
z-buffering from one perspectie cameraor orthogonalray-castingcan leadsto
distortion, bendingand otherundesiredartifacts. For a sequencef two dimen-
sionalimageghis problemis e.g.studiedin [21] and [22]. That'swhy the useof
multi-perspeciretechniquesonstitutesadirectionfor futureresearchWe expect
a hugedifferencebetweerthe resultsobtainedby a regularonecameracapturing
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of a sceneandthe outcomesachieved with 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-perspectre methods
would give morerespecto humanperceptioron the onehandandprovide mary

morepossibleartisticeffectson theotherhand.

Thedesignof ahybrid approactwhich keepsandenhancegradientdetailsas
well aspropertiesof the Laplacianandcombinesothmethodss anothempossible
extension. Therefore we wantto improve the work in the Laplaciandomainby
applyingadifferentsilhouettetreatment.

Using and developing other techniquesto extract and treat the frequeng
bands,.e.g. by multi-resolutionmethodswould give the usereven more control
onthe outcomeandoffer furtherartisticeffectsaswell.

In contrastto that, we alsothink of reducingthe userinterventionby devel-
oping a quality measuravhich takesinto accounthe propertiesof the generated
bas-reliefsandthoseof theoriginalheight eld. Thiscouldhelptointroduceadap-
tive parameter$or thefunctionsusedinsideof ouralgorithmandhencemake the
processnoreautomatic.
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