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In recentyearstherehasbeenlarge increasan the amountof digital mappingdata
of landscapeandurbanervironmentsavailablethroughsatelliteimaging. This digital
informationcanbe usedto developwind flow simulatorsover large cities or regionsfor
variouspurposesuchaspollutanttransporicontrol, weatherforecastscartographyand
othertopographicahnalysis. It canalsobe usedby architectsfor city planningor by
gameprogrammerdor virtual reality andsimilar applications.But this datais massve
andcontainsa lot of redundaninformationsuchastrees,cars,bushesgtc. For mary
applicationsijt is beneficialto reducethesehugeamountsof datathroughelimination
of unwantedinformationandprovide agoodapproximatanodelof the original dataset.
The resultantdatasetcan then be utilized to generatesurface grids suitablefor CFD
purpose®r canbe useddirectly for real-timerenderingor othergraphicsapplications.

Digital Elevation Model, DEM, is the mostbasicdatatype in which this digital data



is available. It consistsof a sampledarray of elevationsfor groundpositionsthat are
regularly spacedn a Cartesiancoordinatesystem. The purposeof this researchs to
constructandtesta simpleandeconomicaprototypewhich catersto imageprocessing
and datareductionof DEM imagesthroughnoiseeliminationand compactrepresen-
tationsof comple< objectsin the dataset. The modelis aimedat providing a synegy
betweerresultanimagequality andsizethroughthe generatiorof variouslevelsof de-
tail. An alternateapproachusingthe conceptsf standardleviation helpsin achiesing
the desiredgoal andthe resultsobtainedby testingthe modelon SaltLake City dataset
verify the claims. Thus, this thesisis aimedat DEM image processingo provide a
simple and compactrepresentatiomf complex objectsencounteredn large scaleur-
banenvironmentdatasetandreducingthe sizeof the dataseto accommodatefficient

storagecomputationfasttransmissioracrossnetworks andinteractve visualization.
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CHAPTERI

INTRODUCTION

One of the long-standingaims of sciencehasbeento be able to understandand
predict’nature’. By developingcomputersimulationsof nature combinedwith compu-
tationalsimulationof the forcesthatactuponit, sciences aimingto provide mankind
with thepowerto predictandhencepreventhazardougvents.Onesuchtool is theWind
Field Simulator

Wind Field Simulatoris atool thatcanhelpunderstan@ndpredictchemical/pollutant
transportthroughwind in the ervironment. In recentyears,the inclination towards
building pollutant-dispersiorsimulatorsfor urbanareasis on the rise becauseof its
high usability and need. For example,in caseof toxic warfare, evacuationplanscan
be developedusingdependablsimulationtools. Pollutionmonitoringandervironment
managemenare other highly useful capabilitiesof wind field simulations. Resource
managemerthroughcontrol of forestfiresis alsopossibleusinga Wind Field Simula-
tor. Otherapplicationssuchascartographyandcity planningwould alsobenefitfrom
computersimulationsn away thathelpsin understandinghe spatialcharacteristicand

henceassistin ruralinfrastructuredesignandurbandevelopment.



1.1 Overview of the Wind Field Simulator

The Wind Field Simulatoris essentiallya software program,which numericallyrecre-
atesthe grossfeaturesof thewind [6]. The simulationthusrequiresthe interactionof

multiple disciplines: wind datafrom variousmeteologicalstationsavailable through-
outtheregion, wind prediction(obtainedby numericallysolving mathematicamodels
basedupon finite-element finite-volume and boundary-elementethodsusing wind

dataandassimilatingmodelswith experimentaldata),numericalsimulationof mathe-
maticalmodelsrepresentatie of chemicalpollutantsin questionandinfluenceof struc-

tures(eg. buildings), plantsandhazardousitesin thearea(seefigure 1.1).

Wind data
frotm

meteclogical
stations

Wind
prediction data
based upon
FEM, FVM,
BEM

Wind Field
Simulator

Mathematical
modeals of
chemical
pollutants

Bimulation of
ROI available
as DEM
images

Figurel.1Multidisciplinary Inputto Wind Field Simulator
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With theadwentof high performanceomputingandcommunicatiorandrobustand
efficientmathematical/numericalgorithms this simulationhasbeenmadepossible A
multitude of techniquesand software, which employ Gaussiarplume, Lagrangianor
Eulerianmodels,have beendevelopedto performdisciplinary computationakimula-
tions on the givenregion of interest(ROI). However, dueto the enormoussize of the
inputdatasets$o thesesimulatorstherespons¢imesarenotvery satishctory Thelarge
sizefor descriptionof the ROI canbe attributedto the reduntantrepresentatiof the
objects(for example,if acuberepresenting simplebuilding canbe representedsing
four pointsof certainelevastionthenin the DEM imageit is beingrepresentetdy mary
morepoints).Also, the presencef irrelevantentitieswhich would not contributeto the
accuray of the simulationsaddsto the executiontimes. Suchentitiesarereferredto as
'noise’. Thus,noisecouldbe definedasobjects/entitie®bsenedin therepresentations
of the regions of interestthat are of leastsignificanceto the simulationprocess. For
example,contribution by objectssuchascars,trees bushestowersor lamp-postgo the
simulationprocesss negligible andhencecanbe safelyeliminated.However, presence
of the samecanintroducehugeerrorsduring approximationwhile alsoincreasingthe
sizeof resultantdataset.

Thus, a needfor generatinggood approximationgo an existing definition of ROI,
thatis inputto the simulatormodelis realized.

The information aboutthe region may be capturedas satellitesimagesand con-

vertedto a form appropriatfor numericalprocessing[25, 11]. After corversion,the
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descriptionmay be storedin the form of a setof points,a setcontourvectorsor a set
of irregularly spacedetof pointsconnectedstrianglesalsocalledTriangularlrregular
Network (TIN) Model asshown in figure 1.2. The mostcommonlyavailable form of
descriptionis the point form. Eachpoint representss elevationfrom the groundlevel.
Eachof theserepresentationsastheir advantagesanddisadwantagesBut they sharea
commondrawback: the datadescribinghe concernedegionis very hugeandcontains

noise.Thenext sectiondescribeshedigital elevationmodel.

NG
i

Figurel.2 Formsof DEM RepresentationContoursPoints, Triangles

1.2 Overview of the Digital Elevation Model

The Digital ElevationModel (or DEM) consistof aregulargrid of spotheights,i.e., it
consistf elevationdataover a horizontalgrid of onemeteror moreresolution[2, 9].
Thisdatamaybederivedfrom groundsurwey, photogrammetrypr cartographidatacap-
ture. TheDigital ElevationModelis calculatedusingparallaxmeasurements/stereosgop

[2]. Thesedigital cartographic/geographitatafiles aresoldin 7.5-minute,15-minute,
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2-arc-secondalsoknown as 30-minute),and 1-degreeunits. The 7.5- and 15-minute
DEMs areincludedin the large-scalecataeyory while 2-arc-secondEMs fall within
theintermediatescalecateyory and1-degreeDEMsfall within the small-scalecateyory.
This datais thenpolishedor preprocessetb remove ary discrepanciesr errorssuch
asoverlappingbuildings,gapsandunfinishedsidelinesnduceddueto the processingf
satelliteimageshroughstereoscop

But this preprocessingloesnot reducethe presenceof unwantedobjectssuchas
trees,bushesJamp-posts.Thesedatasetcanbe very huge(e.g.,the datafile of New
Orleansconsistsof 12 million pointswhile a 4400X 5700sgm sectionof Salt Lake
City consistsof 20 million points). A snapshobdf a partof the SaltLake City dataset
is shavn in figure 1.3. Suchhugedatasetsvould inadwertently prove to be very time
consumingandCPUintensve for the modelsolvers.

In view of risk mitigation(i.e., disastercontrol), relatedsimulationssuchasin toxic
warfare or control of forestfires, wheretime is the decidingfactor for the extent of
damagesmall datasetsvith goodapproximatiormodelsof theregion of interestprove
to be highly useful. Thus,to addressheissuesof risk mitigation,(i.e.,timely response
towardsdisastroussituations),it is essentiato reducesimulationandrenderingtimes.

Therecanbetwo approacheto the problem:

1. therenderingengineshouldbe manipulated/modifietb accommodat¢he needs
of thesimulator or

2. thesizeof thedatasetdeingsentto therenderingenginemustbereduced.



Figurel.3 Part of the SaltLake City datasetonsistingof over 20 million points



Thisresearchwill explorethesecondapproaclwherediscreterepresentatioandreduc-
tion of the DEM datasetith experimentatiorof the applicationof amodifiedscan-line
andmarchingcubesalgorithm.

This researchs anattemptat eliminatingnoisefrom the givendatasefor anurban
ervironmentsimulationandusingsimpleapproximateepresentationfor complex ob-
jects/structures.Thus by reducingthe size of the datasefprovided to the Wind Field
Simulator the responsdimes could be enhancedand interactve visualizationof the

pollutanttransporicould alsobefeasible.

1.3 Reseach Issues

Thereare numerousalgorithmsavailablein the literaturethat caterto imageprocess-
ing and more specificallyto DEM datareduction. The TriangularIrregular Network
(TIN) Model [15] and Contouring[17] arethe mostcommonlyusedtechniques.The
TIN Model consistsof irregularly spacedsampleof pointsconnectedy trianglesand
only thosepoints are includedwhich largely contribtute to shapeenhancementf the
structuresanddo not introducenoise. But aswill belearntin the proceedingchapter
this techniqueas moresuitablefor terraindataset®r landscapesThe characteristicef
terraindatasetss thatthey donot containstructuresvith sharpedgesor extremelysteep
slopesasin caseof urbanareaswith buildings andotherman-madestructures.Moun-
tainousregions, plateausor hilly regions are more suitedto polygonalsimplification

usingthe TIN Model representation.
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VolumetricRenderingusingMarchingCubegq17] andContouringareotheralterna-
tiveswhich would assisin reducingthe sizeof theinput datasetput they would not be
ableto capturethe edgeinformationof buildings accuratelyandalsothe triangulations
producedor renderingnaycontaintriangleswhich aresmallerthanthepixel sizeitself.
Thusnumerousunwantedtriangleswould be generated Someof the othertechniques
suchasthe Uniform Grid Algorithm, HeirarchicalMethodsandthe FeatureMethods
Algorithm alsocaterto DEM processingandwill be discussedn greaterdetailin the

next chapter

1.4 Hypothesis/Researh Goals

It is clearthata new methodologywhich would caterto urbanervironmentsimula-
tions,would be extremelyvaluable. Thusa modifiedscan-linealgorithm,similar to the
Marching CubesAlgorithm, is beingproposedn this researcho customizethe prob-
lem of DEM simplificationfor urbandatasets Specifically the goal of this researchs

to developandtesta modifiedscan-linealgorithmthatwill

1. eliminatenoise(automobilestrees bushesegtc.),and

2. provide anaccurateapproximateaepresentationf comple objectsin the dataset
atvariouslevelsof detail.



1.5 Approach

The approachin this researchs to outline the essentiaklementghat would form the
outline of the new modifieddatareductionalgorithm. The main elementsf the algo-
rithm are

1. 'cleaning’ the geometryby eliminatingthe unwantedobjectssuchascars,trees,
bushesegtc. from the dataset,

2. sgyregating the buildings so that an object orienteddatastructurewhich would
caterto componenmodelingcouldbe achieved,and

3. providing supporfor thegeneratiorof variouslevelsof detailfor thegivendataset.

To obtainthe exact shapeof the building or its approximationa point distribution
curve, basedon 'standarddeviation’ calculation,will be usedto determinethe spatial
distribution of the cross-sectiongblanes. The corvex hull of the building at eachof
thesecross-sectionwill be capturedandstored.The variouslevelsof detailcombined
with a noise-controlfunction will facilitate the generationof good approximationfor
urbanervironmentdatasets.

Thealgorithmwill thenbe evaluatedor its accurag by comparingcertainstatistics
of theoriginal structuresr objectsin the dataseto thoseobtainedusingthe datareduc-
tion algorithm. Also, a visual comparisorof the rasterimageof original datasewith
the resultantapproximationf the sameat variouslevels of detailswill be usedasa
measuref evaluationfor the proposedalgorithm.

For experimentatiomurposesa part of the SaltLake City datasewill betakenas

atestcaseandwill bearunningexamplefor the entirereport. The datasetonsistsof
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elevationinformationfor theentireSaltLake City atonemetemresolution.For simplicity
in storageanduse,theentireregionwill bedividedinto five sections Eachsectionwill
containapproximately20 million pointsof which smallsectionsof 242x 249and70 x
85 pointswill beconsideredstestcases.

Theproposedlgorithmcouldbeappliedto terraindatasetsiswell, but certainchar
acteristicfeaturesof the structureghatwould be presentin anurbansettingaretaken
into consideratiorio provide a simplersolutionto the problemandthuscustomizet to

acertainextent.

1.6 Organization of ThesisReport

The organizationof the reportis asfollows: Chapter2 outlinesthe numerousmethod-
ologiesavailablein literaturethat caterto DEM imageprocessing.It alsoprovidesa
takular representationf the advantagesand limitations of eachtechnique. Chapter3
summarizeshe attemptsat DEM approximationusingexisting in-houseandfree soft-
waretools. Chapte# providestheframework for analternateapproacho simplification
andprovidesastep-by-stegxplanationof thealgorithmdeveloped.Chaptel5 describes
theresultsobtainedusingthe prototypewhenappliedto SaltLake City dataseaindalso
stategshecompleity of thealgorithm.Finally, Chaptel6 summarizeshecharacteristics

of thealternatemodelandoutlinesthe scopefor future work.



CHAPTERII

LITERATURE REVIEW

Imageprocessindiasbecomeancreasinglyimportantsincethe pastdecadeassatel-
lite photographsand scannerdor remote sensing,scientific visualizationsand other
similar applicationsarecapturingdataset®f greaterandgreaterdetail. Analyzingthese
datasetsn their original form is frequentlypainstaking cumbersometime consuming
andCPUintensve.

Simplification,while retainingcharacteristideaturesjs very beneficialin termsof
storagefransmissiorandcomputationln otherwords,a compactapproximatiorof the
original datasewill reducedisk andmemoryrequirementsandalsoimprove network
relatedoperations. Numericalsimulations,suchasin Finite ElementAnalysis, with
executiontimes directly proportionalto size of input datasetsare accelerated.Also,
real-timerenderingopecomegossiblein thetruestsenseand,hence simplified datasets
areappropriatgor risk-mitigationapplications.

The literature offers numerousmethodologiesthat caterto image processingof
DEM datathroughpolygonalsimplificationand approximation. Thesemethodologies
have beenappliedin variedfields suchascomputationajeometry computergraphics,

geographicainformationsystemgGIS), virtual reality, finite elementmethodsandcar

11
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tography A detaileddescriptionof the varioustechniquedor polygonalsimplification
is availablein asurwey paperby GarlandandHeckber{15].

This chapterprovides a review of key techniquesfor simplification that revolve
aroundDEM datareductionand approximationof urbandatasets.The following five

algorithmsarediscussed:

. regularsubsamplinglgorithms

. hierarchicakubdvision algorithms

1

2

3. featuremethodsalgorithms

4. refinementanddecimationalgorithms
5

. marchingcubesandcontouringalgorithms

2.1 Regular SubsamplingAlgorithms

Regular subsamplings the simplestand fastestapproximationalgorithm that can be
implemented14]. Imageprocessingn this caseinvolves generatingthe desiredthe
approximatiorthroughscanninghe entiredatasetretainingevery pointin the kth row
andkth columnanddiscardingthe remainingpoints[14]. As shavn in thefigure 2.1,
variouslevelsof details(LOD) areachieved by simply subsamplinghe original dataset
at regularintervalsin the horizontalandvertical directions. The resultantdatasetare
alsocalleduniformgrids. The DEM datasets alsoalsoreferredto asaregulargrid and
the next lower level of detailis obtainedby subsamplingo a quarterof the numberof

pointsin the parentLOD.
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Lowest LOD -~
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Figure2.1 Levelsof detail obtainedusingRegular Subsampling

As is obvious from the description regular subsamplingnay losevital information
in the processf generating_ODs. The discardedpointscould be the mostimportant
and could be the 'characteristic’point that definesthe particularshapeof the object.

Hence regularsubsamplingloesnot prove to bea goodchoicefor approximation.

2.2 Hierarchical Subdivision Algorithms

Hierarchicalsubdvision is anotherrelatively simpleandfasttechnique.It consistsof
hierarchicallysubdviding a surfacewhile generatinga triangulationof the surface[1,
14,15]. Thetriangulationcanbe quaternaryasshownn in figure 2.2 or ternaryasshown
in figure2.3

The mid-point of eachedgeis connectedo obtainthe next level of detail. This

techniqueas adaptvein thesensehatit generatesariousLODsin aperspectiemanney
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i.e., nearerterrainsor objectscan be displayedin greaterdetail thanthe fartherones
throughcontrolledsubdvision. Quad-treesandk-d treesarethe mostcommonforms
of representatioffor hierarchicallysubdvided datasetsThe nodesor leavesof thetree

representhe cellsof the datasetgfigure 2.4).

é - ey e
- e TR
1 3 3 4 5
//;:F fﬁ"‘ A
: : 2 AN N
§TEY i1z 13 1415 14 17
Y
_ A
] 1 14 15 15 19 2 21
3 L
12 13 16
Al 2

Figure2.4 HierarchicalSubdvision: Quadtreedatastructure

But the penaltyfor this simplicity is the quality of approximationlt typically yields
poor approximation. A slight modificationto the traditional approachwould involve
computingthe point of highesterroralongeachtriangleedgeandin the interior of the
triangle. The pointswith errorabove thethresholdwould be the new vertices.

The costof this algorithm was estimatedto be in the order of O(n log m) but if

the hierarchyis very unbalancedhen the worst casecostis O(mn). In the caseof
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approximationof anurbanernvironment,the edgeinformationof buildings may not be

capturedwell.

2.3 Feature Method Algorithms

Anothersimpleandintuitive algorithmwhich canbe usedfor imageprocessings the
one-pas®r multiple-pasgeaturemethod[15]. In thistechniquealist of the most'im-
portant’ or 'feature’ points (basedon somemetric suchasheight)is generatedver a
single passor multiple passes.This list becomeghe vertex list thatis usedfor trian-
gulatingthe entiresurface.Onesuchmethodis the Triangularlrregular Network (TIN)
Model.

TheTriangularlrregularNetwork (or TIN asit is mostpopularlyknown) consistsof
irregularly spacedsampleof pointsconnectedo form triangles(seefigure 2.5). There
couldbemorepoints,hencemoretriangles to representhesmoothsurfacewhile fewer
numberof pointsto represena coarsderrainor surface.Usingfeaturemethodsyarious
levelsof detailof TIN canbegeneratedby iteratively addingverticesfrom thevertex list
andretriangulatingusing Delaunaytriangulationor data-dependerntiangulation[10].
The mostcommonlyusedfeaturedetectorsarethe 2 x 2 or 3 x 3 linear or non-linear
filters. Featuremethodsare mostly usedin cartography As in the previous case this
techniquecannotbe appliedto our scenarioof urbanareasimulationbecauseof the

presencef sharp-edgedtructuresasopposedo arbitraryforms of mountainoushilly
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or forestedareas.Also theuseof 2 x 2 or 3 x 3 filters makesthe algorithmmoreprone

to noiseandotherhigh frequeng variations[14].

(&) Original DEM grid (b) Bimple Initial Triangulation
() Re-triangulation after (d) Final approzimation after
using one vertex from n' vertex insertions from
priority list. priority list.

Figure2.5 Triangularlrregular Network Model.

2.4 Refinementand Decimation Algorithms

Refinemenmethodgsevolvearoundteratively introducingverticesof highestpriority to
generatehenext LOD of TIN. Thealgorithmstartswith aninitial coarsetriangulation
of the entire domain (dataset). Thenby eitherusinga 2 x 2 or 3 x 3 filter, asused
in the featuremethodalgorithm, a candidatdlist or vertex list is generated12, 15].

For this, the error input at eachpoint is computedand testedagainstthe highesterror
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seenso far for thetriangle. Single pointsor multiple points may be addedthroughout
the triangulation(seefigure 2.6). On eachpass,the setof trianglesis scannedor the
candidateof highesterror Finally, using Delaunayor datadependentriangulation,
the entire surfaceis obtained. This methodis similar to the previous one exceptfor
the factthatthe importanceof a pointis usuallya measureof error betweenit andthe

approximation Featuremethodsareentirelyindependenof the approximation.

te-triangulation
using vertices from
priozity list
y .

-,

Figure2.6 RefinemenMethodsThroughPointInsertion

data reduction

through elinination of
.. wertices p
SN — -
. b

Figure2.7 DecimationMethodthroughEdgeCollapse

Decimationmethodg[18], on the otherhand,startoff with the finesttriangulation

of the entire datasetanditeratively deleteverticesusing edgecollapseor vertex split
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to obtainthe bestapproximationafter simplification. Figure 2.7 illustratesthe results
of the algorithm. The costof this algorithmis relatively high comparedo refinement
methodssincethe procedurenvolvestheentiredataset$rom thefirst stage.Storingthe
connectvity of all pointsof theentiredatasetonsumes lot of memory

Refinementand decimationmethodscan perform datareductionto a satishctory
level. Many variationsof thesetechniqueshave beencited in literature[15] andalso
have beensuccessfullymplementedn variousGIS andcartographi@pplications.The
techniquehasalso beenemployed for processingEM imagesof the Salt Lake City
datasetandwill be describedn next chapter The resultsobtainedfrom this experi-
mentationtriggeredthe needto investigateanotherapproacho the problemof DEM
processinghatwould caterspecificallyto an urbansettingi.e. with specificstructural
features,and hencegeneratebetterapproximationsvhile keepingthe noiselevel to a

low.

2.5 Marching Cubesand Contouring Algorithms

Marching cubesandcontouringalgorithmsgeneratecontoursaroundthe region of in-
terestbasedn user-definedthresholdevels[17]. Thismeanghatthe’importance’of a
pointis userdefined.Thusit would be beneficialif theuserhadsomeknowledgeof the
region of interest.By selectinganappropriatehresholdevel, the noiseis filteredfrom
therelevantregionsin theimageanda contouris dravn aroundit. The pointsbelow the

thresholdarediscardedvhile thoseabore areretainedo be connectedo form contours
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or triangles. The pixel information at eachvoxel corneris readand determinedo be
inside or outsidethe surface. For edgeswith one corneroutsidethe surfaceand one
cornerinside the surface,the intersectionpoint is retained. Certainambiguitieshave
beenobseredin the triangulationof thesepointsandresolvingthemwould increase
the compleity of the algorithm. At the sametime, the triangulationsmay resultin
certaintrianglesbeingsmallerthanthe pixel sizeitself. Also computingandretaining

intersectiorpointswould amountto increasan thesizeof the dataset

2.6 Summary

Table 2.1 givesa summarythe existing datareductionalgorithmsthat apply to DEM
imageprocessing.

While all thetechniqueslescribedbove have theiradvantagesndlimitations,none
of them can accuratelycapturethe straightedgesof buildings or distinguishclearly
betweemoiseandregionof interest.A prototypemodelthataimsto addresshesdassues
andprovide a synepgy betweerresolutionof approximationsandfasterprocessingi.e.,

smallerdatasetis required.
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Table2.1 A summaryof existing datareductionalgorithms

Method

Advantage

Limitation (w.r.t.DEM im-
ageprocessing)

Regular Subsampling

simpleandeconomical

points discardedduring sub-
sampling could be the most
importantones

Hierar chical Subdivision

cangeneratemulti-resolution
surfaces. More trianglesfor
representingsmooth surface
andfewer trianglesfor coarse
region.

building edgesnaynotbeac-
curatelycaptured.

Feature Methods

slopesareefficiently captured
becausef the useof 3 x 3fil-
ters

city datasetarecharacterizeg
by sharpedgesthat are diffi-
cult to captureor distinguish
from noiseusing3 x 3 filters.

Refinementand Decimation

good quality approximations
whenappliedto terrains

extent of noiseeliminationis
not goodandsteep-edgeap-
turing capability is not satis-
factory

Mar ching Cubes and Con-
touring

capturesthe exact shapefor
giventhreshhold

extra vertices/pointsare in-
troducedas a result of com-
putingintersectiorpointsand
this addsto the size of the
datasetconsiderably




CHAPTERIII

INITIAL EXPERIMENTATION

For a proposalentitled,”Wind Field SimulationOver Salt Lake City” submittedto
Risk ManagemenProgram(RMP) [16], numerousexperimentswvere performedusing
existing software packageso generatesurfacegrids suitablefor performingcomputa-
tional simulationover the Salt Lake City datase{16]. The SaltLake City dataseton-
sistedof DEM dataof 1m-resolutioror elevationinformationover the entirecity. The
datawas divided uniformly and storedover six CDs, eachcontainingapproximately
6500x 5000sqg. m. of areaandhencehaving approximatelyover 20-30million points.

To furthersimply the sizeof the datasefor experimentationa smallpartof the city
with a grid size of 2019x 1801 having 3.6 million pointswas consideredseefigure
1.3). The problemdefinitionwasto processhe DEM imageandcapturethe buildings
in the SaltLake City datasetvhile keepingnoiseata minimum. Two approacheso the

problemwereconsideredor experimentation:

1. meshsimplification

2. surfacefitting usingNURBS

Eachof thetechniquess discussedn detailin this chapter

22
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3.1 Mesh Simplification

Theapproachliscussedhereusemeshrefinemenandmeshdecimationtechnique$10,

11,12,16] definedn theearlierchaptetto generatd IN modelsof theregion of interest.

3.1.1 MeshRefinement

TERRA, asoftwarepackagelevelopedat Carngjie Mellon University, utilizesconcepts
of meshrefinemen{13]. An initial triangulationof the DEM datasetwith few of the
boundarypointsis obtained.Using pointsfrom the priority list, the next levelsof detail
arecreated.Theiterationsendwhena certainlimit onthe numberof pointsthatmaybe
presenbr the certainerrortolerances reached.

To generatethe priority list, the researcherst the EngineeringResearchCenter
(ERC) at MississippiStateUniversity usedgradientvaluesof the points[14]. Thegra-
dientsweredeterminedisingSobelOperators.

The SobelOperator{3] performsa 2-D spatialgradientmeasurememnn animage
and so emphasizesegions of high spatialfrequeny that correspondo edges. The
operatorconsistf a pair of 3 x 3 convolutionkernelsasshovn in figure3.1.

Thekernelon theright is simply a 90-degreerotatedversionof the oneon the left.
Thesekernelsaredesignedpecificallyto respondnaximallyto edgesunningvertically
andhorizontallyrelative to a particularpoint,onekernelfor eachof thetwo perpendicu-
lar directions.Thetwo componentsanthenbecombinedo obtaintheabsolutegradient

andits orientationateachpointin thegrid. Themagnitudds givenby
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= 1] 1 1 2 1
-2 i} 2 ] 0 0
-1 0 1 -1 _3 -1

Figure3.1SobelOperators

modulusof H = sqrt( hx2 + hy2)

andthedirectionis givenby

g = arctan(hy/hx).

An orientationof zeroimplies that the direction of maximumcontrastfrom mini-
mumto maximumheightrunsfrom left to right on the grid. Otheranglesaremeasured
counterclockwisefrom this. Sobeloperatorarelesssensitveto isolated high intensity
pointvariationssincelocal averagingover setsof threepoints/pixelstendsto reducethis.
In effect, thisis a’smallbar’ detectorasopposedo point detectorascanbe seenfrom
figure 3.2. Thusalot of noisecanbe eliminatedandusingthe magnitudeof gradient,
the pointscouldbeassigneadnorderof importanceor priority.

Having thusgeneratedhe priority list, the LODs of the TIN Model is obtained.The

resultsof thisprocedurevhenvisualizedusingthe TERRA packagereshavnin figures
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3.3and3.4. As canbe seen the sharpedgesof the buildings have not beencaptured

well. Also, thenoiselevelsarefairly high.

Figure3.3MeshRefinement Visualizationof TIN using’'TERRA' Package

3.1.2 MeshDecimation

Decimationtechniquesnvolved triangulatingthe entire datasetjnitially andtheitera-
tively deletingverticesof leastimportance(seesection2.4). The commercialsoftware
package VTK [19] was usedfor this purpose. The tool could not uploadthe entire
region of interest,so a patchof 242 x 249 constitutingthe Main Squareregion of Salt

Lake City datasetvasconsideredTheresultsareshavnin figures3.5and3.6. Neither
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Figure3.4 MeshRefinementWireframeModel of Figure3.4
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could the numberof pointsbe reducedconsiderablgfurther decimationcould not be
donewithout compromisingon topology) nor the edgeinformation could be captured

accurately

3.2 SurfaceFitting

By usingthegrid pointsascontrolpointsof non-uniformrationalb-splinegNURBS),a
surfacegrid of theregion of interestcanbe obtained.In thisregard, SOLIDMESH, grid
generatiorsoftwaredevelopedat the ERCwasused.A subsebf theregion of interest,
constitutingof approximately242 x 249 pointswas considerecandthe Nurbssurface
wasgenerated.Theresultsobtainedafter performinggrid generatioroverthe NURBS
surfaceis asshavnin thefigure 3.7and3.8.

Thoughthe approximationof the imagesgeneratedvas good, problemswere en-

counteredht sharpedges.Surfaceswerealsonotedto be overshooting.

3.3 Summary

Table3.1providesa summaryof theinitial experimentationsliscusse@bove.

Thus, while surface-fittingtechniquegrovided good quality approximationsthey
lack the ability to provide considerablelatareduction.On the otherhand,meshsimpli-
ficationtechnigueseducethe original dataseto give variouslevels of detailwith each
level having considerablysmall numberof points, but the sharpedgesof the building

structuresverenotaccu ratelwaptu red.



Figure3.5MeshDecimation:Visualizationof TIN usingVTK
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Figure3.6 MeshDecimation:WireframeModel of Figure3.5

30



Figure3.7 SurfaceFitting: VisualizationusingGGTK
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Table3.1 A Summaryof Methodsusedin Initial Experimentation

Method

Advantage

Limitation (w.r.t.DEM im-
ageprocessing)

Mesh refinement through
edge detection using Sobel
operators and visualization
using TERRA

generatesgood approxima-
tionsof terraindata

limited vision of sobelopera-
tors fails to reducenoiselev-
els

Mesh decimation by using
VTK

goodapproximationsregen-
eratedat higherlevels of de-
tail

numberof pointsin resultant
datasets high andlower lev-
els of detailresultin relaxing

topology

Surface  fitting using
NURBS, visualization using
SOLIDMESH

grid points used as control
pointsandhenceresultanap-
proximationsarevery good

number of control points is
same as number of origi-
nal grid points and hence
accurate image capture is
achiezed but no data reduc-
tion is achieved.

A synegy betweerthetwo techniquesouldproveto beanarguablybettersolution.

Thenext chapterexploresa prototypemodelcateringto a probablesolution.



CHAPTERIV

AN ALTERNATE APPROACH

The problemof accuratelycapturingthe urbanstructuredrom its elevation model
not only involvescapturingthe conformingboundingbox of eachobjectbut alsoelim-
inating the irrelevant entities/objectscalled 'noise’ (refer chapterone) that may be
presentin the datasetthereby’cleaning’ the geometryfor usein simulations. Since,
capturingand seggregationrelies on the generatiornof a goodfiltering mechanismthe

problemspacecanbedividedinto :
1. generatinganappropriatdilter to capturerelevantentities/objects

2. sgregatingtherelevantobjectsidentifiedin the DEM image

3. striking a synepgy betweenspeedodf operationandresolutionof final approxima-
tion

By employing aniterative developmentapproachiowardsthis problem(seefigure
4.1),a multi-passscanline algorithmis beinghypothesizedThe urbanrepresentation

model restson generatingvarious levels of approximationthroughthe use of filters

computedon the basisof a statisticalmodelof the givendataset.

4.1 A Filter Basedon the Standard Deviation of the Elevation Data

Generatinganappropriatdilter is the mostimportantandcrucial stepin imageprocess-

ing. The choiceof thefilter determineghe quality of the final productandhencecare
34
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mustbe takento selectthe mostappropriatefilter for the problemat hand. Numerous
typesof filters areavailablein literatureand someof themhave beendescribedn the
previous chapterssuchas Sobeloperators2x2 filters, 3x3 filters, etc. However, most
of thesdfilters wereappliedto DEM for terraindataseteindhencetheresultantapprox-
imationswerefairly good. But whenthe saméefilters areappliedto DEM for anurban
ervironment,the approximationsevealeda poor attemptat noiseeliminationandedge

capture.

read DEM compute standard
image demation
generate surfaces capture the contours
from the defining each object
contours and in the image
display

Figure4.1Developmentycle (Conceptuatlesignmodel)

An effective filter mustbe basednthedistribution of the elevationat variouspoints
onthe DEM datasetvithout having to studythe givendatasetndanalyzeit manually
Oneapproachis to simply usethe averagevalue of the elevation, but giventhe urban
datasetwherethe entitiesare tightly groupedtogetherand may also containa lot of
noise thistechniquds notveryreliable. A morereliablemethodapplyingthe concepts

of standardleviation to definefiltering threshholdss henceused.



36
Standarddeviation is a measureof how tightly the otherentitiesclusteraroundthe

meanentity. It is calculatedas

sqa= Y (zi—za)?/(n—1) (4.1)

i<n
where x4 is the averageelevation value, x; are individual elevation pointsandn
is the numberof points. This computationhasbeenusedfor determiningthe spatial
organizationof the elevationinformationfor the given dataset.Figure 4.2 shaws, for
example,a distribution of the elevation aluesandthe standarddeviation on eitherside

of the meanof thedistribution.

b4

region of first

standard deviation
1\ Z5

Wo of
Poirts

Y

Height (Z) =

Figure4.2 Standardieviation

Threshold®r filtersarecomputedisingthefirst standaraleviation correspondingo
theregion in theimmediatevicinity of the meanvalue. Referringto figure 4.2, thefirst

standarddeviation is given by the highlightedregion. This region is uniformly sliced
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to generatehefilters. The numberof slicesis usercontrolledandit alsorepresentshe
level of detailthatwould be generatediFor example,anLOD valueof four impliesthat
the first standarddeviation region is sliced uniformly to give four threshholdor filter
values. The remainingregion underthe curwve is sliced at lowestelevation and at the
highestelevationto give two morefilters. Thesefilters form the cut-off for generating

contourswhichis explainedin the next section.

4.2 CollapsedContouring

Filters definedthroughstandardieviation form the thresholdevelsthat definethe cut-
off for generatingcontourscapturingthe buildings. Unlike the marchingcubesalgo-
rithm [17], which cutsthroughthe imaginaryedgesn the DEM grid thusintroducing
extra pointsin the processthe modifiedapproachncludesonly the 'qualifying’ point
in the contour A pointis saidto be’qualified’ if its value(heightvalue)is greaterthan
thepresenthreshholdevel andhasnot beentraversedearlier It maybenotedthateach
pointonthe DEM grid hasfour neighboursyiz. north,south,eastandwestneighbours.
Contourgeneratiorbegins at the first 'qualifying’ point encounterednd then moves
positively or negatively alongX or Y axis, (i.e., in the north, south,eastor westdirec-
tion from the pointunderconsiderationuntil it traversesaroundthe objectto complete
the contour Sincethe traversalis restrictedto the points, this type of contouringis

distinguishedrom thetraditionalunderstandingdpy calling it collapsedcontouring.
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Considerfigure4.3asaguidingexample. TheDEM grid of 77 pointsis processeth

thefollowing manner

a 10
12 |13
11 21
ey 32
23 43
44 S
55 B
B T

Figure4.3 Sampledatasebf 11 x 7 pointsTop view

Thealgorithmbeginswith asearchor thequalifying point. Assumethefirst thresh-
old level is definedat height 15 feet. Startingthe scanthroughthe entiredatasefrom
point 0, we hit uponthe qualifying point at the 12th grid point. This pointis qualified
for consideratiorbecausets heightvalueis 40 feet. The contourgeneratiorhasnow
beentriggered. Examiningits neighbouringpoints, we note that the north neighbour
(grid point numberequalto 1) is belov threshholdat 0. Similarly the westneighbour
(grid point numberl1l) is alsobelow the presenthreshholdof 15 feet. However, grid

points13and23whichform theeastandsouthneighbourgespectiely, areof elevation
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— 30 feet

— 40 feet

— 20 feet

Figure4.4 Sampledatasebf 11 x 7 pointsFrontview

40 feet. Hencethe directionof traversalfor the contourwould be eithereastor south.
By maintainingatableof traversalroutesfor eachdirection,the appropriategrid point
is selectedseefigure 4.5).

Thedesignmodelfor collapsedccontouringinvolvesthedefinitionof the’node’ data
structure(seefigure 4.6). Whena pointin the DEM grid thatis above the particular
thresholdevel is encounteredt is storedin 'node’. Theconnectvity informationof this
pointwith its north,south,eastandwestneighborsthatarealsoqualified,is storedn the
bitsetmemberof 'node’. Bitsetis a C++ standardemplatdibrary datatype andis used
to determinethe directionof traversalwhengeneratingcontours. Thus, points 12 and
23whichform theeastandsouthneighborsf point 12 arestoredin bitset,while points

1 (northneighbor)and11(westneighbor)arenot stored. This processs continuedtill



Action
O O O | step back to previous
poit and take different
traversal route
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move notth, if not already
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Figure4.5Map of TraversalRoutesfor North, South,EastandWestDirections
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the contourtraversesaroundandreturnsto the startpoint 12. Oncethe entire contour
hasbeencapturedfor the particularthreshhold,t is storedin the 'building’ class(see
figure 4.6). While 'node’ is the building block of the algorithm 'building’ forms the
tree structurefor hierarchicalrepresentationReferringto the examplefigure 4.4, (0,
10, 76, 66) forms the root contour Points12,13,14, 15, 16, 17, 18, 19,20, 31, 42,
53, 64, 63, 62, 61,60,59, 58, 57, 56 togetherform the next contourwhich is tagged
aschild to theroot andalsoformsthe input boundaryfor the next iteration. If the next
thresholdevelis at25, thenthedark-shadedegionis capturecandaddedaschild to the
previous contour Thus,arecursve approachowardsthis processelpsin generatinga
treestructurewith leaf nodesrepresentinduilding topsandeachtraversalroute gives
anentirebuilding. Therecursve algorithmmentionedoelon shows thatthe bounding
box of the mostrecentlygeneratedontourforms the boundarywithin which the next

setof contoursis determined.

maketree (Xmn, Xmax, Ymn, Ymax) {
i f(threshhold == MaxThr eshhol dLevel)
return;
el se {
for(i=Xmn, i<Xmax; i++)
for(j=Ymn; j<Ynmax; |++)
if(grid[i][j] <= threshhold) {
list = generateContour (i, j);
Buil ding *child = addchil d(parent);
set Chi | dren( par ent);
set Contour (list);
get Boundi ngBox(list);
maket r ee( newXm n, new Xmax, newYm n, newyYmax);

e
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generateContour (i, j) {
whi |l e (newNode ! = startNode) {
val ency = get Nei ghbours(i, j);
swi tch(val ency) {

case 1:

case 2:

----- > returns a point that forns a link in the contour.

o

This approachhelpsin generatingvariouslevels of approximationfor the given
dataset.The topmostlevelsrepresenthe groundlevels. This uniqueapproachowards
the problemalso handlesregions of interestwherethe groundlevel is not even or is
slightly hilly. More contours,which improve the quality of the approximationcanbe
generatedy settinghighervaluesfor the level-of-detail(LOD) control. The quality is
alsodependentipontheamountof noisethathasbeensafelyremosedfrom theoriginal
imagedatasetAs explainedin thefirst chapter noiseeliminationis animportanttask.
Noisedueto high frequeng elevation, suchastowersandlamp-postsjs addressethy
the standarddeviation functionexplainedin the previous sectionwhile the noisein the
x-y direction,viz. cars,bushesgtc.,is addressefly a’noisecontroller’.

A noisecontrolleris a simpleconditionalstatementhatdisregardscontoursof very
smallsize. It controlsthe 'noisefactor’ (NF) andit regulatesthe minimum numberof
pointsthat may be presentin ary contourat ary level. For example,a noisefactor of

20 impliesthatany contourwhich hastotal numberof grid pointslessthan20 canbe
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Figure4.6 Building blocksof thealgorithm
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safely eliminated. Optimal valuesfor LOD and NF are determinedby performinga
simplecomparisorof trial values.Chapters describeshe useof NF andLODsthrough
variousexamples.

While collapsedcontouringcaptureghe shapeof the buildings accuratelyit may
be possibleto further reducethe numberof pointsin eachcontourby eliminatingthe
onesthatlie alongthe sameline. This is calledcontourcompressiorand,simply put, it
involvesrepresenting straightline by two pointsandeliminatingary otherredundant
point betweenthe end points. So the final elementsin the contourfor our example
datasetvould be 12, 20, 64, and56. Thusa 25-pointscontouris now reducedo four

points.

Figure4.7 Contourscapturedn a50x 36 DEM grid
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Figure4.8 Surfacerepresentaitonf figure4.7

4.3 Summary

A completequantitatve andqualitatve analysisof theresultantapproximationss docu-
mentedn thenext chapter However, it is notevorthy to mentionthatthatthis prototype
modelis ableto capturethe entitiesin the SaltLake city datasetn anefficient manner
and the variouslevels of detail generatedprovide the right synegy betweenresolu-
tion of approximationsandthier size. As shaown in figures4.7 and 4.8, the complec
shapef the buildings (circular, h-shapedL-shapedetc) in a manuallycreated50 x
36 point DEM grid have beencapturedand contoursare dravn at variousthreshhold
levels. Figure4.7 alsoshaows the un-compressedersionof the contourandhencethe
extra pointson the straightedge. Theseredundanfpoints are eliminatedthroughthe

contourcompressiomoutine explainedearlier Unlike the algorithmsstudiedin Chap-
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ter 2, this alternateapproachdoesnot introduceary additionalpointsinto the dataset
throughinterpolation(asin the caseof MarchingCubesalgorithm)andnor doesit fail
to avoid high frequeng noise(asin caseof limited vision of 2 x 2 or 3 x 3 filters used
in generatingTIN models).For displaypurposesthe entireresultantapproximations
triangulatedusinga simpletriangulationtechnique.The setsof trianglesarerendered
usingthe OpenGLlibrary routines. The next chapterdocumentghe resultsobtained
from this alternatemodel when appliedto real-world test cases. It also summarizes

someof theobsenationsmadeandstategsheadvantagesndlimitationsof this method.



CHAPTERV

RESULTS AND EVALUATION

Theresultsobtainedfrom investigatingthe alternateapproachdiscussedn the pre-
vious chapterare discussedn this chapter A quantitatve evaluationof the algorithm
helpsus understandhe featuresof this particularmodelandalsothe applicationareas
to which it couldbe applied.A qualitative evaluationof the sameprovidesinsightinto
thecompleity of thealgorithmandits runningtime. Theanalysisandevaluationphase

is organizedinto threecomponents:

1. acomparisorof the resultantapproximatiorwith the original imagein termsof
accurag of capturej.e.,theextentof preserationof certainshapesndstatistics
of theobjectsencountered

2. acomparisorof thenew approactwith existing techniques

3. ananalysisof compleity of algorithm

5.1 Accuracy of Image Capture for the New Approach

This researchusesobjectdimensiongo measurghe accurag of the approximationof
the actualobject. The accurag measurdandicatesthe precisenessf the algorithmin
capturingthe exactshapeof the objectsencountereih the DEM image.

As atestcase the exactreal-world dimensionsof a certainH-shapeduilding (the

UtahHotel) wasused(seefigure5.1aand5.1b). TheUtahHotel building standsapprox-
47
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imately 10 storgys tall andis surmountedy a four-storey high tower. The areaof the
building is 176x 200squardeet. By enablingthe userto settheLOD andNF valuesa
trade-of betweenmagesizeandquality canbe obtained.

The datasefor the Utah Hotel wasextractedfrom the SaltLake City datasetindit
consistsof a rectangulagrid of 70 x 85 points. Using a prototype,the new approach
algorithmwas executedfor two setsof input values. Figure 5.2(a) representshe ap-
proximatesurfaceobtainedwith level-of-detailvaluebeingequalto 1 andnoisefactor

(NF) of 30 andFigure5.2(b)representshe approximatiorfor LOD=4, andNF=5.

Figure5.1UtahHotel (176x 200x 185cubicfeet)

Table5.1 shovstheresultsof thetestcaseexecution.
The dimensiongorrespondo the baseof the H-shapeduilding, which meanghe
lowestcontourcapturingthe H-shape Theresultsindicatea fairly goodapproximation.

The algorithmcaptureghe shapeof the building accuratelybut the exact statisticsare
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Figure5.2 Approximationsof Utah Hotel. (a) LOD=1, NF=30,(b) LOD= 4, NF=5

Table5.1 Comparisorchartof Utah hotelbuilding statistics

Utah Hotel | Number of | Width Length Height LOD Noise Fac-
Points (feet) (feet) (feet) tor

Original 5950 176 200 185 - -

Casel 139 200 258 135.1 1 30

Casell 584 200 232 165.2 4 5
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not maintained.The higherdifferencebetweenengthandwidth of the original image
and its approximationcan be partly attributed to the presenceof bushesaroundthe
building. Soif theheightof thebushesandtressis above thecurrentthresholdevel and
they lie in closeproximity to the building (resolutionof the datasets onemeter),then

the contouringalgorithmwould alsoincludethesepointstoo.

5.2 The NewApproachComparedto Earlier Experimentation

As discussedn Chapter3, numerousexperimentsvereconductedisingpreprocessors
to existing softwarepackage®r by usingthe softwaredirectly. Oneof thetechniques
describedwasthe decimationapproachtowardsapproximation(seesection3.1.2). A
comparisonof the resultson a 242 x 249 grid of the original Salt Lake City DEM
datasetisingthe previousapproacheandthe new techniques usedhereto understand
the merits and demeritsof eachapproach. A visual evaluation of the two resultant

approximationss basedon:

1. theprecisenesm capturingthe shapeof the buildings,and

2. theextentof reductionin noiselevels.

A moreconcretecomparisorinvolvesthe determiningthe numberof pointsusedto
representhe particularapproximation.Figures5.3 (sameasfigure 3.5, reproducedor
convenienceshows the original DEM imagevisualizedusingVTK. It contains60,258
points. Figure5.4 (sameasfigure 3.6, reproducedor cornvenience)s the approximate

surfaceobtainedafter performingmeshdecimationusing VTK. The numberof points
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wasreducedto 25,621 points. Any further reductionin the numberof points would
involve relaxingthetopology

Figures5.5, 5.6 and 5.7 depictthe resultsof imageprocessingising the alternate
approactior differentlevelsof detailandnoisefactor While figure5.5doesnotcapture
all therelevantentitiesin thedatasetiueto the presencef varyingfrequeng noise the
numberof pointshasbeenreducedirasticallyfrom 60,258pointsto a mere623points.
Suchanapproximatiorcouldbeusedin realtimeandinteractve applicationswvhile time
is animportantfactor Figure5.6, with LOD of 4 and noisefactorof 40, providesa
betterapproximationwhile keepingthe numberof pointsstill relatively low at 2,642
points. It may be notedthatwhile the noisefactoris the samein figures5.5 and5.6,
theincreasean the LOD factorcontributesto a moredetailedapproximation.Similarly,
figure5.7, with LOD=4 andNF=10providesa still betterapproximationbecauseavith
anNF of 10, eventhe smallerobjectshave beencaptured Contrastingheresultsof this
casewith thatobtainedusingVTK, we seethatthe numberof pointsis still very low at
4,248pointsasopposedo 25,621pointsfor the similar visualresults.

Table5.2 givesa comparisorchartfor thetwo techniques.

5.3 Algorithm Complexity for the New Approach

Thetime compleity of thealgorithmrevolvesroundthreebasicoperations:

1. computingfilters or thresholdevelsusingstandardieviation,

2. generatingontoursfor eachthresholdevel, and
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Figure5.3 Visualizationof Main SquareDEM imageusingVTK (242x 249 points)
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Figure5.4 Main SquareapproximatiorusingVTK meshdecimation
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Figure5.5Main Squareapproximatiorusingnen model(623 points,LOD=1, NF=40)
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Figure5.6Main Squareapproximatiorusingneny model(2,642points,LOD=4, NF=40)
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Figure5.7Main Squareapproximatiorusingnen model(4,248points,LOD=4,NF=10)
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Table5.2 Comparisorchartfor meshdecimationversusprototypemodel

Algorithm | Original Number of | LOD Noise Fac-
Size Points in tor
approxi-
mation
Mesh deci- | 60,258 25,621 - -
mation us-
ing VTK
Prototype | 60,258 623 1 40
model
(Casel)
Prototype | 60,258 2,642 4 40
model
(Casell)
Prototype | 60,258 4,248 4 10
model
(Casell)

3. building the tree structuredepictinghierarchicalorganizationof the buildings or
entitiesin the dataset.

The computationof the standarddeviation involvesaddition, subtractionmultipli-
cationanddivision (seefigure 4.3). Eachof theseoperationgake constanttime and
hence for a datasebdf sizen, it canbe performedin O(n) time. The contouringroutine
is dependentipon switch statementswhich are againexecutedin constanttime and
hencecanbe performedn O(n) time.

Building thetreestructureinvolvesrecurrenceandthe subdvision at eachlevel can
vary. It is not a binarytreeor a quadtreeor anoctree. The bestcasescenariovould
involve a single division which is highly unlikely asthe possibility of morethanone

objectbeingpresenin a givenDEM setis very high. Consideringthe worstcasesce-
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narioof 'm’ subdvisions,thetime compleity of this operationis calculatedo be O(m
lgmn).

Hencethetotal time compleity of thealgorithmis O(n+ migmn).

5.4 Summary

So, as hypothesizedthe prototypemodel provesto be a good image processingand
datareductiontool for urbanervironmentsimulations. As is seenfrom the results,
the algorithmis ableto capturethe edgesof the building reliably becauseat doesnot
interpolatebetweeredgesandis alsoableto eliminateconsiderablemountsf noiseto
give a cleangeometry The next chaptersummarizesheresultsandlists the meritsand
someof the limitations of the model. It alsooutlinesthe scopefor future work in this

direction.



CHAPTERVI

CONCLUSION

Theaim of this thesiswasto explore analternateapproacto imageprocessingnd
datareductionof DEM datafor urbanenvironments. A studyof the existing software
andsurfaceapproximationtechniquesevealeda high dependenceaponthe useof 2x2
or 3x3filtersto decidewhich pointsareto beincludedin theapproximation.Thislimits
thevision of thefilter andhencethenoiselevelsarestill relatively high. Also, theedges
of thebuildingswerenotaccuratelycaptured.

But the resultsobtainedfrom a prototypeusing the new approachproposedhere
clearly indicatethe efficiency of the algorithmin capturingthe edgeinformation of
the buildings as well as maintaningthe noise levels at a minimum. The use of the
standarddeviation to generatdilters helpsin understandinghe spatialdistribution of
the elevationinformation. Also, contoursformedby selectingfrom existing points(as
opposedo thoseobtainedby interpolatingbetweerpoints)helpsin reducingthe sizeof
the resultantdataset.By manipulatingthe LOD andnoisefactorcontrols,a relatively
accurateandcleangeometryof the DEM datacanbe obtained.

Sosummarizing:

1. A simpleandeconomicalmodelhasbeendevelopedusinganalternateapproach
to the problemof DEM datareductionandprocessing.

2. Approximationderivedfrom the new modelrepresena cleangeometry
59
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. The alternateapproachis capableof capturingthe relevant entitiesin the DEM

imageaccurately

. Thenew modelis capableof capturingbuildingsrestingon unevengroundlevels

athigherLODs.

. The new modelcanrepresentomplex entitiesusinga smallersetof points, so

while VTK requiresapproximately25,000pointsto approximatea 60,000-point
DEM grid the prototyperequiresonly 4,200pointsandstill maintainsthe topol-

0gy.

. Thetrade-of betweerguality of resultantapproximatiorandit sizecanbe main-

tainedby manipulatingghe LOD andNF controlsof thenew model.

. Thecompl«ity of thealgorithmfor thenew modelis alsoreasonablatO(n+mlogmn),

where'n’ is thetotalnumberof poinsin theoriginal DEM grid and’'m’ represents
the maximumnumberof childrena nodehasin thetreestructure.

However, thenewv modelhassomelimitations:

1.

The accurag of the new algorithmis limited by the resolutionof the original

DEM. As seerfromthetable5.1,differencebetweerthestatisticsof theH-shaped
building andthoseof its approximationwere a resultof this limitation. Hence,
ary pointwhich is within this resolutionwill be consideredy the algorithmand

includedin the contour

. Thenoisefactorcontroleliminatescontourssimply on the basisof the numberof

pointsthatit contains.Thismeanghataverynarronv andlongstretchof pinetrees
would still beincludedasa contourif it doesnot satisfythe eliminationcriteria.
This maynot be acceptableA betteralternatve might bethe useof 'area’ of the
contourasaneliminationcriteria.

Circular buildings and slopedbuilding edgesare representedy straightlines.
Whentraversingaroundan entity, the algorthmincludesonly thosepointsin the
contourwhich are qualified and doesnot interpolatebetweenpoints. Sincethe
pointsarearrangedn a horizontalrectangulagrid format, curved objectssucha
domewould consistof edgesaligedat 90 degreeangle.Alsohilly areasor uneven
groundlevelsarerepresentedsplateaudor thatparticularelevation,

. Theresultantapproximationgannotbe useddirectly by flow solversbecausehe

aspectratio of the trianglesgenerateds not very good, so someform of pre-
processindy agrid generatois necessary
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5. Themodelfailsto capturethe buildingsaccuratelyfor very large datasets(of the
orderof a million points)if the buildings are restingon highly unesen ground

levels. The filters generatedy the standarddeviation techniquefor suchhuge
datasetseeminadequate.

An immediateimprovementin the compleity of the algorithmcanbe achiezed by
meiging the contourcompressiomoutinewith the contourgeneratiorroutine. As dis-
cussedn Chapter4, the contoursgeneratedy the algorithm were post-processetb
eliminatethe extra pointsthatmaylie betweera straightedge.This couldbeintegrated
with the contourgeneratiorroutineitself. Any redundanpoint neednot be addedin
the contourlist at all. Also, asseenfrom figure 4.9 and 4.10, circular buildings are
representedsingstraightedges.By usingNon-uniformRationalB-splines(NURBS),
curvededgesandcircularbuildingsmaybe capturedvell. Thisalsomeanghatthe nen
modelcould be extendedfor usein medicalapplicationssuchasin MRI or CT image
processingand datareduction. The triangulatorusedby this modelis a naive imple-
mentationand,hence the resultantapproximationcannotbe useddirectly by the flow
solversof wind field simulatorsandwould needto be processedby agrid generatarA
bettertriangulationalgorithm which would also be able to generaterianigesof good
aspectatiowould prove to bevery beneficial. Theresultanapproximatiorfrom sucha

triangulatorcouldbe useddirectly by flow solversor wind field simulators.
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