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ABSTRACT

This paperpresentsa fastalgorithm for smoothdigital elevation
modelinterpolationandapproximatiorfrom scatterelevationdata.
The global surfaceis reconstructedby subdviding it into overlap-
ping local subdomainsaising a perfectly balancecbinary tree. In
eachtreeleaf, a smoothlocal surfaceis reconstructedisingradial
basisfunctions.Finally ahierarchicablendingis doneto createthe
nal Cl-continuoussurfaceusinga family of functionscalledPar-
tition of Unity. We presentwo terraindatasetsandshaw thatour
methodis robustsincethe numberof datapointsin the Partition of
Unity blendingareass explicitly speci ed.

Categoriesand Subject Descriptors

G.1.2[Numerical Analysis]: Approximationof SurfacesandCon-
tours

General Terms
Algorithms

Keywords

DEM, contours,nterpolation,approximationscatteredlata,GIS,
grid, computationagjeometry

1. INTRODUCTION

This paperdealswith the creationof Digital Elevation Models
(DEM) from elevation samplesnoreparticularlyfor processingn
GeographicalnformationSystemgGIS) applications.Originally,
mathematiciamesearcherbasedtheir work on signalreconstruc-
tion from irregular samplingmodels. More and more point based
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modelsaremanipulatedor variousapplicationgGIS, virtual real-
ity, videogamesetc.). A massie emegenceof pointbasedacqui-
sition peripherals:3D scannerssatellites,radar etc createshese
models.

DEMscanbeseerasregulargridsof elevation. They areusedn
mary applicationssuchasenvironment,territory developmentyir-
tual reality andvideo gamesgeology hydrographycivil andmil-
itary engineeringgtc. Sourcesfor recentelevation modelscome
from variable sourcessuch as dual satelliteimagesor Synthetic
Aperture Radar(SAR). Sourcesfor DEM are, for example, the
United StatesGeologicalSuney (USGS)in the United Statesor
the Institut GeographiquéNational (IGN) in France.Whenwork-
ing on olderdocumentsPEM canbe createdusing contourlines
—isolines— extractedfrom scannedopographianaps[1, 25,26] or
provided by operatorssuchas USGSin the form of Digital Line
Graphs(DLG). The problemwith DEM reconstructions to nd a
speci ¢ interpolationmodelwhich can producea continuoussur
facein areasonableomputationatime for a greatnumberof ele-
vationsamplesMoreover, theresultingsmoothDEM shouldbeas
closeaspossibleto therealterrainevenif, of coursejt is not pos-
sibleto reproducehe earthcompleity only from sparseelevation
data.

In this paper we proposeto usea RadialBasisFunction(RBF)
schemeo interpolateelevationsamplesThesesparsesamplesan
be extractedby subsamplingcontourlines. Accordingto Franke
[9], RBF areknown to be oneof the sharpesandstablesmethods
to solve scattereddataapproximationandinterpolationproblems.
We proposeo enhancehis modelby anadaptedPartition of Unity
— PoU- approactwhich permitsto preventa combinatoriakexplo-
sionto solve the RBF equationsystem.

Thepapers organizedasfollows. In section?, relatedworksde-
velopedaboutthe contourlinesandscatteredlatainterpolationdo-
main beforefocusingon previous works aboutRBF aredescribed.
Then,in section3 we presenthe RBF principle enhancedy our
hierarchicalPoU algorithmfor limiting computingcosts.

Finally, an applicationto this DEM interpolationfrom terrain
data—irregularly sampledbr knowvn on contourlines—is presented
in sectiord. Resultdn termof time consumptiorandvisualaspects
appliedto 3D-terrainreconstructiorareshavn. Thecomparisonis
madeby varying the numberof known elevation pointsandintrin-
sic parametersf our algorithm.



2. RELATED WORKS

Many approachesave beenproposedior terraininterpolation
basedon two incomingdatatypes: scatterectlevation samplesof
terrain, and contourlines which can also be seenas a subsetof
the rst one. In this sectionwe rst quickly review the mostused
contourlinesinterpolationtechniquesThen,we focuson previous
worksrelatedto the scatteredlatainterpolationproblem.

2.1 Contour linesinterpolation

Many researchworks have beendoneon the speci ¢ contour
line interpolationquestion. One of the rst methodsis basedon
the inversedistanceweightedaveraging[22, 23] but it generates
a lot of artifactsand the resultingmodelis not guaranteedo be
Cl-continuous. A commonlyusedfamily of methodsstudiedin
[5,7,11,12] usesPartial DifferentialEquationdPDE) modelssuch
as the Laplacianor the so-calledthin-plate model solved using
iterative methods. The bestknown thin-plateimplementationis
computedby TOPOGRID[16] provided by the commercialsoft-
wareArcinfo andperformsa rst passto computeridge linesand
streamsn orderto createmorerealisticDEMs. However, themajor
dravbacksof thesemethodsarethe computingtime andtheterrac-
ing andringingartifactsthey generateAnotheralgorithmbasecdn
afront propagatiorof euclidianor geodesidistancess presented
by Soillein [24]. Thisis afastmethodbut the createdDEMs are
not smoothon contourlinesandpeaksandpits arenotinterpolated
andremain at areas. More recently Gousieet al. [13] propose
to iteratively computeintermediatecontoursbetweereachcontour
line pairs. Peaksandpits are consideredseparatelypy computing
a Hermite spline that follows the slopetrend. The nal DEM is
obtainedafter oneor moresmoothingpasseshut accordingto the
authors someartifactsremainandthe surfacehasatendenyg to be
strati ed.

2.2 Scattered data interpolation

The subjectof scattereddatainterpolationis a very extensie
one. Excellentoverviews canbe foundin [10,19,21]. In this sec-
tion, we presenthe mostpopulartechniquesnsistingon methods
involving RBF.

Theearliestechniquen thisresearcheld is knovn astheShep-
ard method[22]. The C%continuousinterpolantis basedon in-
versedistanceweightingaverageof data. This is a global method
whereall dataare usedfor the evaluationof eachunknavn point.
Sibson[23] introduceda variantof this methodby modifying the
weightedfunctionto take into accounnly pointspresenin adisc
of a x edradiuscenterecn the evaluatedpoint.

Another popular method constructsan interpolantas a piece-
wise union of patchequsuallylow degreemultivariatepolynomi-
als) joinedtogethemwith a certaincontinuity Bartles[2] usedthis
approachwith spline and Bezier patches. Thesepatchesare ex-
tensiely usedin the areaof the geometricdesignandgive a user
freedomto model and changethe shapeof the object. Haberet
al. [14] proposea Cl-continuoussurfacegeneratedrom triangular
Bezierpatches.

A more recentmethodproposedby Lee et al. [18] usesmul-
tilevel B-splines. Thesesplinesare introducedto computea C2-
continuoussurfacethrougha setof irregularly spacedoointsusing
acoarse-to- nehierarchyof controllattices.Accordingto Bertram
et al. [4], a dravbackof this methodis thatthe global re nement
of latticesis inefcient when accuratelyreproducingsmall local
features.In [4], authorsalsousesB-splinesin a hierarchicalway.
They combineadaptve clustering,basedon quadtreesvith piece-
wise polynomialleastsquareapproximations.Thesepolynomials
arecombinedo aB-splinesurfacewith multiple knotsatthecluster

boundaries Finally, a knot removal algorithmis usedto combine
the tted patchesnto aglobalandsmoothsurface.

Anotherapproachthat Franle [9] identi ed asthe mostaccu-
rateandstableoneto scatterediatainterpolation,is to de ne the
interpolationfunctionasalinearcombinatiorof radially symmetric
basisfunctions,eachcenterecn a datapoint. The unknavn coef-

cients aredeterminedy solvingalinearsystemof sizen. Unfor-
tunately sincethis methodhasa global support,the linear system
is madeof a matrix a symmetricandfull matrix. Thatmeanshat
adirectsolutionof the systemis in O n® which is not acceptable
for large datasetswith thousand®f points.

To overcomethis problem,Wendland[28] usescompactlysup-
portedRBFsandthelinearsystembecomesparse This algorithm
hasbeenfurther improved by Kojekine et al. [17] by organizing
the sparsamatrix into a band-diagonasparsematrix which canbe
solved moreef ciently by usingiterative methods.Unfortunately
the radiusof supporthasto be chosenglobally, which meansthat
the methodis not robust againsthighly non-uniformlydistributed
point setswherethe densityof the samplesnayvary signi cantly.
Anotherapproacthasbeenproposedy Carretal. [6]. It is based
onthefastevaluationof RBF proposediy Beatsoretal. [3] using
fastmultipole methods.Unfortunately thefar eld expansionhas
to bedoneseparatelyor every basisfunction,andis very comple
to implement.

In atheoreticapaper Wendland29] proposednothetimprove-
mentsof radialbasisfunctionsreconstructioomethodbasecbn the
PoU and spatialdecompositiorinto regular cells. This ideahas
beenrecentlyappliedfor implicit surfacereconstructiorby Ohtale
etal. [20] andToboretal. [27].

In this paperwe proposean ef cient modelbasecdon this previ-
ousapproachwhich combinesRBF anda hierarchicalPoU recon-
struction.

3. METHOD DESCRIPTION

Our algorithmfor an ef cient reconstructiorof terrainis based
onthewell-knovn RBF interpolationandPoU integrationin order
to composesmall local solutionsinto a global one. An improve-
mentof PoU(calledhierarchicalpptimizingthereconstructiomnd
theevaluationtime is alsoproposechere.

Therearetwo stagesn the reconstructiorscheme:reconstruc-
tion of thefunction f andits evaluationatapointp. ThePoU-based
reconstructiorbeing quasi-independerftom geometrypartition-
ing, we proposea new partition schemehatminimizesthetime of
eachof thetwo stagesFirstit seemslearthatthe minimal recon-
structiontime is reachedf all the local subdomain$ave anequal
numberof points.Secondthe f p evaluationtimeis shorterif the
partitioning schemeallows a fast searchof the domainscontain-
ing p. Our reconstructiorand evaluationschemeoptimizesthese
two processingimes. This schemealsoallows more control over
robustnesandstability of thenumericalsolution.

We bggin with a presentatiorof the theoreticalbackgroundof
our method,then,our new hierarchicalapproactof reconstruction
andevaluationschemes detailed.Finally a shortcompleity anal-
ysisis done.

3.1 Theoretical background

3.1.1 RBFreconstruction

Giventhesetof N pairwiseddistinctpoints p1 pn of
dimensior2: px  pf p,  2,andthesetofvalues hy  hy ,

wewantto nd afunctionf: 2 satisfyingthe constraints

fpp h i 1 N (1)



As suchaproblemhaving anin nite numberof solutions the vari-
ationaltechniquesvith RBF give asolutionthatminimizesan“en-
emgy” or “smoothness’of the reconstructedunction. Duchon([8]
hasshavedthatthe simplestsmoothingfunctionis alinearcombi-
nationof rotation-irvariantbasisfunctions

N
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We denotehere p;j p; theEuclideandistancew; thelinearcom-
binationweights(to be computed)f : aconditionallypos-
itive de nite basisfunction, andp a polynomial of degreem de-
pendingon the choiceof f .
For areconstructiornf topographielevationdatathe bestchoice
proposedy Hardy[15] is the multiquadricfunction:

fr r2 a2 (3)
wherea controlssmoothnesagainstdelity tothedata.Theasso-
ciatedpolynomialp of degreel is de ned by:

pp c cip* cp’ 4

As we have anunderdeterminedsystemwith N 3 unknavns (w
andcy ¢; ¢p) andonly N equations so-callednatural additional
constraintdor the coefcients w; areaddedin orderto ensureor-
thogonality sothat

aw awp’ qwp o0 (5)

The equationg(1), (2), and (5) determinethe following linear
system:
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The solution vector x is composedodf the weightsw; and the
polynomialcoefcients ¢; for equation(2) andrepresentasolution
of theinterpolationproblemgivenby (1).

3.1.2 Partition of unity principle

Themainideaof the PoU methodis to divide theglobaldomain
of interestinto smalleroverlappingsubdomainsvherethe problem
canbe solvedlocally. More precisely thedif cult global problem
is decomposedhto several smallerlocal problemsandtheir local
solutionsarecombinedtogetherby usingweightingfunctionsthat
actassmoothblendingfunctionsto obtainthe globalsolution.

Notice that our new hierarchicalapproachrequiresthe decom-
positioninto two subdomainger hierarchicalstep. We introduce
hereonly thesimplestcasethe extensionon moresubdomainde-
ing straightforvard andout of the scopeof this paper

ConsideitheglobaldomainwWanddivide it into two overlapping
subdomaindVy andWs withW W, W andWy, W, 0. On
this setof subdomains Wy W, , we constructa partition of unity,
i.e. a collection of non-n@ative functions /1 [, with limited
supportsupp/; W andwith /1 [, 1in theentiredomain
W.

ForeachW, aset p p W isde ned,thenalocal
reconstructiorfunction f;j is computed.The global reconstruction

function fpoy is thende ned asacombinatiorof thelocalfunctions

fooup faplip faplap (10)

Thecondition/1 [/, 1lisobtainedrom ary othersetof smooth
functionsL 1, L » by anormalizationprocedure

Lip
Lip La2p
TheweightingfunctionsL; have to be continuousat the boundary
of thesubdomains\{. We de ne theweightingfunctionsL; asthe
compositionof adistancefunctionDj: " 0 1, whereD; p
1 attheboundaryof W andadecayfunctionV : 0 1 01,ie.
Lip V Dip.

For a2D axis-alignechoxde ned from thetwo oppositecorners
SandT we usethefollowing distancefunction D;
~ 4 pr

S T pr
Dp 1 O > r B
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The choiceof the decayfunctionV determineghe continuity be-
tweenthe local solutions f; in the global reconstructiorfunction
fpou- We suggesto useoneof the following decayfunctionsthat
were chosenby including somesimple constraintssimilar to the

lip withi 12 (11)

(12)

constructiorof basesplinefunctions( 0 1,v1 0,V 0
V 1 0,etc.):
i 0. 0
continuity *~ : vid 1 d
continuity 1 : vid 2d® 302 1

The plots of the distancefunction D and the weighting functions
areshavn in Figurel.

(@D p (b) Lp
vliDp

Figure 1: Inter pretation of the distancefunction D and weight-
ing functions L.

3.2 Our hierarchical approach

Our reconstructioralgorithmis composedf two steps. First,
theglobaldomainof interests subdvidedrecursvely into overlap-
ping local subdomaingontaininga quasi-equahumberof points
using a tree structurebasedmainly on the k-d principle (section
3.2.1). Theseoverlappingregionsareusedinto the PoUbasedoro-
cessof local solutionblending. Second the local reconstruction
functionsin theleafnodess computedisingvariationaltechniques
with RBF

The evaluationof the global reconstructiorfunction by a PoU
blendingof the local reconstructiorfunctionsis donein recursve
mannerand propagatedottom-upfrom the leaf nodes(section
3.2.2).Theverylastblendingis madeinto root nodethatdescribes
theglobalreconstructiorfunction.



3.2.1 Binarydomaindecomposition

Startingfrom theunoganizedpbointset  andtheentiredomain
of interest\P (generallyde ned by boundingboxof ), thebinary
treedomaindecompositiormethodadaptvely subdiidesWP using
a kd-tree-like structure. The treeis built in a top-dovn recursve
processstartingfrom the root node, wherethe entiredomainW is
subdvidedinto two overlappingsubdomainy\& and\/\/% containing
an nearequalnumberof points n% and n% in the respectie point
sets fand 3. All subdomainsh) atlevel | arethemseles
subdvidedrecursvely into two overlappingsubdomainé/\)k 11 and
W, containinganearequalnumberof pointsn] ,* andn} ! in the

respectie pointsets ,'(11 and ,'(21. Therecursionis terminated,

whenthe numberof pointsin a subdomairfalls belov a threshold

Tieat -
Let usnow give someinsighthow to subdiide a domaian.

First,theminimumnumberof pointsn, Card | ! |,!
in the overlappingzoneW, ;' W, ,' hasto be speci ed explicitly

asanoverlapquotaq 0 1 of thenumberof pointsnL:
b ark (13)

Then,the minimum numberof pointsnL Lin the subdomaingan
becalculatedasfollows:
I I
1 Mok Mk
2

|
Nk

(14)

The extent of the two overlappingsubdomaingh), ;' andW, ;!
is computedusing a k-d tree principle. First, the longestaxis of
\/\{< is determined Secondwe collectthe point sets L 11 (respec-
tively | ,%) containingthe n,  pointswith the lowest (respec-
tively highest)valueswith respectto the longestaxis. In prac-
tice, we rearrangethe points ,'( with respectto their valuesof
thelongestaxisandwetake rst (respectrely Iast)nL 1 points:by

setingiy n tandi; nl nl ! 1,werearrangehepointsso
thatp; pi,forl pi pi,andpi  pi, forpi, pi Py
1
k1l
k PL_ Pp iP5  PuPiy1 Py (15)

I 1
k2

Finally, W, ,* andW, ;! arede ned by theboundingbosesof | ,*

and |t andthepoints | ,%, |, asthesubsetof | !that

is containedn W, 1, W, !
Notethatthe ' T w1 I' 1 stepis necessarif

theinitial pointset  isasubsebf aregulargrid andthenthep;, 1
andpj, from (15) can have the samecoordinateon the partition
axis.

Consideitheresultingrecursve algorithmfor thebinarytreedo-
main decompositiorshavn in Algorithm 1 that hasto be called
using W . Finally, Figure?2 illustratesthe rst
levels of the resultingbinary treewith the correspondingverlap-
ping subdomains.

3.2.2 Evaluation

For the evaluationof the global reconstructiorfunction f at a
point p, the local reconstructionsare blendedtogetherby recur
sively applyingthe PoU methodbottom-upin the binarytreecom-
putedin the rst reconstructiorstep(section3.2.1). Startingfrom

Algorithm 1 Decompose( , W)

Require: points , domainW
Ensure: binarytree
setn Card
if N Tiear then
setn, gn
rearrangehepointsin  accordingo thelongestaxisof W
determinghepoints 1, »
determinghe subdomaindVy, Wo
determinghepoints 1, »
Decompose( 1, Wi)
Decompose( 2, W)
else
Calculatelocal RBF reconstructiorior
endif

Figure 2: First stepsof the binary treedomain decomposition
into overlapping subdomains.

therootnode,at every internnodeof the binarytreelevel | there-
constructiorfunction f' is given by the PoU blendingof thelocal
reconstructiorfunctionsof thetwo child nodesf] *andf} *:

féllezlp
Lhlp

f{llellp

(16)
Litp

' p

Thefull recursve algorithm2 illustratesthe evaluationatapoint
p by applyingtherecursve PoUblendingandit hasto becalledby

p

Algorithm 2 Evaluatep, I)

Require: pointp, level |
Ensure: f p
if p notin W then
returnO
endif
if | istheleaflevel then
returnfps p
else
f1 = Evaluatep, | 1) attheleft child
f, = Evaluatep, | 1) attheright child
computel 1, L, from children
return f fiLy folo L1 Lo
endif

3.3 Complexity analysis

The solution of the linear system(6) of size N requiresO N3
oating point operationsandO N2 core-memonycells. For one
single evaluationthe global RBF approachrequiresO N opera-
tions. Thusit is clearthat direct methodsare not suitablefor a
numberof constraintgreaterthanseveralthousands.

In our reconstructiorschemehebinarytreeheightis aboutH
log N Tieat , the numberof leaf nodesis aboutL N Tjeat and



eachleaf containsat mostTjeas constraints.Thereconstructions
composedf a subdvision stagewhich performsO NlogN oat-
ing pointoperationsandaRBFreconstructiorstagan O L'I'l‘:;af
OL ON operations.

Theevaluationof f p canbedonein boundedime dueto the
limited numberof subdomainéncluding p wherethe evaluationof
thelocal RBF functionis donein a constantime.

4. RESULTS AND DISCUSSION

To illustrateour methodwe presentwo examples.The rst one
usesa dowvnsampledull DEM model,the secondnvolvesa setof
contourlines. In thefollowing tableswe denotetleafsthe number
of treeleafs,tiee the binary tree creationtime in secondstyec the
local reconstructioniime in second§RBF reconstructiotinto each
leaf), ta/a the evaluationtime of the globalinterpolationfunction

for all grid nodesandt; 5 theglobalinterpolationtimein seconds.

Forall ourtestswe x edempiricallytheoverlappingquotato 20%.
It is clearthatif this quotais too small, someartefactscanappear
in overlappedareaswvhich not matchthe neighborhoodiata;if the
quotais too high, thegeneratederrainbecomegoo smooth.

Notethatall resultspresentedh this sectionhave beencomputed
onaPCwith anintel PentiumlVV 4GHzprocessoandwith al.5GB
memory

4.1 Mount Washington

As a rst experimentwe usedan USGSDEM of Mount Wash-
ington®. It consistsin 2932 1384grid (=1,289,888otal points,
seeFig. 4(a)and4(b)). Theelevationsvary from 170to 1913 me-
ters.

The original modelhasbeenrandomlydowvnsampledo 43,419
points,thatis 3.3%of the original (seeFig.4(c)). Remainingdata
points have beenusedto interpolatethe terrainon the initial grid.
Finally, thereconstructeddEM is comparedvith the original one
usingthe RootMeanSquareError — RMSE. Numericalresultsus-
ing a smoothingfactora 2 (notethata doesnotin uence the
computingtime) for ourimplementatiorareenumerateéh tablel.

Table 1: Numerical results for Mount Washington DEM,
43,419data points (on 1,289,888otal points) with a 2

| Tieaf #leafs tiree | trec leval liota RMSE |
1600 128 22 | 854 188 1066 5.04
800 256 20 | 374 157 531 5.05
600 512 16 | 170 100 287 5.05
200 2048 15 | 32 59 108 5.06
100 4096 18 | 16 46 81 5.09

We can seethat for very different Tiggs values,RMSE values
stayvery closed. Thisis dueto thefactthatdatapointsarequasi-
regularly dispersedn the grid andin this casethe resultis inde-
pendenbf the Tiea choice.

Figure 3 con rms the theoreticaltime compl«ity of our algo-
rithm. First,theoriginalmodelwasdovnsampledo severalsmaller
point sets(i.e. from 1% to 20% of the original size). For each
downsamplediatasethereconstructiorfunction(with Tjegs 100
anda 2)is computedandthe DEM of original modelsize is
evaluated. Finally, the RMS error is computedagainstthe full
datasetNotealsothatRMSE decreasewhile the numberof point
increases.

1Available on the websiteof the Departmentof GeologicalSci-
encesat the University of Washingtorin Seattle:
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Figure 3: Plots of time consuming analysisand RMSE. RBF
reconstructionis linear and the global evaluation

Fig.4(d)shavs a3D view of theinterpolatederrainwith param-
etersa 5andTey 800. We canseethat mostof the terrain
featureshave beenpreseredevenif theterrainis quite smooth.

4.2 Mount St. Helens

For this experiment,we useda setof contourlines represent-
ing the Mount SaintHelensvolcano,in WashingtorState afterthe
eruptionof May 18, 1980.

We usethefull contourdatawhichconsistof 21 contourg21,442
datapoints)dravn ona 449 497 grid (=223,153total points,see
Fig.5(a)).Contourline relative elevationsvary from 20to 740 me-
ters. Table2 shavs numericalresultsfor this dataset.

Table2: Numerical resultsfor Mount St Helens'scontour lines:
21,442data points (grid is 223,153total points)

| Tieaf #leafs tyree | trec  teval ttotal |
1200 32 4 89 13 107
800 64 2 41 10 53
400 128 3 17 7 28

Figures5(b) and5(c) shaw theinterpolatednodelwith two dif-
ferentsmoothnessesith Tie5s  800.With Tiegs  100,theglobal
interpolatedmodelis quite correctbut ontheleft of gure 5(d) we
canseethatsometerrainareasare at andhave notbeencorrectly
reconstructedThis is dueto the fact that someleaf areascontain
mary datapointswith almostthe sameelevation. Thatmeanshat
manuainterventionsaresometimesieededn orderto interactizely
correcttheinterpolationparameters.

Next, we userandomlydownsampledcontourline data. Only
2,332datapointsfrom the previous 21,442points are consered,
thatis about10% (seeFig.6(a)). Computingtimesaresummedup
in table 3 and gure 6(b) depictstheresultingterrainwith a 2
andTiear 800. Comparedvith gure 5(b), the obtainedterrain
conseresperfectlytheglobalappearancandmostof thedetailsof
the previous modelwith 10 timeslessof data.No oscillationscan
beobseredbetweersamplepoints,andthisis evenmoretruewith
highervaluesof a. Thatmeanghatthis kind of dovnsamplingis
nota problemfor reconstructinddEM from contourlines,andcan
beusedto speedup thereconstructiorprocess.



(@) Original DEM with (b) 3D-view of theoriginal DEM
1,314,99%0ints

(c) DEM subsampledto (d) 3D-view of theinterpolatedEM with Tjggs  800anda 5.ty 531s
43,419points(3.3% of ini-
tial set)

Figure 4: Mount WashingtonDEM inter polation fr om scattered points



(a) Original contourlines setmadeof (b) 3D-view of the interpolatedDEM with a 2,
21,442pointsonthegrid Tieat 800andtiyiy 535

(c)a 10andTeat 800.tigar 535 (dya 2andTes 100.tiga 10s

Figure5: Mount St. Helensinterpolation from contour lines

(a) Contourlines resampledo 2,332 (b)a 2andTes 800.tigtar 95
datapoints

Figure6: Mount St. Helensinterpolation from downsampledcontour lines



Table 3: Numerical resultsfor Mount St. Helens's downsam-
pled contour lines: 2,332 data points (grid is 223,153total
points)

| Tiear #leafs tiree | trec teval tiotal |
1200 4 0 8 7 16
800 8 0 3 5 9
400 16 0 1 3 5

5. CONCLUSION

We presentedh new ef cient and easyto implementalgorithm
for interpolatingscatteredlata.lt is basedbn Hardy's multiquadric
RBF and the Partition of Unity approach. The global domainis
spatiallydecomposedéhto overlappingrectanglesn a hierarchical
manney then, the local RBF reconstructioris computedand the
localsolutionsarerecursvely blendedogether TheRBF approach
is choserto guaranteea robustsolutionevenagainsinon-uniform
data.ThePoUdecompositiomndblendingis usedto accelerat¢he
processlt canbe usedto parallelizethe reconstructiorschemeon
a multiprocessosystemandto out-of-coreprocessingn the case
of ahugeamountof data.

Note that the generalmethodis independenof the local re-
constructiormethod. Furthermorethe hierarchicalPoU approach
canbe combinedwith othermethods(suchthe Shepards [22] or
Lee's[18] methods)in orderto improve them.

We have usedvisualaspectssensitvity to parametergjming re-
quirementgo testcharacteristice®f our method. In term of visual
aspectsthe algorithmgeneratesrediblesmoothterrains. Our re-
constructiorscheménasalinearbehaior with respecto thesizeof
initial dataandnearconstanevaluationtime. Thereconstructiofis
completelyautomatic put the numericalstability canbe improved
by manuallytuningthesetof initial parametersf PoUblending.

Ouralgorithmis usedto reconstrucsmoothDEMs from unoiga-
nized elevation samplesespeciallyfrom contourlines. Obviously
it is ageneralframevork of reconstructiorandit canbe appliedto
mary otherinterpolationproblemsfor otherscienti ¢ applications
thatprocesscatterediatain two, tree,or moredimensionsfor ex-
amplehypsographygeology nite elementmethod, MRI medical
imaging,shapéransformationsimageinpaintingandmoreothers.
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