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Summary. GivenasetS of pointsin R® sampledrom anelevationfunctionH : R? | R,
we presenta scalablealgorithmfor constructinga grid digital elevation model (DEM). Our
algorithmconsistof threestagesFirst, we construcia quadtreeon Sto partitionthepointset
into asetof non-overlappingsegmentsNext, for eachseggmentg, we computehesetof points
in g andall sggmentseighboringy. Finally, we interpolateeachseggmentindependentlyising
pointswithin the sggmentandits neighboringseggments.

Datasetsacquirecby LIDAR andothermodernrmappingtechnologiegonsistof hundreds
of millions of pointsandaretoo largeto t in mainmemory Whenprocessinguchmassie
datasets thetransferof databetweerdiskandmainmemory(alsocalledl/O), ratherthanthe
CPUtime, becomesghe performancebottleneck. We thereforepresentan I/0O-efcient algo-
rithm for constructinga grid DEM. Our experimentsshow thatthe algorithmscalesto data
setsmuchlarger thanthe size of main memory while existing algorithmsdo not scale.For
example,usinga machinewith 1GB RAM, we wereableto construciagrid DEM containing
1.3billion cells (occupying 1.2GB)from a LIDAR datasetof over 390 million points(occu-
pying 20GB)in about53 hours.NeitherArcGIS nor GRASS two popularGIS productswere
ableto procesghis dataset.

1 Intr oduction

Oneof the basictasksof a geographignformationsystem(GIS) is to storearepre-
sentationof variousphysical propertiesof a terrainsuchaselevation, temperature,
precipitation,or waterdepth,eachof which canbeviewed asareal-\aluedbivariate
function.Becausef simplicity andef cacy, oneof thewidely usedrepresentations
is the so-calledgrid representatiom which a functionalvalueis storedin eachcell
of atwo-dimensionaliniform grid. However, mary modernmappingtechnologies
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do no acquiredataon a uniform grid. Hencethe raw datais asetS of N (arbitrary)
pointsin R3, sampledfrom afunctionH : R> | R. An importanttaskin GIS is
thusto interpolateS on a uniform grid of a prescribedesolution.

In this paperwe presenta scalablealgorithmfor this interpolationproblem.Al-
thoughour techniqueis general,we focus on constructinga grid digital elevation
model (DEM) from a setS of N pointsin R® acquiredby modernmappingtech-
niguessuchasLIDAR. Thesetechniquegieneratdhugeamountof high-resolution
data.For example LIDAR? acquireshighly accurateslevationdataat a resolutionof
onepoint persquaremeteror betterandroutinely generatetiundredf millions of
points. It is not possibleto storethesemassie datasetsin the internalmemoryof
even high-endmachinesandthe datamustthereforeresideon larger but consider
ably slower disks.Whenprocessinguchhugedatasets thetransferof databetween
diskandmain memory(alsocalledl/O), ratherthancomputationbecomeghe per
formancebottleneck An 1/0O-ef cient algorithmthat minimizesthe numberof disk
accessekadsto tremendousuntimeimprovementsn thesecasesin this papemwe
develop an I/0-ef cient algorithmfor constructinga grid DEM of unprecedented
sizefrom massve LIDAR datasets.

Related work. A variety of methodsfor interpolatinga surfacefrom a set of
points have beenproposed,ncluding inversedistanceweighting (IDW), kriging,
splineinterpolationand minimum curvature surfaces.Referto [12] andthe refer
encesthereinfor a surwey of the different methods.However, the computational
compleity of thesemethodsoften male it infeasibleto usethemdirectly on even
moderatelylarge pointssets.Therefore mary practicalalgorithmsusea segmenta-
tion schemethat decomposethe plane(or ratherthe areaof the planecontaining
the input points) into a setof non-overlappingareas(or sggmenty, eachcontain-
ing asmallnumberof input points.Onetheninterpolateghe pointsin eachsegment
independentlyNumerousegmentatiorschemesave beenproposedincludingsim-
ple regular decompositiongnd decompositiondasedon Voronoidiagramg18] or
quadtrees[14, 11]. A few schemesisingoverlappingsegmentshave alsobeenpro-
posed19, 17].

As mentionedabove, sincel/O is typically the bottleneckwhenprocessindarge
datasets,|/O-ef cient algorithmsare designedo explicitly take adwantageof the
largemainmemoryanddiskblocksize[2]. Thesealgorithmsaredesignedn amodel
in which the computerconsistsof aninternal(or main) memoryof sizeM andan
in nite externalmemory Computationis consideredree but canonly occuron ele-
mentsin mainmemory;in onel/O-opeftion, or simply /O, B consecutie elements
canbetransferedetweerinternalandexternalmemory Thegoalof anl/O-ef cient
algorithmis to minimize the numberof I/Os.

Many £ (N ) time algorithmsthatdo not explicitly consider/O use£ (N) I/Os
whenusedn thel/O-model.However, the“linear” bound thenumberof I/Osneeded
toreadN elementsjsonly £ (scan(N)) = £ (%) in the /O model. The numberof

3 In this paper we considerl_ IDAR datasetsthatrepresenthe actualterrainandhave been
pre-processely the dataprovidersto remove spikesanderrorsdueto noise.
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I/Os neededo sortN elementsis £ (sort(N)) = £(§ logy -g §) [2]. In prac-
tice, B is on the order of 10°-10°, so scanfN) andsort(N) are typically much
smallerthanN . Thereforetremendouspeedupsanoftenbe obtainedby develop-
ing algorithmsthat useO(scan(N)) or O(sort(N)) I/Os ratherthan- (N) 1/Os.
Numerousl/O-ef cient algorithmsand datastructureshave beendevelopedin re-
centyears,including several for fundamentalGIS problems(refer to [4] and the
referenceshereinfor asuney). Agarwal et.al [1] presente@ generatop-dovn lay-
eredframework for constructinga certainclassof spatialdatastructures—including
quadtrees—I/O-etiently. Hjaltasonand Samet[9] also presentedhn I/O-ef cient
quad-treeconstructionalgorithm. This optimal O(sort(N )) 1/O algorithmis based
on assigninga Morton block index to eachpointin S, encodingits locationalonga
Morton-order(Z-order)space- lling curve, sortingthe pointsby thisindex, andthen
constructinghe structurein a bottom-upmanner

Our approach. Inthispapemwedescribeanl/O-ef cient algorithmfor construct-
ing agrid DEM from LIDAR pointsbasedon quad-treesegmentation Most of the
segmentatiorbasedalgorithmsfor this problemcanbe consideredasconsistingof
threeseparatphasesthesegmentatiorphasewherethe decompositions computed
basedon S; the neighbor nding phasewherefor eachsegmentin the decomposi-
tion the pointsin the sgmentandthe relevant neighboringsegmentsarecomputed,;
andtheinterpolationphasewherea surfaceis interpolatedn eachsegmentandthe
interpolatedvaluesof the grid cellsin the segmentare computedln this paper we
are moreinterestedn the sgmentationand neighbor nding phaseghanthe par
ticular interpolationmethodusedin the interpolationphase We will focuson the
quadtreebasedsggmentationrschemebecausf its relative simplicity andbecause
it hasbeenusedwith severalinterpolationmethodssuchasthin plate splines[14]
andB-splines[11]. We believe thatour techniquesvill applyto othersegmentation
schemesswell.

Our algorithm implementsall three phased/O-ef ciently, while allowing the
useof ary giveninterpolationmethodin theinterpolationphaseGivenasetS of N
points,adesirecbutputgrid speci edby aboundingboxandacell resolutionaswell
asathresholdparametek thealgorithmusesO(% Iogh""— + sort(T)) 1/Os,where
h is the heightof a quadtreeon S with at mostkax poiFﬁtsin eachleaf,andT is
thenumberof cellsin thedesiredgrid DEM. Notethatthisis O(sort(N ) + sort(T))
I/Osif h = O(log N), thatis, if thepointsin Saredistributedsuchthatthequadtree
is roughlybalanced.

Thethreephase®f ouralgorithmaredescribedn Section2, Section3 andSec-
tion 4. In Section2 we describehaw to constructa quadtreeon Swith at mostknax
pointsin eachleaf using O(’g— ﬁ) I/Os. The algorithmis basedon the frame-

work of Agarwal et. al [1]. Although not asefcient asthe algorithmby Hjaltason
and Samet][9] in the worst case we believe thatit is simplerand potentiallymore
practical;for example,it doesnot requirecomputationof Morton block indicesor
sortingof the input points.Also in mostpracticalcasesvhereS is relatively nicely
distributed, for examplewhenworking with LIDAR data,the two algorithmsboth
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useO(sort(N)) I/Os.In Section3 we describehow to nd thepointsin all neighbor
leaves of eachquad-tredeaf using O( ';— IOQLM_) I/Os. The algorithmis simpleand

very similar to our quad-treeconstructionalgorithm; it takesadwantageof how the
quadtreeis naturallystoredon disk duringthe segmentatiorphase Note thatwhile
HjaltasonandSame{9] do not describea neighbor nding algorithmbasedn their
Morton block approachit seemgossibleto usetheir approachandanI/O-ef cient

priority queu€5] to obtainanO(sort(N )) 1/0 algorithmfor the problem.However,
this algorithmwould be quite complex andthereforeprobablynot of practicalinter-
est.Finally, in Section4 we describehow to apply aninterpolationschemeto the
pointscollectedfor eachquad-tredeaf, evaluatethe computedfunction at the rele-
vantgrid cellswithin the sggmentcorrespondingo eachleaf, andconstructhe nal

grid usingO(scan(N)) + O(sort(T)) I/Os. As mentionedearlief we canuseary
giveninterpolationmethodwithin eachsegment.

To investicate the practicalef ciency of our algorithmwe implementedt and
experimentallycomparedt to otherinterpolationalgorithmsusingLIDAR data.To
summarizeheresultsof our experimentswe shawv that, unlike existing algorithms,
our algorithmscalegto datasetsmuchlarger thanthe main memory For example,
usinga 1GB machinewe wereableto constructa grid DEM containingl.3 billion
points(occupying 1.2GB)from a LIDAR datasetof over 390 million points(occu-
pying 20GB)in just53 hours.This datasetis anorderof magnituddargerthanwhat
couldbe handledby two popularGIS products—ArcGIandGRASS.In additionto
supportingargeinput point sets we werealsoableto constructvery large high res-
olution grids; in one experimentwe constructeda one meterresolutiongrid DEM
containingmorethan53 billion cells—storingjust a singlebit for eachgrid cell in
this DEM requires6GB.

In Section5 we describethe details of the implementationof our theoreti-
cally I/O-ef cient algorithmthatusesaregularizedsplinewith tensioninterpolation
method[13]. We alsodescribethe detailsof an existing algorithmimplementedn
GRASSusingthe sameinterpolationmethod;this algorithmis similar to oursbut it
is not I/O-ef cient. In Section6 we describeheresultsof the experimentakcompar
isonof our algorithmto otherexisting implementationsAs partof this comparison,
we presenta detailedcomparisorof the quality of the grid DEMs producedby our
algorithm and the similar algorithmin GRASSthat shov the resultsarein good
agreement.

2 Segmentation Phase: Quad-Tree Construction

GivenasetSof N pointscontainedn aboundingbox[x; X2]£ [y1;Y2] in theplane,
anda thresholdknax , We wish to constructa quadtree T [8] on S suchthateach
quad-tredeaf containsat mostkmax points.Note thatthe leavesof T partitionthe
boundingbox[x1; X2] £ [y1;Y2] into asetof disjointareaswhich we call sggments

Incremental construction. T canbe constructedncrementallysimply by in-
sertingthe pointsof S oneat atime into aninitially emptytree.For eachpoint p,
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we traversea root-leafpathin T to nd theleaf v containingp. If v containsless
thankmax points,we simplyinsertp in v. Otherwisewe split v into four new leaves,
eachrepresenting quadranbf v, andre-distritute p andthe pointsin v to the new

leaves.If h is the heightof T, this algorithmusesO(N h) time. If the input points
in Sarerelatively evenly distributedwe have h = O(log N ), andthe algorithmuses
O(N logN) time.

If Sis solargethat T mustresideon disk, traversinga path of lengthh may
requireasmary ash I/Os, leadingto an /O costof O(N h) in the I/O-model.By
storing(or blocking) thenodesof T ondiskintelligently, we maybeableto accesa
subtreeof depthlog B (sizeB) in asinglel/O andthusreducethecostto O(N ,OQLB)
I/Os. Cachingthetop-mostevelsof thetreein internalmemorymayalsoreducethe
numberof I/Os neededHowever, sincenotall thelevels t in internalmemory it is
hardto avoid spendingan /O to access leaf during eachinsertion,or - (N) I/Os
in total. Sincesort(N) ¢ N in almostall casestheincrementalapproachs very
inef cient whentheinputpointsdonot t in internalmemory

Level-by-level construction. A simple I/O-efcient alternatve to the incre-
mentalconstructioralgorithmis to constructT level-by-level: We rst constructhe
rst level of T, therootv, by scanninghroughSand,if N > ki, distributingeach
point p to oneof four leaflists on disk correspondingdo the child of v containingp.
Oncewe have scanneds andconstructednelevel, we constructthe next level by
loadingeachleaflist in turn andconstructindeaflists for the next level of T. While
processingnelist we keepabuffer of sizeB in memoryfor eachof thefour new leaf
lists (childrenof the constructechode)andwrite buffersto the leaf lists on disk as
they runfull. Sincewe in total scanS on eachlevel of T, thealgorithmusesO(N h)
time, the sameas the incrementalalgorithm, but only O(N h=B) 1/Os. However,
evenin the caseof h = log, N, this approachis still a factorof Iogg_ %:Iog4 N

from theoptimal O(§- logy Y I/0 bound.

Hybrid construction.  Usingthe framewnork of Agarwal et. al [1], we desigha
hybrid algorithmthat combinesthe incrementaland level-by-level approachesn-

NW SE . . o
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Fig. 1. Constructiorof a quad-tredayer of depththreewith kmax = 2. Oncealeaf atdepth
threeis createdno further splitting is done;insteadadditionalpointsin the leaf arestoredin
leaflists showvn belowv shadechodes After processingll pointsthe shadedeaveswith more
thantwo pointsareprocessedecursvely.
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steadof constructinga single level at a time, we can constructa layer of log, "é—

levels. Becausel®ds & = M=B < M, we constructthe layer entirely in internal
memoryusing the incrementalapproachMWe scanthroughS, insertingpointsone
at atime while splitting leavesandconstructingnew nodes exceptif the pathfrom
theroot of the layerto aleaf of thelayeris of heightlog, "g—. In this casewe write
all pointscontainedn suchaleafv to alist L, on disk. After all pointshave been
processe@ndthe layer constructedyve write the layerto disk sequentiallyandre-
cursively constructayersfor eachleaflist L ;. Referto Figurel.
Sincealayerhasat mostM =B nodeswe cankeepainternalmemorybuffer of
sizeB for eachleaf list and only write pointsto disk whena buffer runsfull (for
leavesthatcontainlessthanB pointsin total, we write the pointsin all suchleaves
to asinglelist afterconstructinghelayer).In thiswaywe canconstructlayeronN
pointsin O(N=B) = scan(\ ) I/Os. Sinceatreeof heighth hash=log, '\é— layers,
the total constructioncostis O( ¥ hg_) /0s. Thisis sort(N) = O(%¥ logy )

log
I/0Oswhenh = O(logN).

3 Neighbor Finding Phase

Let T beaquadtreeon S. We saythattwo leavesare neighborsf their associated
segmentssharepartof anedgeor a corner Referto Figure2 for anexample.If L is
thesetof sggmentsassociatewvith theleavesof T, wewantto nd for eachq 2 L the
setS; of pointscontainedn g andthe neighborleavesof g. As for the construction
algorithm,we rst describeanincrementahlgorithmandthenimproveits ef ciency
usingalayeredapproach.

Fig. 2. The sgmentq associatedvith a leaf of a quadtree andits six shadedheighboring
sgments.

Incremental approach. Foreachsegmentq 2 L, we can nd the pointsin the
neighborsof q usinga simplerecursve procedure Startingat the root v of T, we
compareg to the segmentsassociatedvith the four childrenof v. If the bounding
box of a child u sharesa point or partof an edgewith g, thenq is a neighborof at
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leastoneleaf in the treerootedin u; we thereforerecursvely visit eachchild with
anassociategeggmentthateitherneighborsor containsg. Whenwe reacha leaf we
insertall pointsin theleafin S.

To analyzethe algorithm,we rst boundthe total numberof neighborsegments
foundover all sggmentsg 2 L. Considerthe numberof neighborsegmentsthatare
atleastthe samesizeasa given sgmentq; at mostone sggmentcanshareeachof
g'sfour edgesandat mostfour moresegmentscansharethefour cornerpointsof g.
Thus,thereareat mosteightsuchneighborsegments Becausehe neighborrelation
is symmetric,the total numberof neighborsegmentsover all segmentsis at most
twice the total numberof neighborsegmentswhich areat leastthe samesize. Thus
thetotalnumberof neighborsegmentsover all sgmentss atmost16timesthenum-
berof leavesof T. Becausehetotal numberof leavesis atmost4N =kq,ax , andsince
the above algorithmtraversesa pathof heighth for eachneighbor it visits O(N h)
nodesn total. Furthermoreaseachleaf containsat mostknax points,thealgorithm
reportsO(N kmax ) pointsin total. Thusthe total running time of the algorithmis
O((h + kmax )N) = O(hN)). Thisis alsotheworstcasel/O cost.

Layered approach. To nd thepointsin the neighboringsegmentsof eachseg-
mentin L usinga layeredapproactsimilar to the oneusedto constructT, we rst
loadthetoplog, "E’;— levelsof T into memory We thenassociatavith eachleaf u in
thelayer, a buffer B, of sizeB in internalmemoryandalist L in externalmem-
ory. For eachsggmentq 2 L, we usetheincrementahklgorithmdescribedabore to
nd theleavesof thelayerwith anassociatedegmentthatcompletelycontainsg or
sharepart of a boundarywith g. Supposau is sucha layerleaf. If u is alsoa leaf
of theentiretreeT, we addthe pair (q; Sy) to agloballist &, whereS, is the setof
points storedat u. Otherwise we add g to the buffer B, associatedvith u, which
is writtento L, ondiskwhenB,, runsfull. After processingll sggmentsin L, we
recursvely procesghe layersrootedat eachleaf nodeu andits correspondindist
L. Finally, after processingall layers,we sortthe globallist of neighborpointsa
by the rst elementgin thepairs(qg; S,) storedin a. After this, the setS; of points
in the neighboringsegmentsof g arein consecutie pairsof &, sowe canconstruct
all §; setsin asimplescanof a.

Sincewe accesqodesin T during the above algorithmin the sameorderthey
wereproducedn the constructiorof T, we canprocessachlayer of log, “g— levels
of T inscan(N) I/Os.Furthermoresince quqj = O(N), thetotalnumberof I/Os

usedto sortandscana is O(sort(N)). ThusthealgorithmusesO(’g— Iogh""—) I/Osin
total, whichis O(sort(N)) whenh = O(logN).

4 Interpolation Phase

GiventhesetS, of pointsin eachsegmentq (quadtreeleafareajandtheneighboring
segmentf g, we canperformtheinterpolationphasdor eachsegmentqin turnsim-
ply by usingary interpolationmethodwe like onthepointsin S;, andevaluatingthe
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computedunctionto interpolateeachof thegrid cellsin g. SinceP q1Sa = O(N),

andassuminghateachS; ts in memory(otherwisewe maintainainternalmemory
priority queueto keepthenmax < M pointsin S, thatareclosesto the centerof g,

andinterpolateon this subset)we canreadeachS, into mainmemoryandperform
theinterpolationin O(scan(N)) I/Osin total. However, we cannotsimply write the
interpolatedyrid cellsto anoutputgrid DEM asthey arecomputedsincethis could
resultin an1/O percell (or per segmentq). Insteadwe write eachinterpolatedgrid

cell to a list alongwith its position(i; j ) in the grid; we buffer B cellsatatime in

memoryandwrite the buffer to disk whenit runsfull. After processingachsetS,,

we sortthelist of interpolatedgrid cells by positionto obtainthe outputgrid. If the
outputgrid hassizeT, computingthe T interpolatectellsandwriting themto thelist

takesO(T=B) I/Os. Sortingthe cellstake O(sort(T)) I/Os. Thusthe interpolation
phases performedn O(scan(N) + sort(T)) I/Osin total.

5 Implementation

We implementedour methodsin C++ using TPIE [7, 6], a library that easeghe
implementationof I/O-efcient algorithmsand datastructuresby providing a set
of primitives for processingarge datasets.Our algorithm takes asinput a setS

of points, a grid size,and a parametekax that speci es the maximumnumber
of pointsper quadtree segment,andcomputeghe interpolatedsurfacefor the grid

usingour segmentatioralgorithmandaregularizedsplinewith tensioninterpolation
method13]. We chosehisinterpolationrmethodbecausd is usedn theopensource
GIS GRASSmodules.surf.rst [14]—the only GRASS surfaceinterpolation
methodthatusessggmentatiorto handlelargerinput sizes—angbrovidesameango

compareour I/O-ef cient approacho an existing sggmentationrmethod.Belowv we

discusgwo implementatiordetailsof our approachthinningtheinput point set,and
supportinga bit mask Additionally, we highlight the main differencesetweenour
implementatiorands.surf.rst

Thinning point sets. Becausd.IDAR point setscanbe very dense thereare
often several cells in the outputgrid that containmultiple input points, especially
whenthe grid cell sizeis large. Sinceit is not necessaryo interpolateat sub-pixel

resolutions,computationakf ciency improvesif oneonly includespointsthatare
sufciently far from otherpointsin a quad-treesegment.Our implementatioronly

includespointsin aseggmentthatareatleastauserspeci eddistance' from all other
pointswithin the segment.By default,” is half thesizeof agrid cell. We implement
this featurewith no additionall/O costsimply by checkingthe distancebetweena
new pointp andall otherpointswithin thequad-tredeaf containingp anddiscarding
pif it is within adistance' of anothempoint.

Bit mask. A commonGIS featureis the ability to specifya bit maskthat skips
computationon certaingrid cells. The bit maskis a grid of the samesize asthe
outputgrid, whereeachcell hasa zeroor onebit value.We only interpolategrid cell
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valueswhenthe bit maskfor the cell hasthe value one.Bit masksare particularly
usefulwhenthe input dataset consistsof an irregularly shapedregion wherethe
input pointsare clusteredand large areasof the grid are far from the input points.
Skippingtheinterpolationof the surfacein theseplacesreducescomputatiortime,
especiallywhenmary of the bit maskvaluesarezero.

For high resolutiongrids, the numberof grid cells canbe very large, and the
bit maskmay be larger thaninternalmemoryand mustresideon disk. Randomly
queryingthe bit maskfor eachoutputgrid cell would be very expensve in terms
of /O cost.Using the same Itering ideadescribedn Section2 and Section3, we
Iter thebit maskbits throughthe quad-tredayer by layer suchthateachquad-tree
segmentgetsa copy of the bit maskbitsit needsduringinterpolation.Thealgorithm

usesO(L —N—) I/Os in total, whereT is the numberof cellsin the outputgrid,
B log ¥-

which is O(sort(T)) whenh = O(log N). The bits for a given segmentcan be
accessedequentiallyaswe interpolateeachquad-treesggment.

GRASS Implementation.  TheGRASSmodules.surf.rst usesaquad-tree
segmentationput is not I/O-ef cient in severalkey areaswvhich we brie y discuss;
constructinghe quadtree,supportinga bit mask, nding neighborsandevaluating
grid cells.All datastructuresn the GRASSimplementatiomwith theexceptionof the
outputgrid arestoredin memoryandmustuseconsiderablyslover swap spaceon
diskif internalmemoryis exhaustedDuring constructiorpointsaresimply inserted
into an internalmemoryquadtree using the incrementalconstructionapproachof
Section2. Thinning of pointsusingthe parameter’ during constructionis imple-
mentedexactly asour implementationThe bit maskin s.surf.rst is storedas
aregulargrid entirelyin memoryandis accessedandomlyduring interpolationof
segmentsinsteadof sequentiallyin our approach.

Pointsfrom neighboringguad-treesggmentare not foundin adwanceasin our
algorithm, but arefound wheninterpolatinga given quad-treesegmentq; the algo-
rithm createsawindow w by expandingq in all directionsby awidth £ andquerying
the quadtreeto nd all pointswithin w. The width + is adjustedby binary search
until the numberof pointswithin w is betweera userspeci ed range[Nmin , Nmax J-
Oncean appropriatenumberof pointsis found for a quad-treesegmentq, the grid
cellsin g areinterpolatedand written directly to the properlocationin the output
grid by randomlyseekingto the appropriatele offsetandwriting the interpolated
results.When eachsegmenthasa small numberof cells, writing the valuesof the
T outputgrid cellsusesO(T) A sort(T) 1/Os. Our approaclconstructghe output
grid usingthesigni cantly bettersort(T) 1/Os.

6 Experiments

We rana setof experimentausingour I/O-ef cient implementatiorof our algorithm
andcomparedur resultsto existing GIS tools. We begin by describinghe datasets
on which we ranthe experimentsthencomparethe ef ciency andaccurag of our
algorithmwith othermethodsWe shav that our algorithmis scalableto over 395
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(a) (b)

Fig. 3. (a) Neuseriver basindatasetand (b) OuterBanksdataset,with zoomto very small
region.

million pointsandover 53 billion outputgrid cells—wellbeyond the limits of other
GlStoolswetested.

Experimental setup. We ran our experimentson an Intel 3.4GHz Pentium4
hyperthreadednachinewith 1GB of internalmemory over 4GB of swapspaceand
runningaLinux 2.6 kernel. Themachinehada pair of 400GBSATA diskdrivesin a
non-RAID con guration.Onedisk storedtheinputandoutputdatasetsandtheother
disk wasusedfor temporaryscratchspace.

For our experimentswe usedtwo large LIDAR datasets,freely availablefrom
online sources;one of the Neuseriver basinfrom the North CarolinaFloodmaps
project[15] andoneof the North CarolinaOuterBanksfrom NOAA's CoastalSer
vicesCenter[16].

Neuseriver basin. This datasetcontains500 million points,morethan20 GB
of raw data;seeFigure3(a). Thedatahave beenpre-processelly the dataproviders
to remove most points on buildings and vegetation. The averagespacingbetween
pointsis roughly 20ft.

Outerbanks.Thisdatasetcontain212million LIDAR points,9 GB of raw data;
seeFigure 3(b). Datapointsarecon ned to a narrav strip (azoomof a very small
portionof thedatasetis shaovn in the gure). This datasethasnotbeenheavily pre-
processedio remove buildings andvegetation.The averagepoint spacings roughly
3ft.

Scalability results. We ran our algorithm on both the Neuseriver and Outer
Banksdatasetsat varying grid cell resolutionsBecauseve usedthe default value
of " (half the grid cell size)increasingthe size of grid cells decreasedhe number
of pointsin the quadtree andthe numberof pointsusedfor interpolation.Results
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aresummarizedn Tablel. In eachtest,theinterpolationphasewasthe mosttime-
consumingphasejnterpolationconsumeaver 80% of thetotal runningtime onthe
Neuseriver basindataset. For eachtestwe useda bit maskto ignore cells more
than300ft from theinput points.Becausef the irregular shapeof the OuterBanks
data,this bit maskis very large, but relatively sparsgcontainingvery few “1” bits).
Therefore, Itering the bit maskand writing the output grid for the Outer Banks
datawererelatively time-consumingphasesvhencomparedo the Neuseriver data.
Note that the numberof grid cells in the Outer Banksis roughly three ordersof
magnitudegreatethanthenumberf quad-tregoints.As thegrid cell sizedecreases
andthetotal numberof cellsincreaseshit maskandgrid outputoperationconsume
a greaterpercentag®f the total time. At a resolutionof 5ft, the bit maskalonefor
the OuterBanksdatasetis over 6GB. Evenat suchlarge grid sizes,interpolation—
aninternalmemoryprocedure—wasthe mosttime-consumingphaseijndicatingthat
I/0 wasnotabottleneckin our algorithm.

Dataset Neuse | OuterBanks
Resolution(ft) 20] 40 5/ 10
Outputgrid cells (£ 10°)[1360 3405316013403
quad-tregooints(£ 10°) | 395/ 236 128 66
Total Time (hrs) 53.024.4 17.7 6.9
Time spentto... (%)

Build tree 2.0 3.8 4.5 8.6
Find Neighbors 10.615.1 14.5 16.4
Filter Bit mask 0.2/ 0.3 13.1 8.0
Interpolate 86.480.4 52.6 57.8
Write Output 0.8 0.4 153 9.2

Table 1. Resultsfrom the Neuseriver basinandthe OuterBanksdatasets.

Wealsotriedto testotheravailableinterpolatiormethodsincludings.surf.rst
in the opensourceGIS GRASS;kriging, IDW, spline,andtopo-to-rastefbasedon
ANUDEM [10]) toolsin ArcGIS 9.1;andQTModeler4 from Applied Imagery[3].
Only s.surf.rst supportedhe thinning of datapointsbasedon cell size,sofor
the otherprogramswe simply useda subsef the datapoints.Noneof the ArcGIS
tools could processmorethan 25 million pointsfrom the Neuseriver basinat 20ft
resolutionand every tool crashedon large input sizes.The topo-to-rastetool pro-
cessedhelargestsetamongsthe ArcGIStoolsat 21 million points.

Thes.surf.rst couldnot procesamorethan25 million pointseither Using
aresolutionof 200ft, s.surf.rst could procesghe entire Neusedatasetin six
hours,but thequadtreeonly containedL7.4million points.Our algorithmprocessed
the samedatasetat 200ft resolutionin 3.2 hours.On a small subsetof the Outer
Banksdatasetcontaining48.8 million points,s.surf.rst , built a quadtreeon
7.1 million pointsandcomputecthe outputgrid DEM in threehours,comparedo
49 minutesfor our algorithmon the samedataset.
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The QTModelerprogramprocessedhe largestdatasetamongsthe othermeth-
odswe tested approximately60 million points,using1GB of RAM. Thedocumen-
tationfor QTModelerstateghattheirapproachs basednaninternalmemoryquad
treeandcanproces200million pointswith 4GB of availableRAM. We canprocess
adatasetalmosttwice aslargeusinglessthan1GB of RAM.

Overall, we have seenthatour algorithmis scalableto very large point setsand
very large grid sizesand we demonstratedhat mary of the commonlyusedGIS
tools cannotprocesssuchlarge datasets.Our approachfor building the quadtree
and nding pointsin neighboringsegmentsis ef cient and never took more than
25% of thetotal time in ary of our experimentsTheinterpolationphaseaninternal
stepthatreadointssequentiallffrom diskandwritesgrid cellssequentiallyto disk,
wasthe mosttime-consuminghaseof the entirealgorithm.

Comparison of constructed grids. To shav thatour methodconstructscor
rect outputgrids, we comparedour outputon the Neuseriver basinto the original
input pointsaswell asto grid DEMs createdby s.surf.rst , and DEMs freely
available from NC FloodmapsBecauses.surf.rst cannotprocessvery large
datasets,we ran our testson a small subsetf the Neuseriver datasetcontaining
13 million points.The outputresolutionwas 20ft, " wassetto the default 10ft, and
the outputgrid had 3274 rows and 3537 columnsfor a total of 11.6 million cells.
Approximatelyl1 million pointswerein thequadtree.

Fig. 4. Distribution of deviationsbetweennput pointsandinterpolatedsurface(kmax = 35).

The interpolationfunction we testeduseda smoothingparametetand allowed
theinput pointsto deviate slightly from the interpolatedsurface.We usedthe same
default smoothingparameteusedin the GRASSimplementatiorandcomparedhe
distribution of deviationsbetweenrtheinput pointsandtheinterpolatedsurface.The
resultswere independentf knax, the maximumnumberof points per quad-tree
segment.In all tests atleast79%of the pointshadno deviation,andover 98%of the
pointshada deviation of lessthanoneinch. Resultsor s.surf.rst weresimilar.
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Sincetheresultswereindistinguishabldor variouskax parametersye shov only
oneof the cumulative distribution functions(CDF) for kmax = 35in Figure4.

Next, we computedthe absolutedeviation betweengrid valuescomputedusing
s.surf.rst andour method We foundthatover 98%of the cellsagreedwithin 1
inch,independendf knax . Themethoddiffer slightly becauses.surf.rst uses
avariablesizewindow to nd pointsin neighboringpointsof a quad-treesggment
g and may not chooseall points from immediateneighborsof g whenthe points
are denseand may expandthe window to include pointsin segmentsthat are not
immediateneighborsof g whenthe pointsaresparseln Figure5(a)we showv a plot
of theinterpolatedsurfacealongwith anoverlayof cellswherethedeviation exceeds
3inches Noticethatmostof the badspotsarealongthe borderof the datasetwhere
our methodis lesslikely to getmary pointsfrom neighboringquad-tredeavesand
nearthelakein theupperleft cornerof theimagewhereLID AR signalsareabsorbed
by thewaterandthereareno input datapoints.

(@) (b)

Fig. 5. Interpolatedsurfacegeneratedby our method Black dotsindicatecellswherethe devi-
ationbetweerour methodand(a) s.surf.rst is greatetthanthreeinches,(b) nc oodmap
datais greaterthantwo feet.

Finally, we comparedothouroutputandthatof s.surf.rst tothe20ft DEM
dataavailablefrom the NC Floodmapsproject. A CDF in Figure 6 of the absolute
deviation betweenthe interpolatedgrids and the “base” grid from NC Floodmaps
shaws thatbothimplementationiave anidentical CDF curve. However, the agree-
mentbetweertheinterpolatedsurfacesandthebasegrid is notasstrongastheagree-
mentbetweenthe algorithmswhencomparedo eachother An overlay of regions
with deviation greaterthantwo feet on basemapshown in Figure5(b) revealsthe
sourceof the disagreementA river network is clearly visible in the gure indicat-
ing that somethings very differentbetweerthe two datasetsalongthe rivers.NC
Floodmapsisessupplementabreak-linedatathatis notpartof the LIDAR pointset
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to enforcedrainageand provide betterboundariesof lakesin areaswhereLIDAR
hastroublecollectingdata.Aside from therivers,theinterpolatedsurfacegenerated
by eitherour methodor the existing GRASSimplementatioragreereasonablyvell
with the professionallyproducedandpublicly availablebasemap.

Fig. 6. Cumulatve distribution of deviation betweerinterpolatedsurfaceanddatadowvnloaded
from nc oodmaps.comDeviation is similar for both our methodands.surf.rst for all
valuesof Kmax -

7 Conclusions

In this paperwe describean I/O-ef cient algorithm for constructinga grid DEM
from point cloud data.We implementedur algorithmand,usingLIDAR data,ex-
perimentallycomparedt to otherexisting algorithms.The empiricalresultsshov
that, unlike existing algorithms,our approachscalesto datasetsmuch larger than
the size of main memory Although we focusedon elevation data,our techniqueis
generalbndcanbeusedto computethe grid representationf arny bivariatefunction
from irregularly sampleddatapoints.

For futurework, we would lik e to consideranumberof relatedproblemsFirstly,
oursolutionis constructedn suchawaythattheinterpolationphasecanbeexecuted
in parallel.A parallelimplementatiorshouldexpeditethe interpolationprocedure.
Secondly as seenin Figure 5(b), grid DEMs are often constructedrom multiple
sourcesincludingLID AR pointsandsupplementabreak-linesvherefeaturepreser
vationis important.Futurework will examinemethodof incorporatingnultiple data
sourcesnto DEM constructionFinally, the ability to createlarge scaleDEMs ef -
cientlyfrom LID AR datacouldleadto furtherimprovementsn topographianalysis
including suchproblemsas modelling surfacewater o w or detectingtopographic
changen time seriedata.
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