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ABSTRACT:

A digital elevationmodelg(DEM) canbecreatedisingavarietyof interpolationor approximatiormethods Dependingnthealgorithm
chosendifferentkinds of errorsmay be presentin the nal DEM. In this paper we presentwo methodsfor visualizingerrorsin a
DEM. Onemethodbeginswith the standardoot meansquareerror(RMSE) andthenhighlightsareasn the DEM thatcontainerrors
beyondathreshold A secondnethodcomputedocal cunatureanddisplaysdiscrepancied the DEM. Thevisualizationmethodsare
in threedimensionsandaredynamic,giving theviewertheoptionof rotatingthesurfaceto inspectary portionatary angle.Displaying
the surfaceandthe errorstogethemive the viewer a betterfeel for the surfacein generalandenhancehe possibilitiesfor determining
the reasonbehindthe occurrenceof errors. The methodsare testedand comparedusing DEMs computedfrom contoursby several

publishedmethods.

1 INTRODUCTION

Therearea variety of interpolationand approximationmethods
for creatingadigital elevation model(DEM) from sparseor con-

tour data. However, no matterhow the DEM s created the re-

sulting surfacemay not be optimal. Grosserrorsmay be seenby

simply representinghe DEM via a shaded-reliemap. Qualita-
tive assessmentsanbe improved by viewing and manipulating
the DEM in a three-dimensionalerspectie view. This canbe

donein traditionalgeographidénformationsystemgGIS) suchas
ArcView (ESRI,nodate).Therealsohave beenavarietyof quan-
titative assessmentzroposedmary of thesemeasureheoverall

accurayg of theDEM.

In mary casestherehasbeena disconnecbetweerthe quantita-
tive andqualitatve measuresWe describeavisualizationsystem
thatcomputedwo quantitatve errormeasureandgivestheusera
three-dimensionakpresentationf the DEM in conjunctionwith
thecomputecerrors. The methodswveretestedwith DEMs com-
putedfrom USGScontourdatausingseveral publishedinterpo-
lation/approximationmethods.

2 PREVIOUS WORK

It iswell known thatDEMs computedrom sparser contourdata
containerrors. In this paper we focuson methodsdealingwith
DEMs createdfrom contourdata;a goodreview of assessment
approachesanbefoundin (Wise,2000).

Variousapproacheso ascertaininghe extent of the errorshave
beenproposed. One standarderror measuremenhtasbeenthe
root meansquareerror (RMSE), which comparesa DEM height
point with a correspondingelevation from an accuratesource
(RinehartandColeman,1988):
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While RMSE s agenerallygooderrorestimateit is problematic
in thatit only givesa global measureof the validity of a DEM.

Carraraet al. (1997)usedseveral analysistechniquesincluding

determiningf DEM heightsfall betweercontourelevations.One
way to determinethis is to createpro le plots with the contour
elevationshighlighted, as donein Gousieand Franklin (2005).
Usingelevationhistogramgo shaw if thereis alinear t between
contoursis anothertechniquedescribedy Carraraet al.; a sim-

ilar methodwasshawn in Reichenbaclet al. (1993),which also
usedshaded-reliefor visualization.The overall smoothnessan
becomputedy nding thetotal squaredurvatureBriggs(1974):
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An indication of local smoothnesgan be found by the aver-

ageabsolutecurvatureGousieandFranklin (2005). Wise (2000)
comparedirainagenetworks determinedrom specialproperties
of contours;suchnetworks are of particularimportancewhena

DEM is usedfor hydrologicalpurposesFisher(1998)computed
several statisticsafter comparinga DEM with establishedspot
heightsandcomputeghe probableviewshed.

The abore methods while very useful, resultin eithera single
error value (suchas RMSE), a rangeof valuesin a histogram
or plot, or a two-dimensionalisualization. Wood and Fisher
(1993) comparedseveral interpolatedDEMSs by displaying vi-

sualizationsof slopedirection (aspect),Laplacian ltering that
highlights suddenchangesn elevation, RMSE, and shadedre-
lief. Thesegive theviewervery goodinsightnotonly to whatthe
problemsare,but exactly wherethey lie. However, thesevisual-
izationswererenderedn only two dimensionsmakingit more
dif cult to determinewhy an artifact might have occurredin a
certainarea.

3 ERROR VISUALIZA TION
We have implementednerrorvisualizationsystenthatdisplays:

1. aninteractie, three-dimensionaghadedEM

2. the 3D DEM including elevation discrepanciezompared
with the sourcedata(local difference)



3. the3D DEM includingcurvatureerrors
4. theRMSE of the DEM comparedwith the sourcedata

5. thetotal squarectunvature,Csq

ThetestDEMs werecreatedrom contoursderived from USGS
digital line graph(DLG) data.The rst methodproducesa DEM

by repeatedlynding intermediatecontoursin betweenexisting

onesuntil thesurfaceis lled (GousieandFranklin,2003).Gaps
are lled with interpolatingHermitesplinesandtheentiresurface
is smoothedwith a Gaussianlter. The secondapproximation
rst nds “gradientpaths;"theseareinterpolatedsplinesthatfol-

low the fall line andthat are computedacrosscontours(Gousie
and Franklin, 2005). The nal DEM is computedusinga thin

plate spline, found in (Briggs, 1974; Smith and Wessel,1990;
Jainetal., 1995;EklundhandMartenssonl995)andothers.The
lastsetof DEMs werefound usingthe well-knovn TOPOGRID
methoddevised by Hutchinsonandfoundin Arcinfo (Hutchin-
son,1988). This approachalsousesa thin plate spline, but en-
hancegheresultsby incorporatingnformationthatindicatewa-
ter ow linesaswell asridges.

Tablel: Color correspondingo p.
p range color
0:20< p purple
0:15< p 020 red
0:10< p 0:15 | orange
0:05< p 0:10 | yellow
0:00 p 0:05| green

The three methodsabore were appliedto a contour le. The
RMSEandtotal squarectunature,Csq, werecomputedor each
resultingDEM, yieldingageneralndicationof theirquality. Each
contourheight point was comparedo the correspondingeleva-
tion in the DEM, andthe absolutevalue of the differenced was
stored.Thevalueof d mayalsobecalledthelocal difference asit
re ectsnotanoverallerrorbut rathertheerroratasinglelocation.
Following Carraraetal. (1997),d shouldnot be greaterthan ve
percenbf thecontourintenal, c. Any differencegreateithan5%
indicatesa signi cant deviation from the sourcedataandshould
be highlighted. The visualizationportion of the systemusesvar-
iouscolorsdrapedover the 3D surfaceto indicateproblemareas.
Thecolorgeneratedor a heightpointis shavn in Tablel, where
p is thepercentagelifferencep = %

Displayingthecolorbasedn p createsnerrorvisualizationthat
shaws discrepanciebetweera DEM andits sourcedata. While
this is useful,it may be dif cult to ascertairthe validity of the
original sourcedataitself. The seconderror visualizationcom-
putesthe absolutecurvatureat eachpoint (similar to the Lapla-
cian):

Caps = j(Uivaj + Ui 15 + Ui+ + Ui 1 4Uij )j
This valueshavs how mucha point at locationi; j differsfrom
its neighbors. A high differenceindicatesa potentiallocalized
problemin the DEM. Thereare caseswhere high curvatureis
desirablesuchasthetop of amountainor the startof acliff face.
Cabs Wascalculatedor eachpointin the DEM, anda color was
generatedollowing Table2. In this casethe cutoff valuesarein
meters but canbe alteredin the systemto suit the requirements
speci edby the DEM.

The systemproducesa 3D visualizationcompletewith lighting
andshadingandwith togglesfor thelocal difference(d) andcur
vature(Caps ) errors. The usermay alsorotatethe DEM to ary

Table2: Color correspondingo curvature.

Cabs range(m) color
1:5< Caps red
1:0< Cas 1:5 | orange
0:5< Cas 1.0 | yellow
0:0 Cas 05 | green
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Figurel: Mt. Washingtorcontours

angleaswell aszoomin andzoomout. To facilitate real-time
rotation/zooming,the surface can be switchedfrom the usual
tessellatedenderingto a point renderingby toggling the trian-
glesin the menu. The lattermay shav somegapsin the surface
while performingatransformationbut theusercansimplytoggle
backto themorerealisticrenderingaftera goodviewing angleis
found.

4 RESULTS

Figurel shavs an800 800 contourgrid of Mt. Washington,
NH. Theelevationsarein meterswith acontourinterval of 20 me-
ters.Table3 shavsthequantitatve errorsof the DEMs computed
from the contoursusingeachof thethreeapproximatiormethods
describedearlier The intermediatecontours(IC) methodgen-
eratesa DEM with the lowestCsq, thus makingthe surfacethe
smoothestHowever, thatsmoothnessomesat the price of over-

all accurag, asre ectedby theRMSE. The TOPOGRIDDEM is

notassmoothnor asaccurateaseitherthe |IC DEM or thegradi-
entpaths(GP)DEMs.

Figure2 shavsthe 3D renderingof thelC DEM of Mt. Washing-
tonincludingthelocal differenceresults. Toggling the cunature
erroryieldsthe surfaceshavn in Figure3. Similarly, Figures4
and5 shaw the local differenceand curvatureerrorsin the GP
DEM. The TOPOGRIDIocal differenceandcunatureresultsare
shawvn in Figures6 and7, respectiely.

In all casesthetotal areawhereerrorsoccurmatcheshe quan-
titative resultsshawvn in Table3. For example,the IC DEM is
the smoothestand hasthe smallestareaof curvatureerror and
thefewest“red” spots(Figure3). However, its accurag is lower
asshawn by its higherRMSE comparedvith the GP DEM (Fig-
ures2 and4). The TOPOGRIDDEM faresworsethantheothers,

Table3: Quantitatie resultsusingMt. Washingtordata.

DEM approximation Csq | RMSE | % contour
method intenal
Intermediatecontours(IC) 12274 1.4 7.0
Gradientpaths(GP) 15617 0.6 3.0
TOPOGRID 134142 3.4 17.0




Figure2: IC DEM shawing local differences. Figure4: GPDEM shawing local differences.

Figure3: IC DEM shawing curvatureerrors. Figure5: GPDEM shaving cunatureerrors.



Figure6: TOPOGRIDDEM shawing local differences.

Figure7: TOPOGRIDDEM shaving cunatureerrors.

shaving somepurpleareasndicatinghighlocal differencegFig-

ure 6) while at the sametime having a greaterareaof curvature
errors(Figure 7). In ary case,the curvatureerrorsare clearly
discerniblein all of the DEMs, andshaw thatall threeDEM ap-

proximationmethod<arepoorlyin steepareasandbetterin areas
with moremoderateggradesNotethatit is possiblethattheareas
in the bawls highlightedin Figures3 and5 may have naturally
high curvature.However, the TOPOGRIDDEM shaws curvature
errorsscatteredhroughouthesurface,includingareasvherethe

slopeseemsgo bequite consistent.

All three methodsshav at least somelocal differencesalong
mary contours.Theprofusionof differencesn thelC DEM (Fig-
ure?2)islikely dueto the Gaussiarsmoothingunction,whichhas
moreof animpactthe closercontoursareto oneanotherIn con-
trast,the GP method(Figure4) smoothsthe surfacewith a con-
trolled thin platespline,andthushasfewer errorsalongthe con-
tours. TOPOGRIDis alsothin plate based but addsadditional
processingo improve the modelling of ridgesand watersheds.
Thisyieldsamix of differenceerrors,somerathersevere(Figure
6). TOPOGRIDalsoseemdo have a few local artifacts,shavn
in the middle of the southwestguadrant. As canbe seenfrom
the 3D visualizationalone,the methodsall have someproblems
computinga smoothsurfacenearcontoursandpeakareas.

5 CONCLUSIONS AND FUTURE WORK

Approximatinga DEM from contourdataresultsin asurfacewith

someerrors. We have describeda visualizationsystemthat dis-
playsa DEM in threedimensionsincludingrealisticlighting and
shading. The DEM may be rotatedto ary desiredpositionin

realtime; zoomingcanbe performedaswell. The systemcom-
putestotal squarecturvatureandRMSE; thesevalues,however,

only globally de ne asurface.Thenovel partof thevisualization
systemdisplayslocal differenceand curvatureerrorsin various
colorsdependingon the magnitudeof the error, while preserv-
ing the 3D surfacerepresentationThedifferenterrorvaluesmay
be toggledby the user The local natureof the errorsmay give

the usera betterunderstandingf the problemsof the underly-
ing DEM productionsoftware. As a whole, the systemgivesa
researcheanothervisualizationtool to examinea DEM andits

errorsclosely which, in turn, may helpto producebetterDEMs

in thefuture.

In thenext iterationof thesystemwe wish to extendtheerrorca-
pabilitiesto othersourcedata.lt shouldbe notedthatin thetests
above, the nal surfacesarecomparedo the samecontourdata
thatwasusedin theapproximationsThus,thesedatasetsarenot
independentwhichyieldsalessthanidealerrormetric,asis evi-

dentin all of theactvity nearcontours.Initial experimentausing
anindependentdlataset,in thiscasea 30mresolutiondSGSDEM

overlaidontheapproximatedEMs describedbore, yieldedun-
satishctory error visualizations. This is dueto the low resolu-
tion of the USGSDEM as comparedwith the computedDEM.

Thus,comparisorpointsarefar apartso that only tiny, hard-to-
seedotsratherthanclustersof color displayed.However, better
testDEMs arebeingproducedapidly, usingdatafrom newer re-
mote sensingsourcessuchas photogrammetrySPOT imagery
or LIDAR. Theuseof suchdatashouldyield moreaccuratesrror
evaluations.
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