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ABSTRACT:

A digitalelevationmodels(DEM) canbecreatedusingavarietyof interpolationorapproximationmethods.Dependingonthealgorithm
chosen,differentkinds of errorsmay be presentin the �nal DEM. In this paper, we presenttwo methodsfor visualizingerrorsin a
DEM. Onemethodbeginswith thestandardroot meansquareerror(RMSE)andthenhighlightsareasin theDEM thatcontainerrors
beyonda threshold.A secondmethodcomputeslocalcurvatureanddisplaysdiscrepanciesin theDEM. Thevisualizationmethodsare
in threedimensionsandaredynamic,giving theviewertheoptionof rotatingthesurfaceto inspectany portionatany angle.Displaying
thesurfaceandtheerrorstogethergive theviewer a betterfeel for thesurfacein generalandenhancethepossibilitiesfor determining
the reasonbehindthe occurrenceof errors. The methodsaretestedandcomparedusingDEMs computedfrom contoursby several
publishedmethods.

1 INTR ODUCTION

Therearea variety of interpolationandapproximationmethods
for creatingadigital elevationmodel(DEM) from sparseor con-
tour data. However, no matterhow the DEM is created,the re-
sultingsurfacemaynot beoptimal. Grosserrorsmaybeseenby
simply representingthe DEM via a shaded-reliefmap. Qualita-
tive assessmentscanbe improved by viewing andmanipulating
the DEM in a three-dimensional,perspective view. This canbe
donein traditionalgeographicinformationsystems(GIS)suchas
ArcView (ESRI,nodate).Therealsohavebeenavarietyof quan-
titativeassessmentsproposed;many of thesemeasuretheoverall
accuracy of theDEM.

In many cases,therehasbeena disconnectbetweenthequantita-
tiveandqualitativemeasures.Wedescribeavisualizationsystem
thatcomputestwoquantitativeerrormeasuresandgivestheusera
three-dimensionalrepresentationof theDEM in conjunctionwith
thecomputederrors.Themethodsweretestedwith DEMs com-
putedfrom USGScontourdatausingseveral publishedinterpo-
lation/approximationmethods.

2 PREVIOUS WORK

It is well known thatDEMscomputedfrom sparseor contourdata
containerrors. In this paper, we focuson methodsdealingwith
DEMs createdfrom contourdata;a goodreview of assessment
approachescanbefoundin (Wise,2000).

Variousapproachesto ascertainingthe extent of the errorshave
beenproposed. One standarderror measurementhasbeenthe
root meansquareerror(RMSE),which comparesa DEM height
point with a correspondingelevation from an accuratesource
(RinehartandColeman,1988):
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where
ui = interpolatedDEM elevationof referencepoint i
wi = trueelevationof referencepoint i

While RMSEis agenerallygooderrorestimate,it is problematic
in that it only givesa global measureof the validity of a DEM.
Carraraet al. (1997)usedseveral analysistechniques,including
determiningif DEM heightsfall betweencontourelevations.One
way to determinethis is to createpro�le plots with the contour
elevationshighlighted,as donein GousieandFranklin (2005).
Usingelevationhistogramsto show if thereis a linear�t between
contoursis anothertechniquedescribedby Carraraet al.; a sim-
ilar methodwasshown in Reichenbachet al. (1993),which also
usedshaded-relieffor visualization.Theoverall smoothnesscan
becomputedby �nding thetotalsquaredcurvatureBriggs(1974):
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An indication of local smoothnesscan be found by the aver-
ageabsolutecurvatureGousieandFranklin(2005).Wise(2000)
compareddrainagenetworksdeterminedfrom specialproperties
of contours;suchnetworks areof particularimportancewhena
DEM is usedfor hydrologicalpurposes.Fisher(1998)computed
several statisticsafter comparinga DEM with establishedspot
heightsandcomputestheprobableviewshed.

The above methods,while very useful, result in eithera single
error value (suchas RMSE), a rangeof valuesin a histogram
or plot, or a two-dimensionalvisualization. Wood and Fisher
(1993) comparedseveral interpolatedDEMs by displayingvi-
sualizationsof slopedirection (aspect),Laplacian�ltering that
highlightssuddenchangesin elevation, RMSE, andshadedre-
lief. Thesegive theviewerverygoodinsightnotonly to whatthe
problemsare,but exactly wherethey lie. However, thesevisual-
izationswererenderedin only two dimensions,makingit more
dif�cult to determinewhy an artifact might have occurredin a
certainarea.

3 ERROR VISUALIZA TION

Wehaveimplementedanerrorvisualizationsystemthatdisplays:

1. aninteractive, three-dimensional,shadedDEM

2. the 3D DEM including elevation discrepanciescompared
with thesourcedata(localdifference)



3. the3D DEM includingcurvatureerrors

4. theRMSEof theDEM comparedwith thesourcedata

5. thetotal squaredcurvature,Csq

ThetestDEMs werecreatedfrom contoursderived from USGS
digital line graph(DLG) data.The�rst methodproducesa DEM
by repeatedly�nding intermediatecontoursin betweenexisting
onesuntil thesurfaceis �lled (GousieandFranklin,2003).Gaps
are�lled with interpolatingHermitesplinesandtheentiresurface
is smoothedwith a Gaussian�lter . The secondapproximation
�rst �nds “gradientpaths;”theseareinterpolatedsplinesthatfol-
low the fall line andthat arecomputedacrosscontours(Gousie
andFranklin, 2005). The �nal DEM is computedusinga thin
plate spline, found in (Briggs, 1974; Smith and Wessel,1990;
Jainetal.,1995;EklundhandM	artensson, 1995)andothers.The
lastsetof DEMs werefoundusingthewell-known TOPOGRID
methoddevisedby Hutchinsonandfound in ArcInfo (Hutchin-
son,1988). This approachalsousesa thin platespline,but en-
hancestheresultsby incorporatinginformationthatindicatewa-
ter �o w linesaswell asridges.

Table1: Color correspondingto p.
p range color

0:20 < p purple
0:15 < p � 0:20 red
0:10 < p � 0:15 orange
0:05 < p � 0:10 yellow
0:00 � p � 0:05 green

The threemethodsabove were applied to a contour �le. The
RMSEandtotal squaredcurvature,Csq , werecomputedfor each
resultingDEM, yieldingageneralindicationof theirquality. Each
contourheightpoint wascomparedto the correspondingeleva-
tion in theDEM, andtheabsolutevalueof thedifferenced was
stored.Thevalueof d mayalsobecalledthelocaldifference, asit
re�ectsnotanoverallerrorbut rathertheerroratasinglelocation.
Following Carraraet al. (1997),d shouldnot begreaterthan� ve
percentof thecontourinterval, c. Any differencegreaterthan5%
indicatesa signi�cant deviation from thesourcedataandshould
behighlighted.Thevisualizationportionof thesystemusesvar-
iouscolorsdrapedover the3D surfaceto indicateproblemareas.
Thecolorgeneratedfor aheightpoint is shown in Table1, where
p is thepercentagedifferencep = d

c .

Displayingthecolorbasedonp createsanerrorvisualizationthat
shows discrepanciesbetweena DEM andits sourcedata.While
this is useful, it may be dif�cult to ascertainthe validity of the
original sourcedataitself. The seconderror visualizationcom-
putesthe absolutecurvatureat eachpoint (similar to the Lapla-
cian):

Cabs = j(ui +1 ;j + ui � 1;j + ui;j +1 + ui;j � 1 � 4ui;j )j

This valueshows how mucha point at locationi; j differs from
its neighbors. A high differenceindicatesa potentiallocalized
problemin the DEM. Thereare caseswherehigh curvature is
desirable,suchasthetopof amountainor thestartof aclif f face.
Cabs wascalculatedfor eachpoint in theDEM, anda color was
generatedfollowing Table2. In this case,thecutoff valuesarein
meters,but canbealteredin thesystemto suit the requirements
speci�edby theDEM.

The systemproducesa 3D visualizationcompletewith lighting
andshadingandwith togglesfor thelocaldifference(d) andcur-
vature(Cabs ) errors. The usermay alsorotatethe DEM to any

Table2: Color correspondingto curvature.
Cabs range(m) color

1:5 < Cabs red
1:0 < Cabs � 1:5 orange
0:5 < Cabs � 1:0 yellow
0:0 � Cabs � 0:5 green

Figure1: Mt. Washingtoncontours

angleaswell aszoomin andzoomout. To facilitate real-time
rotation/zooming,the surface can be switchedfrom the usual
tessellatedrenderingto a point renderingby toggling the trian-
glesin themenu.The lattermayshow somegapsin thesurface
while performingatransformation,but theusercansimplytoggle
backto themorerealisticrenderingafteragoodviewing angleis
found.

4 RESULTS

Figure1 shows an 800 � 800 contourgrid of Mt. Washington,
NH. Theelevationsarein meterswith acontourinterval of 20me-
ters.Table3 showsthequantitativeerrorsof theDEMscomputed
from thecontoursusingeachof thethreeapproximationmethods
describedearlier. The intermediatecontours(IC) methodgen-
eratesa DEM with the lowestCsq , thusmakingthe surfacethe
smoothest.However, thatsmoothnesscomesat thepriceof over-
all accuracy, asre�ectedby theRMSE.TheTOPOGRIDDEM is
not assmoothnor asaccurateaseithertheIC DEM or thegradi-
entpaths(GP)DEMs.

Figure2 showsthe3D renderingof theIC DEM of Mt. Washing-
ton includingthelocal differenceresults.Togglingthecurvature
erroryields the surfaceshown in Figure3. Similarly, Figures4
and5 show the local differenceandcurvatureerrorsin the GP
DEM. TheTOPOGRIDlocaldifferenceandcurvatureresultsare
shown in Figures6 and7, respectively.

In all cases,the total areawhereerrorsoccurmatchesthequan-
titative resultsshown in Table3. For example,the IC DEM is
the smoothest,andhasthe smallestareaof curvatureerror and
thefewest“red” spots(Figure3). However, its accuracy is lower
asshown by its higherRMSEcomparedwith theGPDEM (Fig-
ures2 and4). TheTOPOGRIDDEM faresworsethantheothers,

Table3: Quantitative resultsusingMt. Washingtondata.
DEM approximation Csq RMSE % contour
method interval
Intermediatecontours(IC) 12274 1.4 7.0
Gradientpaths(GP) 15617 0.6 3.0
TOPOGRID 134142 3.4 17.0



Figure2: IC DEM showing localdifferences.

Figure3: IC DEM showing curvatureerrors.

Figure4: GPDEM showing localdifferences.

Figure5: GPDEM showing curvatureerrors.



Figure6: TOPOGRIDDEM showing localdifferences.

Figure7: TOPOGRIDDEM showing curvatureerrors.

showing somepurpleareasindicatinghighlocaldifferences(Fig-
ure6) while at thesametime having a greaterareaof curvature
errors(Figure 7). In any case,the curvatureerrorsare clearly
discerniblein all of theDEMs, andshow thatall threeDEM ap-
proximationmethodsfarepoorly in steepareasandbetterin areas
with moremoderategrades.Notethatit is possiblethattheareas
in the bowls highlightedin Figures3 and5 may have naturally
highcurvature.However, theTOPOGRIDDEM showscurvature
errorsscatteredthroughoutthesurface,includingareaswherethe
slopeseemsto bequiteconsistent.

All three methodsshow at least somelocal differencesalong
many contours.Theprofusionof differencesin theIC DEM (Fig-
ure2) is likely dueto theGaussiansmoothingfunction,whichhas
moreof animpacttheclosercontoursareto oneanother. In con-
trast,theGPmethod(Figure4) smoothsthesurfacewith a con-
trolled thin platespline,andthushasfewer errorsalongthecon-
tours. TOPOGRIDis also thin platebased,but addsadditional
processingto improve the modellingof ridgesandwatersheds.
Thisyieldsamix of differenceerrors,somerathersevere(Figure
6). TOPOGRIDalsoseemsto have a few local artifacts,shown
in the middle of the southwestquadrant. As canbe seenfrom
the3D visualizationalone,themethodsall have someproblems
computinga smoothsurfacenearcontoursandpeakareas.

5 CONCLUSIONS AND FUTURE WORK

ApproximatingaDEM from contourdataresultsin asurfacewith
someerrors. We have describeda visualizationsystemthatdis-
playsaDEM in threedimensions,includingrealisticlighting and
shading. The DEM may be rotatedto any desiredposition in
real time; zoomingcanbeperformedaswell. Thesystemcom-
putestotal squaredcurvatureandRMSE; thesevalues,however,
only globallyde�ne asurface.Thenovel partof thevisualization
systemdisplayslocal differenceandcurvatureerrorsin various
colorsdependingon the magnitudeof the error, while preserv-
ing the3D surfacerepresentation.Thedifferenterrorvaluesmay
be toggledby the user. The local natureof the errorsmay give
the usera betterunderstandingof the problemsof the underly-
ing DEM productionsoftware. As a whole, the systemgivesa
researcheranothervisualizationtool to examinea DEM andits
errorsclosely, which, in turn, mayhelp to producebetterDEMs
in thefuture.

In thenext iterationof thesystem,wewishto extendtheerrorca-
pabilitiesto othersourcedata.It shouldbenotedthat in thetests
above, the �nal surfacesarecomparedto thesamecontourdata
thatwasusedin theapproximations.Thus,thesedatasetsarenot
independent,whichyieldsa lessthanidealerrormetric,asis evi-
dentin all of theactivity nearcontours.Initial experimentsusing
anindependentdataset,in thiscasea30mresolutionUSGSDEM
overlaidontheapproximatedDEMsdescribedabove,yieldedun-
satisfactoryerror visualizations. This is due to the low resolu-
tion of the USGSDEM ascomparedwith the computedDEM.
Thus,comparisonpointsarefar apartso that only tiny, hard-to-
seedotsratherthanclustersof color displayed.However, better
testDEMsarebeingproducedrapidly, usingdatafrom newer re-
motesensingsourcessuchasphotogrammetry, SPOT imagery,
or LIDAR. Theuseof suchdatashouldyield moreaccurateerror
evaluations.
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