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ABSTRACT

We presenta techniquefor creating a digital elevation model
(DEM) from grid-basectontourdata. The methodcomputesew,

intermediatecontoursn betweerexistingisolines.Thesearefound
by finding the shortestline sggmentthat connectspoints on two

neighboringcontourswith differing elevations. The midpoint of

theline segmentbecomes point ontheintermediatecontour The
contoursarecompletedby connectingndividual points. The new

contoursarethenusedasdatafor successie iterationsuntil anini-

tial surfaceis formed. Peaksarecomputedby Hermitesplinesthat
follow the slopetrend. Gaussiarsmoothingis appliedto the entire
surfaceor only to newly computedelevations,yielding anapprox-
imatedor interpolatedsurface,respectiely. The DEMs aretested
with quantitatve methodsandareshavn to comparefavorably to

well establishedlgorithms.

Categoriesand Subject Descriptors
J.2[Computer Applications]: PhysicalSciencesandEngineering

General Terms
Algorithms
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1. INTRODUCTION

GeographicalnformationSystemgGIS) arebecomingncreas-
ingly popularfor visualizingspatialdata. Most systemdayer pat-
ternsor colors, which depict data such as soil type, roads,and
the like, over a two-dimensionaimap. As technologycontinues
to improve, usersincreasinglyexpectto view suchdatain three-
dimensionsasis now donein ArcView and MaplInfo. The user
canthenview the desireddatain the context of the surrounding

topology
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A Digital Elevation Model (DEM) is often usedto storethree-
dimensionaklevationdatavia aregulargrid. DEMs areoftengen-
eratedfrom sparsedatabecausehey are storageintensive and/or
it is difficult to obtain a desiredarea. We computeDEMSs from
isoline databecauseontourmapsarereadily availablefrom mary
sources.Onesuchsourceis the United StatesGeologicalSuney
(USGS)which suppliescontourmapsfrom mary areasn theform
of Digital Line Graphs(DLG). We usea grid-basedapproactbe-
causessuchmethodoftenproduceDEMsthatpresere terrainmor-
phologybetterthanothers suchasthoseusinga Triangulatedrreg-
ular Network (TIN)[17]. Exampleof systemghatgeneratddEMs
from contoursareTOPOGRID[16], availablein Arcinfo, TAPES-
C[5], andTOPOGI6].

In this paper we describea techniquethat computedntermedi-
atecontoursin betweertheoriginalisolines.A preliminarysurface
is formedby computingsuccessie intermediatecontoursby using
datafrom the previousiteration. Peak(andpit) areaswhereinter-
mediatecontourscannot be generatedarecomputedby applying
Hermitesplines;ary remaininggapsarefilled by inversedistance
weightingusingelevation pointsfoundin eachof thefour cardinal
directions. The final surfaceis smootheddy one of two methods,
yielding eitheraninterpolatedor anapproximatedurface. Thefi-
nal DEMs are shavn to comparefavorably with thosecomputed
with establishednethods.

2. PREVIOUS WORK

Thereare mary waysto interpolateor approximatea surface.
This paperdescribesmethodthatusesheinformationinherentin
contourdata.OnesuchapproacHindstheaveragebetweertwo lin-
earlyinterpolatedprofile lines, one orientednorth-souththe other
E-W, this often leadsto overestimatior{22]. Weightedaveraging
methodssuchasinversedistanceweighting,arediscussedn [29]
and[13]; theseoftenusenaturalneighborg24]. To reduceartifacts
in thesemethodspne may first detectridgesandvalleys, interpo-
late them,andthenapply ary othermethodon the enhancedlata
[14]. Anothermethodis to computeflow lines betweencontours
forming rectangulaelementdrom which elevationsaretheninter-
polated18]. Theskeletonextractiontechniqugormsnew contours
within theoriginal datathatcanthenbeusedto createa DEM [12].
This ideais takenonestepfurtherin [27], wherenew contoursare
createdat the intersectiorof the dilation of adjacentontours;this
is repeateduntil the entiresurfaceis filled. Insteadof usinginfor-
mationalonga contour onecanfind the steepesslopeperpendic-
ularto acontour Steepesslopechainsarefoundin [1], which are
theninterpolatedby a cubic Hermite function. A similar ideais
describedn [8], althoughthe steepesslopecomputationis done
differently.



Contourscanalsousedasdatafor constructinga surfaceusing
smoothingsplines[7]. Thereare mary minimum cunature (thin
plate) methods,basedon the early work of Briggs [3], the best
known implementatiorof which is TOPOGRID[15], availablein
Arcinfo. In additionto including a roughnesgenaltyin the thin
plateequationsthe methodfirst computesidge linesandstreams,
creatinga more accurateDEM. There are mary other methods
basedon the thin plate spline,including [28], in which a smooth-
ing termis addedo the minimum curvatureequationsresultingin
anapproximatedbut smooth surface;in [25], a two-stagemethod
that computesan initial surface usingmediansquaresegression
andthenappliesthe minimum cunatureequation;and[26], which
incorporates tensionparameteto minimizediscontinuities.

Another popularmethodfor creatingDEMs is throughthe use
of the Triangulatedrregular Network (TIN), first implementedn
cartographyby Franklin [10] following the ideasof Peucler and
Douglas[19]. A TIN canbe computedrom contoursusingmeth-
odsdescribedn [11] andimprovedin [31].

3. MAXIMUM INTERMEDIA TE CON-
TOURSMETHOD

A propertyof contourlinesis that,in generalsuccessie isolines
run approximatelyparallelto oneanother Theway a cartographer
might createa surfaceis to iteratively generatenen contoursin
betweenthosealreadyexisting. This is doneby draving a new
contourmidway betweensuccessie contours. The Maximum In-
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Figure 1: A portion of contour map.

termediateContours(MIC) algorithm computesnew, in between
contoursin muchthe sameway. By finding datapointsin suc-
cessve contourlinesthatareclosestto oneanotherwe canfind a
midpointbetweerthe two contours.Repeatinghis procesdor all
pointsalongone contourwill createa seriesof pointsthat, when
connectedform a new contour Becausethe contourintenal is
constanaindbecauselevationsin betweercontoursusuallydo not
deviate from the slopedefinedby the contours,the new interme-
diate contouris assignedan elevation thatis exactly midway be-
tweenthe elevationsof the original contourson eitherside. The
MIC methodcomputesiew contoursin this manneruntil asurface
is formed.

ThecompleteMIC algorithmis asfollows, wheree = elevation:

Performlinearinterpolationalongboundaries
Repeat
For all pointsP on contourlines
Choosea point P, from onecontourline A
Findtheclosestpoint P, oncontourline B
suchthatPze > Pie (@)
Determinethe midpoint P,, betweenP; and P»
Calculateelevation: P, ¢ = 3(Pie + Pac)
Connecthepointsto form a continuouscontour
Endfor
Until all intermediatecontoursarecomplete
Fill gapswith inversedistanceweighting
Computepeaks/pitavith Hermitecurves
Apply Gaussiarinterpolationor approximatiorsmoothing

The conditionshawvn in line (a) thatthe elevationsof neighbor
ing contourdiffer assureshatanew contourwill have anelevation
whosevalueis betweertheheightsof its neighbors This condition
assureshatpeaks/pitwill notbeflatandit preventstheformation
of apeakin asaddleareatheseareasarecomputedn alaterstage
in thealgorithm.Bresenhans circle algorithm[2], whichfindsthe
discretegrid pointsthatare closestto the true circle, is employed
to find the closestpoint P, from P;. We generateircleswith suc-
cessvely largerradii from P; until the circle contactsa point P,
which hasanelevationvaluehigherthan P;’s. Themidpointof the
line thatconnectsP; and P, is thenfound andassignedan eleva-
tion in betweerthe elevationsof thetwo contours.

T
i
Figure 2: Oneiteration of intermediate contours.

ConsidelFigurel, whichshavs aportionof ourtestcase Notice
the saddlearea;the small contourdue easthasa lower elevation
thanits neighbors.Theintermediatecontourgeneratedn thearea
betweerthe smallcontourandits neighborswill notclose because
a) the neighborsabove (andbelow) are closerthanthe contourto
the west, and b) the contourto the westhasthe sameelevation,
andso cannot be considered neighbor Therefore the algorithm
closessuchcontoursalbeitin asimplemannety connectinghem
with aline sggment.This couldbeimprovedin thefuture. Figure2
shaws thefinal intermediatecontours.

Theabove procedurdior computingintermediatecontoursis re-
peateduntil aninitial surfaceis created.The numberof iterations
necessarys approximatelylog, D, where D is the averagedis-
tancebetweencontours.Computingonly intermediatecontoursis
not sufiicient to producea DEM; theremay be small gapsin the
computedsurfacebecause¢he methodassumeshatsuccessie, in-
creasingelevationcontourshave a cornvex shapegenerallycircling
a local maxima. This assumptionrdoesnot hold nearthe edges
of the grid, wherethe next contourmay be outsideof the current



Hermite Spline

Figure 3: Computation of peak areausing Hermite spline

computationarea. To reducethe gapsalongthe edgesof the grid,
a one-dimensionaboundaryinterpolationis first performedalong
eachedgeof thegrid. Inversedistanceweightingis usedto fill in
ary remaininggaps.Additionally, peakgor pits) arenotcomputed
in theintermediatecontoursstageat all, becausehereis only one
contourencircling a local maxima(minima) and thus no way to
computean intermediatecontour Theseareasareinterpolatecby
cubic Hermitecurves[9] following the slopeacrosghe maximum
(minimum)contour(Figure3):

Q) = (26> =3t> + D)wa + (2> + 3t°) 3 +
(t* — 2t + t)Ra + (t° — t*)R3 (1)
where
Ry = Z%2:n = Zr1yn @)
T2 —I1

is thetangentectorontheleft side,and

Ry = 2Zatn — #23,yn ®)
X4 — T3

is thetangentvectorontheright side. Theparametet = [0, 1] and
is computedast = 1.0/(x3 — x2).

The Hermitesplinefollows the directionof the tangentformed
by the contourson eitherend of a peak(or pit) ensuringthat the
connectionbetweerthe peak(pit) areaandthe restof the surface
is smooth.Although this methodhasgiven us goodresults,peaks
may be computedusinga morecomplex methodsuchasshavn in
[23].

Thefinal surfaceis foundby smoothinghesurface.Thisis nec-
essarybecausehe intermediatecontoursmay not be optimal or
may producesmall artifacts,aswhena line sggmentclosesa con-
tour asshavn in Figure 2. The elevation value of a point is the
weightedaverageof its neighborsin eachof the four cardinaldi-
rections,wherethe weightis basedon a Gaussiardistribution of
distance Thesmoothingcanbedoneasaninterpolationor approx-
imation;in theformer, the original contourdatais left unchanged,
whereasn thelatter, thecontourdatamaybealteredin thesmooth-
ing operation.Also, in the caseof the approximationthe smooth-
ing functiontendsto planenesssocaremustbetakento find agood
compromisebetweersmoothnesandaccuray of thesurface.

4. EVALUATION CRITERIA

Thecriteriausedto assesthequality of acomputedDEM areas
follows:

1. In general the surfaceshouldlook reasonablyealisticwith
minimal artifacts. A shadedrelief mapis the corventional

way to assesshe surfacevisually [30]. Althoughthis is a
qualitatve measureit is very usefulandmay shaw artifacts
thatarenotdiscoveredeasilythroughquantitatve tests.

2. Thetotal squareccurvaturemustbe aslow aspossible,in-
dicating a smoothsurface. Although natural surfacesex-
hibit somecurvature, artifactssuchas “stepping” of neigh-
boringcontourscontritutegreatlyto thetotal curvature.For
N = n? total points, this is found by comparingeachcom-
putedelevationvalueto its four neighborg3]:

n—1ln—1

Y > (Ui +uis1 + i + i1 —

i=2 j=2

4Ui,j)2 4)

Csq =

whereeachu representshe elevationat thegrid locationin-
dexedby i andj.

3. Becausesmalllocalimperfectionsnaybiasthetotal squared
cunature, an averageabsolutecurvature of the surface is

computedaswell:
1 n—1ln—1
Cove = m Z Z [(wit1,5 + wi—1,j +
1=2 j=2
Wija1 + Uij—1 — i 5)] 5)

4. DEM elevationsfalling on the original contourlines must
have valuesequalto (interpolation)or almostequalto (ap-
proximation) the contour labels [4], measureby the root
meansquareerror(RMSE [21]:

RMSE = (6)

where u;
w; = thetrueelevationof testpoint:

In this paperthe RMSErefersto theerrorof thesurfacecom-
paredto the original contourmap. Following [4], anaccept-
able differencebetweena computedpoint and the contour
elevationis five per centof the contourinterval. An RMSE
of zeroindicatesatrueinterpolatedsurface.

5. Within an areaboundedby a contourpair, the DEM eleva-
tionsshouldvary almostlinearly. Althoughthisis nottruein
all casesjn generalalinearfit betweercontoursindicatesa
constanslopeandthusthe absencef terracingartifacts.El-
evationsaregroupednto integerintenals betweertwo con-
tours, and then reclassifiedinto relative elevations[4][20].
For example,if a contourpair were 100-120,thenthe rel-
ative elevations, or heightclasseswould be 0, 1, 2, ..., 19
correspondingdo the actualelevationsof 100, 101, 102, ...,
119. Theheightclassesarecomputedor eachelevationpair
andthendisplayedasa histogram A flat histogramindicates
asmoothsurfaceanda goodlinearity betweerthe contours,
while otherpatternshaw variousartifactsresultingfrom the
particularinterpolationor approximatiormethod.

5. RESULTS

TheMIC methodwastestedwith an800 x 800 grid of contours
takenfrom a USGSDLG of Mt. WashingtonNH, shawvn in Fig-
ure 4. Theelevationsarein metersandthe contourintenal is 20

= theinterpolatedDEM elevation of testpoints
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Figure 4: 800 x 800 contoursfromaDLG of Mt. Washington,
NH.
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Figure5: Oneiteration of intermediate contours.

meters.For comparisorpurposesa DEM wasalsocomputedus-
ing Arcinfo’s TOPOGRID.The surfacecomputedoy eachmethod
is shavn usinga shadedelief map. Quantitatve resultsareshavn
in Tablel.

Figure 5 shaws the resultof oneiteration of intermediatecon-
toursappliedto thedatain Figure4. Thesecontoursarethenused
asdatafor subsequeriterationsthatproduceall of theMIC results.
Figure6 shavsthe DEM createdby the MIC methodwith fiveiter-
ationsof interpolationsmoothing.Although this is a true interpo-
lation, onecanseethe ghostingof the intermediatecontours.The
cunatureis alsoratherhigh, ascanbe seenin thetable. Figure7
shavstheapproximateddEM createdy theMIC methodwith one
iterationof Gaussiarsmoothing.Thesurfaceis muchsmootheras
borneout by the cunaturevalues,and hasan acceptableRMSE
but thereis still somecontourghosting. The DEM computedwith
five iterationsof smoothingshavn in Figure8 is very smooth but
the surfacehasa higher RMSE which resultsin seven percentof
the contourinterval, slightly higherthansuggestedh [4]. Finally,
Figure 9 shaws the resultfrom the TOPOGRID procedure. The
surfaceis notvery smooth exhibits thehighestRMSE andthereis
aratherlargeartifactvisible in the north-eastorner

Figure6: MIC interpolation with five iterations of smoothing

Figure 10 shavs a plot of the profile nearthe peakproducedby
the MIC interpolationandapproximatiormethodsaswell asTO-
POGRID;the vertical lines representhe contourelevations. The
TOPOGRIDproducesa smoothsurfacethroughthe contours but
becausef thethin plateprocessingthe peakis ratherflat andthe
surfacebulgesout somavhaton eitherside. Both the MIC interpo-
lation andapproximationcreatea roundedpeakthat seemgo fol-
low the slop trend better with the approximationbeing smoother
becausehe surfaceis allowedto deviate slightly from the original
contours. This illustratesthe commontrade-of betweenabsolute
accurag andsmoothness.

Finally, Figure11 shavs theheightclassedor themethods.TO-
POGRIDexhibits smoothnesdyut hasa high numberof elevations
very closeto the contours. This accountsfor the rather severe
ghostingin the TOPOGRIDDEM. Furthermorethe frequeng of
the height classeddropsthe farthera point is from the contours.
This mayindicateanundulatingsurfacebetweercontours another
probleminherentin thin plateproceduresBoth MIC methodsm-



Table 1: Resultsof applying methodsto Mt. Washingtondata.

Method Csq | Cave || RMSE | % of contour

intenal
MIC interpolation,5 smoothingterations || 392616| 0.26 0.0 0.0
MIC approximationl smoothingteration || 106478| 0.28 0.92 4.6
MIC approximations smoothingterations|| 12170 0.08 1.40 7.0
TOPOGRID 134142| 0.22 3.40 17.0

Figure 7: MIC approximation with oneiteration of Gaussian
smoothing

prove onthefrequeng of elevationsnearthe original contours put
the intermediatecontoursare apparentin the frequeny pattern.
More smoothinglessensghis phenomenonbut at the expenseof
accurag.

6. CONCLUSIONS

The maximum intermediatecontoursmethodscreatevisually
good DEMs, exhibiting minimal artifacts. The surfacesalsoper
form well in quantitatve tests,asmeasuredy both curvatureand
RMSE To keepthe RMSEwithin the toleranceof five percentof
thecontourinterval asrecommendeih [4], thenumberof smooth-
ing iterationsmustbe keptto a minimumin the MIC approxima-
tion, unlessa smoothersurfaceis desired.A trueinterpolationcan
be doneat the expenseof smoothnesgearthe contours.The MIC
DEMswereshavn to besuperiorto the DEM producedy thepop-
ular TOPOGRID procedure,qualitatively by shadedrelief maps
anda profile plot of the peak,and quantitatvely by superiorcur-
vatureand RMSE measuresFuturework includesfine tuning the
intermediatecontoursconstructiorto eliminateartifactsand min-
imizing the stratificationof the surfaces perhapsy incorporating
thin plate algorithmsor by computingsplinesin the directionor-
thogonalto the original contours.
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