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ABSTRACT

Debris-slidesarefast-movinglandslidesthatoccurintheAppalachianregionincludingtheGreat
SmokyMountainsNationalPark(GRSM).Variousknowledgeanddata-drivenapproachesusing
spatialdistributionofthepastslidesandassociatedfactorscouldbeusedtoestimatetheregion’s
debris-slidesusceptibility.Thisstudydevelopedtwodebris-slidesusceptibilitymodelsforGRSM
usingknowledge-drivenanddata-drivenmethods inGIS.Sixdebris-slidecausing factors (slope
curvature,elevation,soiltexture,landcover,annualrainfall,andbedrockdiscontinuity),and256
knowndebris-slidelocationswereusedintheanalysis.Knowledge-drivenweightedoverlayanddata-
drivenbivariatefrequencyratioanalyseswereperformed.Bothmodelsarehelpful;however,each
comewithasetofadvantagesanddisadvantagesregardingdegreeofcomplexity,time-dependency,
andexperienceoftheanalyst.Thesusceptibilitymapsareusefultotheplanners,developers,and
engineersformaintainingthepark’sinfrastructuresanddelineatingzonesforfurtherdetailedgeo-
technicalinvestigation.
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INTRoDUCTIoN

Massmovementsareoneofthemostimportantgeologicalprocessesforshapingupthemorphology
ofthemountainoushighlandslopes.Aslopebecomesunstablewhentheactedforceonthesurfaceof
theslopeexceedstheshearstrengthoftheslopeformingmaterials.Mosthighlandshaveexperienced
atleastonetypeofslopefailureundercriticallandslidecausingconditionsandtriggeringfactorssuch
asrainfallandearthquake(vanWestern,1993).Debris-slideanddebris-flowarethepredominant
formsofslopefailureintheAppalachianregion.Debris-slidetakesplacewhenbrokenrockfragments
mixedwithplantdebris,soilandwatermovedownslopeduetogravitationalpullandmightturn
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intoadebris-flowwithincreaseinthewatercontent.Morethan3000rapidlymovingslideshave
beenrecordedinthesouthernAppalachianHighlands,whichhavedirectlycausednearly200deaths
since1940(Pariseau&Voight,1979;Scott1972;Wootenetal.,2016),andposedseriousdamage
tohouses,roadnetworks,andfederalproperties.

Debris-slidesintheAppalachianregionaremainlytriggeredbytorrentialrainfallassociated
withseverestorms(Wieczorek,etal.,2000)thatincreasesporewaterpressureinthesoilcoverand
rockdiscontinuities(Eshner&Patric,1982;Hupp,1983),whichfacilitates themovementof the
materials.SlopemovementsintheGreatSmokyMountainNationalPark(GRSM)areainitiallystarts
asslidesatthescarheadandflowagebecomesthemainmechanismasitmovesrapidlyalongthe
drainagesystemtowardsthelowerreachesofthemountains(Bogucki,1970).Fordebris-sliderisk
assessment,itisimportanttoidentifypotentialslidesinitiationareas.Oneoftheeffectivewaysto
identifysuchareasistocreateadebris-slidesusceptibilitymap.Debris-slideisacomplexgeological
phenomenonthatdependsonseveralfactorssuchaselevation,lithology,topographicalslopeangle,
soiltype,hydrologicalconditionetc.invaryingdegreeofinfluence(Ghoshetal.,2013).Therefore,
itimportanttounderstandtheinterrelationshipbetweenoccurrencesofdebris-slideandassociated
causativefactors.Theroleofthesecausativefactors,alsoknownasgeo-factors,canbedetermined
byexaminingtheareaswheredebris-slideshavetakenplacerepeatedlyinpast(Jones,1992).Debris-
slidesusceptibilitymappredictsthespatialextentoffuturedebris-slidewiththeassumptionthat
thefactors,whichhavecauseddebris-slidesinthepast,willcauseslidinginthefutureundercritical
geo-environmentalconditions(Carraraetal.,1995;Guzzettietal.,1999).Thismakesdebris-slide
oranyformofslopefailuretobeapredictablegeo-hazard(Jones,1992).Nevertheless,effective
roleofthegeo-factorscanchangeconsiderablybasedonthephysicalandgeologicalconditionof
anarea(Ghoshet.al,2013).

Differentmethodologiesforlandslidesusceptibilityarewelldocumentedinliterature,whichare
mainlyofthreecategories:(i)Heuristicorknowledge-driven(ii)Empiricalordata-drivenand(iii)
Deterministicapproach.WiththeadvancementofGeographicInformationSystem(GIS),creating
debris-slidemapsforalargestudyareaasafunctionofdifferentgeo-factorshasbecomeapopular
practiceworldwide.Forpredictivemappingofdebris-slidesusceptibility,heuristicandempirical
methodsarebroadlyusedbyemployingGIStechnology.Theheuristicorknowledge-drivenmethods
areoftwotypes:(i)directand(ii)indirect.Adirectheuristicmethodinvolvesfieldinvestigationsby
usingdirectgeomorphological,geologicalandhydrologicalmapping(Brabb,1984)toevaluatethe
interrelationshipbetweenthesefactorswithlandslides.Thisexerciseisperformedbytheexperts,
basedontheirpreviousexperiencesofdealingwithsuchsituationsinsimilarconditions(Aleottiand
Chowdhury,1999).Theaccuracyofsuchassessmentheavilyreliesontheexperienceoftheexperts,
precisionofdatacollection,andproperexecutionofthemethodology.Directprocessesareoften
difficultandtimeconsuming.Whileinindirectheuristicmethod,expertsassignnumericalweights
orrankingstogeo-factors,basedontheirexperienceorobservationabouttherelativeinfluenceofthe
geo-factorsonthearea’sslopestability(SoetersandVanWesten,1996).Subjectivityinvolvedinthe
selectionofgeo-factorsandassigningnumericalweightsisoneofthemainconstraintsofheuristic
models.Empiricalorknowledge-drivenmodelscalculateinterrelationshipbetweenthegeo-factors
andoccurrenceof landslidesusingstatistical/mathematicalequations.Applicationofdata-driven
modelsgainedpopularityinearlyeighties,withthedevelopmentofGIStechnology.Currently,GIS
providespowerfultoolstoformulateandexecuteadvanceddata-drivenmodelsforcreatinglandslide
susceptibilitymaps.Inthisprocesslandslideinventorydataareintegratedwiththegeo-factorstomodel
therelationshipsintheformofnumericalexpressions.Data-drivenmodelscanbeeitherbivariate
ormultivariate.Bivariatemodelscalculateinterrelationshipbetweenindividualclassesofthegeo-
factorsandoccurrenceoflandslides.Inmostofthecases,bivariatemodelscalculatethedensityof
landslideswithintheindividualclassesofthegeo-factorsbyapplyingdifferentstatisticalmethods.
Multivariatemethodsinvolvesimultaneouscalculationofinterrelationshipbetweenthegeo-factors
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