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Summary

TheDistributedHydrology-Soil-VegetationModel (DHSVM) wasusedto evaluatehydrologic
impactsof hypotheticallandscapestructuresin H.J.Andrews Experimental ForestWatershed1.
Landscapestructuresweredefinedby patternsof oldgrowth andclearcutareas,wherevegetation
propertiesof eachlandcover typewereconstantin time. Twentydifferentlandscapestructures
weredefinedwith variouslevelsof total clearcutarea,patchsize,andpatchdistributions.
DHSVM wasrunoverwateryears1980-98for eachlandscapestructure,andthepredictedmean
annualstreamflow, meanannualevapotranspiration,anddaily streamflow responseswere
comparedacrosslandscapestructures.Overall,hydrologic responsewasprimarily andlinearly
relatedto total clearcutarea.Someminornonlinearitywasevidentin thedaily streamflow and
meanannualfluxes.Distribution typefor smallpatchsizewasnotsignificant,but locatinglarge
patchcutsin theriparianzonedid resultin morestreamflow at moderateflow levels comparedto
locatinglargepatchcutsin thetopor bottom of thewatershed.
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Introduction

Theimpactsof forestpracticesoncatchmenthydrology areanimportantproblemin resource
managementandscience.Oneaspectof theproblemis how waterfluxesdependonsizeand
distribution of clearcutpatcheswithin acatchment.Do fluxeschangelinearlywith respectto total
clearcutarea,or non-linearly?Do hydrologic impactsdependon thetypeof patchdistribution,
for examplerandomvs. even?Thepurposeof thisstudy, preparedfor Dr. SteveGarman/Oregon
StateUniversity, is to answerthesequestionsby applyingtheDistributed
Hydrology-Soil-VegetationModel (DHSVM) to 20 landscapestructures(scenarios)in watershed
1 (WS1)of theH.J.AndrewsExperimentalForest(HJA) (Figure1). TheHJA datasetincludes
long-termclimateandstreamflow recordsthathavebeenusedin many studiesof watershed
responseto forestharvesting. Thedatasethasbeenrelatively little usedto supportmodelingof
watershedprocesses,however. Modelingasa researchmethodis anexcellentway to generate
hypothesesandpreliminaryanswerswherefield experimentsareimpossible,suchasthemultiple
landcoverconfigurationsstudiedhere.

DHSVM is aphysically-basedmodelwith fully explicit spatialrepresentationof thelandscape,at
theresolution of availabledigital topography. DHSVM wascalibratedonWS1streamflow data
from theWY58-62periodwhenthevegetationcoverwasoldgrowth Douglasfir/Westernhemlock
forest.Landscapestructuresconsistingof varioussizeclearcutpatchesanddistributionsof those
patchesweredevisedby Dr. Garman.DHSVM wasthenappliedto thetimeperiodof best
meteorological data,WY80-98,usingthe20 landscapestructuresasmapsof vegetationtype.The
predictedstreamflow andevapotranspiration(ET) from thesemodelrunsindicatedthat
hydrologic differenceswereprimarily relatedto total clearcutarea,andthattherelationshipwas
essentiallylinear.

Model Description

TheDistributedHydrologySoil VegetationModel (DHSVM) is aprocess-based,distributed
parameterhydrologic modelthatallows thesimulationof runoff processesin forested,
mountainousenvironments (Wigmosta etal., 1994). Recentapplicationsof themodelhave
evaluatedtheimpactsof forestharvestingandroadconstructiononwatershedsin western
Washington(LaMarcheandLettenmeier, 2001) andwesternBritish Columbia(Wigmostaand
Perkins, 1997). A particularstrengthof DHSVM is its grid-basedrepresentationof thewatershed,
allowing specificationof vegetationandsoil typesat theresolution of thedigital elevationmodel
(DEM). Elevation dataof theDEM areusedto simulatetopographiccontrolsonabsorbed
shortwaveradiation,precipitation, air temperatureanddownslopewatermovement

Major processessimulatedarecanopy interception, evaporation,transpiration,snow
accumulationandmelt in thecanopy andon theground,verticalunsaturatedwaterflow, and
lateralsaturatedgroundwaterflow. Themajorinputsaregridsof surfaceelevation, soil type,soil
thickness,vegetationtype;look-uptablesof soil andvegetationbiophysical parametervalues;
andtimeseriesof theclimatevariablesair temperature,precipitation,wind speed,relative
humidity, solarradiation,andlongwaveradiationfrom oneor morestations.In theversionused
here,local climatedataaremappedto eachcell duringthemodelrunusinglapseratesfor vertical
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distribution of temperatureandprecipitation. Incomingsolarradiationis adjustedaccordingto
topographicslopeandaspect.Canopy evapotranspiration is simulatedfor eachcell with the
Penman-Monteithequationandlocalaerodynamicandcanopy resistances.An explicit
energy-balanceapproachis usedfor snow accumulationandablation,bothin thecanopy andon
theground.Unsaturatedsoil watermovementis downwardonly anddriven by aunit gradientwith
hydraulicconductivity asa functionof soil moisturecontent,usingtheBrooks-Corey equation.
Lateralsaturatedsoil watermovementis simulatedwith Darcy’sLaw, wherehydraulicgradientis
basedoneitherlandsurfaceor watertableelevations(landsurfaceoptionwasusedhere).

Surfaceoverlandflow is generatedwherethewatertablerisesabove thelandsurface.Quickflow
(i.e. macroporeflow) is animportantmechanismfor streamflow generationin steep,temperate
forests,andis representedby limit ing infiltration into thesoil matrixusingtheHoltanequation
(Holtan, 1961) anddirectingmorewaterinto surfacerunoff thanwouldotherwisebeindicatedby
forestsoil with high infiltration capacity. Thesurfacerunoff is thenroutedusinga simple
kinematicapproachor ahydraulic approachof (SzilagyiandParlange, 1999); thekinematic
methodwasusedhere.Streamflow is generatedby channelinterceptionof surfaceandsubsurface
runoff. Vegetationmayberepresentedwith up to two layers.An overstory, if present,maycover
all or somefractionof thecell. An understory, if present,is assumedto cover theentirecell.
Vegetationtypesrangingfrom baresoil to low-lying vegetation to closed-canopy forestswith
understorymaybespecified.Climatevariablesarespecifiedat aheightabove thetopof the
vegetation. Wind speedandsolarradiationareattenuateddown throughthevegetationlayers
basedon fractionalareacovered,vegetationheight,andLAI. Stomatalresistanceis computed
separatelyfor eachroot zone-vegetation layercombination,usingsoil moisture(Feddeset al.,
1978), andair temperature,vaporpressuredeficit,solarradiation(Dickinsonet al., 1991).

Model Application

A regional10-meterDEM andtheWS1gagingstationlocationwereobtainedfrom theHJA
databankandusedto defineWS1.StandardArcInfo algorithms (ESRI, 1999) wereusedto
processtheDEM to fill erroneoussinks,calculateflow directionandflow accumulation,and
delineatethewatershed(Figure1). Thestreamchannelnetwork wasdefinedusingaminimum
contributingareaof 35cells(0.35ha).

A soil typemapin vectorformatwasobtainedfrom theHJA databankandconvertedto a10-meter
grid cell formatusingtheArcInfo polygrid function.Soilswerecharacterized ashaving three
rootingzonesandabottomzone.Soil depthandotherpropertiesfor thesevensoil typesfoundin
WS1werecompiledfrom Dyrness(1969) andBredensteiner(1998). Additional soil parameters
werecalculatedusingmethodsfoundin Cosbyet al. (1984) andClappandHornberger(1978)

Vegetationin WS1wasrepresentedastwo types,oldgrowth andclearcut,in varyingproportions
anddistributionsin the20 landscapescenarios.Theoldgrowth typewasdefinedashaving an
overstory leafareaindex (LAI) of 8.5,andaheightof 60m. Theoldgrowth understorywas
definedwith LAI=0.5 andheight=1m. Thesameunderstorybut nooverstory werespecifiedfor
theclearcutvegetation type.

BattellePacificNorthwestDivision December2001



3

Four typesof clearcutpatchdistributionweredefinedby Dr. Garman:1) Miscellaneous
topographicdistributions;2) Randomdistribution with aminimumpatchsizeof 1 cell; 3)
Randomdistributionwith aminimum patchsizeof 9x9cells;4) Evendistributionwith a
minimumpatchsizeof 3x3cells(Figures2- 5). For theMiscellaneoustopographicdistributions,
threeschemesweredefinedin addition to 0%clearcut(oldgrowth) and100%clearcut:1) 25%
clearcutwith patcheslocatedin upperportionof watershed;2) 25%clearcutwith patchesin
lowerportion;and3) 25%clearcutwith patcheslocatedin theriparianzone.In theother
distribution types(2-4),five levelsof totalareacut weredefined:5%,10%,25%,50%,75%.

Climateinput to themodelwasobtainedfrom thePRIMET andCS2METstations,located1-2km
from theWS1.For thecalibrationperiodof WY58-62,hourlyclimatedataweregeneratedfrom
daily minimum andmaximumair temperatureandrelativehumidity, andprecipitationfrom
CS2MET. For themainsimulationsinvolving WY80-98,hourlyair temperature,precipitation,
relativehumidity, wind speed,andsolarradiationfrom PRIMET wereused,plusderived
longwaveradiation.

Themodelwascalibratedusingclimateandstreamflow datafrom thepre-harvestyearsof
WY58-62,anda100%oldgrowth vegetationcover. Theprimaryparametersthatwerecalibrated
werelateralhydraulicconductivity, andtheratioof lateralto verticalhydraulicconductivity in the
uppersoil layer, whichgovernstheamountof waterenteringquickflow andregularmatrixflow.
Modelskill in simulatinghourlystreamflow wasgood;for WY58-62,R-squared=0.807,E=0.787,
E1’=0.480,d1’=0.746,andbias=0.986(seeAppendixfor explanationof statistical measures).

Results

Overall, thepredictedhydrologic responseto theamountof clearcutareais linearandsimilar for
differentdistribution types.Meanannualrunoff increaseswith total clearcutarea(Figure6), and
meanannualET decreaseswith clearcutarea(Figure7). A smallamountof nonlinearityis
indicatedin Figures6a,c.At eachlevel of clearcutarea,fluxesaresimilar acrossdistribution
types.

Daily streamflowswerealsoevaluated.Hourly streamflow wasaggregatedto adaily timestepand
thentheupper50percentof daily flowswereselectedfor furtheranalysis.Thepercentchangein
streamflow from theoldgrowth stateto thetreatedstate,relative to theoldgrowth state,was
plottedagainststreamflow probability(Figures8,9). All threedistribution typeswith clearcutarea
rangingfrom 5 to 75percentexhibit somenonlinearityin thestreamflow changes–atflowsnear
themedian,theincreasebetweenthe25%and50%clearcutlevelsis slightly largerthanthe
increasesbetweenotherclearcutlevels separatedby 25%(Figure8). For flows in theupper
decile,thelargestincreaseis betweenthe50%and75%levels(Figure9). For themiscellaneous
topographicdistributionsinvolving largepatches,theriparianschemeresultedin higher
streamflow nearthestreamflow medianthantheother25%clearcutdistributions(Figure8d).
This is attributableto theabsenceof strongtranspirationin anareawheresoil moisture is not
limit ing, resultingin morestreamflow undertheharvestscenarioat timesof moderate
precipitation,snowmelt, andrunoff.
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To look morecloselyat peakflows,maximum hourlyflow for eachyear(annualmaximum series)
wasplottedfor eachlandscapestructure(Figure10). For thesehighestflows,therewaslittle
differencebetweenstructures,reflectingthelow bufferingcapacityof vegetationcoverduring
high-intensity storms.

Discussion

Vegetationpropertiesremainedconstantin time,sodifferencesin hydrologic responsebetween
oldgrowth andclearcutareasalsoremainedconstant.In reality, regrowth wouldoccurin the
clearcutareas,resultingin decreasinghydrologicdifferencesthroughtime.

Meanannualfluxesdependedprimarily uponthetotal clearcutarea,andtherelationshipwas
mostly linear. Therewassomeevidenceof nonlinearresponsein daily streamflows. Theinfluence
of topographicdistributionof largepatcheswasminor. Basedon theresultsfor streamflow and
evapotranspiration,nonlinearhydrologic responsewasnotanimportantoutcomefrom this
experiment.

Variationin hydrologicstatevariables(e.g.soil moisture)andflux variables(e.g.,transpiration)
in DHSVM is drivenprimarily by topographicposition. Here,elevationwasusedto vary
temperature;slopeandaspectwereusedto vary incidentsolarradiation.Variability in solar
radiationaffectsevapotranspirationandsnowmelt. Otherclimateinputs(precipitation,relative
humidity, wind speed)wereassumedto beuniformacrossthewatershed.Thedownslope
movementof waterdrives variationin soil moisture,whichaffectstranspiration andstreamflow
generation.Themodelcanbeexpectedto besensitive to spatialpatternin vegetation whenthe
meanclimateor meanhillslope position of thevegetation typesvaries.In thisexperiment,the
topographicextentandclimatic rangeof thewatershedweresmall,andvegetation typeswere
distributedacrossall hillslopepositions,exceptin thecaseof largeriparianpatches.Greater
hydrologic responseto spatialpatternof vegetationwouldbeexpectedin asimulationwherethe
climatic rangewithin thewatershedis greater, andwherethevegetationdistributionscoincideto a
greaterdegreewith theclimaticvariability. Greaterhydrologic responsewouldalsobeexpected
wherevegetationdistribution dependsstronglyonhillslopeposition. Little differencewasseen
betweentheupperandlower25%patchcutdistributionsbecausebothinvolvedpatchplacement
alongthehillslopefrom streamchannelto ridgetop,andhadsimilaraveragesolarradiationinputs
andair temperatures.Greatervariationin climateandconcentrationof patchesin distinct
hillslopeandclimaticzoneswouldcausegreaterdifferencesin themeanhydrologic responseof
thewatershedscenarios.
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Figure1: H.J. Andrews Experimental ForestandWS1. Graphicprovided by Beverly Wemple,
University of Vermont.
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Figure2: Miscellaneousclearcutdistribution types.
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Figure3: Randomlydistributedclearcuts,with minimumpatchsize= 1 cell.
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Figure4: Randomlydistributedclearcuts,with minimum patchsize= 9x9cells.
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5% clearcut 10% clearcut
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Figure5: Evenlydistributedclearcuts,with minimum patchsize= 3x3cells.
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Figure6: Meanannualrunoff (streamflow), WY80-98, for differentdistribution typesandlevels
of clearcutarea.Thin black line is straightline segmentbetweenoldgrowth and100%
clearcutstates.
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Figure7: Mean annualevapotranspiration,WY80-98, for differentdistribution typesand levels
of clearcutarea.Thin black line is straightline segmentbetweenoldgrowth and100%
clearcutstates.
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Figure8: Percent changein daily streamflow (runoff) betweentreatedstateandoldgrowth state,
relative to oldgrowth state,at streamflow probabilitiesrangingfrom themedian(0.5) to
maximumflow (1.0). Streamflow probability = cumulative densityfunction,theproba-
bility of aflow beinglessthanor equalto thegivenstreamflow.
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Figure9: Percent changein daily streamflow (runoff) betweentreatedstateandoldgrowth state,
relative to oldgrowth state,at streamflow probabilitiesrangingfrom 0.9 to 1.0. Stream-
flow probability= cumulative densityfunction,theprobabilityof a flow beinglessthan
or equalto thegivenstreamflow.
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Figure10: Annual maximumstreamflows in mm/hr. Time basisin water years,October1 to
September30.
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Appendix: Statistics for evaluating model skill

Biasandseveralgoodness-of-fitmeasuresweretheprimarystatisticsusedto evaluatemodelskill
at reproducingclimatevariablesandstreamflow. Theoverall approachandcertaindefinitionsare
takenfrom LegatesandMcCabe(1999), anexcellentreferenceongoodness-of-fit measures.

Biaswasdefinedastheratioof predicted(simulated)meanto observedmean

bias T P̄

Ō
(1)

where
P̄ T meanof thepredictions
Ō T meanof theobservations

Thetraditional R2, or squareof Pearson’s product-momentcorrelationcoefficient,describesthe
portionof total variancein theobserveddatathatcanbeexplainedby themodel,andrangesfrom
0.0to 1.0:

R2 T
UVVVW VVVX

N
∑

i Y 1 Z Oi [ Ō\ Z Pi [ P̄\]
N
∑

i Y 1 Z Oi [ Ō\�^ 0 _ 5 ]
N
∑

i Y 1 Z Pi [ P̄\�^ 0 _ 5
`)VVVaVVVb

2

(2)

where
N T numberof timesteps
Oi T observedvalueat timestepi
Ō T meanof theobservations
Pi T thepredictedvalueat timestepi
P̄ T meanof thepredictions.

Therearetwo disadvantagesof R2 for describingmodelskill: 1) any linearrelationship between
theobservationsandthepredictions,notnecessarilya 1:1 relationship, resultsin a highvalueof
R2; 2) thesquaringof termsgives toomuchweightto largevalues.In thecaseof streamflow, a
highR2 valuemayindicategoodfit of peakflows,but maymaskpoormodelskill duringbaseflow
periods.

TheNashandSutcliffe (1970) efficiency E is a toughertestthanR2 andcaststhemeanof the
observations asabenchmarkfor themodel:
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E T 1 c 0 [ N
∑

i Y 1 Z Oi [ Pi \ 2
N
∑

i Y 1 Z Oi [ Ō\ 2 c (3)

Valuesof E tendto beslightly lessthanR-squaredin thecaseof streamflow.

Threefirst-degreegoodness-of-fitmeasuresfrom LegatesandMcCabe(1999) useabsolutevalues
of differencesinsteadof squares.Thefirst-degreeefficiency is definedas

E1 T 1 c 0 [ N
∑

i Y 1 d Oi [ Pi d
N
∑

i Y 1 d Oi [ Ō d c (4)

E1 is animprovementoverE whenevaluatingmodelskill at low andmoderatestreamflow levels
is important,but thegrandmeanis still thebasisof comparison.A furtherdiscriminationcanbe
gainedby usingabaselinemeaninvolving somekind of seasonalor othercategoricalvariation
inherentin thedata.Here,thethebaselinemeanwasdefinedasthemeanfor eachmonthof the
year, wherethemeanis takenacrossall yearsin thesimulation. Avoidanceof squaringanduseof
baselinemeaninsteadof thegrandmeanprovidestougher, morerevealing testsof modelskill.

Thebaseline-adjusted,first-degreeefficiency is

E e1 T 1 c 0 [ N
∑

i Y 1 d Oi [ Pi d
N
∑

i Y 1 d Oi [ Oe d (5)

where
Oe T baselinemeanof theobservations,variablein time.

All of theabovemeasuresof efficiency havea possible rangeof [ ∞ to 1.0.Whenefficiency=0,
themodelis nobetteror worsethantheobservedmeanasapredictor. Thecloserthebaseline
meanis to theindividualobservations,thelower theefficiency is likely to be.

Thebaseline-adjustedmodifiedindex of agreementis

d e1 T 1 c 0 [ N
∑

i Y 1 d Oi [ Pi d
N
∑

i Y 1 fgd Pi [ Oe dihjd Oi [ Oe d k c (6)

d e1 hastheadvantageof having thesamerangeasthefamiliarR2, 0 to 1.0.
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