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Abstract

VanLoon, E. E., 2001. Overlandflow: interfacingmodelswith measuements.PhD thesis,Wa-
geningerUniversity The Netherlands185pp, 75figs, 39 tables,5 appendices.

This studypresentsiew techniquego identify scale-dependemaverlandflow modelsanduse
thesefor ensemble-basquredictions.Thetechniquesredevelopedon the basisof overlandflow,
rain, dischage, soil, vegetationandterrainobsenationsthatwerecollectedover a threeyearpe-
riod in two tropical catchmentsThe meritsof the identificationtechniqueareits robustnessvith
regardto unknavn errors theability to adjustmodelresolutionin responséo dataavailability, and
to interpretthe entitiesof theidentifiedmodelstructuregphysically Comparedo a staticregres-
sion modeland a dynamicdistributed modelthe predictive performanceof the scale-dependent
overlandflow modelsis good, especiallywhenusing modelensembles Furtheranalysisof the
scale-dependemhodelsshaws that rainfall largely determinesoverlandflow when modelledat
coarseresolutionswhereassoil moisturedrives overlandflow whendefinedat fine resolutions.
Interestinglythenumberof modelparametersemainsconstanbverthedifferentresolutions.The
useof the scale-dependembodelsfor predictive purposess demonstratetdy applying Tikhonos
regularizationfor recursve stateaswell asparameteestimation.

Additional index words: overlandflow, catchmentcale,systemidentification,ensemblesimu-
lations.






Voorw oord

Dit onderzoekvindt zijn oorsprongbij hetidee van Leo Stroosnijderom schaalproblemenbij
erosie-worspellingzowel experimenteehls theoretischte onderzoekn. Samenwerktenwe in
1995aaneenAlO-voorstelwaarmedk enthousiasen heelvoorspoedigvan startging. Eénvan
dedoelstellingerwasom de unieke mogelijkhederdie beideveld-stationsrande universiteit(de
‘steunpuntenin Burkina Fasoen CostaRica) bodente benuttenen op beide plaatsenexperi-
menteelwerk uit te voeren. Terwijl door Leo Eppink de eerstecontacterin CostaRicawerden
gelayd, werdin Burkina hetexperimenteleonderzoekopgestarbnderleiding van Leo Stroosnij-
der In dezebgyin-faseschoofKarel Keesmarals begeleideraanenbezochtik de’scalingwork-
shop’in Krumbach. Dezeworkshopsterktemij in de overtuigingdat de keusom te werken met
schaal-afhardijke modellendejuistewas. Terwijl ik zelf gedurendeenverblijf vanruim eenjaar
endiversekorte bezoekn hetveldwerkin CostaRicaorganiseerden uitvoerde,namenanderen
onderleiding van Leo hetleeuwendeelan het veldwerkin Burkina op zich. Bij teruglomstuit
CostaRicaboektelk eerstmaarlangzaanvooruitgangoij hetoplosservandiversetheoretischen
computettechnischgproblemen.Maar plotselingraaktehet onderzoekn eenstroomyersnelling
toenik er eind 1998in slaagdeom met eengenetischalgoritme modellente creéererdie nog
werktenook. De vele mogelijkhederdie de nieuwemodelleettechniekboodhebik in de daarop
volgendgarentoegepasbp de gegevensuit detweestroomgebiedenlerwijl ik gaandeeg steeds
weernieuweoplossingerbedachtvoor hetzelfdeprobleem- eenenlkele keereennieuw probleem
bij eenbestaandeplossing hebberieoenKarelervoor gezogd datik de oorspronklijke doel-
stellingenniet uit het oog verloor en dat we zo veel mogelijk concreteresultaterboekten. De
periodevan dit onderzoekwvaseenfijne tijd waarinik veel geleerdheben metstudenteren col-
lega’s heelprettighebsamengeerkt. Met pijn in hethartsluitik 'm af ... om metfrissemoeden
op soortgelijle voetweerverderte gaan.Maar niet voordatik nogwat mensernebbedankt.

Zoalsuit de voorgaandekorte geschiedeniblijkt hebik hetery getrofen metmijn promotor
Leo Stroosnijder In de eersteplaatsheefthij mij bijzonderplezierigen efficiént begeleid. Daar
naastheeftLeo mij, zoalsal zijn AlO’s, niet alleenaangespoordanmijn wetenschappeligkvrij-
heidte profiterenmaardaartoeook ruimschootsle middelenverstrekten ondersteuningeboden
waardat nodigwas. Het wasbijzonderwaardeol om intensiefveldwerkuit te voeren,eenkans
die maarweinig andereAlO’ s kregende afgeloperdecennia Ook metKarel Keesmarhebik de
afgeloperjarenintensiefenheelprettig samenwerktHij heefthettheoretischdasismateriaatn
veelkennisaangedragewoor mijn verderewerk enheeftaltijd zeerenthousiasinaarniet minder
nauwgezeen kritisch geholpenbij het uitwerken van mijn ideeén. Leo & Karel: onzesamen-
werkingwasbijzonderinspirerenden we kunnendie hopelijk noglang voortzetten!letsrecenter
heeftzich ook eennauwesamenwerkingnet PeterTrochvoltrokken. Hoewel dezezich officieel
niettoespitsteop hetonderzoekandit proefschrift,is ertochwatvanonzesamenwerkindpinnen
geslopervia het laatstehoofdstuk. Zijn enthousiasmeyredeen grondigehydrologischekennis
hebbener toe bijgedragerdat ik ook met frisse moeden hernieuwdenteressenaarde fysische
achtegrondvanhydrologischeprocessetengaankijken. De collega’s vandeleerstoelgroeploe
ik tekort met eeneervoudig dankjevel voor de fijne periodeen de prettigesamenwerking.We
hebberelkaargeholpen samengeerkt met het opzettenvan diverseproefjes,het voorbereiden
en uitvoerenvan practicaen gediscussieerdver elkaarswetenschappeligken (bij tijd enwijle)



politieke ideeén.BedanktLenry van Alphen, Leo Eppink, Gerdade Fauw Trudy Freriks,Jande
Graaf, FreddeKlerk, MartinaMayus,Dirk MeindertsmaMax Rietkerk, JacquelijnRingersma,
Wim Spaangn GeertSterk! Ik hebmetalle studenterdie ik begeleiddebij eenafstudeeronder
zoek of stagebijzonderprettig samengwerkt.Zij hebbenzich erg ingezetvoor mijn ondezoek
en hebbener gezamenlijkvoor gezogd dat mijn veldwerk successl verlopenis. Hartelijk be-
danktvoor jullie inzet: Erik Boerrigter Alex Hekman,AnnemarieKlaasse Floris Groesz,Tirza
Molengraaf Doelele Rienks,JeroerSleijffers,Cornévander Sande RobbertvanderStegj, Carlo
Vromans.en RutgerWierikx! letsmeerop de achtegrond maarniet minderonmisbaamarener
ook de collega-onderzoedrs en de staf van de steunpuntein Burkina Fasoen CostaRica. Roel
Dijksma, Willem HoogmoedHenry vanLanen,AbdulayeMando,Nico deRRidderenTjeerd-Jan
Stomph: bedanktvoor de samenwerkinghet mede-bgeleidenvan studenteren voor het harde
werken aande gegevens-erzamelingin Kaibo. Dezelfdedankook voor alle stafvan het steun-
puntin Ouagadougowelenhebbemmij metallerhandadingenbijgestaan.Teunisvan Rheenen
komt eenereplaatsoe. Zonderhemwasik waarschijnlijknooitaanhetveldwerkin BurkinaFaso
begonnen,zijn huis stondaltijd openen hij zorgde er voor dat het steunpuntals het er op aan
kwamdaadwerklijk steunbood- nietalleenaanmij maaraanalle studenterenonderzoe&rster
plaatse De stafvanhetsteunpunin GuapilegCostaRica),onderleiding vanHansJansenbenik
dankbaawoor degoedehulp eninzet. Ik wil in hetbijzonderFernanddCambronerdartelijk be-
danlenvoor zijn inspanningemmm al mijn zalenin GuapilesenSanJosée behartigenln Liberia,
z0'n 400 km van Guapilesen slechts30 km van mijn veldwerkin Horizontes,warener Sandra
Bot, OmarCampoen OscarCid die in hetkadervan het MAG-FAO projectmijn studentemog
eenplezieriglaatstedeelvanhunstagebezogdenalszelicht vermoeidenontredderdHorizontes
verlieten.Ook Mario enNormavandeUCRin Liberiabedankk hartelijkvoor hetter beschikking
stellenvanhetlaboratoriumenalle hulp bij hetanalyserewande monsterenbegeleidervanstu-
denten.CarlosElizondovan hetIGN in SanJosébedankik hartelijk voor hetspeciaaloor mijn
onderzoelbeschikbaastellenvangedetailleerdéopografisch&aarten,enRafael Chacorvanhet
hydrologischkantoorvanhetICE in SanJosébedankik heelhartelijk voor hetbewerken endigi-
taalterbeschikkingstellenvanICE’s hydrologischeenmeteorologischgegevensvanGuanacaste.
Het zouwat te ver voerende halve middenstandran Liberia te bedankn voor hun diversehand-
enspandienstermaarde smid Bayardokanik nietoverslaanHij heeftveelbijgedrageraanmijn
onderzoekmet zijn goedeideeénen de snelleen de goedlope hulp bij allerhandeconstructies.
Op Horizonteswarener MarielosMolina en David Moralesdie mijn onderzoelgeweldig hebben
ondersteundPattrick Spittler bedankik heelhartelijk voor onzevriendschappelig samenwerk-
ing tijdensonsgezamenlijkverblijf op Horizontes. Alle anderemenserop Horizontesen Santa
Rosawarenaltijd gastvrijenhebbermij enmijn studentereenfijne tijd bezogd. In Wageningen
hebbemog eenaantalpersoneraanmijn onderzoekvijgedragen.Bert Boerrigterheeftgezogd
datde administratievanhet CostaRica projectop ordebleef,ennogwat meerop deachtegrond
waser JohanBoumadie hetvoorstelom hydrologischveldwerkin Guanacastep te startenvanaf
het eerstemomentsteunde.Alfred Steinbegeleiddealtijd enthousiasen kundig het AlO-klasje
waanan ik deeluit maakte. Paul Torfs fungeerdeals vraagbaaken klankbordvoor premature
gedachten hij kan als geenanderde wiskundigevinger op de gevoelige plek leggenvan een
wiskundig (somsbestuurlijk) probleem. Marjolein de Vette heeft de fraaie voorkantvan mijn
proefschriftgemaaktAllemaal hartelijk bedankt.

Tot slot nog mijn lieve Jantsje Welmoed,Reinaart& Hedwig. Zij komennormaliterop de
eersteplaats,maarmoestermijn werk wel eensvoor latengaande afgeloperjaren. Bedanktvoor
jullie nietaflatendesteun!
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1 Intr oduction

1.1 Why aface?

You cant tell abookby it's cover. Especiallywhenthereis, onthefaceof it, no clearconnection
betweerillustrationandtitle. Yet, the cover of this book providesa numberof leadsto introduce
theissuegthat are dealtwith in this studyanddoesin this way tell surprisinglymuchaboutit’'s
contents.

Characteristidor the cover imageis that oneknows whatit representsandthat one cansi-
multaneouslysenset by a simpleglancethoughthe eyelashes.This very combination knowing
what(on earth)to expectandbeingableto checkit effortless,is thedreamof every earthscientist.
Thereality, asonecanalreadyanticipatejs the opposite:every pieceof the earthbringsnew sur
prises,if not by the heterogeneityf natureitself, it is throughthe diversity andunpredictability
of humanactvities. And to completethe terror: thereare very few tools at our disposalto ob-
sene this heterogeneityStill, in spiteof thesedifficulties,anearthscientistdesireso understand
certainaspect®f the naturalphenomenaurroundingus. Heretosimplified representationsf the
phenomenareoften made ,suchasmapswhich mayin factlook very similar to the coverimage.
For that matter the cover imagewould make an exemplarymap,displayinge.g. both heightand
directionof overlandflow. It is the constructionof suchan overlandflow mapfor a given area
whichis the objectof studyin this dissertation.

The cover imageis madeup of two building blocks: width (or intensity)anddirection. The
variationof thesegwo parametersveraregulargrid of 25x 37 elementgjivesall thatis requiredo
recognizethe essentiahttributesof theimage.It demonstratethatwith only a pair of parameters
anda rathercoarsediscretizatiorna view may be obtainedwhich containsunexpecteddetail. The
guestionariseswhethermore detail canbe recoveredif the grid is refinedwhile keepingwidth
anddirectionof the elementainchangedOr to whatextentwidth anddirectionhave to be altered
in orderto enhanceahe imageat all at the finer grid. This line of thoughtleadssooneror later
to the questionwhat informationis actuallyrequiredto determinethe width anddirectionof the
elementsat the finer resolutionand how this information canbe obtained. Theseareimportant
questionshere,but thenpertainingto the problemof imagingoverlandflow.

The translationof reality into somesort of model generallyrequiresseveral levels of ab-
straction. In the earthsciencessuchlevels are e.g. geographicconceptualmathematicaland
computercodedabstractions.n otherwords, earthscientistsoften derive modelsfrom models.
This is adequatelyllustratedby the coverimage,whichis a generalizatiorof somecopy (model)
of the real Mona Lisa, which is againa modelof a real person(who stoodmodelfor Da Vinci).
Thisanalogymakesclearthatit is probablythefirst step,from therealpersonto thecarvas,which
is mostcritical. Any deviation from reality at that stagecannot be correctedarymore. The other
modelscanstill beintercomparedandhenceadjustedbeit atthecostof areturntrip to the Lou-
vre. Thislastpointsunderlineghevital importanceof carefullycollecting,checkingre-checking,
maintaining storing,makingaccessiblenddocumentindield obserationsin the earthsciences.
Theconcernfor thequality of theseactiities cannotbe overremphasized.

Finally thecoverimageis atributeto DaVinci, who,amongmary otheractuities, extensvely
investigatedhe natureof surlacewater This referencdas morethanjust a curiosity it werethe
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passageandthe sketchesin his Codex Arundelthatinvoked the ideaof investigatingoverland
flow by simplevisualinspection.And, aswill be shawvn later, it areespeciallytheseobserations
thatturn out bevery valuablefor successfubverlandflow prediction.

1.2 What is overland flow and why is it impor tant?

Natureaccommodatesomecontrastghatseduceausto believe thatit is in mary waysdiscontinu-
ous.Ourlanguageprovidesarich repertoirefor the distinctboundarieshatwe obsere in nature:
a coastseparateand from sea,the horizonthe earthfrom the atmospherend sunsetseparates
dayfrom night. Yeta closerlook attheseboundarieshavs usthatthey areambiguousandquite
dynamic.A similar situationexistsin hydrologicterminologywheremary wordsseento referto
somedistinctpartof thehydrospher@r aparticularflux, suchasstreanflow, percolationstorage,
throughfall. All theseterms,evenwhenexplainedandexemplified,arenot easilydefinednot to
mentionmeasuredThe subjectof this thesisitself, overlandflow, is anexampleof a suchaterm.
Overlandflow is that part of the surfacewaterthat movesover the soil surface,while not being
concentratedh channelof a givensize. Whenoverlandflow concentrates thesechannelst is
calledchannelflow. The pointwhereoverlandflow endsandchanneflow starts spatiallyaswell
astemporally canonly be definedsubjectvely andapproximately The combinationof overland
flow andchannefflow is calledsurfaceflow. An elaboratereview on this topic is foundin Hogg
(1982).Overlandflow mayoriginatefrom saturatiorof the soil eitherfrom above or belov. When
saturatedrom above, the quantity of rain andwaterfrom upslopeareasexceedsthe soil’s infil-
tration capacityandwhensaturatedrom belon the matrix pressureof the soil is positve dueto
pressurdrom soil waterin situ or from upslopesoil volumes.Theformermechanisnis calledin-
filtration excessor the Horton mechanisnwhile thelatteris calledsatuiation excessor theDunne
mechanism.The term surfacerunof is distinct from overlandflow in thatit refersto a flux at
apointin spacewhereasoverlandflow refersto a spatially distributed phenomenonOverland
flow on naturalsurfacess by definitionvery heterogeneousn theseconditionsit displaysagreat
variety of flow depths(rangingapproximatelyfrom 1 to 100 mm) within a small area(say 100
m?) andis nearly alwaysunsteady On surfaceswith little vegetationrain andwind may have a
considerabléempacton flow velocitieswhereason vegetatedsurfacesthe hydraulicresistancef
plantsandplantdebrisis adominantfactor(deLima, 1989).

Knowledgeof overlandflow isimportantbecausé is themaindeterminanfor sedimentrans-
portby water(Kiepe,1995;Laneetal., 1997) thetransporandfateof nutrientsand(agro)chemicals
which resideon the soil surface (Jolankaiand Rast,1999), andthe size and the shapeof flood
peakgTrochetal., 1994).Nearlyall surfaceflow startsasoverlandflow in theupperreache®f a
catchmentandtravels somedistancebeforereachingarill or channeEmmett,1970).

In spiteof theimportantrole overlandflow playsin variousinstancesit hashardlyever been
obsered over areadarger thana few hectareghroughdirect measurementsndalsoqualitative
field obsenationsof overlandflow occurrenceare scarce. Evenrenavn field studieslike those
of DunneandBlack (1970)do not cover morethana single slope. This situationis partly due
to the distributed natureof overlandflow, and partly to ignoranceandlow appreciatiorof field
obsenations. Beforethe computetera(till the early seventies)the distributed natureof overland
flow was a seriousimpedimentsincethe (mobile) equipmentwas not available to obsere and
storetherelatively large amountsof information. Fromthe seventiesonwardsthe relative appre-
ciation of modelstudieshasmamginalizedthe attentionfor field obserations,a situationwhich
continuedo exist in spiteof thevariousnotionssincethe eightiesthatthereis anincreasingneed
for goodfield obserations (e.g Klemes$,1986; National ResearchCouncil (NRC), 1991). The
relative confidencehat hasbeenplacedon modelconceptsandresultsis illustratedby the way
in which overlandflow processelave invariably beenincorporatedn mathematicamodels,asa
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uniformsheebf waterover aplanesurface,andthefactthatthevalueof predictionsby distributed
hydrologicalmodelshasnot beenseriouslyquestionedintil the mid-eighties(Beven,1985). This
historicalperspectie explainsthe paradoxhatoverlandflow is oftenrecognizedasoneof thekey
processef severalervironmentalproblemswhile it hasneverthelesdardly beenobsered and
quantifiedover areaseyondthe plot scale.

1.3 Mathematical description of overland flow

Having areasorfor studyingoverlandflow, it is now appropriateo considethestateof knowledge
aboutoverlandflow processesThereare seseral excellentreviews on overlandflow hydraulics
andmodelsof overlandflow (Moore andFoster 1990; Parsonsand Abrahams,1992)aswell as
oninfiltration (Beven,1991;Morel-Sertoux, 1989),therefordt is superfluouso give anelaborate
overview on thesetopicshere. However, to understandhe issuesthat will be treatedin subse-
guentchapterssomerelevant aspectwill explained. This is donevia a system-theoreticnodel
classificationwhich is explainedin the next subsectionThereaftetthe classifications appliedto
overlandflow models.

General model classification framework

Beforeadiscussiorof mathematicabverlandflow modelsis possibleacleardefinitionis required
to distinguishbetweena fundamentahydrodynamicconcept(suchasthe Richardsor diffusive
wave equationshichis basedon physicalprinciples(generallymomentumandmassconsera-
tion) anda concepthatcanbeimplementedn e.g.theform of a simulationmodel.

Following Beck (1987)thefirst type of modelwill be calleda classl modelandthe second
typeaclassll model.A classl modelwould have the following form.

AX(t,r)
ot

Herex is the statevector u is avectorof known inputs,8; avectorof modelparameterg, is time
andr is avectorrepresentinghethreespatialdirections.A classl modelis anabstractiorof ob-
senednaturalbehaiour which admittedlyincludessimplifications,andin appropriatdaboratory
settingsit can(at leastpartially) be validated,but in a naturalsettingit cannot. This is caused
by the heterogeneitgncountereéh naturein combinationwith the availableobserationsandthe
applicablemethodgo find an appropriatesystemrepresentationfor thesereasonsa description
accordingto equationl.1 hasto be simplifiedin orderto formulatea solvable problem. In prac-
tice this meansa redefinitionof the statevectorso thatit representsa discretespacesystemin
oneor two dimensionghaving a limited numberof state-ariables)andthe applicationof either
afinite elementor finite differenceapproximation.The thusobtainedclassll modelcane.g. be
formulatedas

=f{0%,0x,x,u,04;t,r} (1.1)

d):;t(t) = f{x1, U1, B2t} + &(t) o

in combinationwith anobseration equation

y(tx) = h{xi,uk,02;t} +n (t) (1.3)

wherenow 6, is the vectorof modelparametersn this lumpedmodel (8, may vary with time),
y is the vectorof obsered outputvariables§ is a vectorof unmeasuredyossiblyrandom,input
disturbancesandn is a vectorof randomobsenration errors. The subscriptk andl indicatethe
restrictionthatinputsandobsenationsareonly known atdiscreteime instantsanddiscretepoints
in spacerespectiely. Dueto the heterogeneityf natureit is impossibleto translateall aspects
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containedn a classl modelstraight-avay: a numberof assumptionsndapproximationgsuch
asdiscretizationin spaceand time, numericalsolutiontechniqueshave to be made. Classl|
modelsarenormallyformulatedsuchthattheseapproactthe structureof classl models.Notethat
this classcovershboth parametedistributed modelsandlumpedmodels. A third classof models
containsso-callednput/outputmodelrepresentation$ieredescribedy adiscrete-timaon-linear
differenceequation.

Y(ti) = F{y(t-1),.- . Y(tn), U(t-1)s -+, U(tin), 0(tc-1), . - ., 0(tkn), B3} (1.4)

where0s is the model parametervectorand w containsall errorsfrom the modellingand mea-
suremenprocessTheclasslll modelaimsprimarily atfinding the bestpossiblerelationbetween
input andoutputobserationsor aimsat testinga particularhypothesiswithout strict limitations
onmodelstructure In practicetheclassl modelcanbeseenasaformalizedarchive andaclassl|
modelasatool for dataanalysisandhypothesigesting. Clearly whenseekinganunderstanding
of thesystems obsenedbehaiour, aclasslll modelis notasatishctoryendpointto theanalysis.
It shouldleadto the revision of inadequatéypothesedy recourseto the archive of hypotheses
associateavith aclassl model.In thisinterplaytheclassll modelhasthe centralrole asinterme-
diary betweerthetwo otherclassesClassll modelsdo, in spiteof their aggr@atedform, contain
hypotheseaboutthosephenomenahoughtto governthe systembehaiour, but canon the other
handprovide numericalsolutions. In practicea feed throughof resultsobtainedwith classll|
modelsto classll andl modelsappeardo be difficult, andalternatvely, a translationof a class
| modelto (a numberof) classlll modelsin orderto learnmorefrom obserationsis alsoquite
uncommon.Thereis thusa challangeo extendthe availabletechniquedor systemanalysisand
modellingto allow suchmodel-translationsThis challengehasbeenpart of the motivation for
this study

Application to overland flow models

The classl modelsin the studyof overlandflow areformedby the hydrodynamicequationsand
the Richardsequation(Dingman,1994). The hydrodynamiqSt. Venant)equationscomprisethe
continuityandmomentumequationsFor a one-dimensiongbroblemthe continuity equationcan
bewrittenas

aq(x,t) = oh(xt) .
dX ot - p(X,t) - I(Xat) (15)

with initial conditionsh(x,0) = hig(X), q(x,0) = gjo(X) andboundaryconditionsh(0,t) = hyo(t),
q(0,t) = gpo(t), h(L,t) = hp (1), q(L,t) = guL(t), andwhereq(x,t) is therateof overlandflow per
unitwidth, h(x,t) is thedepthof overlandflow, p(x,t) therainrate,r(x,t) infiltration rate,t is time
andx is horizontaldistance . The momenturmequationis givenby

1ou(xt) . oh(x,t) . u(x,t) ou(x,t)
g ot 0X g ox

q(xt)
gh(x,t)?2

B—Br—

(p(xt) —r(x,1)) (1.6)

whereg is acceleratiordueto gravity, u(x,t) is the velocity of overlandflow, B is the slopeof
the plane,and s is the friction slope. Thoughthe continuity equationis linearin g andh, the
momentumrequationis highly nonlinear
TheRichardsequationwhichis aresultof combiningthe Dargy equationwith the continuity
equation(Richards,1931),is givenby
oY(x.t)

O(KsKr (6 )O((x1) +2)) =C= = (1.7)



with initial conditionsy(x,0) = Wip(X), K (X,0) = Kip(x) andboundaryconditionsy(0,t) = Wy,
K(0,t) = Kpo, Y(L,t) = Yp, K(L,t) = Kp., andwherel is the Laplaceoperator Ks is saturated
hydraulicconductvity, K;(x,t) is the relative hydraulicconductity, z is heightabove the water
tableor the heightof thewaterlayerh (y+ zis thehydraulichead) C is specificmoisturecapacity
andy(x,t) is the soil matrichead.Both K andy arehighly nonlinearfunctionsof soil moisture
(w) andtheseK (w) andy(w) relationshipsarenormallyanalyticallydescribediia parametersep-
resentingsaturatechydraulicconductvity, porosityandsoil geometry(BrooksandCorey, 1966;
van Genuchten1980). Equationsl.5 and 1.6 arelinked to equationl.7 via the y(w) relation-
shipandinfiltration i, which equalsby definitionthe flux in the verticaldirectionascalculatecby

equationl.7 (i.e. r := "W(g—“) ) Briefly onecould statethatthe St. Venantequationsdescribe

surfaceaswell asfastsubsurz&cetransporiwhlle the Richardsequationdescribesnfiltration and
slow waterdisplacementhroughthesoil.

Theclass modelshasednthehydrodynami@andthe Richardssquationdiave beencombined
and simplified in classll modelsin mary differentways. All of theseclassll modelscanbe
catgyorizedinto oneof threeapproacheghosethat: 1) neglectoneof the two processesouting
or infiltration; 2) represenbneof the processeby an externalforcing suchasterrainfeaturesor
durationof rainfall; 3) link the two processefunctionally (oneis input or boundaryconditionto
theother).

Obviously the threeapproachesire of anincreasingcompleity. Typical casesvhereinfil-
trationis omittedarethosewerethe studyareais nearlyimperviousor saturatedandtypical for
the omissionof overlandflow routing are casesvhereeitherrain or terraindataarenot available
at the appropriatgfine) resolutionor the areais relatively flat. For the secondgroup of models,
in the list above, typical externalforcingsthat have beenappliedto routing are local slopeand
terrainroughnessandforcingsappliedto infiltration aredurationafterthe startof rain, initial soil
moisturecontentof the top soil, andsoil (surface)characteristic¢e.g. Moore and Foster 1990;
Scoging,1992a,b). The last approachs not often appliedbecausehe characteristidime of the
routing and infiltration processesliffers undermost circumstance$®y two ordersof magnitude
(it is a so-calledstiff system),which makesthe solutionof the systemcumbersome An exam-
ple of a studywherethe latter approacthasbeenappliedin threedimensionds foundin Binley
andBeven (1992),andfor two dimensionexamplesarefoundin BronstertandPalte (1997)and
Freezg1980).

An applicationof aclasslll modelsto a distributedoverlandflow problemhasnotbeenfound
sofar, soonecould saythat overlandflow is generallystudiedwith classll models. Thetypical
classll overlandflow modelsarecalled(catthmentscale)parameterdistributedmodels.Parame-
ter distributed modelsarefinite differenceor finite elementmodelsthathandlespatialinteraction
by dividing an areainto smallergeographicalinits on which computationsare made. This im-
plies that for eachgeographicalinit a setof parameterss required,hencethe term'parameter
distributed’. Thereexists a hugevariety of parametedistributed modelsthatincorporatea de-
scriptionof overlandflow in someway. The structureandassumption®f thesemodelsandthe
overlandflow componenthereinare bestunderstoodvhen consideringtheir developmentin a
historicalcontext. This historicaldevelopmentof overlandflow modelling (aspartof parameter
distributedhydrologicalmodelling)is sketchedin the next section.

1.4 Overland flow described by catchment scale parameter
distrib uted models

The parametedistributedmodelconceptcanbe tracedbackto the mid-60's whenboththe avail-
ability of computersandthe developmentof conceptualmodelsin unit hydrographtheory cre-
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atedtheconditionsnecessarjor its conceptiorandimplementatior(Cravford andLinsley, 1966;
Dooge,1973;Dawdy andO’Donnell, 1965). Fromthe beginning overlandflow hasbeena major
componenin mary hydrologicalcatchmenimodels. Most currentphysically-basedlistributed
modelsarestill basedon the simplified mathematica(classll) formationsof FreezeandHarlan
(FreezeandHarlan,1969; Singh,1995). Theroutingin almostall modelsthat have beendevel-
opedandappliedsincethenis eitherbasedon a two-dimensionategulargrid or one-dimensional
cascade®f planeelementslinked to a streamnetwork. Both routing conceptstypically treat
overlandflow asbroad,laminarsheetflow which is solved througheitherthe kinematicor dif-
fusive wave approximationto the hydrodynamicequationg Equationsl.5 and1.6), anddo thus
not imply differentassumptionsboutthe system. The treatmentof infiltration and movement
of waterin the soil in one or two dimensionsis, on the other hand, underlainby differentas-
sumptionsaboutsub-suracesystembehaiour. One-dimensionahpproximationgo the Richards
equation(Equationl.7) treatunsaturatedoil waterflow asa principally vertical processform-
ing a link betweensurface and saturatedsubsuréce hydrologic componentswhereastwo and
three-dimensionahpproximationsallow lateralredistritution of soil water The secondtype of
model(i.e. with two andthree-dimensionapproximation®f theflow process)s requiredwhen
the downslopeflow component®f partially saturatechearsuriace soils may be important. The
one-dimensionalorms of the infiltration processare usedin mostcatchmenimodels,examples
arethe Water ErosionPredictionProject(wepPpP), Soil and Water Assessmentool (SWAT) and
the SystemeHydrologiqueEuropéer(sHe) models(Abbottetal., 1986;Arnold andAllen, 1992;
FlanagarandNearing,1995). THALES andthe Instituteof Hydrology DistributedModel (IHDM)
areexamplesof the secondstyle of modelwherethe subsuricesystemis approximatedy atwo
dimensionalyerticalslice (Bevenetal., 1988;Graysonretal., 1992a).Both modellingapproaches
allow to simulatethe hydrologyof large catchmentsalthoughthe physicalinterpretationf the
effective parametersemainsdifficult andit is generallynot possibleto derive a uniquevaluefor
mostparameterdy anobjective calibrationprocedurgBeven,1989;Graysonetal., 1992b).Due
to theseproblemsand stimulatedby the growing availability of digital elevation datasincethe
mid-eightiestheideato usetopographyto derive a steady-statapproximatiorto kinematicflow
BevenandKirkby (1979)hasgainedlarge popularity Many of theapplicationsvhich coupleter-
raininformationto ahydrologicmodelutilize (someof) theoriginal TOPMODEL conceptgBeven,
1984,1997;Robsoretal., 1993;ZhangandMontgomery 1994).

All of the modelling approachesnentionedabore handlespatial variability by dividing a
catchmeninto smallergeographicalinits on which hydrologicalmodelcomputationsare made,
andby aggreatingthe resultsto provide a simulationfor the basinasa whole. Commonlyused
geographiaunits are sub-catchmentdand useor cover classespr elevation zones. In all cases,
modellingis simplified becausareasof the catchmentwithin theseunits areassumedo behae
similarly in termsof their hydrologicalresponseln the late eightiesthe questionarosewhento
stoptheproces®f division of abasininto ever smallerunits. As apossibleanswelto this question,
the conceptof a representate elementaryarea(REA) wasintroduced(Wood et al., 1988). The
REA is the smallestareafor which the patternof local heterogeneitys relatively unimportantin
thesensdhatheterogeneitiesanbe treatedstatisticallywithout regardto the exactspatialpattern
of the heterogeneityThe ultimateutility of the REA concepto the scienceof catchmentiydrol-
ogy remainsto be determined.A numberof papershighlightedsomedifficulties with the REA
andpresentedomerefinementdo the concepiBloschlandSivapalan1995),but theconcepthas
never beenappliedextensvely in practice- possiblydueto its empiricalnature.Recentlytheidea
to treatcatchmentssbasicunits hasregainedinterestthroughthe progresshat hasbeenmade
with a theoreticalapproacho derive catchment-scalbalancef mass momentumenegy and
entropy (Reggianietal., 2000,1999,1998).

To datetheestablishmemf theappropriatesizeof spatialandtemporaimodelunits,themodel



resolutionandtheappropriatanathematicatlescriptiorof processeatthatresolutiononthebasis
of measurementsiadeover muchsmallerunits - essentiallyat points- areunresoled problems
in catchmentmodelling. Solving the problemof defining effective hydrologic relationshipsat
oneresolutionandtranslatingtheseto otherresolutionsappeargo requiremuchmorethanonly
scalingparametersr advancedstatisticalinterpolationtechniquegKim etal., 1996),andis since
themid-eightiesanareaof active researci{Beven,1989,1993;BevenandWood, 1993).

1.5 An anatomy of the problem

At this point it is appropriateto discussthe conceptsof identification, parameterizationgali-
bration,identifiability, well-posednessll-posednesandregularization. Thesetermsare closely
associatedvith the key problemsin catchmenscaleoverlandflow modellingasdescribedn the
previous section.ldentificationis the processf constructinga mathematicamodelof a dynamic
systenfrom obserationsandprior knowvledge(Norton,1986). Dynamicmeansn this context that
themodelbehaiour depend®nthehistory notonly thepresentnputsasin astaticsystem.In the
geophysicatlisciplinesprior knovledgecompriseghe relationsdescribingthe balance®f mass,
momentumand sometimesentrofy (seeequationsl.5 and1.6), in combinationwith constants
(like g in Equationl.6), parameteranges(e.g. for the factorKs in Equationl.7) andempirical
relationsbetweendifferent systemcomponentge.g. a stage-dischge equationto relateq and
h in Equationl.5, or between andw in Equationl.7). Parameterizationasa distinct stepin
theidentificationphaserefersto the establishmendf relationshipdetweer(spatiallydistributed)
systemcomponentgcoeficients)througha limited numberof externalvariablesandparameters.
For the caseof stage-dischae relationshipswhich are generallyof the form q(x,t) = ah(xt)Y
(wherea andy arethe the spatially variablecoeficients) this meansthata andy arerelatedto
a limited numberof obsered variablessuchas topographyand vegetationtype by only a few
parametersa = f(topog, veg; params. For the caseof a soil moisture-matricheadrelationship,

. /m .
which may be of the form ¢ = s (Wﬂs for Y < Ys (wherews, s andm arethe spatially

variablecoeficients),ws, Us andm areoftenrelatedto texture (ClappandHornbeger, 1978). A
parameterizatiotis generallyconsideredappropriatdf the coeficientsarewell predictedby the
chosenvariablesvia a limited setof parametersvhich are constantin spaceandtime. Oncea
certainrelationbetweercoeficientsandparameterss establishedit canbefine-tunedby collect-
ing extra obserationsandre-estimatinghe parametewalues. This stepis partof the calibration
processWhenthereis enoughinformationavailable, throughboth prior knovledgeandobsera-
tions,sothatit is possibleto derive aunigueparameteestimatethesystemis called(structurally)
identifiable(BellmanandAstrém, 1970; Sorooshiarand Gupta,1985). The termwell-posedness
appliesto bothparameterizatiorandcalibration, in this context it meanghatauniquesetof 'best’
parameteraluescanbe determinedrom the datafor a given measureof goodnesgsuchasthe
2— or o—norms). Its antithesisis the term ill-posednessimplying thatthereis a lack of prior
informationor obsenrations(or both)in a parameterizationr a calibrationproblem. Regulariza-
tion refersto the processf addingprior informationto anill-posedproblemin a mathematically
well-organisedvay sothatit becomesvell-posedHansen;1998).

In spite of the contritutions to catchmentscaleoverlandflow modellingthat have beende-
scribedin sectionl.4, variousproblemsin computingthe relevant hydrologicalfluxesin catch-
mentshave not beensolved at all, f.i. modelidentifiability andthe incorporationof obserations
and procesgdescriptionsover small spatialandtemporalunits into modelsthat uselarger units.
Theseproblemshave beenexpoundedelsavhere(e.gBecketal., 1995;BevenandWood, 1993;
Graysoretal.,1992b;LoagueandGandeyr1990). Thelimitationsinherentin usingdataon catch-
ment“inputs” (i.e. measurementsf rain, temperaturewind speedgtc.) andon catchmentout-
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puts”(i.e. dischage ata catchmenbutlet)to estimatehemodelparameterbave beenappreciated
for quite sometime (Clarke, 1973). Although progresshasbeenmadein finding “optimal” pa-
rameterestimategDuanet al., 1992; Pickup,1977),thereis a fundamentalimitation setby the
amountof informationin the available hydrologicalobserations,e.g. on how mary parameters
canbe estimatedJalemanandHornbeger, 1993). It alsohasbeenpointedout that parameters
in mary of thesemodelsare dependentn the climate during the calibration period (Ganand
Burges,1990). Becauseof theselimitations parametedistributed descriptionsof overlandflow
will remainhighly subjectve andspecificto a certaingeographicahreas.A way to measurghe
parameterindependenthof input-outputdatastill hasto befound.

In this studythe problemof catchmenscaleoverlandflow predictionwill be anatomizedlif-
ferentasit hasbeendonepreviously in e.g. HornbegerandBoyer (1995); Jalemanet al. (1994)
by concentratingn thefirst placeon practicalaspectandsecondlyon the mathematicahspects
ratherthanthe physicalaspectof predictingoverlandflow at the catchmentscale. In practice
threephasesanbedistinguishedvhenquantifyingoverlandflow atthe catchmenscale:aphase
wherethe relationsgoverning the systemand the appropriateproblemresolutionare unknavn
('identification”), a phasewherethe governingrelationsandresolutionareknovn andmodelout-
putis of directimportance(’prediction’), anda phasewvherethe systemis knowvn but outputsare
only relevantin combinationwith generatedr speculatre information('projection’). A normal
sequenceyhenencounterin@ new hydrologicpredictionor designproblem,is to move through
thesequencef identification,predictionandprojection,asshavn in Figurel.1. It illustratesthat
in the caseof modelidentificationthe collection of obserationsis (or shouldbe) dependenbn
previousidentificationresults. This aspectasreceved only scantattentionin hydrologicprob-
lems. Note that the term 'prediction’ is herenot definedas normally donein the systemsand
controldiscipline,whereit meanghatonly input dataareavailablefrom t = tg into the future, to
make modelcalculationsstartingatty. In this studyit is usedto indicatethatthe modelstructure
is fixed but that both input and outputdatamay be available. In the predictionphasethe output
datamay be usedto fine tune a few parametergre-calibration)or for stateestimation(filtering
or smoothing) but the modelstructureis furthermorefixed. An examplewherere-calibrationor
state-estimatiois desireds whenamodelis identifiedfor aresearcltatchmentwhile predictions
arerequiredfor adifferentcatchmentln theprojectionphaseadditionalprocessingf eitherinput
or outputdatais oftenrequired,i.e. the spatialor temporalunits at which the modeloutputsare
obtainedhave to beredefinedr notall modelinputsareavailable(e.g.long-termrain sequences)
sothatthesehave to be generated.

Fromtheabove it is clearthatwith regardto the requiremenbf obserationsthethreephases
aredifferent. For identificationof overlandflow modelsthe requiredguantityandtypesof obser
vationsarelargely unknavn andthereforea setof obsenationsshouldcompriseasmuchdifferent
gquantitiesover differentintegration periodsand areasas possible. For prediction,on the other
hand,it is known a priori which obserationsarerequired,sothatspecifictypesof obserations
canbe collectedat a knowvn numberof locationsandtime period. In the caseof projectionprob-
lemsobserationsareoftennot availableandhave to be generatedAlso with regardto predictive
uncertaintythe threephasegidentification,predictionandprojection)aredistinct. In modeliden-
tification predictionerror (i.e. the differencebetweenobsered and predictedoutputs)can be
calculatedandin factthis calculationis the maintool to find appropriatemodel structures.For
a predictionproblemthe predictive uncertaintycanalsobe calculatedwith someeffort via error
propagatiornrules. In contrastfor projectionproblemsthe predictive uncertaintyin the resultsis
oftenunknavn dueto theredefinitionof the outputdata,or generatiorof input data.

Fromamathematicapoint of view, thefollowing problemappeardrequentlyin theidentifica-
tion andpredictionphasesThe modelstructuredoesnot matchthe systemor the available setof
obsenationsis not suficiently informative, sothatthe parameteestimationproblemis ill-posed.
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Figurel.1l: Thecommonsequencén hydrologicpredictionproblems:1) identification,2) predic-
tion and3) projection.

For ill-posedproblemsthe straightforvard useof a predictionerrorcriterionto find someoptimal
parametesetleadsto modelswith poor extrapolationproperties.This is clearly undesirableand
the problemmay beresolhedby two generalapproaches:

1. the developmentof an alternatve model structure,with fewer degreesof freedomand a
moresuitableparameterizatiothatmatcheghe systembetter;or

2. regularizationof theidentificationalgorithmby introducingconstraintor penaltiesn order
to reducethe excessie dggreesof freedomtowardsreasonablealues.

The first approachhas beenfrequently appliedto hydrological problems,examplesare found
in Jalemanet al. (1994); Ramoset al. (1995); Youngand Beven (1994), andis alsoimplicitly
the philosophybehindthe probability functionapproacHor catchmentnodelling (Entekhabiand
Eagleson1989; Moore and Clarke, 1981; Troch et al., 1994). The secondapproachhasup to
now notbeenappliedto problemsin surfacehydrologybut hasarich historyin othergeophysical
disciplines(Menke, 1989; Tarantola,1987). It shouldbe notedthatill-posednessloesnot mean
thataproblemcannotbesolvedbut ratherthatadditionalassumptionarerequiredto constrairthe
solutionspacein orderto achieze meaningfulsolutions.Thekey is thento have obserationsand
modelsstructuredsuchthatthe changeto differentassumptionss easilymadesothatobjectiity
is enhanced.Thereexists a notableparallelto the solution of differential equationswhich can
only be solved meaningfullyif boundaryandinitial conditionsarespecified.

Tablel.1: Characterizatiowf threedistinctphasesn quantifyingcatchmenscaleoverlandflow.
characteristicef

phase modelstructure obsenrations predictive uncertainty
identification unknavn heterogeneous known
prediction known - full homogeneous known
projection  known - simplified partially generated unknavn

As mentionedpreviously the key actvity in theidentificationphases parameterization For
the predictionphaseit is calibration, while for the projectionphaseit is simplification In the
identificationphasefunctional relationsare unknavn andthereforerestrictionson thesehave to
beavoided,soin this phaseherearelimited possibilitiesfor regularization. Thereforethe model
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structureis stepwiseadjustedto yield a well definedproblem. Especiallychangingthe model
resolution(which is of directinfluenceon the degreeof ill-posednessganbe effective whenan
identificationproblemtendsto becomeill-posed (seeTable 1.1). In the caseof predictionand
projection problemsthe adaptionof modelresolutionis not possiblesincethe model structure
(which includesresolution)is by definition fixed, andin additiononealreadyhasgainedinsight
in the system(mary functionalrelationshipsareknown). Thereforein theseproblemsregulariza-
tion techniquesanbe used. The key activities andthe way in which ill-posednesss handledis
summarizedn Tablel.2.

In conclusionwe canstatethatthe procesof catchmenscaleoverlandflow modellingcom-
prisesthreedistinct phasegidentification,prediction,andprojection),eachof which hasspecific
characteristicsvith regardto knowvledgeaboutmodelstructure availability of obsenrations,and
knowledgeaboutpredictive uncertainty Thekey actiities andtheway in whichill-posednesgan
bedealtwith in thethreephasesredistinctaswell.

Tablel.2: Key actiities andtheway in whichill-posednesganbehandledfor differentphases.

key handlingof
phase actiity ill-posednesyia
identification parameterization  resolution
prediction calibration regularization

projection simplification regularization

1.6 Objective

In Sectionsl.3and1.4it hasbeenexplainedthatoverlandflow hasbeenan objectof studysince
the early thirties and hasbeenquantitatvely describecasa componenbf distributed hydrologic
modelssincethe mid-sixties. While the classl modelsremainedmore or lessunaltereda shift
appearedn the formulation of classll modelsfrom the early eightiesonwards, causedby the
availability of digital terrain data. Notwithstandingits importance,topographyis only one of
the variousimportantvariablesdeterminingoverlandflow. The lack of other distributed data
besideghat derived from Digital Terrain Models (DTMs) makesit impossibleto derive unique
parameterisationsf distributed hydrological processesit leadsto ill-posed problems. It was
arguedin Sectionl.5thatthis frequentlystatedfeatureof ervironmentalsystemsdeseressome
nuancingsinceit refersimplicitly to threequitedifferentphasedn themodellingsequencel-rom
amathematicaview point, therearetwo waysto obtainsolutionsin the caseof ill-posednessby
modelreductionor regularization.Takingthis obsenation asa startingpoint, the objective of this
dissertations to developandtesttechniquesy partly furnishingthefirst two boxesof thescheme
proposedn Figurel.1l,i.e. techniquego: 1) identify modelsfor catchmentscaleoverlandflow
prediction,and2)applymodelsfor prediction.

Throughoutall modellingstepst will beattemptedo usea setof modelstructuresatherthan
single model structureand use both qualitative and quantitatve obserations. In addition, this
study aimsto collect overlandflow obserationsin two experimentalcatchmentsn alternation
with the developmentof modellingtechniques.

This dissertationis subdvided in two main parts. The first part, covering Chapters2 to 4,
comprisesan interpretationof the overlandflow obserationsusedin this dissertationandthe
effectivenesof commonlyusedoverlandflow models.In this partthe specificproblemsthathave
beenbriefly toucheduponin theprevioussectionsarearticulatedo setthe stagefor theremainder
of thedissertationThe natureof overlandflow in thetwo experimentakatchmentss describedn
Chapter2, andafirstinterpretatiorof thedatais providedvia aregressiommodelfor overlandflow
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in Chapter3. Then,in Chapter4, the obserationsare analyzedwith an archetypicalparameter
distributed overlandflow model.

The secondpart,chapters to 7, presentsiew approachefor scaledependentverlandflow
prediction. This part closelyfollows the structureof Figure1.1. A framavork that enableghe
identificationof catchmenscaleoverlandflow modelsis describedn Chapters. Thisapproachs
pursuedn Chapte6, usingtheobserationspresenteih Chapter2. Next, theproblemof overland
flow predictionwhenboth a setof obserationsand a setof calibratedmodelsare availableis
studiedin Chapter7. Finally in Chaptei8 theresultsof this studyareplacedin perspectie andan
outlookis givenfor furtherresearch.
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2 Observations

2.1 Introduction

Thebasisfor this dissertations formedby obserationsovertheperiod1994- 1998in two exper
imentalcatchmentsThroughoutChapters3 to 8 theseobsenrationsareusedin differentways.In
orderto understandhe mary assumptionsndimplicit choicesin the analyse®f theseChapters,
it is not only importantto geta goodinsightin the physicalnatureof the catchmentdut alsoto
be aware of the way in which the obserationswere obtained,interpretedand processed.This
Chapteris meantto offer a concisedescriptionof the researctcatchmentsa descriptionof the
availableobsenrations,anestimationof obserationerrors,andafirst assessmemf overlandflow
occurrencelt is organisedasfollows. In Section2.2and2.3the physicalnatureof the catchments
is describedfollowed by an overvien of the datathathave beencollected. In section2.4 some
importantaspect®f theobserationtechniquesrediscussedThisis followed by a discussiorof
obseration uncertaintyin section2.5. In Section2.6 the relation betweenoverlandflow height
andextentis investigated An assessmermf overlandflow correlationsn spaceandtimeis made
in Section2.7. Finally resultsarediscusse@ndsomeinterestingaspectarehighlightedin section
2.8.

2.2 Kaibo sud V5

Site description

Theresearchareais a catchmentocatedin Burkina Faso(WestAfrica) at44°11 N and0°56 E
(310-325m.a.s.l.) in theriver valley of the Nakambé&White Volta, the biggestriver of Burkina
Faso),coveringanareaof 1.2 km?. The catchmentwill be namedKaibo in whatfollows. It hasa
gentlyundulatingtopographyandamaingully runningfrom northto south(seeFigure2.1). From
aerialphotographaindfield suneys it wasobsered that drainagedensityof ephemerabullies
variesfrom 0.5 kmkm~2 north of the researcharea,to 1 kmkm~2 southof the researctarea,as
aresultof increasingsoil depthstowardsthe south. The drainagepatternis dendritic, which is
in correspondenceith the shallawv soils (0.4 m on average)andrelative geologicalhomogeneity
(SkinnerandPorter,1992;Yameogo1988). Schistandgranitearethe majorrock materialsfound
in thecatchmentThenatureof soilsin thislandscapés largely determinedy theparentmaterial.
The mostimportantsoil typesin the areaare Leptosols,Regosolsand Cambisols(FAO, 1990).
Thesesoilsareall formedin situ andnot stronglydeveloped ,which s attributedto the relatively
high ratesof geologicalerosion(Sivakumarand Gnoumou,1987). In generalsoils from granitic
materialcontainkaolinitic claysanddrainmoderateo well (mainly LeptosolsandRegosolsin the
area).Soilson schistcontainmontmoriolloniticclay which drainpoorly (mainly Cambisolsn the
area). The sandcontentdecreasesn averagefrom 40%in the upper20 cmto 25%in the 20-40
cmsoil layerandclay percentagéncrease$rom 30%in thetop 20 cmto 40%in the underlying
layer, whichis causedyy clay-illuviation (Dekker, 1996;Mulders,1996). Periodsof erosionand
depositionhave alternatedduring the mostrecentgeologichistory asa resultof tectonicactivity
and sea-leel changes.Presentlyan erosionaldevelopmentof streamss obsered throughthe
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stratified layersthat are exposedin streambeds.Streamsare generallyfound on bedrock,are
irregular of shapeandmeandesstrongly whichis in correspondenceith the very low slopesof
around2%in thearea.

In additionto the informationdisplayedin Figure2.1, thetopographyof Kaibo is character
izedhereby theslopetan(p), theupstreamareaA andthetopographidndex In(A/tan(p) (Beven
and Kirkby, 1979) (seeFigures2.2 and 2.3). Upstreamareais definedasthe total catchment
areaabove a point or shortlengthof contour(Mooreetal., 1991),andis commonlyusedfor the
automaticdemarcatiorof channelsusinga critical supportareaQ’Callaghanand Mark (1984);
Jensorand Domingue(1988); Tarbotonet al. (1991); Martz and Garbrechi{1992). The specific
catchmentreais definedasthe upstreamareaperunit width of contour It hasimportanthydro-
logical significanceasit hasshavn to be usefulfor determiningrelative saturationandtherevith
thepropensityto generatesaturatiorexcessoverlandflow (BevenandKirkby, 1979;Mooreetal.,
1991, Costa-Cabrabnd Burges,1994). It hasoften beenusedin combinationwith othertopo-
graphicparametersmnostoftenwith slopeasusedin this study Thetopographiandex hasoften
beenusedfor the predictionof hydrologicfluxes(e.g.Beven, 1997),in Chapter6 its utility for
overlandflow predictionin the researctareasof this studywill beinvestigatedFigure2.2 shavs
thatthe areais indeedflat andthatthereare only few locationswith moderateslopes.Nonethe-
lessthe D8 algorithmappeargo producea reasonabléow directionmap,which canbe deduced
from the correspondencbetweenthe streamchannelas measurednanuallyin the field andthe
locationswhereflow accumulatesiccordingo the D8 algorithm(seeFigures2.1and2.2).

Thedistributionsof the mainsoil andland usetypesin theareaaresummarizedn Figure2.4.
The soil mapis theresultof a classificationof texture anddepthmaps,both of which have been
derived throughan interpolationof the available point obsenationsin Dekker (1996); Mulders
(1996); Mulders and Zerbo (1997); Verkleij (1998) by kriging. The vegetationmap hasbeen
derived on the basisof a classificationof the mapsproducedby Groot (1996); Rering (1997);
Verkleij (1998).

The areahasa semi-aridclimatewith an averageprecipitationof 880mmy 1, minimumand
maximumtemperaturesf 19 and 32°C respectiely and a potentialevapotranspiratiorof 2580
2580mmy 1. The actualevapotranspiratioin the areais approximately620mm (about70% of
therain), percolationto deepefayersis 80mm (about10% of the rain) anddischage is 180mm
(about20% of therain) (Autorité desAménagementle valleesdesVolta, 1979; Sivakumarand
Gnoumou,1987). The averagerainy seasonastfrom May till Octoberanddisplaysa largeinter-
aswell asintra-seasormeterogeneityvith regardto total rain depthaswell asthe occurrenceof
dry spells(Someand Sivakumar,1994). The naturalvegetationof the areais savanna-voodland.
It wasin a naturalstatetill the early-seenties. At thatmomentthe successfutontrol of Tsé-tsé
initiated the procesf bringinglandinto cultivation for arablefarmingandbroughtherdinginto
the area. Presentlythe land is partly usedfor arablefarming (with maize,shogum, cottonand
legumesas major crops),and partly as grasslandor extensve grazing. On the arableland soil
tillage takesplaceafter 50— 100mmof cumulatve rain at the startof the wet seasonfollowed by
sawing andregularweeding.ln generakropsemegeapproximatelyonemonthafterthefirst rain,
androughnes®f the soil surfacedeclinesover the growing seasordueto slaking.

Obser vations

Obsenationswerecollectedover the period April 1994- August1998. Over this periodweather
variables(temperatureradiation,relative air humidity, barometricpressurewind speedand di-

rection,and openpanevaporation)were measuredvith an automaticweatherstationat a single
location. Rainwas obsenred at variouslocationswith tipping buckets from 1996 onwardsand
dischage was obsered at the catchmentoutlet with a pressureransducer Soil moisturewas
measuredvith a TDR device in plasticaccess-tubeat 10 locationsonceevery 14 days,andthe
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Figure2.1: Topographyof Kaibo, indicating elevation (grayscale) the catchmentoundary(-),
themainstream(——) andthe contours(- - -).

runoff from six runof plots (threepairsof 5 x 10, 10 x 25 and50 x 100m in size)wasmeasured
usingweirs. In addition, variousobserationshave beencollectedin the periodJJune-September
1998.In this periodwatertabledepthwasmeasurednanuallyalongthreetransectsvith piezome-
tersfor 3 events. The structureof the subsurhcewasdeterminedy geo-electrioneasurements
(HekmanandWierikx, 1998).In this periodoverlandflow wasobseredduringrainin two events.
This wasdoneby measuringvaterlevels andflow velocitiesrepeatedlyat several pointsalonga
transectln additionoverlandflow patternsveremappedust afterrain for thesetwo eventsalong
thetransect.Thelocationof thevariousobserationsis shavn in Figure2.6.

Several suneys wereconductedo mapthe soil andgeologyin the area(Dekker, 1996; Mul-
ders,1996;MuldersandZerbo,1997;Verkleij, 1998). Agronomicsuneys wereconductedsearly
to establishthe land use of the entire catchmentin eachseason(Groot, 1996; Rering, 1997;
Verkleij, 1998;Wubda,1998).In 1994infiltration experimentsveredoneon plotsof 1n? (Geel-
hoed,1994; Hillenaar 1995). In 1995an accurateDTM of the terrainwas constructecbn the
basisof obserationswith with a differentialkinematicGPSsystem(Raaphorst1995),andvisual
assessmentasmadein 1997(Wubda,1998;HekmanandWierikx, 1998).

Marny of theobserationsmentionecabore have beenusedto getanimpressiorof the hydrol-
ogy of theareaandspecifyboundsandinitial valuesfor modelparametersOnly asmallsubsebf
the valueshave beenuseddirectly for the calculationof overlandflow depths.Thosevaluesthat
have beenuseddirectlyarelistedin Table2.1. In total 124rain eventsoccurredduringtheresearch
period, 28 of which produceddischage at the catchmenbutlet (seeFigure2.5). Fromthesel24
events60wereselectedor aquantitatve analysis.The setof 60 eventsincludedall theeventsthat
produceddischage atthe catchmenbutlet,and32 randomlyselectedevents. Table 2.1 lists how
muchof eachtype of obsenation wasusedfor calibrationandvalidation purposesespectiely.
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Figure2.2: Distribution of slopeandupstreamareain Kaibo. The catchmentreais calculatedy
the D8 flow-directionalgorithm(O’CallaghanandMark, 1984).

This table shouldbe readasfollows. In the calibrationdataset, rain hasbeenobsered at one
locationover 45 events,andat four locationsover 27 out of these45 events;catchmentischage
hasbeenobseredatonelocationover 45 events plot dischage hasbeenobseredatsix locations
(plots)over 14 of the45 events,etc. It shouldbenotedthatthe calibrationandvalidationsetsonly
overlapin spaceandnotin time,i.e. thevalidationsetcontaindifferenteventsthanthecalibration
set. Somemoredetailsof the datasetareprovidedin AppendixA.

Table2.1: Numberof locationsandnumberof eventswhereobserationsareusedascalibration
andvalidationdatain Kaibo.

Typeof obseration Calibration Validation

locations events locations events

p rain 1/4 45/ 27 1/4 15/13

gc dischage- catchment 1 45 1 15

dp dischage - plot 6 14 6 4

o, overlandflow - height 300 1 300

0p overlandflow - paths - 1 - 1

w soil moisture 5 10 5 10
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Figure2.3: Distribution of thetopographidndex in Kaibo.

2.3 Estacion Experimental Forestal Horizontes

Site description

This researchareais locatedin CostaRica (CentralAmerica)at 10°43 N and —85°36 E (160-
190 m.a.s.l.),inside the park 'Estacion ExperimentalForestalHorizontes’ which is owned by
the regional natureconseration ageng (Area de Conseracion de GuanacasteACG). It is a
2km? catchmentn the upperreachof the Tempisquebasin,which will henceforttbe calledHor-
izontes.The areahasa gently undulatingtopographyanda main gully runningfrom south-west
to north-easi(seeFigure2.7). Drainagedensityof ephemerafullies variesbetweenl kmkm~—2
to 2kmkm 2, with increasingdensitiestowardsthe north. Drainagepatternis dendriticlike in
Kaibo. The natureof soilsin this landscapes largely determinedby the parentmaterial,which
is Ignimbrite. The major soils in Horizontesare Leptosols,Regosolsand Vertisols, after FAO
(1990). LeptosolsandRegosolsareformedin situ (Pierre,1982;VazqueaMorear,1991)andmost
soils are moderatelywell developed. Thereis a sharpdistinction betweensoils with vertic and
non-\ertic properties which largely coincideswith topographidocation. Soils at upslopeloca-
tionshave no vertic propertiesdrain moderatelyandcontainmainly kaolinitic clay whereassoils
in downslopeareashave oftenvertic propertiescontainmontmaoriolloniticclay anddrain poorly
whenwet. The sandandclay contentsare 35% and 20% respectiely over the entire soil profile
atupslopédocations.And in downslopelocationsthe sandandclay percentageare20%and40%
respectiely (Winters,1995). In situationswheresoils with vertic propertiesarefound at higher
locationsa local watertableis foundinvariably Therecentgeologichistoryis oneof deposition
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Figure2.4: Soil andvegetationcharacteristicen Kaibo.

by the active volcanoseastof the area(especiallythe Rinconde la Vieja, in the Centerof Costa
Rica),anda steadyuplift of theareain thewest. Erosionhasbeenvariableunderinfluenceof vol-
canicactvity andsea-leel changegCastilloMufioz,1991).Presentlyno developmenif streams
is obsered. Streamsare alwaysfound on bedrock,are heterogeneouwith respectto size and
shapeand meandemoderately Thesecharacteristiceorrespondvith the low slopesof around
5%in thearea.

As for Kaibo the topographyof Horizontesis furtheris characterizedhereby slope(tan(3)),
upstreamarea(A) andtopographicindex (In(A/tan(3)) (seeFigures2.8 and 2.9). Figure 2.8
shaws that the areais generallyundulatingand that there are somesteepridges, which almost
enclosesomecircularareas.As expected,on the basisof the moderateslopes the D8 algorithm
producesa reasonabldlow directionmap(viz. the correspondencbetweenthe streamchannel
asmeasureananuallyin thefield andthelocationswhereflow accumulatesseeFigures2.7 and
2.8).

The distributions of the main soil andland usetypesin the areaare shavn in Figure 2.10.
The soil mapis theresultof a classificationof texture anddepthmaps,both of which have been
derived throughan interpolationof the available point obserationsin Winters (1995)and own
obsenrationshy kriging. The vegetationmaphasbeenderived on the basisof a classificationof
theavailableaerialphotographsndfield obserations(vander Stegy, 1999;Winters,1995).

The areahasa semi-humidclimate with an averageprecipitationof 1450mmy 1, minimum
and maximumtemperature®f 22 and 29°C respecirely and a potential evapotranspiratiorof
2230mmy—L. The actual evapotranspirationin the areais approximately870mm (about60%
of the rain), percolationto deeperayersis 220mm (about15 % of the rain) and dischage is
360mm(about25%of therain) (ProyectoGeotermicale Guanacaste,976;0ficinadehydrologia
operatva, 1994). Theaveragerainy seasorastsfrom May till Octoberanddisplaysalargeintra-
seasorheterogeneityith regardto total rain depth(ProyectoGeotermicale Guanacastel,976).

The naturalvegetationof theareais tropicaldry forest,whichis presentlyin anearly stageof
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Figure2.5: Rain (interpolatedwith aninversedistanceechniqueandsubsequentlgveragedover
the catchmentanddischage at the outletof Kaibo overtheresearciperiod.

regenerationstartingfrom completelyopengrasslandn 1989 (Janzen;1991). Recenthistory of
landusein the studyareais a sequencef arablefarmingfrom the beginning of the 20th century
(which probablygoesbackto the 18th century),with a suddenshift to extensve grazingin the
early sixties(Edelman,1992). Marny of the shallav gulliesin the areaoriginatefrom this period
of extensve grazing. In 1989the land husbandryof the study areachangeddramaticallywhen
it wasacquiredoy ACG. From 1989onwardsACG adopteda stratgy of naturalreforestatiorby
reducingthecattlestockto low levelsandre-plantingsomeareaswith youngtrees(Molina, 1994).
Althoughthetree-densityincreasedteadilyduringthe researctperiod,the influenceof cattleon
theterrainremainedarge. Theanimaltracksandrestingplacesstayedargely free of vegetation.

Obser vations

Obsenationswerecollectedover the period April 1996- August1998. Over this periodweather
variableqtemperatureradiation,relative air humidity, barometrigoressurewind speedanddirec-
tion) weremeasuredvith anautomatioveatherstationata singlelocation,rain wasobsered at 6
locationswith tipping bucketsanddischage wasobsered at 6 locationswith pressurdransduc-
ers. In the periodJunel997- Decemberl997 post-eent flow patternswvere obsened alongtwo
transectsAlong thesetransectoverlandflow wasobsered with 24 collectors(creststagetubes,
seeFigure2.15). Thelocationof thesevariousobserationsareshavn in Figure2.12.

In 1997 experimentsvereconductedvith a Guelphpermeameteto establisithe heterogene
ity of infiltration capacity In 1998a DTM was constructedon the basisof obserationswith
adifferentialkinematicGPStechniquein combinationwith a corventionalground-baseduney
(Boerrigter 1999). Severalsuneyswereconductedo mapthesoil andgeologyin thearea(vander
Steq), 1999;Winters,1995).

A 44 hasub-catchmenof Horizontes,which is namedHoricajo for the purposeof this re-
searchhasbeenstudiedin greaterdetail. The obserationsin Horicajo were madeduring the
periodperiodJuly 1997till Decemberl997. At four locationsrain hasbeenmeasuredisingtip-
ping bucketsandat two locationsdischage hasbeenmeasuredisingv-crestweirs. For 7 events
watertabledepthhasbeenobsered manuallyin 20 piezometerst hourly instantsduringandjust
afterrain, anddaily betweenrrain events. Post-&ent overlandflow patternswereobsered for 5
events,andoverlandflow heightaswell asvelocity were obsened during 9 eventsalong4 tran-
sects.During the period 20 July - 4 October1997,volumetric soil moisturehasbeenmeasured
at 40 locationsonceevery 4 days,andduring the period4 October- 21 Decemberl997 at 60
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Figure2.6: Locationof obsenrationsin Kaibo.

locationsonceevery 2 days(SeeFigure2.14). For the soil moisturemeasurementa Trime TDR

system(in plastictubes)hasbeenused,enablingthe measuremendf soil moistureover 20cm

layersdown to 80cm Terrainand soil have beenmappedn detailin a similar way asdonefor

the entireHorizontescatchmenthowever the corventionalsuney wasdoneat amuchdensemet
(approximatelyone obsenration at every 20 x 20m). In additionthe geometryof smallrills and
drainagechannelshave beenmapped. Soil colour, structure,depth,organic mattercontent,and
texture have beendeterminedat 90 locations,and the infiltration capacityhasbeendetermined
at 30 of theselocations,usinga Guelphpermeametetboth at 10 and20cm depths).In addition
soil colour, structureandtexture (field-determinedhave beenobsered at a regular spacingof

20x 20m.

Similar to the datathatwerecollectedin Kaibo, mary of the obserationscollectedin Hori-
zontesandHoricajo have beenusedto getanimpressiorof the hydrologyof the areaandobtain
parametebounds. The obserationsthat have beenuseddirectly for the calculationof overland
flow depthsin Horizontesarelistedin Tables2.2and2.3. In total 267 rain eventsoccurredduring
theresearctperiod,187 of which produceddischage atthe catchmenbutlet(seeFigure2.11).

From these267 events 60 were selectedfor a quantitatve analysis. The setof 60 events
includedall the eventsfor which obserationswerecollectedin Horicajo (31) andtheremaining
29 eventswereselectedandomly Tables2.2 and2.3lists how muchof eachtype of obseration
waspresentin the datasetusedfor calibrationandvalidationpurposesespectrely. As with the
Kaibo-datathe calibrationandvalidationsetsonly overlapin spaceandnotin time.

Thelocationof the variousobserationsareshavn in Figures2.12and2.14. In Figure2.13
the sub-catchmentthat correspondvith the main dischage measuremenpointsin Figure2.12
aredelineated Note thatHoricajo coincideswith sub-catchmerif’. The meteorologicaktation,
aswell asdischage andrain obserationsshaovn in Figure2.12arereplicatedn Figure2.14,the
remainingobsenrationson the two mapsdo not overlap. Somemore detailsof the datasetare
providedin AppendixA.
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Figure2.7: Topographyof Horizontes,indicating elevation (grayscale)the catchmentboundary
(-), themainstream(——) andthecontours(- - -).

2.4 Explanation of new obser vation techniques

The overlandflow obserations(oc, on andop) werecollectedwith non-standardechniques.n
spiteof thesimpletechnologythatthesetechniquesise they will beexplainedin somedetailhere
for clarity.

The preparatiorfor all thesemethodswasto placemarkersin thefield at regular distancesn
suchaway thatthata persons location(relative to earlierfield visits) could be deducedo about
2 m accurag. At eachfield visit the sameroute wasfollowed via thesemarlers. In Kaibo the
markerswere placed50 m apartandin Horizontesat 25 m, in both casesalongtransects.The
methodto collectoverlandflow heights(codedaso;) wasasfollows. Startingat the onsetof the
raintheroutewasfollowedfrom startto endandthenback(in the caseof Kaibo) or startingatthe
beginning again(Horizontes).Using a measuringstick with a scale the overlandflow depthwas
obsenred at eachsecondstepat the locationof the heel. The flow velocity wasobsered at each
20thstepby timing the durationof 1 m passag®y 3 mm cork beadsIn additiontheflow velocity
of currentsdeeperthan5 cm was obsered with a currentmeterat a numberof locations(5 in
Kaibo and 10 in Horizontes).After passing20 m, the extent of the surfacecoveredby overland
flow wasestimatedver thattract, covering anareaof approximately20 x 2m. Notethatthe flow
velocity is requiredto estimatea dischage on the basisof an obsered overlandflow depth,so
they areconsideredispartof the o, obserations.

Overlandflow wasobsered with collectors(og) in the following way. The collectorsof the
typeshavnin Figure2.15,madefrom PVCtubeswereplacedatregulardistanceslongatransect
in the field. Insertionin the soil was suchthat openingsin the horizontaltube were at the soil
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Figure2.8: Distribution of slopeandupstreamareain Horizontes. The catchmentreais calcu-
latedby the D8 flow-directionalgorithm(O’CallagharandMark, 1984).

Table2.2: Numberof locationsandnumberof eventswhereobsenrationsareusedascalibration
andvalidationdatain Horizontes.

Typeof obsenration Calibration Validation
locations events locations events
p rain 2/6 14/ 31 2/6 2/13
e dischage - catchment 2/6 14/ 31 2/6 2/13
o. overlandflow - collectors 24 3 24 2
0o,  overlandflow - paths - 4 - 3

surfaceandfacingthe upslopedirection. For eachcollectorthe upstreamareawasdeterminedy
manualmeasurements thefield. After arain eventthe collectorswereemptiedandthe volume
in eachwasdetermined.

Theobserationof overlandflow paths(op) wasasfollows. At eachiocationalongthetransect,
whereoverlandflow heightwasobseredduringrain, theareawhereflow occurredvasfirst traced
downslope until ajunctionwith anotheiflow pathoccurred Fromthislocationthe entireupslope
areawastracedandsketchedon a map,subsequentlyhe extentof the areawasestimatedTraces
of debrisandpondedwaterwereusedto identify the areacoveredby overlandflow.

2.5 Uncertainty of the obser vations

Theobserationssummarizedn this Chapterarenot without uncertainty Herethreesourcedor
this uncertaintyare distinguished: 1) instrumenterrors; 2) corversionerrorsand 3) interpola-
tion/averagingerrors(which will henceforttbe calledinterpolationerrors).Instrumenterrors are
randomerrorsproducedby the instrumentin the obseration processj.e. independenof time,
geographicalocationandassumingorrectinstrumentoperationandplacementn thefield. Con-
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Figure2.9: Distribution of thetopographidndex in Horizontes.

version errors areerrorsresultingfrom the corversionof obsered quantitiesto desirablequanti-
tiesusinganempiricalrelationship.Interpolationerrors areerrorsthatresultfrom theintegration
of obsered quantitiesto the desiredspatio-temporalnits. In this sectionan attemptis madeto
estimateeachof theseerrorsfor the variousobserations.

Strictly speakingcorversionerrorsandinterpolationerrorsaresimilar, in the sensehatinter-
polationcanalsobe regardedasa conversionvia an empiricalmodel. In practicehowever, the
distinctionis meaningful: corversionerrorsare assumedo be independenbf timing andloca-
tion whereasnterpolationerrorsdo have spaceandtime ordinates.As aresultcorversionerrors
arefunctionsof the measuementtecniquewhile interpolationerrorsare alsoa function of the
measuementlayout (e.g. obseration density). A corversionerror resultsfrom the calculation
of a variableon the basisof obsened quantitiesat similar spatialand temporalunits (so called
suppor}. A goodexampleis a stage-dischge relationshipin a streamcross-sectionwhich re-

Table2.3: Numberof locationsand numberof eventswhereobserationsare usedascalibration
andvalidationdatain Horicajo (only therain andcatchmentlischage obserationsare
subset®f theobserationslistedin Table2.2).

Typeof obseration Calibration Validation
locations events locations events
p rain 4 23 4 8
e dischage - catchment 2 23 2 8
dp dischage - plot 4 11 4 4
o. overlandflow - collectors 20 2 20 3
Oh overlandflow - height 300 2 300 3
op  overlandflow - paths - 4 - 3
S watertabledepth 20 4 20 3
w soil moisture 60 23 60 8
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Figure2.10:Soil andvegetationcharacteristicen Horizontes.

quireswaterheight,averagevelocity andcross-sectiomreato be obsered. Suchrelationscanbe
establishedepeatedlyandthe conversionerror canbe estimatedoy the deviation of the various
obserationsfrom a fitted relationship. An interpolationerror resultsfrom incompletecoverage
of the studydomain,differencesetweerthe supportof obserationsanddesiredquantities,and
uncertainsystemboundariesExamplesof thefirst factorsaref.i. pointobserationsof soil mois-
ture or overlandflow where averageentitiesover 20x20 m model grid cells are required. An
exampleof an uncertainsystemboundaryin this contet is f.i. anuncertaincatchmenbound-
ary. Incompletecoverageof the domainanddifferencesn supportare particularlyimportantif
the processunderstudyis heterogeneouand non-lineay implying that a value over a desirable
spatio-temporalinit cannotbe obtainedoy simpleaveraging.

In this studythethreedifferenterrorshave beenquantifiedthroughrepetition(in the caseof in-
strumenterrors),split-samplevalidation(in the caseof conversionerrors)andcross-validation(in
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Figure2.11:Rainanddischage atthe outletof Horizontesover theresearciperiod.
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Figure2.12:Locationof obserationsin Horizontes.

the caseof interpolationerrors). Repetitionis a procedurevherebythe sameinstrumentor mea-
suremenproceduremeasures unit repeatedly Split-samplevalidationis a procedurevhereby
theavailableobserationsarefirst splitin two partsthrougharandomselectiorprocedure Oneof
the partsis usedto calibratea model. Subsequentlyhe modelis appliedto the secondpart of the
obsenations.Finally the predictionerroris calculated Cross-validatioris definedasa procedure
wherebya model(in this casean interpolationor averagingprocedure)s repeatedlyappliedto
all obserationsminusonerandomlyselectecbbsenration, whereafteithe differencebetweerthe
predictionandtheleft-out valueis calculated.
All errorsareexpressedn relativeroot meansquaed error (RRMSE),whichis definedas

2
I J obs,j—pred,
2i-12j=1 (W)
1-J ’

RRMSE =

(2.1)

wherethe indicesi and j refer to the ith time instantand jth location of the validation data,
obs j areobserations,pred ; themodelpredictionsandl andJ thetotal numberof time instants
andlocationsfor which validationdataare available. In the caseof the repetitionprocedurehe
averageof the obserationsis takenaspred ;. Thereasorfor thedivision of (obs ; — pred j) by
pred ;j is thatfor almostall relationshipghe obserationerrorincreasesearlyproportionalto the
magnitudeof thevariableto be predicted.

Therelationshipsequiredfor measuremerdorversionwereestablishedor eachof the catch-
mentsandinstrumenttypes,while limiting the possibleformsto linear or power-functions. The
interpolationfunctionswere establishedeparatelyffor the two catchmentslimiting the possible
interpolationmodelsto be linear, distanceweightedor semi-variogrambased. The stratgy to
selectthe appropriatenodelfor corversionor interpolationwasasfollows:

1. fit alinearrelationthroughthe obsenations(or, analogousperforma linearinterpolation)
andcalculatethe RRMSEon the basisof the choservalidationstrateyy;

2. fit apower relationship(or distanceweightedinterpolation)andalsocalculatethe RRMSE
for thismodel;

3. usethe power relationship(or distanceweightedinterpolation)if the stratgy reduceshe
RRMSEDby atleast0.05,otherwiseusethelinearrelationship;
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Figure2.13:Sub-catchmentsf Horizontes.

4. in the caseof interpolation,repeatstepsl to 3 to compareoptimal interpolationto both
linear and distanceweightedinterpolation,wherebythe semi-ariogramfor the optimal
interpolationis derivedinteractiely.

Theinterpolationerrorfor dischage obserations(d. andqp) refersto uncertaintiesn catchment
andplot boundariesBecauseén Kaibo aswell asHorizontestherewasa repetitionof eachplot,
cross-alidationcould be appliedto thesedata. But the uncertaintyin catchmenboundariesand,
resultingfrom this, errorsin the dischage obserations(qc) could not be establishedy cross-
validation. This errorhasbeendeterminedn threedifferentways: 1) by comparinghe catchment
boundarieslerivedin variousindependenstudies 2) by applyingdifferentrouting algorithmsto
the sameDTMs and comparingthe resulting catchmentoundariesand 3) by obsenations of
flow-directionsat the catchmenboundariegluringrain for differenteventsanddifferentseasons.
The uncertaintywith respecto the catchmensizeis determinedoy calculatingthe co—norm for
all thesedifferentboundariesresultingin a 'total uncertiancatchmentarea’ and using no prior
assumptioraboutcatchmenshape Theinterpolationerrorfor dischage obsenrationsis expressed
asthetotal uncertaincatchmentreadivided by the averagecatchmentrea. This canbe defined

asfollows
. Amax— Amin
She1 (An) /N
whereRUBE standsfor 'relatve unknavn-but-boundederror’, Amax is the maximumcatchment
areaobseredovertheN casesAnmin IS the minimumcatchmenarea,andA,, is thecatchmenarea
for casen. Theabove informationis summarizedn Table2.4.

In Table2.5theinstrumenterrorsarelisted. Theinstrumenterrorsof thetipping bucketswere
determinedoy placingall tipping buckets undera laboratoryrainfall simulator The instrument
errorsof pressurdransducersvasdeterminedy placingtwo identicalinstrumentslosetogether
at the samelocation during an event, and repeatingthis at threedifferentlocations. The TDR-
errorwasdeterminedoy comparingthe readingsrom threepairsof tubes,placedclosetogether
All othererrorswere determinedoy repeatinga measurementver ten small areadfive timesin
successionTable2.6 lists the conversionerrors. This tableclearly illustratesthatthe conversion
errorsarein generallarger for overlandflow thenfor streamflav, andthat normally a linear re-

RUBE (2.2)
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Figure2.14:Locationsof obsenrationsin Horicajo.

Figure2.15:Overlandflow collectorusedin thefield researclof Horizontes.

lation gives a satishctoryfit for overlandflow whereasa power-relationis desirablefor stream
flow. Apartfrom obserationdensity(listedin Tables2.1,2.2and2.3)thediscepang betweerthe
supportof obserationsandthe space-timaunits at which the valuesaredesired(so-calledmodel
support)is a main determinanfor the size of aninterpolationerror Table2.7 lists the obsenra-
tion supportandmodelsupportfor the variousmeasurementsThis table shavs thatthereexists
especiallyadiscrepang in spacewhereagime supportfor obseration andmodelis quite close.
Thereforeonly errorsdueto spatialinterpolationare consideredn this study Table2.8 lists the
interpolationerrors,illustrating thatthe errorsfor overlandflow larger for overlandflow thenfor
streamflev. The maincausedor the variousinterpolationerrorsarelistedin Table2.9.

The fact thatincompletespatialor temporalcoverageleadsto averagingerrorsis a logical
consequencef the non-linearityof therainfall andflow processesvolved. Also theuncertainty
in the estimationof upslopeareagapplicableto oc, o, ands) is obvious. But the explanationof
theuncertaintyin catchmentandplot boundariess lessstraightforvard. Thereforethesesources
of uncertaintywill bebriefly discussed.

By comparingdifferent interpolationtechniquegappliedto the original geodeticobsena-
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Table2.4: Validationtechniqguesandmodelsor measuresisedto calculatethe instrumenterrors,
corversionerrorsandinterpolationerrors.

typeof error: validation  tech- model/ measure:
nique:

instrument repetition average

corversion split-sample linear

(only g ando) power

interpolation cross-alidation linear

(all exceptqc) dist. weighted
kriging

interpolation repetition co—norm

(only qc)

Table2.5: Instrumenterrors,as determinedoy laboratory(l) / field (f) test. All testswere per
formedwith four repetitions.All field testsweredonein Horizontes.

obsenration type of RRMSE

instrument in %
p tipping bucket 2
Oc pressurdrans. 10
Jp pressurdrans. 3()
On manual(height) 5(fF)
Oc manual(volume) 1(f)
0p manual(coverage) 1 (f)
s manual(depth) 1(f)
w TDR 3 (/)

tions),the uncertaintyof catchmenboundariedor flat areashecomesmpparentHowever, it turns
outthattheeffectsof usingdifferentinterpolationtechniquesrestill small(5 %) in comparisorno
thedifferenceghatarisedueto theuseof differentroutingalgorithms(10to 20%), seeTable2.11.
Thedifferentrouting algorithmsappliedarethe D8, MS andDinf approachesThe D8 apporach,
the simplestmethodwhich was originally proposedby (O’Callaghanand Mark, 1984), assigns
flow from eachgrid cell to oneof its eight neighboursin the directionwith steepestiovnward
slope. The MS (Multiple directionsbasedon Slope)method,proposedy Freeman(1991),allo-
catedlow fractionsto eachlower neighboutin proportionto the slopeto anexponenttowardsthat
neighbour The Dinf approachjntroducedby Tarboton(1997),allocatesflow fractionsto either
oneor two neighboursn proportionto the aspeciof a slope. For all interpolationprocedureso
constraintshave beensuperimposedsuchasthe acceptancef a prior boundaryor stream-bed)
andfor eachof the routingalgorithmsthe same’ lake-filling’ procedurevasusedto remove pits.
Sincethecourseof stream-bedvasrelatively accuratelyestablishedor bothKaiboandHorizontes
all routingalgorithmsdid acknavledgethis quitewell andall gave the outletatthe sameocation.

After thegeodeticsuneys for bothKaibo (Raaphorstl995)andHorizontegBoerrigter,1999)
several attemptshave beenmadeto establishmore accuratecatchmenboundariesn thefield, it
appearedhat mary of those catchmentboundariesdo in fact vary quite significantover time
(HekmanandWierikx, 1998;Wubda,1998). Explanationdor this were:

1. thedirectionof furrows in arablecottonfields determinedflow direction (inter seasoras
well asintra seasonkKaibo);
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Table2.6: Corversionerrorsdueto uncertaintyof empiricalrelationshipgo derive obsered flow
volumefrom obsenationsdepthsall usingeitherthe powerrelationvolume= a depth
B or thelinearrelationvolume=a depth+ b. Therelationsfor the overlandflow obser
vations(on, 0 andop) have beenestablishedt 5 resp.10 differentlocationsfor Kaibo
andHorizontesandwereassumedo bevalid for theentirecatchment.

RRMSEin % relation nr of obs. (repetitions)
obs. Kaibo Horiz. Kaibo Horiz. Kaibo Horiz.
(o8 7 9 power power 130(-) 50(-)2
p 3p 5 power power b 50(1)
On 17 8 linear power 10(5) 10(10)
Oc - 22 - linear - 10(10)
Op 23 16 linear linear 10(5) 10(10)

a 50 obserationshave beenmadefor eachof thesix locations
b theweirsusedat theseplotswerecalibratedn the laboratory

Table2.7: Overviewn of the discrepang betweenthe supportof the obserationsandthe unit at
which the valueis desired(modelsupport). Note thatin this studythe grid cells are

20x 20m.
obseration support modelsupport

obseration space time space time
p 0.1n?  1min. gridcell  2min.

e catchment 1 min. catchment 2 min.

Jp gridcell  1min. grid cell 2min.

O 0.01m?  2min. grid cell 2 min.
Oc 0.1m? 1 event upslopearea 1 event
Op 0.1n? 1 event upslopearea 1 event

s 0.01n? 1 min. upslopearea 2 min.
w 0.01n?  1event gridcell  1event

2. the areais very flat sothatthe exact flow directioncould only be determinedon the basis
of the overlandflow obserationsduring rain, but not on the basisof geodeticobserations

(Kaibo);

3. roaddeviationsandanimaltrackschangedhe flow direction(intra seasorboth Kaibo and
Horizontes);

4. anareawasdrainedby seseralsmallditchesattwo or moresides(i.e. in oppositedirections),
while sometime®neof thesewasblocked or backwatereffectsin thelowestditch dammed
the waterup, leadingto the drainagevia both ditches(intra seasoraswell asintra event,
Horizontes).

Thelocationswherethesetypesof uncertaintyexistedareshavn in Figures2.16and2.17.
Attemptsto refine the estimationof catchmentoundarieson the basisof visual inspection
(sometimedduring rain) and using simple equipmentfailed for Kaibo, but gave a considerable
improvementfor Horizontes Whenutilizing all resources,incertaintieof 1/4th of thecatchment
areafor Kaibo and1/9™" for Horizontesremained. However, for Kaibo it was decidedto omit
the obserationsdescribedn Wubda(1998)becausaf therelatively large deviationsof thesein
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Table2.8: Interpolatiorerrorserrorsdueto interpolationfrom theobserationsupporto themodel

support.

RRMSE/RJUBE in % relation nr of locations
obs. Kaibo Horiz. Kaibo Horiz. Kaibo Horiz.
p 12 7 dist. weight  kriging 4 6

(spherical)
Oc 8 112 - - 1 1
dp 14 2 - - 6 4
On 7 12 dist. weight  dist. weight 300 300
Oc - 18 - linear - 44
Op 18 21 linear linear 10 10
S - 14 - kriging - 20
(exponential)
w 13 17 dist. weight  dist. weight 5 60
a0nly qc is expressedn RUBE, seeEquation2.2.
Table2.9: Explanationof interpolationerrors.
obseration Explanation
p incompletespatialcoverageof catchmentandnon-linearprocess
Oc uncertainandvariablecatchmenboundariegsuriaceflow)
Jp uncertaincatchmenboundariegsubsuraceflow)
On incompletespatialandtemporalcoverageandnon-linearprocess
Oc incompletespatial coverageand non-linearprocess/ uncertain
upstreanmarea
Op incompletespatial coverageand non-linearprocess/ uncertain
upstreamarea
S incompletespatialandtemporalcoverageandnon-linearprocess
/ uncertainupstreamarea
w incompletespatialcoverageandnon-linearprocess

comparisorto the othersourcegRaaphorst1995; Hekmanand Wierikx, 1998),which reduced
theuncertaintyto 1/12" of the catchmenarea.

Thelarge uncertaintyof plot dischage in Kaibo wasdueto the presencef subsuraceflow.
After establishmenof the plots and collectionof obserationsover one seasorin Kaibo, it ap-
pearedhatin a numberof eventssaturationexcessoccurredwhich hadto be dueto sub-suréce
flow wherewaterfrom outsideenteredheplot. However the approximatevolumesof thisinfiltra-
tion excesscouldbe establishedby utilizing anadditionalmodelto pre-processhe plot dischage
obsenations(effectively asa measuremergquation) significantpredictionerrors(14%) still re-
mained.

Therewasno indicationthatthe threeerror sourceginstrument,corversionerrorsandinter
polation/aeragingerrors)wererelated. Therefore taking the maximumerror (in Tables2.5, 2.6
and?2.8) of eachobsenrationtypeis a conserative estimatethatwill subsequentlpe usedasthe
effective obseration uncertaintyin this study
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Table2.10: Thetotal obseration error obtainedfrom the maximain Tables2.5to0 2.8.
Total obserationerror

spatially ~ temporally RRMSE
obseration definedon definedon Kaibo  Horizontes
p catchment 2 min. 12% 7%
Oc catchment 2 min. 8% 11%
dp grid cell 2 min. 14% 5%
Oh grid cell 2 min. 17% 12%
Oc upslopearea  1levent - 18%
Op upslopearea 1event 18% 21%
S upslopearea 2 min. - 22%
w grid cell levent 23% 17%

Table2.11:Catchmensize(in ha)ascalculatedoy differentinterpolationtechniquesandrouting
algorithms(the D8, MS andDinf algorithmsasdescribedby O’Callaghanand Mark
(1984); Freeman(1991) and Tarboton(1997) respectiely). For the MS methodan
exponentof 1.2 hasbeenused.

Kaibo Horizontes
linear cubicspline kriging linear cubicspline kriging
D8 123 118 132 201 216 212
MS 111 107 105 184 186 192
Dinf 159 141 146 215 214 231

2.6 Overland flow height and extent

On the basisof the obserationsdescribedpreviously, two aspectf overlandflow occurrence
will be addressethere: heightandextent. The frequeng of the o, obserations(approximately
one per 30 minutesfor a given location) doesnot allow a differentiationin time but a spatial
breakdevn by the soil andvegetationclasseqasdisplayedin Figures2.4 and2.10)is possible.
The extent of overlandflow hasdirectly beenobsered throughon ando,. Naturally extentis
uniquelyrelatedto the heightobsenrationsshavn previously (in the sameway asheightandflow-
volumearerelated),aslong asthe soil surfaceis not completelycoveredby water In this study
completecaverageoverthe obserationareasof (approximately20x 2m wasnever encountered.
In Figure2.18therelationbetweerheightandextentis plottedfor thedifferentsoil andvegetation
classes.Therelationsareall non-linearand sometimescontainthresholdgindicatedby arrons
in Figure2.18). Thesetresholdsverenotidentifiedon the basisof Figure2.18alone,but on the
basisof qualitative obsenationson flow patterns At thefield locationsindicatedby thearravsin
2.18it wasobsenredthatclearchange®ccuredn rill patterngduringthe obseration of overland
flow heightsand extent. At thoselocationsaveragerill depthwas measuredat a later stage.In
Figure2.19it is shavn thatthe heightat which thesethresholdoccurarevery stronglyrelatedto
theaveragerill depth.Eachdotin this graphrepresents thresholdndicatedin Figure2.18.Note
thatthelevel of thethresholds approximatelytentimesaslow astheaveragerill depth,assuming
u-shapedills this implies a rill densityof 0.1. In fact figure 2.19 shawvs a slight decreasef
effectiverill densitywith increasingaveragerill depth.Notwithstandingheinformationaboutthe
height-etentrelationshipcontainedn the soil andvegetationclassesa lot of noiseremains.This
canbeattributedto the effect of microrelief. It is obviousthatnot only dueto the non-linearityof
therelationshipbetweeroverlandflow heightandextent, but alsodueto the distinctshape®f the
overlandflow height-etent relationshipdor differentsoil andvegetationclassesthe space-time
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Figure2.16:Uncertaintyof catchmenboundariesn Kaibo dueto differentsources.The dashed
line is the catchmentsdescribedy (Wubda,1998),the dottedline asdesribedby
(HekmanandWierikx, 1998),andthe solid line is the catchmenboundarythatwas
choserin this study The meaningof thenumberds explainedon page28.

distribution of overlandflow extentwill be quite differentfrom that of overlandflow height. In
the remainderof this study only spatialdistribution of overlandflow heightwill be considered,
converting the obserations of overlandflow extent at the individual locationsto overlandflow
height.

2.7 Correlation in space and time

Like all hydrologic processesverlandflow height exhibits autocorrelatiorin spaceaswell as
time. Thequestionis however, how theautocorrelatioriunctionslook like,andwhatcharacteristic
temporalandspatialscalescanberevealed.

As expected,spatially thereexists a large anisotroy of the overlandflow distribution. In a
slopedirectiontheautocorrelationaremuchhigherthatin the contourdirection(seethetwo plots
attheleft in thetoprow of Figure2.20).In needso explanationthatflow concentratem rills and
smallgullies that flow downslope,sothatit is highly structured.Interestingly the correlograms
do revealthe effect of differentsoil unitsin Kaibo aswell asHorizontes(seethe pointsindicated
by arravsin Figure2.20).In Horizontesghesgumpsmarkthetransitionfrom vertic to non-\ertic
soils,andin Kaibo probablythe transitionbetweerndeepandshallov soils (seeSections2.2 and
2.3). Whencalculatedper soil-vegetationunit (not shavn in the figure) the correlogramado not
shawv characteristiadifferencesprobablybecausdherearetoo few obserationsperunit. Below
the correlogramgor overlandflow in Figure2.20,the correlogramgor clay contentin thetop 20
cmof thesoil andrain depthareplotted. The graphsshav thatalsofor theseprocessethereis an
anisotrop for slopeandcontourdirectionsaswell asfor low andhighintensityrain. In Horizontes
the pointsindicatedby the arrows in the correlogramsgor overlandflow canbe foundbackin the
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Figure2.17:Uncertaintyof catchmentboundariesn Horizontesdue to different sources. The
dashedine is the catchmentisobtainedby corventionalgeodeticobsenrations,the
dottedline asdesribedby processinghe GPSobsenationsBoerrigter(1999), and
the solid line is the catchmentoundarythat resultsalsoincluding direct overland
flow obserations. Thesolid line wastakenascatchmenboundaryin this study The
meaningof thenumberds explainedon page29.

correlogramdor clay contenttheravith underliningthe aforementionedhfluenceof verticity on
overlandflow patternsn Horizontes.The differentspatialstructuredor low-intensityrain (here
definedasan eventwith lessthan2 2mmh—1) andhigh-intensityrain (an event with morethan
10mmh—1) is striking. In both catchmentgorvective stormsleadto high-intensityeventswhich
comewith south-westerhigh-velocitywindsin Horizontesandsoutherrwindsin Kaibo,andhave
arelative shortduration. Most stratiform storms,on the otherhandleadto low-intensity events
with a relatively long durationand comefrom a southerndirectionin Horizontesand a south-
eastermdirectionin Kaibo. It is importantto noticethatalreadyat distancef 300to 500m the
autocorrelatiorof total eventrain depthnearlyhalvedin both high andlow intensityrain events.
Thespatialcorrelationof rain hasbeendeterminedy consideringeacheventasindependent.e.
alongdistanceapart,andcombiningall obserationsfrom the differentevents.In time, theshape
of theautocorrelatioriunctionsfor overlandflow (thetwo plotsattheright in thetop row of Figure
2.20)is moredifficult to interpret sinceit displaysthecombinecheterogeneitpf rainfall intensity
and the upslopeflow history To separateéhesetwo effects, the overlandflow during intense
rainfall andduring low-intensityrain is analysedseparatelyln thefirst casethe heterogeneityf
rainfall is dominating,whereasn the secondthe effect of flow history (i.e. spatialheterogeneity
of the upstreamarea)dominates.During high-intensityrain the autocorrelatiorof overlandflow
approachegeroalreadyafter 25 or 35 minutesin respectrely Kaibo andHorizonteswhereasn
low-rainfall conditionsit doesnot evengo to zeroafter 60 minutes. For rain the autocorrelation
over spaceaswell astime is greaterthanthat of overlandflow, asshavn in the plots at the the
bottomrow of Figure2.20.

Theseresultsshaw thatit will bedifficult to apply geostatisticatoolsto modeloverlandflow.
In the first place,the spatialprocesds anisotropicand structured(i.e. it organisesnto dendric
shapes) It hasbeenshavn in geostatisticastudiesof soil moisturedistributions, that even with
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Figure2.18:The relation betweenheightand extent of overlandflow within soil and vegetation
classeswherethe occurrencef thresholdss markedwith arrows.

large obsenation densitiest is hardto captureinterconnectednsswith geostatisticatechniques
(Westerretal.,1998,1999). Thehigh non-linearityandtemporaheterogeneitpf theflow process
aswell asthe strongdirectedspatialinteraction(i.e. effectsfrom upslopeto downslope)addto
thesedifficulties. Secondlythe dominantsourceof temporalheterogeneityviz. rain or the flow
history of upstreanmareasgdetermineshetemporalcorrelationto alarge extent.

2.8 Discussion

Comparing the catc hments

In spiteof the obvious differencedetweernhe two catchmentgsize, lithology, climateandland
use),therearealsoquite somesimilarities. It arethe resemblancebetweenthe two catchments
which will be the mainfocushere,becausehesemale it interestingto considerthe catchments
jointly in this study

Both catchmentsarelocatedin environmentswhererunof ratiosof 0.2 - 0.25areexpected,
which classifiesthemasdry catchmentgGanet al., 1997). In additionboth datasetscontaina
relatively dry yearanda relatively wet year (1997 and 1996 respectiely for both catchments).
Slopesandthe distribution of topographicaindicesare quite similar (if areasof equalsize are
considered)however the drainagedensityis slightly higherin Horizontes.In both catchments
significantportion of the areahassoils with vertic properties. Thesesoils are expectedto shav
a relatively sharpswitch from a condition of no overlandflow in a dry or semi-drystateto a
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Figure2.19:Therelationbetweenaveragerill depthandthe locationof thresholdsn the height-
extentrelationof overlandflow (seeFigure2.18)in Kaibo (+) andHorizonte0).

conditionwith muchoverlandflow whenwet. The questionremainshowever, at which stateof
wetnessthis occurs,and whetherthe hydrologicalrelevanceof this property at the catchment
scaleis not nullified by the spatialarrangementf the soil units or other factorssuchase.g.
vegetation.Finally thereis the dichotomybetweerngrassandno-grasgcropsor trees)in the two
catchmentsNo-grassmpliesin bothcaseghatthereis on averagdesssoil coverageanda higher
roughness.In Kaibo this is dueto the arablecroppingactvities, andin Horizontesdueto the
effect of shadingby treesandthe hangingaroundof cattle. All thesesimilaritiessuggesthata
methodfor overlandflow predictionshouldat leastbe applicableto both catchmentso be of ary
use(Flanagarnand Nearing,1995; Ganand Burges,1990). This correspondencdoeshowever
notimply thatoverlandflow patternsin the catchmentsre expectedto be similar. The different
locationof the soil andvegetationunits, relative to topographyrathersuggestifferentoverland
flow patterns. On the basisof information from small experimentalplots andin the literature
aboutthe Saheliarervironment,onewould in Kaibo expectno overlandflow earlyin the season
onagriculturalland,andlittle overlandflow onshrub-landwhereadaterin theseasorthesituation
is thereverse(with muchhigheroverlandflow rateson thewhole), mainly dueto crustformation
(Albergel et al., 1986; Albergel, 1987; Geelhoed1994). The effect of soil type andantecedent
wetnessds expectedto be of little importance.ln Horizontes,on the otherhand,it arethe vertic
propertiesn combinationwith topographythatarebelievedto be dominantover vegetation.This
is dueto the deepersoils, higheraveragecatchmentwetnesshigher stability of the soil surface,
andthe closerelation betweenvertic propertiesandtopographiclocation. During early season
especiallythe vertic soils are expectedto producelow runof rates,whereasn the late season
theseareexpectedo producehigh runoff rates.Theseocationscoincidegenerallywith locations
having a high upstreanarea.

Theanalysisin subsequenthapterqseeespeciallyChapters3 and4) will nuancethe above
information, which is entirely basedon existing literature. In the first placethe marked effect
of soil andvegetationdifferenceson overlandflow occurenceneedsto be proven, aswell asthe
effectsof season.

Uncer tainty

The uncertaintyof hydrologicalfield datais rarely studied. The interestin this topic normally
endsat the pointwhereerroneouobserationshave beenidentifiedandremoved andconfidence
in the integrity of the datahasbeenestablished During subsequentodelidentificationor cali-
brationsometimes fixed obserationerroris assumedhut morecommonlythe obserationerror
is neglected. It is clearfrom the estimatedbsenation uncertaintiesyhich may be ashigh as20
%, thatthesearefar from nggligible here(seeTable2.10). The mosteye-catchingfeatureof the
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Figure2.20: Autocorrelatiorof overlandflow, clay contentandrainfall in spacgleft two columns)
andtime (right two colums)for Kaibo andHorizontes.The arrows indicatethe dis-
tanceghatarecharacteristidor the soil unitsin the area(seetext).

obsenration errorsin this studyis perhapghe variability over differentprocesseandobsenation
techniquesandtherelatively large contritution to theerrorthroughthe procesf interpolationor
averaging. The questionremainshow stationaryerrorsareandhow they areactuallydistributed
in spaceandtime. Theseissuescould not be investigatecheredueto datascarcity To still get
hold on the problemof understandinghe contrikutions and structureof obseration uncertainty
it hasbeenbroken down into threecateyories,viz. uncertaintycausedy 1) measuremergrrors,
2) conversionerrors,and3) interpolationerrors.It appearedhatespeciallythis lastcategory con-
tributedconsiderablyto the obseration uncertainty Clearly, interpolationerrorsstronglydepend
on the mathematicatechniquesisedfor thesepurposesaswell asthelayoutof the obserations
in spaceandtime. For thatreasontheseresultsare specificto theseparticulardatasetsandhard
to generalize.Quite similar obserationscanhowever be found in the literature. wherethereis
relatively muchattentionto the procesf rainfall measurementlt hasbeenillustratedby Ciach
andKrajewski (1999)that, whendisregardingmalfunctioningof devices, especiallythe interpo-
lation of rainfall obserationsleadsto considerablerrors.With regardto dischage obserations,
4% changen peakdischage hasbeenobseredin controlledexperimentsonimpervioussurfaces
thatwere repeatedvith nearlyidenticalinitial conditions(Wu et al., 1978,1982). On pervious
surfaceghesituationis likely to becomemoreuncertain.In asprinklingplot experimentin Walnut
Gulchit wasfoundthat, in spiteof apparentlyequalinitial conditions,obsered peakdischages
from runof plotsvariedby nearly 35 % (Smith et al., 1994). Theseobsenrationsunderlinethat
the naturalvariability of hydrologicalprocessess in generaluitelarge. Sinceobserationuncer
taintiesprovide the lower limit to the degreeof accurag thatmay be expectedfrom models,the
lattershouldnot be expectedo achiere a greatdegreeof accurag either
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Overland flow height and extent

Therelationshipglerivedin Section2.6 highlightsomeaspect®f overlandflow thathase notbeen
encountereth theliteraturesofar. Therelationbetweerheightandextentappearso benon-linear
with severalthresholds.The first derivative of therelationin Figure2.18(i.e. the changeof the

extentfor a changein height)is very high. This implies that the obsenation of extentwill be

muchmoreaccuratehanthe obseration of overlandflow depth. This advantageof extentover

heightasan obserableis enforcedwhenconsideringhe accurag of the obseration (especially
whenconsiderindarger areasandlow overlandflow depths).Thethresholdsn the height-extent

relationshipsappearto containadditionalinformationaboutthe geometryof the surface. This is

illustratedin Figure2.19,wherethethresholdsrerelatedto theaveragerill-depthin therespectie

areasThisrelationcanbeusedto derive theeffectiverill densityoveranarea(assumingonstant
rill form anddepth)whichis givenby theslopeof therelation. Fromthefigureit canbeconcluded
thatthis effective rill densityremainsconstanfor differentlevels of overlandflow depth.

Correlation in space and time

The anisotroy of the overlandflow distribution in spaceaswell astime hasbeenillustrated.
Correlationlengthsvary from 10 to 80 m for contourand slopedirectionsrespectiely, and 25
to morethan60 minutesfor intensive andnon-intensie rain respectiely. This propertymalesit
difficult to modeloverlandflow with geostatisticalechniquesatleastwith therelatively smalldata
setavailablein this study Integrationof secondaryindicator)datain predictionandsimulation
algorithmscan alleviate someof the dataproblems. However, given that thereare no clearcut
techniquesavailable for this type of problemandthatit is not even clearwhich secondarydata
will besuitedfor overlandflow prediction,geostatisticatechniquesvill notfurtherbeconsidered
here.
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3 Analyzing overland flow with a regression
model

3.1 Introduction

In Chapter2 it becameclearthat soil andvegetationunits have marked effectson the occurrence
of overlandflow. The guestionariseswhethertheseunits can be usedas building blocks for
catchmenscaleoverlandflow prediction. This chaptertriesto find ananswerto this questionby
usingthe simplestpossibleclasslil model,in this way pursuingtheideasoutlinedin Sectionl.3.
The proposedmodelis staticandonly predictstotal event overlandflow, thus disregardingthe
heterogeneityvhithin events.A secondourposeof this chapteris to provide base-linegpredictions
of overlandflow, usinga minimum of assumptionsThesebase-lingpredictionswill laterbeused
asatouchstoneto which theresultsfrom moreelaborateanddemandingnodelsarecompared.

This chapteris organisedasfollows. In Section3.2 the regressionmodelis outlined. The
modelvariablesarederived from the original obsenationsin Section3.3. Section3.4 shavs the
resultsof the modelwhenusedfor spatialinterpolationaswell asextrapolation. The resultsare
discusse@ndconclusionsaredravn in Section3.5.

3.2 Outline of aregression method for overland flow prediction

For the proposedegressiorapproacha distinctionis madebetweerearly seasonlate seasonlow

rain intensityandhigh rain intensityconditions.In Table3.1the numberof eventsfor which the
variousoverlandflow andplot dischage aswell ascatchmentlischage obserationsweremade
arelisted. Notethatfor Kaibo thelate seasordatafor overlandflow obserationsarelacking.

Table3.1: Numberof eventsfor which overlandflow datahave beencollectedanda breakdavn
over seasorandrain intensity oy, is overlandflow heightasobseredduringrain, oy is
themaximumoverlandflow coverageduringanevent,o. is thenumberof full overland
flow collectorsatthe endof anevent,qp is dischage from runof plots, q. is dischage
asmeasuredhn the streamchannelseealsoTables2.1t0 2.3).

Kaibo Horizontes Horicajo

obserationtype oy Op Op O Oc Op (e Oh O Op Op Oc
seasoraverage 2 2 14 60 5 7 60 5 5 7 15 31
earlyseason 2 2 6 23 2 3 31 2 1 3 4 13
late season - - 8 37 3 4 29 3 4 4 11 18
low rainintensity 1 1 5 38 2 4 26 2 2 4 8 19
highrainintensity 1 1 9 22 3 3 34 3 3 3 7 12

In additionto this subdvision accordingto seasorandrain intensity a spatialbreakdavn by
the soil and vegetationclassess usedas describedin Section2.6 (seeFigures2.4 and 2.10).
Eventually the aim is to estimateoverland flow height for eachof thesetemporaland spatial
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classes.To this endthe variousobsenrationsare corvertedto a similar unit, the overland flow
ratio 0%, which is the total event overlandflow heightdivided by the total event rainfall height.
The uncertaintyof the overlandflow ratio is expressedy the relative root meansquarederror
(RRMSE,seeEquation2.1).

The o, obserationsrelateto this unit via summationover the relevant spatialandtemporal
domains.Thecorversionof o, ando. aswell astheplot dischage g, andcatchmentlischage qc
obsenationsto o* is describedn detailin Section3.3. The main stepsfor this corversionareas
follows.

1. Themaximumoverlandflow extentfor anevent(asdeterminedy op) is relatedto thetotal
eventoverlandflow height,obtainedoy integratingtherelevanto, obserations,onthebasis
of eventsandareasvherebothobserationshave beencollected.A linearor powverrelation
is usedfor eachvegetationclass. The resultingquantityis namedoy, (total overlandflow
heightasestimatedy op).

2. The numberof full collectors(asdeterminedby o) is relatedto the total event overland
flow height(from o obserations),onthebasisof eventsandareasvherebothobsenrations
have beencollected. A powerrelationis usedfor eachvegetationclass,andthe resulting
quantityis namedog.

3. The total-event plot dischage (during andtill 10 minutesafter rainfall, qp) is relatedto
total event overlandflow height(from o, obserations),on the basisof eventswhereboth
obserationshave beencollected.A linearrelationis usedfor eachplot.

4. The total-event catchmentdischage (during andtill 1 hour afterrainfall, gz) is relatedto
total eventoverlandflow height(from o, obserations),usinga multi-variatelinear model
whereeachcombinedsoil-vegetationclassis onevariable.For earlyandlate seasomlistinct
relationsarederived.

Subsequentlyhe estimatedotal event overlandflow depthfor eachperiod and soil-vegetation
classis calculatedby leastsquaresestimationin the following way. First the estimatecoverland
flow depthon basisof respectiely o, 0p, Oc, gy andq is written asa combinationof five matrix
equationsThe separatenatrix equationdor a singleeventare

1 o; I Oh1 i
=] | &lo=q 3.1)
L 1100% ] L O%g.
[ 1 171 o] [ Op1 i
= ¢ | &lo=0 (3.2)
i 1110 ] [ s
[ 1 17T o '| 0g4
L= & 10" =0 (3.3)
i 1] 10 J | Oc6 |
" o 0] o; ] _q;l_
0 0 0
9 Pl % | = | e f g
0 0 0 < Jo"=qp (3.4)
0 0 0
0 o/LO] L 0 ]
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Rrdl 7 Awa 6 01 Oc1
: : =1 ¢ | & Ko'=q¢ (3.5)
A n

wherethe x-symbolindicatesevent-totalstheindicesindicatecrop-\egetationclassesandthema-
tricesarerenamedat therighthandsidefor corvenience Thefirst equation(3.1) seemgedundant
but is includedfor clarity (seeEquation3.6). Note thatin equation3.4, which givesthe relation
betweenobsered dischage from runof plots andthe estimatedoverlandflow depth,thereare
only obsenationsfor two soil-vegetationclasses:grasson vertisol and grasson non-\ertisol in
both Kaibo and Horizontes. In Equation3.5 A j standsfor the areacoveredby soil vegetation
classin catchmentj and Ay j is the total areaof that catchmeniso A%‘:j is the relative areaof
the crop-\egetationclassi in catchmentj). Thereare6 (sub-)catchments Horizontesandonly
onein Kaibo. All valuesattheright-handsidearein mm For eachof the cateyoriesin Table3.1
(i.e. seasoraverage early seasonetc.) all therelevant eventsare combinedinto a single matrix

equationandtotal overlandflow depthis divided by total eventrainfall, thusyielding.

1] [ Oﬁl/pl 1
| Oh 2/ P2
| 051/ P2
0" = : & Lo' =y (3.6)
J Upa/P1
L K] | Ge/ P |

whereo* = %fVi, andthe subscriptnumbersi = 1...k denotethe event numbers(the overland
flow obserationsoy, o, ando; areavailablefor only few eventsasshavn in Table3.1),andp; is
therainfall in mmfor eventnumberi.

SinceEquation3.6 is over-determineda least-squaresolution(i.e. estimateof 0*) is easily
found. However, to obtainrealisticsolutionsto Equation3.6, it is necessaryo considerthe ob-
senation errorswhich do not allow a statisticaltreatment(seeSections2.4 and2.8). Therefore
herea deterministicsolutionis soughtby assuminghatthe obseration errorsare unknavn-but-
boundedwhichmeanghatonly theupperandlower boundsof theerrorsareknown but ary other
information aboutits distribution is lacking. Hencethe obsenration error (€) canbe definedin
termsof lower andupperboundsony. Thevalueslistedin Table2.10 are usedasobseration
errors.Adding the obseration errorsto Equation3.6 leadsto a setof inequalityequations

Lo < y+e
Lo* > y—e (3.7)
A mini-max solutionis determinedfor this setof equationsusing the simplex-basedalgorithm
provided in Menke (1989). In somecasegqKaibo late seasonand Horizontesearly seasonthe
minimization problemof Equation3.7 is ill-posed. For that reasonthe following constraintis
addedto alwaysobtaina uniquesolution.

Ko* =g (3.8)

whereq is the total catchmentdischage divided by total rainfall over the respectie season.
The mini-max solutionminimizesthe maximumdeviation of obserationsfrom predictions.The
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resultsof the abore methodappearto be equivalentto the weightedleast-squaresolution of
equation3.6, usingvariancegproportionalto thevaluesin Table2.10andanoc—norm.
The uncertaintyof the derived o*-valuesis determinedby cross-alidation and expresseds

RRMSE(seeEquation2.1). The cross-alidationuseshefollowing procedure.

1. amodelis derivedonthebasisof all theobserationsatall locationsexceptoneobsenation
typeatonelocation;alocationis definedatthe modelsupport(seeTable2.7).

2. the obsenrations (for all available events) at the particularlocation are predictedby the
derived modelandthe RRMSEvaluesfor thesepredictionsaredetermined

3. stepl and2 arerepeatedor eachlocation

4. theresultingRRMSE-\aluesareaveragedoer soil andvegetationclass

Thereasorfor the spatialaveragingin step4 is thatthe obseration densityis too low andspread
too unesento allow a spatialinterpolationon a statisticalbasis(e.g. throughsplinesor kriging).

The calculationof the RRMSE per soil andvegetationclassstill allows a spatialanalysisof the
error, albeitin alimited way.

3.3 Deriving model variables from original obser vations

Overland flow height and extent

As notedabove, a relationbetweenoverlandflow heightandextentis requiredto relateo, to op
andoc. Therelationsderivedin Section2.6 aredefinedfor instantaneousaluesof extent. Since
0p ando¢ give only event-maximathe relationsarenot applicableto thesedata. Thereforenen
relationswill be derived. For eachevent and spatialunit wherea maximumextentis obsered
(op), thetotal event overlandflow heightis calculatedby integratingthe o, obserationsfor the
respectie areaandevent. It appearghatdifferentrelationshipsanbe distinguishedn particular
for differentvegetationtypes,whereassoil playsno role. Figure3.1 shaws the resultsfor Kaibo
aswell asHorizontes. The figure shaws thata linear relationshipis reasonablé¢o relatethe two
quantitiesfor shrub,arablecropsandtrees. For grassa power-relationshiphasto be used. Note
thatthe equationsareforcedto passzero.

maximum overland flow

extent (op, fraction)

Kaibo Horizontes

shrub arable crops grass trees
g 30
= _ O
oE O OAO o o ® 4
SE 201 o0 % o
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Figure3.1: Therelationbetweerthe maximumextentandtotal event overlandflow heightwithin

vegetationclasses.

Anotherestimatorfor the maximumoverlandflow extentover an eventis the numberof full
collectors(asdeterminedy o). In Horizontes20 of suchcollectorshave beenusedover 7 events,
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and24 over 5 events(seeTables2.2 and2.3). Theseobserationsarecombinedthroughnormal-
ization (division of the numberof full collectorsby the total numberof collectorspervegetation
class). Also in this case,vegetationis far more discriminatingthan soil andthereforeonly the
relationsbetweerp; ando* areshawvn pervegetationclassin Figure3.2. A power functionis used
to describetherelationbetweerthetwo quantities Notethatonly a smallpartof theop, o andoy,

obserationsareusedto derive therelationsin Figures3.1and3.2.

grass trees
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Figure3.2: Therelationbetweerthenumberof full collectorsandtotal eventoverlandflow height
within vegetationclassesfor Horizontes.

Overland flow height and catc hment disc harge

Thetotal-eventplot dischage (q,) andcatchmentlischage () is relatedto total eventoverland
flow height(from o, obserations),usinga multi-variatelinear modelwhereeachcombinedsoil-
vegetationclassis onevariable. For early andlate seasordistinct relationshipsare derived. In
Table3.2the valuesof the six parameteestimatesaswell astheir standarddeviation, aregiven
for both early and late season.For Kaibo thereare no dataavailable to derive the late-season
parameters.Sincethere are clear correspondencesetweenthe parametergor Horizontesand
Kaibo in the early-seasomituation,the late-seasomparametergor Horizontesare usedas late-
seasorparametergor Kaibo aswell in whatfollows. Note thatin Table 3.2 only the valueof g;
andits standarddeviation is given (i.e. omitting the relative areaA%'tjj, viz. Equation3.5). Only
partof the o, qc andqp datawere usedfor this derivation. The parameteraluesprovide two
insights. In the first placethe relatve parametedifferencesbetweerthe classesndicatewhich
of thesearerelatedto relatively high or low overlandflow heights. Secondly the averagevalue
of the parameteréndicateswhetherthereis, on the whole, re-infiltration of overlandflow before
it reacheghe catchmenbutlet (in thatcasethe averageparameteralueis smallerthanone),or
sub-suraceflow (averageparametewraluesbiggerthanone). The first interpretationlearnsthat
especiallysoil-vegetationclasseq), to g producemuchoverlandflow in Kaibo andHorizontes
in early season.The secondinterpretationshavs that especiallyin Kaibo re-infiltration playsa
large role in early seasongspeciallyon vertic soils. In Horizontesthis is lessthe case. In late

seasolit appearghatsomesub-suréceflow takesplace,especiallyon non-ertic soilsandgrass
vegetation.
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Table3.2: The parametewaluesof a multivariate linear model, relating total overlandflow of
eachsoil-vegetationclassto catchmentischage, for earlyandlate seasomespectiely
(seeEquation3.5). For 'Kaibo - Late Season’,only the g, datawere available for
calibration,hencethe valuesfor g, g4, g5 andgs aremissing. The valuein braclets
givesthe standarddeviation of the parameteestimate.

Early Season Late Season
parameter soil/vegetation Kaibo Horizontes Kaibo Horizontes
01 vertisol- grass 0.07(0.02) 0.01(0.02) 0.87(0.49) 1.02(0.31)
02 vertisol- no-grass  0.08(0.04) 0.04(0.02) - 0.87(0.23)
O3 no-vertisol- grass  0.13(0.09) 0.09(0.06) 0.36(0.23) 0.43(0.13)
Os no-vertisol- no-grass 0.19(0.10) 0.12(0.09) - 0.37(0.16)
Os shallaw - grass 0.18(0.07) 0.22(0.08) - 0.41(0.26)
Os shallov - no-grass 0.17(0.06) 0.16(0.10) - 0.87(0.29)
3.4 Results

Disc harge at the catc hment outlet

To get a first impressionof the model performancehe dischage predictionsby the modelare
comparedto the obsered values. In Figure 3.3 the event totals of predictedversusobsered
dischage areplottedasa fraction of total eventrain. For Kaibo the modelslightly over-predicts
dischage (especiallylow dischage ratios)andfor Horizontesthe modelslightly underpredicts
dischage (especiallyathigh dischageratios). Thereis no apparentifferencebetweercalibration
andvalidationevents.In Figure3.4thedeviationsof thesepredictionsover the seasorareshavn.

The structuredpatternfor Kaibo is causedby the factthat 1997 wasa dry yearwith very little

dischage. For the decreasingrendin the predictionerror for Horizontesno explanationwas
found.

Kaibo Horizontes

o
fe)

0.4

0.2

predicted (fraction)

(@]

0 02 04 06
observed (fraction)

Figure3.3: Obseredversugpredicteddischageratios(eventtotalsof dischageasfractionof total
eventrain) atthe outletsof Kaibo andHorizontedfor the calibration(e) andvalidation
(+) data.

Spatial prediction

Spatialpredictionsof overlandflow depthare made,usingthe modelof Equations3.7 and 3.8,
the datadescribedn Sections2.2 and2.3, andthe relationsshovn in Figures3.1and3.2. The
obsenrationsusedto establishtherelationsin Figures3.1and3.2 andthe parametersf Table3.2
arenotusedin thepredictions.
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Figure3.4: The differencebetweenobsered and predicteddischage ratios over time for Kaibo
andHorizontes.

Theresultsfor the seasonatverageoverlandflow ratio areshavn in Figures3.5and3.6,and
theresultsfor earlyandlate seasonaswell asfor low andhighrainintensityareshovn in Figures
3.7and3.8. In thesefiguresthe color scaleis variedto focuson the spatialpatterngi.e. the effect
of soil andvegetation),ratherthanon the differencesbetweenthe figures. Seasonalityappears
to effect the impactof vegetationaswell assoil. Especiallythe effect of vertisolsin both Kaibo
andHorizontesis striking: in early seasoroverlandflow is very low, whereasn late seasorthe
overlandflow ontheseis high. In addition,the effect of crops/treegor Kaibo/Horizonteshanges
markedly over the season.In early seasoroverlandflow is lower thanaverage ,whereadn late
seasorit is higherthan averagefor thesevegetationclasses.lt is notavorthy thatthe RRMSE
of the prediction, which was obtainedthrough crossvalidationis in mary casesonly slightly
higherthantheeffective obserationerror(seeTable2.10),whichimpliesthatthemodelperforms
relatvely well. In additionit turnsout thatthe relatve RRMSE s often high for small overland
flow ratios(especiallyin early seasorandfor low rain intensities).This impliesthatmodelerror
increasegesswith the predictedvalueasobseration errordoeswith obseredvalues.

Extrapolating overland flow and disc harge obser vations

The ultimate test of the suitability of the soil, vegetationand topographicclasseds by testing
the predictive capabilitiesof the obserationsat one of theseclassesot throughinterpolation,
but throughextrapolation. Here an attemptis madeto performsuchtests. Spatialextrapolation
is appliedby usingthe obsenrationsfor the Horicajo sub-catchmento malke predictionsfor the
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Figure3.5: Predictedaverageoverlandflow ratioandRRMSEover the seasorfor Kaibo.
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Figure3.6: Predictedaverageoverlandflow ratioandRRMSEover the seasorior Horizontes.

sameeventsover the entire Horizontescatchment.The procedurédor this spatialextrapolationis

asfollows.

1. Overlandflow depthanddischagearecalculatecbnthebasisof theobserationsin Horicajo
for the variousspatialunits (formedby the soil-vegetationclasses)wherebythe obsera-

tionsusedfor parameterizatiofviz. Figures3.1,3.2andTable3.2) areomitted.

2. Thevaluesobtainedfor eachspatialunit areassignedo the correspondingpatialunitsin

theHorizontescatchment.

3. The averageoverlandflow depthand dischage valuesare calculatedfor the three other

sub-catchmentsf Horizontes(codedasresp.c, d andb & e togetheiin Figure2.13).

4. Theestimatedub-catchmentaluesarecomparedo the obsered overlandflow depthsand

dischage valuespersub-catchment.

The predictive capabilitieswith regardto both dischage andoverlandflow areshavn in Figure
3.9. The 124 datapointsin theleft-handgraphresultfrom 31 eventsover 4 sub-catchmentgnd
the 42 pointsin theright-handgraphfrom 6 soil-vegetationunits over 7 events. It turnsout that
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Figure3.7: Predictedaverageoverlandflow ratio and RRMSE for low/high rain intensitiesand
early/lateseasonKaibo.

the predictionof dischage in the othersub-catchmentsf Horizontesby applyingthe modelde-
rived for Horicajo is quite well possible. Note that dischage predictionis possibleby the last
part (Equation3.5) of the total overlandflow regressionmodel (Equation3.6). In contrast,the
extrapolationof overlandflow givesworseresults.A possibleexplanationfor this phenomenoiis
thatdischage is determinedoy two lateralflow componentsyiz. overlandflow andsub-surce
flow, wherebythe total lateralflow is easierto predictthanthatof oneof its componentsAlter-
natively, this discrepang canbe attributedto the relative low overlandflow obseration density
over Horizontes(i.e. a shortcomingn the measuremenayout). Sincethereis no evidencefor a
differentpartitioningof the lateralflow componentsn Horicajo comparedo Horizontes thelast
explanationseemsnostlikely.

3.5 Discussion and Conclusions

Combining diff erent obser vations with a regression approach

The regressionmethodpresentedn this chapterties up differentkinds of obserationssuchas
manuallyobsered overlandflow heights,overlandflow in collectorsand catchmentischage,
via atwo stepapproach:1) by usinglinearandnon-linearmeasuremergquationgo relateeach
obseredquantityto thetotal-ezentoverlandflow height,and2) by combiningtheseoverlandflow
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Figure3.8: Predictedaverageoverlandflow ratio and RRMSE for low/high rain intensitiesand
early/lateseasoniHorizontes.

heightobsenrationsfrom differentsourcesn alinearproblemwith inequalityconstraintsin spite
of the considerabl@bsenration errors(seeTable2.10),a uniquesolutioncanbe found by using
amini-maxcriterion. The methodis computationallyery simple,which allows its applicationto
large datasetsandthe calculationof the modelperformancevia cross-alidationasexplainedin
Section3.2.

Spatial predictions

It seemdeasibleto spatially predictoverlandflow occurrencewith the proposedegressionap-
proach.Notwithstandinghe substantiapredictionerrors(notethattheseareexpressedsrelative
rootmeansquarecerror, seeEquation2.1), thesedo not overshadw theinformationcontainedn
the overlandflow predictions. Distinguishingbetweenearly andlate seasoraswell asbetween
high andlow intensityrain contriltutessubstantiallyto this result. This is shavn by the reduction
of the predictionerror when applying a seasonabreakdan or a breakdevn accordingto rain
intensity relative to the predictionerrorwhenusinga singlemodelfor theentireseasonThe sub-
divisionsalsoprovide someinformationaboutthe processethatcauseoverlandflow in theareas.
In Kaibo overlandflow depthsarein particularhigh in late seasoron shallav soilswith a shrub
vegetation,andwith high rain intensitieson vertisolsand shallav soils with a shrubvegetation.
Low overlandflow depthsare encounterean vertisolsin early seasorandon deepsoils at low
rainintensities Apparently saturatiorof thetop-soiloccursontheshallov soilsin lateseasorand

48



n=42

predicted discharge ratio
predicted overland flow ratio

o

O Y
0 0.5 1 0.5 1

observed observed
discharge ratio overland flow ratio

Figure3.9: Therelationbetweerpredictedandobsered dischage andoverlandflow ratios. Pre-
dictionsarebasedon extrapolationof obserationsin Horicajo.

intense-rairdll situations.The shrubvegetationoccursrelatively oftenin combinatiorwith shal-
low soilsandis associatedvith a relatively smoothandcompactsoil surface,which hasa lower
infiltration capacitythanthe equivalentsoils underarableland. In Horizontesit arein particular
the shallaw soilsthatproducehigh overlandflow depthsJow overlandflow depthis encountered
onvertisolsin earlyseasorandon deepsoilswith treesatlow rainintensities.

The static model as a predictive tool

The possibility to usethe modelfor predictive purposeswvasinvestigatedin Section3.4. The
limited test(a split-catchmenapproach¥or Horizontesshaved that the predictionof dischage
was possiblebut that overlandflow predictiongave unsatisactoryresults. The failure to predict
overlandflow sufiiciently well was attributed to the low obseration density of overland flow
depthin Horizontes. Unfortunatelysucha testwasnot possiblein Kaibo wheretherewasonly
onedischage measuremeribcation.In view of theseresultsit is difficult to assesshe predictive
power of the staticmodelpresentedhere.At this pointthe questionis relevantwhethera different
modellingapproachwould notbemoreappropriatdor this predictive purposesA dynamic(semi-
) distributed modelwould be the naturalcandidate given the widespreadavailability anduseof
thesemodels. Thesemodelswill however be equallydifficult to evaluatefor predictve purposes
for thereasongyiven above. In the next chapterhowever, an attemptis madeto investigateand
predictoverlandflow with a distributedmodel.
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4 Analyzing overland flow with a parameter
distrib uted model

4.1 Introduction

It hasbeenexplainedin Chapterl thatoverlandflow is definedasthatpartof surfaceflow which
hasyet not enterecchannelf agivensize. It maybecausedy saturatiorof the soil from belav
(saturationexcess)or abore (infiltration excess). The conditionsunderwhich eitherinfiltration
excessor saturationexcessmay leadto overlandflow have beenstudiedin depth(Dunneetal.,
1975),andin additionthequantitatve descriptiorof overlandflow hydraulicshasrecevedconsid-
erableattentionin hydrology(e.g.Emmett,1970;MooreandFoster 1990;ParsonsaandAbrahams,
1992;Stoneetal., 1996).It wasalsoarguedin Chapterl thatinfiltration andoverlandflow routing
have beencommoncomponentén distributedparametemodelsof catchmenhydrologysincethe
late sixties. Thefactthatfunctionalrelationsaswell assolutionschemesisedin thesemodelsre-
mainediargely unchangedincetheir conceptionn the early seventiescould beinterpretedasthe
relatve matureunderstandingf this part of the hydrologicalsystem(e.g. Crawford andLinsley,
1966;Dooge,1973). However, in spite of the understandin@f theseprocessesat the plot-scale,
andthe availability of distributed parametemodelsa quantitatve predictionof overlandflow or
even a qualitatve predictionof overlandflow patternsat the catthmentscaleis not easilymade.
A mainreasorfor thisis the large heterogeneityf the factorscontrolling overlandflow in com-
binationwith the limited ability to measurahesefactors(de Lima, 1989). This heterogeneitys
believed to be especiallyapparenin dry catchmentswith a pronouncedseasonatlimate (Gan
etal.,1997).In contrastwith thedistributedobsenration of atmospheriprocesseandsomemore
static propertiesof the earthsurfacethroughremotesensingtechniquesyery little progresshas
beenmadein observingateralwaterfluxesat theland surface. Whenconsideringoverlandflow,
it appearghatonly saturationdischage at the downslopeendof slopesor the redistriution of a
tracerhave beenmeasuredn afew field experimentge.g.Abrahamsetal., 1986,1989;Burt and
Butcher,1986;Scoging,1992a).Thesevariablesareonly indirectly linkedto overlandflow depth,
durationor extent. Sothereis a kind of deadlockin both obseration andmodellingof overland
flow: distributed modelsare believed to be finished(at leastconceptually)but unfortunatelyof
little purposedueto datascarcity Thisimpliesthereis, in generalno reasorto collectfield data
from both a scientific(the systemis understoodpr an engineeringthe modelrequiresexcessie
amountof field datafor applications)yiewpoint.

In this Chaptersomeof the underlyingpremisedeadingto this stalematerecritically inves-
tigated,concentratingpn thetwo catchmentshathave beendescribedn Chapter2. A distributed
parametemodelfor overlandflow predictionin thesecatchmentss proposedandwith regardto
this modelthreequestionsareinvestigatedn particular:

1. Canthemodelbe calibrated,n the sensehata setof nearlyoptimal parameterss derived
which which canbe usedfor predictive purposes?

2. How doesthe proposedmodelfor overlandflow comparewith the alternatve regression
approactoutlinedin Chapter3?
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3. Doesthemodelreproducesomeof the spatialheterogeneityf overlandflow?

This Chapteris organizedasfollows. In section4.2 the overlandflow modelandits parameter
ization is outlined. This is followed by an explanationof the calibrationprocedureemployed.

Then,in sectiord.4,thevalidity of themodelis testedon the basisof dischage andoverlandflow

obserations.In Section4.5 overlandflow patternan spaceandtime areanalyzedandcompared
to thoseof Chapter2. The spatialheterogeneitpf the predictedoverlandflow is comparedo that

of the obserationsin Section4.6. Finally, resultsarediscussedn Section4.7.

4.2 Model description

The spatialdistribution, coverageanddepthof overlandflow hasbeenobsered directly for only
alimited numberof events. Thereforeanintegrative frameawork is requiredto usethe remaining
data,mainly dischage but alsoinformationfrom infiltration experimentsto infer overlandflow
from theindirectobsenrations. For this purposea distributed overland-flav modelis used,which
will bedescribedere.

Theoverlandflow modeldescribesnfiltration by a simplified Green-Ampinfiltration model

b(x)
Tt
wherer (x,t) is theinstantaneousfiltration ratein mmmin~1, A(x) thefinal infiltration rateafter
along periodof rainin mmmin—1, b(x) the soil moisturestoragdill in mmandt is time afterthe
startof arainfall eventin min. The soil moisturestoragefill b(x) is assumedo be a function of
thefollowing antecedentvetnessndex

r(xt) =AXt)+ (4.2)

b(X) = = (4.2)

wherek is anindex indicatingthe day precedinghe event, P(x, k) is therainfall at day k in mm
P(x) is the averagerainfall over the decadeprecedingthe event, and B(x) is the soil moisture
storagdill for averagedecadeain conditionsin mm

Rainexcessg(x,t), is definedas

e(xt) = p(x,t) —i(xt) (4.3)

wherep(x,t) is rain ratein mmmin—1.
Thecontinuityandflow equatioraregivenby

aq(x,t) n oh(x,t)

ox ot = e(Xat) (4_4)
w0 h(x’t)\/gh(xitz)fiiz(t%(X)) (4.5)

with
) = 1209~ @6)

fb(x)
)

whereq(x,t) is unit width dischagein mn? min1, h(x,t) is flow heightin mm g thegravitational
constant:9810mms~2, B(x) is the slopegradient(-), f(x,t) the Dargy-Weisbachfriction factor
fa(x) is the intial friction (-) and fb(x) the rate of friction losswith increasingflow depthin
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mm Notethat W in equation4.5 representdlow velocity, V(xt), in mmmin~t. For

solvingthis systemof equationsa simplebackwardsdifferencefinite differencesolutionis used:

q(x,t —At) —g(x—Ax,t —At) i h(x,t) —h(x,t — At)

Ax At = e(x,1) 4.7
Whichyieldsafterrearrangemengndsolvingfor d(x;t):
h(x,t) — h(X,t — At) + e( )AL + %{ [(X— A%t — A) — q(x,t — AL)] (4.8)

Initially, theflow depthatt =ty + At is determinecentirelyby e(x,t), sinceinflow attheboundaries
is zero. Routingover the surfaceis doneby a drainagenetwhich is calculatedaccordingthe D8
algorithmby O’CallagharandMark (1984).

Theabove schemeappearso be stablefor the spatio-temporadliscretizatiorof 20x 20 m and
10s, sothatapplicationof morecomplex differenceschemege.g.alLax-Wendrof scheme)s not
required. The spatialresolutionimplies a problemwith 6800 statevariablesfor Kaibo and8000
statevariablesfor Horizontes. The modelis aclassll model(seesectionl.3)in whichinfiltration
is describecempirically lateralsubsuréceflow is absentandoverlandflow is representetby the
kinematicwave approximation Thesoil andvegetationclassegseeFigures2.10,2.4) areusedfor
parameteronation(i.e. for eachclassa singleparametewrectoris allowed). The soil-vegetation
classesrelistedin Table4.1andabrief descriptionof thefour modelparameterss givenin Table
4.2.

Table4.1: Codingof the differentcombinationof soil andvegetation(for Horizontes)andland
use(for Kaibo) types.

code soil vegetation/ landuse
1 deepyvertic non-treed arableland
2 deep vertic trees/ shrubland
3 deep,non-\ertic non-treed arableland
4  deep,hon-\ertic trees/ shrubland
5
6

shallawv non-treed arableland
shallawv trees/ shrubland

Table4.2: Parameteraluesassumedo be constanfor the overlandflow model.

code unit description
fa — initial Dargy-WeisbacHfriction
fb mm rateof lossof friction with increasingoverlandflow depth
A mmmin! infiltration parameterfinal infiltration rate
B mm infiltration parametersoil moisturestoragdill

4.3 Model calibration

It is well-known thata mini-maxsolutionasin Section3.2 cannotbe easilyfound for non-linear
models,asthe modeldescribedby Equationst.1to 4.6. Thereforethe modelhasbeencalibrated
using an 2-norm, weighting all obsenrations equally and using the (direct) controlledrandom
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Table4.3: An overview of themodelentitiesto which thevariousobserationsarematchedn the

calibration.
modelunit
obserations time space matchingwith
(. dischage- 1 min grid celP catchmenbutlet
catchment
gp dischage- plot 1 min grid cell grid cellswith upslopereache®f similarsize
with similar soil andvegetation
o, overlandflow - 2min grid cell grid cellswith upslopereache®f similar size
height with similar soil andvegetation
o overlandflow - event vegetation  correspondingvegetation,using the number
collectors unit of full overlandflow collectorsandFigure3.2
0p overlandflow - event grid cell grid cellswith upslopereache®f similar size
paths, zero cover with similar soil andvegetation
age
0p overlandflow - event slopereach  upslopereachesof similar size with similar
paths, maximum soil andvegetation usingmaximumcoverage
coverage andFigure3.1
s watertabledepth  event slopereach  upslopereache®f similar sizeandwith sim-
ilar soil andvegetation
w  soil moisture event grid cell grid cellswith similarupslopereache®f sim-

ilar sizeandwith similar soil andvegetation

3only atthe catchmenbutlet

searchmethodintroducedby Price (1979)with the softwaredescribedn Stol etal. (1992). The

reasorfor usingadirectsearctmethodasopposedo derivate-basedptimizationmethodsis that

theformeris morerobust(e.g.JohnstorandPilgrim, 1976;Hendricksoret al., 1988; Sorooshian
etal., 1993). Table 4.3 lists to which modelunits the variousobsenationsare matched. More

specifically Table 4.3 gives the units over which the obserations are averagedwhen usedas

calibrationdata. Clearly very few modelunitswill correspondxactly with the obseration unit

in termsof upstreamarea,soil, andvegetationtype. On the otherhandi,it is undesirabldo usean

obsenration only for matchingat a singlegrid cell, sincethis leavesthe parameterizatioproblem

extremelyill-conditioned(e.g.Duanetal., 1992).To solwe this problema similarity index is used
to determinghe degreeof correspondencketweeran obseration unit with modelunits at other

locationsgn thecatchmentTheupstreanareaandsoil-vegetationclassesreusedior thispurpose.
Thesimilarity index is calculatedasfollows.

S — (Zgl (Aobsi,cAmocuyc))2 4.9)
! Amod

where§ ; is the similarity index for obserationi andgrid cell j. Theindex ¢ (= 1...6) indicates
oneof the six soil-vegetationclasses Amoq (in m?) is the upstreamareafor grid cell j. Agpsic
(in ) is the areaof soil-vegetationclassc within the upstreanareaof obserationi; andAmod j ¢
(in m?) is the areaof soil vegetationclassc within the upstreamareaof modelgrid cell j. Only
thosegrid cells j areconsideredhathave anupstreamareacloseto A;, i.e. Aj = A +-tolerance
In this studythetolerancds setto 0.1A;. Theweightattributedto anobsenrationi in determining
thevalueof amodelunit j is inverselyproportionalto S ;. Theuncertaintiesissociateavith each
of the modelvariablesaretaken from Table2.10. As notedpreviously, the algorithmchoserfor
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modelcalibrationis a controlledrandomsearchprocedurewith constraintson the parametersit
graduallyimprovesaninitial setof parameterby replacinggheworstparametevectorfrom theset
by abetterone.Optimizationis donefor six timesfour parameter¢fa, fb, A andB, seeEquations
4.1,4.2 and4.6), onefor eachsoil-vegetationunit. After calculatingfor eachobserationi and
all grid cells j thesimilarity indicesS j (Equatior4.9),the parametewector® = [fa, fb, A, B for
eachsoil-vegetationunit is derivedin thefollowing way.

1. Generatearoundeachinitial parametewector 10° new vectorsusing a latin hypercube
samplingscheme.

2. Determinethe performancef eachparametewectorby the following performanceéndex

wherel the total numberof obserations;J is the total numberof grid cells; pred ; is the
model predictionrelatedto obserationi for grid cell j; obs is obserationi; and§ ; is
asdefinedin Equation4.9. The bestperformingparametewectoris indicatedby 6y, with
performance€,, theworstperformingparametevectorby 6,, with performance,,, andthe
averageparametevectoris indicatedby 8 with performance.

obs
predj — =—
] S,j

- (33

J

3. A new parametewrectoris generatedasedon the following procedure:a) one parameter
vector8 is choserrandomlyout of the existing vectors,b) an averageparametevector 0
is calculatedon the basisof the existing parametewectorsminusthe selectedrector c¢) the
new parametewectoris calculatedoy 8,, = 26 — 6.

4. If thegeneratedhew parameteralueis outsidethe hypercubedefinedby the parameteset
bounds.a new setof parametewraluesis generatedstepl), usingthe up-to-datehyperbox
(seestepb).

5. CalculateC for 6, (C), andreplacethe worst-performingparametewector 6,y with 6, if
C,>Cy.

6. Re-calculatehe enclosinghyperboxfor the new setof parameters.

7. Repeathe procedurdrom step4, until H%HZ < % (the 2-normof thefirst derviateof
C with respecto the calibratedoarameterbecomesmallerthana stop-criterium).

After deriving the parametewvector setsfor the six soil-vegetationunits (in a randomorder),
the seven-stepprocedurds repeatedsereral times, therebyagainselectingthe order of six soil-
vegetationunits randomlyand eachtime randomlyselectingvaluesfrom the existing optimized
parameterectorsetsasinitial values.Theinitial parameteralueswhich arelistedin Table4.4,
aredeterminednthebasisof obsenationson 1n runof plotsin Kaiboandwith aGuelphperme-
ametelin HorizontegseeSection2.2and?2.3). More detailedinformationaboutthe optimization
procedureappliedhere,canbefoundin Hendricksoretal. (1988)andPrice(1979).

The modelis calibratedandvalidatedfor both Kaibo and Horizontes. As calibrationdataat
first only the calibrationeventsindicatedin Table 2.1 have beenusedfor Kaibo, and only the
calibrationeventsindicatedin Tables2.2 and 2.3 for Horizontes. Thereafterthe calibrationhas
beenrepeatedusingboth calibrationandvalidationdatain Tables2.1,2.3and2.2. For the case
thatonly calibrationdataareused,the resultsareshavn in Table4.4. Theresultsfor usingboth
calibrationandvalidationdataareshavn in Table4.5. The calibrationis doneon thosetwo data
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setsfor two reasonsi) to investigatethe dependencef the optimal parametewalueson the size
of the calibrationdataset, 2) to enablethe intercomparisorwith the resultsin Chapter3, where
themodellingapproachrequiredall datato be usedfor calibration. Whencomparingthe results,
in Tables4.4and4.5, it is striking how little thesediffer. Apparentlythereis not muchadditional
informationcontainedn hevalidationdataset. As shavn in thetablestheinitial parametewalues
for the calibrationprocedureare equalfor the two cases.The sensitvity to this initial valuewas
alsoinvestigated. It appearedhat, whenselectinginitial parametewaluesin the range0.5 - 2

timesthe valueslisted in Table4.4, differentoptimumparameterectorswerefound. Therange
over which the optimumparameterectorsvariedwasnot big. They werealwayslocatedwithin

the rangeof parametewaluesthatyield C — valueswithin 10% of C, (theserangesaregivenin

Table4.4 aswell). Thelimits of thoserangeswere always quite constantandinsensitve to the
initial parametewrectors.Notethatall parametersreassumedo be constanover time, which is

probablyawrongassumptiongonsideringsomeresultsthatwill be presentediater In Sectiord.4
thevalidity of usingthe parameterangesnsteadof singleparameteralueswill beinvestigated.

4.4 Model validation

Precedingthe interpretionof the model output, the model behaiour will be testedfirst. This
testing,which will subsequentlype calledmodelvalidation,is in thefirst placedoneon basisof
thedischage aswell asoverlandflow datafrom both Kaibo andHorizontes.This is followed by
anassessmertf theantecedenivetnessasarelevantfactorfor themodelonthe basisof Horicajo
data.Finally the sensitvity of the predictionsto changes$n the parameteraluesis evaluated.

Discharge at the catchment outlet

In Figure4.1the eventtotalsof predictedversusobsered dischage (asa fraction of total event
rain) areplottedandin Figure4.2 the deviationsof thesepredictionsover the seasorareshavn.
Fromthe plots canbe inferredthat dischage is not reproducedxceptionallywell (viz. Figures
3.3and3.4). For both Kaibo andHorizontesthe modelslightly over-predictsfor low ratio’s and
underpredictsat high dischageratio’s. An analysisof the predictionerrorsover time (seeFigure
4.2) revealsthatthe predictionfor both catchment$iasa negatie bias,is skawed, andthatthere
is no specialtrendover time or ademonstrableffect of seasonalityor Horizontes but thatthere
is a strongnegative biasfor Kaiboin 1997. Especiallyfor Horizontesthe validationdataseento
bereproducedvorsethanthe calibrationdata.

To quantifythedeviation of predictionsrom obsenationsthreestatisticaindicesareused:rel-
ative root meansquarecerror(RRMSE),biasandthe coeficient of efficiengy (E¢) (Aitken,1973;
Greenand Stephenson]986; Guptaet al., 1998; Nashand Sutcliffe, 1970). The threestatistics
arelistedfor the calibrationandvalidationrunsin Table4.6. It appearshatfor thevalidationdata
considerablylower performancds obtained,which pointsat the likely overparameterizatiomf
themodel. Furthermorghetableshawvs thatthe threestatisticsarestronlgycorrelated.Therefore
only theRRMSEwill beusedasa summarystatisticin whatfollows.

Overland flow depth at various resolutions

Thevalidationof the modelwith regardto its capabilityto predictthe overlandflow depthis done
with the direct obsenrationsof overlandflow (the obserationsoy, o; andop, in the 'validation
set’ of Tables2.1,2.2and2.3). In Figure4.3the correspondenckeetweertheseobsered entities
and the predicedvaluesare shawvn for threelevels of spatialaveraging,i.e. averagesfor: 1)
singlegrid cells (on) or for upslopereachego. andoyp); 2) soil-vegetationunits; and3) anentire
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Figure4.1: Obseredversugpredicteddischageratios(eventtotalsof dischage asfractionof total
eventrain) atthe outletsof Kaibo andHorizontesfor the calibration(e) andvalidation
(+) data.

catchmentNot surprisingly for increasindevelsof spatialaveragingthe correspondendeetween
obserationsand predictionsincreasegseeFigure4.3). The relatively large improvementwhen
maoving from the single grid cell or upslopereachto an averagefor the soil-vegetationunit, in
comparisoro thatfor maoving from the soil-vegetationunit to the catchments striking. It implies
thatthe sizeof soil-vegetationunitslevel outalarge partthe heterogeneityhatis not capturecoy
thedistributedmodel.

In spiteof the considerablescatterwhenconsideringhe aggregationlevel of the grid cell or
upslopereach,in all caseghe correlationbetweerobsered andpredictedoverlandflow ratiosis
quitelarge andgivesno reasorto rejectthe proposednodelasimproperfor the systemat hand.

The effect of pre-event wetness

Pre-eentwetnesgsometimesalso calledantecedentvetnessn the hydrologicliterature)is ex-
plicitly incorporatedin the modelvia Equation4.2. The fact that this term is commonly not
encounteredn similar parametedistributed models(seeSection4.7) raisesquestionsaboutits
usefulnesor validity. The effect of pre-eventwetnesson overlandflow is studiedhereonly for
Horicajo,sincethisis the only sitewheretheinitial soil moisturecontenthasbeenmeasureaver
adensenetwork. In Figure4.4 the relation betweenpre-ezent soil moisturein the top 20 cm of
a grid cell (an averageof several TDR obserationsin that grid cell up to two daysbeforean
event, seeSection2.5) andpredictedoverlandflow depthfor thatgrid is shawvn for differentsaoil
andvegetationunitsin the two figuresat the left. In the two figuresat the right the samerela-
tion is shavn but now with the averagepre-a/ent soil moisturecontentof the entireareaupslope
from the grid cell whereoverlandflow is obsered. Therelationpicturedin Figure4.4is in fact
strongly supportingthe assumptiorthat pre-ezent wetnesss positively relatedto overlandflow
(via Equationd.2it doesso by reducingthe infiltration) for all soil andvegetationtypes(at least
for Horicajo). Furthermordt is shavn thatthe pre-erent soil moistureconditionof the entireup-
slopeareais much betterrelatedwith the overlandflow depthat a downslopegrid cell thanthe
soil moisturecondition of the grid cell itself. Especiallythis last obseration is a new insight.
However a soil moisture- overlandflow relationshiphelpsto understandhe occurenceof over
land flow, it doesnot provide a meansto obsere overlandflow indirectly becausesoil moisture
obsenationsover large volumesare costly and perhapsaven moredifficult to acquirethandirect
overlandflow obserations(vanLoon andTroch,2002). This becomesvenmoreapparentvhen
thetemporalchangeof soil moistureis consideredor thedifferentsoil units. Figure4.5illustrates
this by shaving the rangesandaveragesf obsered soil moisturecontentfor the threedifferent
soil classesonsideredn this study The soil moisturecontentof e.g. the shallav soils may be
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Figure4.2: Thedifferencebetweernobsered andpredicteddischage ratiosover time for Kaibo
andHorizontes.

considerabhhigherthanthatin the othersoils over thefirst partof the period,whereast is lower
in the secondpartof the period. A similar obseration canbe madewith regardto the fluctuation
in soil moisturecontent(for vertic soilsit is lessvariable).
Otherrelationshipdetweerpre-ezentconditions(especiallypropertieof thesoil surfacesuch
asroughnessgracksandthe presencef a crust)andoverlandflow may be establishedndshov
an even strongerrelationshipthanthat of pre-ezentwetnesgespeciallyso for Kaibo). However,
therearenot sufficient dataavailablein this studyto establisrsuchrelationships.

Sensitivity to variation in parameter values

It hasbeenpointedout in Section4.3 that the modelis mostlikely overparameterizedn the
sensdhatonly a nearoptimum parametefit canbe establishednoreor lessobjectively through
hyperboxs (i.e. parameterangesfor eachof the parametersseeTables4.4 and4.5). Herethe
effect of this overparameterizatiofs investigatedn termsof predictionaccurag. Thisis done
by selectingrandomly10.000parameterectorsfrom therangedistedin Table4.4,subsequently
predictingwith eachparameterectoranddeterminingthe RRMSE (on the basisof the valida-
tion dataasdescribedreviously) for eachprediction,andfinally averagethe RRMSE. Another
technigueemployedis to usethe parameterectorsfor prediction,thenaveragethe predictionsat
eachtime instant,andfinally determinethe RRMSE for the averageresult. In Table4.7 the two
methodgindicatedas’range’and’ensemble’)arecomparedwith the resultobtainedwhenusing
thesingle’optimum’ parametesetfor the predictionof dischage. The predictionwith theparam-
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Figure4.3: Correspondencbetweendistributed overlandflow obserationsand model predic-
tionsatthreeresolutiongor HorizontesandKaibo.

etersfrom the parameterangeis only slightly worsethanthatwith the 'optimum’ value. Much
moreinterestings the factthatthe ensemblgredictionis smallerthatthe ’optimum’ prediction.
Apparently the parameterangecontainsmoreusefulinformationthanthe single’optimum’ pa-
rametervector This resultimplies thatan ensemblemethodshouldbe usedfor predictingwith
thismodel.Paradoxicallytheimplicationis thatalthoughthe modelis overparameterizedt does
in this casenot devaluatethe modelpredictive capabilites.It is quite likely thatthereare strong
correlationsin the parametespace Jeadingto lower-dimensionalsub-spaceslf suchstructures
canbeidentifiedandsamplingfrom theseis facilitated,it is possibleto considerablyenhancehe
predictive capabilitiesof the model(e.g.Keesmarandvan Straten,1990). With thelimited setof
obsenationsavailablefor this studysuchanidentificationis unfortunatelynot feasible.

Differences between split-sample and cross-v alidation

It hasbeenoutlinedin Section4.3thatthe useof only a limited dataset(labeledas’calibration’
datain Tables2.1,2.2and2.3)doesnotleadto inferior modelresultsin comparisorio usingmuch
moredata(both’calibration’ and’validation’ data).For validationthe useof oneor the otherdata
setmay have quite significantresults. In casethe validationdatais resered for validationonly,
both split-sampleadn cross-alidationis possible. If this validationdatais alreadyusedduring
calibration,only cross-alidationcanbe appliedto evaluatemodelperformanceln Chapter3 the
entire datasetwasrequiredfor calibration,and as a resultcrossvalidation was applied. With
thedistributedmodelusedhereit waspossibleto calibratethe modelon boththe calibrationdata
setor the entire dataset. On the basisof thesetwo calibrations,the differencesbetweensplit-
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Figure4.4: Therelationbetweernpre-arent soil moisturecontentaveragedover a modelgrid-cell
(left) or areaupslopefrom thatgrid-cell (right) andobsered event averageoverland
flow ratio for that grid-cell, consideringdifferent soil and vegetationunits (the cat-
egoriesfor 'shallav soil’, are omitted becauseherearerelatively few soil moisture
obserationson this unit). All obserationsarefor Horicajo.

sampleandcross-alidationareinvestigated.In Table4.8 the resultsareshavn. It appearghat
the two validationtechniquedeadto resultswhich are quite close. It is importantto noticethat
(absolute)RMSE valuesfor the split-sampleand cross-alidation techniquesare divided by the
sameaveragedobsered valuesto obtainthe RRMSE. Sincesplit-samplevalidation providesa
strongettestovertime whereasross-alidationgivesa strongeitestover spacethisresultimplies
that variability in both spaceandtime mustbe equallyimportant(seethe discussiornon this in

Section3.5). A bettervalidationdataset(which shouldleadto higherRRMSE values)may be
constructedoy samplingfrom spaceaswell astime. An importantresultis that both waysto

validateleadto similarresultssinceit impliesthattheresultsfrom theregressiormodelin Chapter
3 canbecomparedvith thosehere(seeSectiornd.5) andin subsequernthapters.

4.5 Overland flow patterns in space and time

Relation between overland flow and static catc hment proper ties

Already prior to modelcalibrationthe spatialsubdvision of the catchmentasbeenimposedin
orderto yield a usefulparameterizationThis simplesubdvision into six homogeneougonesof
parametervaluesdoeshowever not imply that the spatialpatternof overlandflow occurences
relatedin a simpleway with thesezones.This s partly dueto rain heterogeneityandeven more
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Figure4.5: The changeof soil moisturecontentfor differentsoil types. The vertical solid lines
indicatethe rangeof soil moisturecontentfor deepsoils with vertic propertiesthe
vertical dottedlines indicatethe valuesfor deepsoils with non-\ertic propertiesand
the the shadedareaindicatethe valuesfor shallav soils. The symbols(+, ¢ ando)
indicatethe averagevaluesfor therespectie soil types.

throughtopographiceffects. This pointis illustratedwith Figures4.6 and4.7 thatgive theaverage
overlandflow mapsover the entirewet seasorfor Kaibo andHorizontesrespectiely.
Whencomparedo Figures2.3,2.4,2.9and2.10, Figures4.6 and4.7 suggesthatin Kaibo
especiallyvegetationand soil factorsare correlatedwith overlandflow occurencewhereasin
Horizontestopography(in this caserepresentethy the topographidndex) is muchmorerelated.
However theserelationshipscannotcompletelyilluminate the driving forcesof overlandflow,
sincethereare significantcross-correlationbetweenthe varioustopographic,soil and vegeta-
tion factors,it givesa qualitative ideaaboutthe differencesbetweenthe differentervironments.
Consideringthe relative similarity in soils betweenthe two catchmentsprobablythe dryer av-
erageconditionsin combinationwith soil tillage actvities on arableland in Kaibo causethese
differencesThis hypothesismpliesthatin wet late-seasoronditions Kaibo shouldalsodisplay
moreinfluencefrom topography Whensplitting the outputdataaccordingto seasoror rain in-
tensity applyingthe samesubdvision asin Chapter3, it appeardhatindeedin dry conditions
soil andvegetationunits arethe main determinant®f overlandflow, whereasn wettersituations
topographieffectscomeinto play. Overall, topographidnfluencegemainstrongeiin Horizontes
thanin Kaibo (seeFigures4.8and4.9). Themoststriking characteristiof thesemapsarethevery
differentpatternsbetweenearly andlate seasoraswell aslow andhigh rain intensity This rein-
forcesthe suggestiorthat probablydifferentparametrization$or eachof thesesituationswould
leadto bettermodelresult. However, aswasalreadynotedin Section4.2,the datasetpresently
availablecontainsnot sufiicientinformationto supportsucha parametrization.
Thebest(qualitative) explanationfor the obsered differencesetweerthe earlyandlate sea-
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Figure4.6: Predictedaverageoverlandflow ratioandRRMSEover the seasoror Kaibo.
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Figure4.7: Predictedaverageoverlandflow ratioandRRMSEover the seasoror Horizontes.

sonsis the pronounceddry seasorin combinationwith the vertic propertiesof somesoil units.
First of all thereis the strongvegetatve developmentover the seasonin closeinterplaywith the
actiity of soil macrofauna. And secondlythereis the strongchangeof both storagecapacity
and permeabilityof vertic soils with increasingwetness.In early seasonwhenthe soil is dry,
the cracksin the soils with vertic propertiesreducethe level of overlandflow considerably In
late seasorwhenthe soils arewetterandcrackshave disappeared reversesituationexists, then
soilswith vertic propertiesshav a higherlevels of overlandflow becausef very low infiltration
capacitiesShallav soilstendto producealwaysmoreoverlandflow thanthe deepesoils.

Whencomparingthe overlandflow predictionsasshawvn in Figures4.8 and4.9to thosedis-
playedin 3.7 and3.8respectiely, therelative differencegespeciallyin RRMSE)areeyecatching.
The RRMSE s for mary soil-vegetationunits almosttwice aslarge for the modelemplo/ed in
this studyin comparisorto theregressiormodelof Chapter3.

4.6 Spatial heterogeneity, predicted and obser ved

In Figures4.11to 4.14a moredetailedanalysisof the spatialpatternsof obsered andpredicted
relative overlandflow depthsis shawvn. In thesefiguresthe obsered andpredictedoverlandflow
ratiosaregivenfor the four transectsn Horicajo. In Figure4.10thelocationandthedirectionof
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Figure4.8: Predictedaverageoverlandflow ratio and RRMSE for low/high rain intensitiesand
early/lateseasonkaibo.

thefour transectareshavn. Thethreeupperplotsin Figures4.11to 4.14displayingtheobsered
andpredictedrelative overlandflow depthsfor threeevents,andthelowestplot shavs the eleva-
tion, upslopeareaandsoil-vegetationtypesfor the transect..Figures4.11to 4.14reveal thatde-
viationsbetweerobsenedanpredictedoccurat all elevations,upstreamareasandsoil-vegetation
types. The mostextremedeviations are however seenat relatvely high averageoverlandflow

depths. The figuresillustrate that the spatialvariability of the obsered overlandflow depthis

higherthanthat of the modelpredictions. In spite of theseshortcomingsn the predictionsthe
overlandflow levelsarereasonablyeproducedta coarseaesolutionexceptfor eventthreewhere
the overlandflow depthis consistentlyover-predicted. It is notablethat for this third eventthe
spatialvariability for bothmodelpredictionsandobserationsarehigherthanfor theotherevents.
It canbe seenfrom the figuresthat the predictedoverlandflow patternsfor the threeeventsare
moresimilarthantheobsened patterns Overallit canbeconcludedhatatthegrid-scaleoverland
flow is notpredictedverywell. In spiteof this, therearestill interestingcorrespondencdsetween
obseredandpredictedoverlandflow patternsasexplainedabove.
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Figure4.9: Predictedaverageoverlandflow ratio and RRMSE for low/high rain intensitiesand
early/lateseasoniorizontes.

4.7 Discussion

Model form, its calibration and validation

The model chosenherehastwo main featureswhich distinguishest from mostotheroverland
flow models(e.g.deLima, 1989;Scoging,1992a;FlanagarandNearing,1995).

1. it hasrelatively few parameterswhich is achiezed by neclectinglateral sub-suréce pro-
cessesindusinga limited numberof soil-vegetationclassegor parametezonation;

2. it is event-basedbut explicitly andin asimpleway incorporateshe pre-ezentwetnessn its
parameterizatioof infiltration (viz. Equation4.2).

For calibrationusehasbeenmadeof a similarity index, in orderto matchobsenationswith model
variablesat distantlocationsbut with supposedlysimilar featuresdue to a correspondencée
upstreanarea,soil andvegetationtype. It is importantto notethatthis proceduredoesnotaddas-
sumptiongo themodel,sincetheparametevalueswverealreadylinkedto thesamesoil-vegetation
units. It canbe seenasa sophisticatedvay to usetopographiqupstreamarea)aswell assoil and
vegetationinformationto regionalizelocal state-obsemtions. It is notablethatthe pre-eventwet-
nesswasnotincludedin theinitial versionsof themodelpresentedhere.lt hasbeenimplemented
afterearlierversionsof model,with muchmore parametershadbeenevaluatedanddid not per
form well. The factthatthe useof the zonationandthe pre-ezent wetnesswhich both causea
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Figure4.10:The location and direction of the four transectsalongwhich overlandflow heights
wereobsenedin Horicajo(seealsoFigure2.14).

coarseningf the effective modelresolutiondid prove to be successfulljs anindicationthatthe
distributedmodelmight be definedat atoo fine resolution.

Model validation shaved that dischage is not predictedvery well by the distributed model
(Figures4.1and4.2versus3.3and3.4). At the sizeof thegrid cellsor singleslopesoverlandflow
depthis notreproducedrery well, but at thelevel of soil vegetationunits or the entirecatchment
the predictionsarequitereasonablé¢Figure4.3),implying thatwithin soil-vegetationunitsalarge
partof theheterogeneitythatis notcapturedy themodelattheresolutionof agrid cell or upslope
reach,is levelled out. Theinclusionof pre-erentwetnessasa factordetermininginfiltration was
tested.

Overland in Horizontes and Kaibo: correspondence and diff erences

The topographicainformationandthe catchment-scaldischage obserationsare quite similar
for HorizontesandKaibo. This correspondenceould suggesthat overlandflow patternsin the
catchmentsare quite homogeneouandsimilar. In contrastthe geomorphologicatlescriptions,
in combinationwith the differencesn land usedynamics suggesbig differencesn mechanisms
leadingto overlandflow. Accordingto themodelpredictionghetwo catchmentarequitedissim-
ilar with respecto their overlandflow mechanismsin Kaibo soil andvegetationfactorsaremore
importantin determiningthe occurenceof overlandflow, whereasn Horizontesit aremainly to-
pographicafactors.Theseeffectscanhowever not be separatedompletelysincethereis a strong
spatialcorrelationbetweensoil, vegetationandtopography(seeFigures2.10and2.4). In Kaibo
saturationexcessrunoff occursonly in 5 % of the events,whereasn Horizontesit is obseredin
almost20 % of the events,but in all eventsthelargestcontrikution to overlandflow is infiltration
excess.

Kaibo and Horizonteshave catchmentdischage/rainratios of respectiely +0.1 and £0.2.
Both valuesappearto be closeto whatis expectedin theseervironments(seeSections2.2and
2.3). Thisindex classifiedbothcatchmentasdry (Ganetal., 1997).
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Figure4.11:0Obsenred (circles)andpredicted(bars)overlandflow ratiosalongtransectl in Hor-
icajo for threeevents(top 3 graphs). The bottomgraphgiveselevation (solid line),
upslopearea(log-scaleddashedine) andsoil-vegetationtypes,thatcorrespondvith
theuppergraphs.

Seasonality: single versus multiple model parameterizations

Also strongseasonatrendsappearto exist. In this studyit is shavn thatin both environments
strongseasonairendsexist, with increasindevels of overlandflow towardsthe endof the season.
For Horizontesthe trendcanbestbe explainedby the cracksin vertic soils underdry conditions
(at the startof the wet season)andfor Kaibo an additionalexplanationis the a decreasingoil
roughnesf the arableland over the season.In Kaibo the differencesbetweenearly and late
seasorare most pronounced. In spite of the qualitative natureof the obserations and model
predictionspresentedn Section4.5, the seasonatrendsare so obvious that thesehave to be
taken into accountin overlandflow modelling. The obseration that seasonakffectsrelateto
the stateof the soil surface, vegetatve gronth and biological activity is not nev. The relation
betweena soil’s infiltration capacityand crustformationaswell asthe actiity of macrofauna
have beenreportedbeforefor the West African Sahel(Brouwerand Bouma,1997; Hoogmoed
andStroosnijder]1984; StroosnijderandHoogmoed1984; Hillenaar,1995;Mandoet al., 1996).
However, the impactof thesefactorsat the catchmentscaleshave beenlargely neglected. The
focushasinsteadbeenmainly on the heterogeneityf relief andrain (e.g.Albergel et al., 1986,
1987;Rodier,1982;RodierandAuvray, 1965; Sivakumaretal., 1991). For the dry forestareaof
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Figure4.12:Obsened (circles)andpredicted(bars)relative overlandflow depthalongtransec2
in Horicajofor threeevents(top 3 graphs).The bottomgraphgiveselevation (solid
line), upslopearea(log-scaleddashedine) andsoil-vegetationtypes thatcorrespond
with theuppergraphs.

Horizontesseveral studiesareknow thatpay attentionto seasonalrendsin relationto vegetation
andsoil faunabut for theseconditionsthe seasonalactorshave never beenrelatedto hydrologic
processe¢Janzen1991). Strongseasonalitymplies that thereare only two optionsfor proper
modelparameterization:

1. useall seasonalactorsfor parameterizatiofconsiderthemasasinputs,justasrain); or

2. parameterize modelfor a periodbrief enoughthatall parametergsanbe consideredcon-
stant.

Effectively bothapproachebave beenfollowedin this study albeitthatthefirst wasappliedin a
relatively simpleway.

The distinction betweensoils with vertic and non-\ertic propertiesdealswith soil changes,
andthe distinctionsbetweengrassversustrees(Horizontes)or grassversusarableland (Kaibo)
dealwith differencesin vegetatve developementandland husbandry In additionthe pre-e/ent
wetnessndex partially reproduces seasonagffect.

Recalibrationon morerestricteddatasets(early seasonversuslate seasorandlow intensity
versushigh rain intensity) wasalsodone. However, this wasshavn to be not effective: the ap-
proachrequiresa muchlarger datasetto yield similar results(seeTable 4.6). It it still possible
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Figure4.13:Obsened (circles)andpredicted(bars)overlandflow ratiosalongtransecB in Hor-
icajo for threeevents(top 3 graphs). The bottomgraphgiveselevation (solid line),
upslopearea(log-scaleddashedine) andsoil-vegetationtypes,thatcorrespondvith
theuppergraphs.

thatutilizing modelsfor specificperiodsare moreeffective thana singlemodel, but thesewould
requiremoreparismoniougparameterizationshich meansffectively consideringesszonege.g.
only distinguishingoetweervertic andnon-\ertic soilsin early seasonandbetweergrassandno-
grassn lateseason)it wasbeyondthescopeof this chaptetto testthisidea,but it will be subject
of investigationin Chapter6.

Concluding remarks

To thequestionghatwereposedat the startof in this Chaptersomeclearanswersanbegiven.

A distributed model could be calibrated after somezonationof the parametersvasapplied,
andby usingpre-e/entwetnessasanadditionalforcing next to rain. Only rangesof nearoptimal
parametersould be defined but simulationon the basisof theserangesdid producesatisctory
results. In comparisonto the regressionapproachoutlinedin Chapter3, the modelresultsare
inferior at the resolutionof both the soil-vegetationunits andthe catchment.Predictionsat the
grid-resolutiorseento beuntrustworthy. Overlandflow is indeedheterogeneols spaceandtime
in thetwo studycatchmentsalsowhenaveragecveranevent. It is quiteclearthatahomogeneous
layer of overlandflow is a rarity, asmuchasthe saturatiorof the surfacesoil layerover anentire
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Figure4.14:Obsened (circles)andpredicted(bars)overlandflow ratiosalongtransec# in Hor-
icajo for threeevents(top 3 graphs). The bottomgraphgiveselevation (solid line),
upslopearea(log-scaleddashedine) andsoil-vegetationtypes thatcorresponavith
theuppergraphs.

slopereach. However, this heterogeneitys of a deterministicnatureand canbe understoocand
evenbereproducedo somedgyreethrougha detailedobseration of theterrainanda qualitative
understandingf the system. In this studyit hasbeenshavn thatin both catchmentghe vertic
natureof soils andthe differencesin vegetationcover do explain a lot of the heterogeneityof
overlandflow (seeFigure4.3). At the grid scale the heterogeneityf overlandflow obserations
arehowever notreproducedhtall (seeFigures4.11to 4.14).

Becausdhe distributed model utilized in this study seemgo be a reasonabl@verlandflow
predictorat coarseresolutions(i.e. predictionsaveragedover soil andvegetationunits) while it
appeargo beavery poor predictorat the grid scale the conclusionmustbe thatthe modeldoes
not fully exploit its distributed nature. This suggesthatthe modelmay requiresomecondition-
ing, so-calledregularization(Tarantola,1987)with distributed informationto performbetter At
presentherearehowever no techniquesvailablethatcanapply regularizationto dynamicmod-
els of this size (statevectorswith morethan5000variables).It is hardto interpretthe resultsof
this studyto definefurtherresearchguestions.On the one handthe modelis conceptuallywery
simpleandrelatively parismoniousvhencomparedo otherparametedistributedmodels.Onthe
otherhandthe modelis, dueto its distributed nature,still very demandingo calibrate. For this
reasorsystemidentificationaswell asregularizationtools cannoteasilybe appliedto this model
to find a suitableparameterizatioandit is furthermoreunsuitabldor measuremeraptimization.
The spatiallumping of this particulargrid-basedmodelis no solutionto this problem. Suchan
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operationwould changethe connectiity of the drainageflow paths(Quinnetal., 1991)aswell
asthe extentand meaningof the units for which the modelis parameterizedKim, 1995). The
conclusionwith regardto this point canbe statedconciselyasfollows. Distributed modelsmay
bevery goodpredictorsfor overlandflow if properlyreguralizedandif the properspatio-temporal
resolutionis chosenput in generaldistributed models(just asthe modelusedhere,describedy
Equations4.1to 4.6) aretoo large for regularizationanddo not allow to easilyvary resolution.
Referringto Figure 1.1, Table 1.1 and Table 1.2, one could say that distributed modelsmay in
principle be suitablefor predictionor projection(phase2 and3), but cannever be appropriately
beparameterizeth anidentificationprocedurgphasel of systemmodelling).

Theseanswersareencouragingatleastto suchanextentthatin thefollowing chaptersaquest
is madefor bettermethodsto exploit the datafor overlandflow prediction. Naturally for these
methodgheforegoingresultswill bethetouchstone.
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Table4.4: Initial parametevaluesfor calibrationandparametevaluesaftercalibration,usingonly
calibrationdata. The initial parametervaluesarethe samefor Kaibo andHorizontes.
Theoptimumparametewaluesaregivenin combinatiorwith the parameterangeshat
yield nearoptimum predictions(i.e. RRMSE valuesup to 10% higher),in the colum

"10% opt!
optimumparametewalues
initial Kaibo Horizontes
par value 10%opt. optimum 10%opt. optimum

Setl: deepyertic; non-trees/ arableland

fa 20 17-21 18 14-15 15

fb 15 9-14 13 12-15 13

A 0.4 0.22-0.47 0.35 0.42-0.61 054

B 1.8 1.43-2.01 1.73 1.33-1.96 1.72
Set2: deepyertic; trees/ shrubland

fa 8 9-11 11 8-10 9

fb 6 6-8 7 3-6 5

A 0.2 0.21-0.35 0.34 0.23-0.36  0.36

B 2.3 2.08-2.45 2.11 1.93-2.24 1.95
Set3: deepnon-vertic;non-trees/ arableland

fa 20 10-20 11 8-20 14

fb 15 5-9 5 4-9 6

A 0.4 0.43- 0.67 0.62 0.34-0.43 0.34

B 2.8 2.83-3.03 2.99 2.12-248  2.36
Set4: deepnon-vertic;trees/ shrubland

fa 8 4-5 5 3-4 3

fb 6 2.1-3.2 3 0.2-0.96 0.7

A 0.5 0.44-0.58 0.47 0.52-0.74 0.61

B 2.8 2.85-3.12 3.01 2.13-2.92 2.79
Set5: shallow;non-trees/ arableland

fa 4 1-3 1.6 2-3 2.1

fb 2 0.5-0.9 0.5 0.2-0.8 0.3

A 0.4 0.12-0.41 0.39 0.4-0.74 0.61

B 15 1.51-1.86 1.76 1.52-1.98 1.92
Set6: shallow;trees/ shrubland

fa 4 1-4 1.9 2-4 1.7

fb 2 0.2-0.7 0.3 0.2-11 0.4

A 0.4 0.22-0.47 0.28 0.54-0.83 0.76

B 15 2.01-2.54 2.10 1.32-2.41 2.16
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Table4.5: Initial parametevaluesfor calibrationandparametevaluesaftercalibration,usingboth
calibrationandvalidationdata.Theinitial parametevaluesarethe sameasthosein Ta-
ble 4.4 andrepeatedherefor clarity. The optimumparameteraluesaregivenin com-
binationwith the parameterangesthatyield nearoptimum predictions(i.e. RRMSE
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valuesup to 10%higher),in the colum’10% opt.

optimumparametexalues

initial Kaibo Horizontes
par value 10%opt. optimum 10%opt. optimum
Setl: deepyertic; non-tees/ arableland
fa 20 17-20 18 13-15 15
fb 15 7-13 12 13- 15 14
A 0.4 0.18-0.47 0.34 0.46-0.60 0.55
B 1.8 1.42-2.12 1.68 1.30-2.03 1.69
Set2: deepyertic; trees/ shrubland
fa 8 9-11 11 8-10 9
fb 6 6-8 7 3-6 5
A 0.2 0.31-0.39 0.35 0.23-0.36  0.36
B 2.3 2.00-2.51 2.05 1.93-2.24 1.95
Set3: deep,nhon-vertic;non-trees/ arableland
fa 20 10-20 11 8-20 14
fb 15 6-9 7 4-9 6
A 0.4 0.43-0.67 0.64 0.34-0.43 0.38
B 2.8 2.83-3.02 2.96 2.12-2.48 234
Set4: deep,nhon-vertic;trees/ shrubland
fa 8 4-5 5 3-4 3
fb 6 2.1-35 2.8 0.2-0.96 0.7
A 0.5 0.47-0.54 0.51 0.54-0.82 0.61
B 2.8 2.89-3.08 3.02 2.38-3.21 2.79
Setb: shallow;non-tees/ arableland
fa 4 1-3 1.6 2-3 2.1
fb 2 0.5-0.9 0.5 0.2-0.8 0.3
A 0.4 0.12-0.41 0.39 0.4-0.74 0.61
B 15 1.51-1.86 1.64 1.52-1.98 1.81
Set6: shallow;trees/ shrubland
fa 4 1-4 1.9 2-4 1.8
fb 2 0.2-0.8 0.3 0.2-1.2 0.4
A 0.4 0.23-0.53 0.31 0.63-0.95 0.82
B 15 2.01-2.86 2.61 1.31-257 238




Table4.6: Efficiengy (%), Bias (%) andRRMSE(fraction) of dischage predictionfor calibration
and validation sets, for Kaibo and Horizontes,using the optimum parametewvalues
listedin Table4.4.

Kaibo Horizontes
eventtype statistic calibration validation calibration validation
all events E: 83 76 87 72

Bias 4 5 4 11
RRMSE 0.08 0.11 0.09 0.13
low intensity E¢ 86 72 93 79
Bias 4 5 7 13
RRMSE 0.05 0.12 0.11 0.14
highintensity E¢ 83 69 91 72
Bias -2 -15 -3 15
RRMSE 0.07 0.09 0.08 0.16
earlyseason E¢ 72 67 81 73
Bias 8 15 6 22
RRMSE 0.11 0.13 0.1 0.11
late season E; 85 64 84 76
Bias 12 24 -3 -14
RRMSE 0.12 0.17 0.09 0.14

Table4.7: RRMSEof dischage predictionfor calibrationandvalidationsets for Kaibo andHori-
zontes.Theresultsfor usingthe singleoptiumvaluelistedin Table4.4 aregivenin the
column’optimum’, theresultsfor predictingwith a setof 10.000individual parameter
vectorsfor the 10%-rangean Table4.4 aregivenin the column’range’,andthe results
for predictingwith the averageof the samel0.000parameteraluesare given in the
column’ensemble’.

Kaibo Horizontes
eventtype  optimum range ensemble  optimum range ensemble
all events 0.11 0.13 0.08 0.13 0.14 0.07
low intensity 0.12 0.15 0.09 0.14 0.16 0.09
highintensity  0.09 0.12 0.07 0.16 0.17 0.11
earlyseason  0.13 0.17 0.07 0.11 0.15 0.08

late season 0.12 0.13 0.06 0.14 0.15 0.07

Table4.8: RRMSEof dischage predictionfor validationwith a split-sampleandcross-alidation,
for Kaibo andHorizontes.The resultsarefor usingthe ensemblgredictiontechnique
and using the parameterrangeslisted in Table 4.4 (split- samplevalidation) and 4.5
(cross-alidation).

Kaibo Horizontes
eventtype  split-sample cross-alidation split-sample cross-alidation
all events 0.08 0.09 0.07 0.10
low intensity 0.09 0.07 0.09 0.07
highintensity 0.07 0.08 0.11 0.09
earlyseason 0.07 0.11 0.08 0.09

late season 0.06 0.07 0.07 0.06
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5 Identification of scale dependent models:
design of an algorithm !

5.1 Introduction

In the precedingchapterst hasbeenarguedon the basisthe resultsof a regressionmodeland
a distributed overlandflow modelthat theseare not ideal for overlandflow prediction. For the
regressiormodelthefew possibilitiesto includesystemdynamicsandthe high datarequirements
when predictingat fine spatialresolutionsare limitations. The distributed model, on the other
hand,is notidentifyableandlackstheflexibility to changehe spatialandtemporalmodelresolu-
tion easily Onthebasisof this the questionariseswhethera modelthatis dynamicbut contains
fewer spatialelementghanthe distributed modelof Chapter5 would provide a goodalternatve.
If so,the questionis which (spatialandtemporal)resolutionto chooseandalsohow to establish
the structureof sucha model. Beven (1995)andKleme$(1983)arguedthatthis goal might best
be achieved by following a disaggrgation approach.From their agumentsalsofollows that at
eachresolutionprobablya specificmodel structurewould be mostappropriatej.e. the model
structuresare supposedlyscale-dependentFinally, it seemdikely that not a single modelcan
standoutasbeingthe optimal,evennotat a singleresolution but possiblyan entiresetof models
(e.g.Beven,2001). Theseideasarebeingtestednereon the basisof a syntheticdatasetof water
flow from a hillslope during andbriefly afterrainfall. A new identificationmethodis developed
for this purpose.The methodderivesan appropriatanodelstructureat a given resolution,using
a setof input-outputdataand somebasicknowvledgeaboutthe system. The methodis basedon
Monte Carlotechniqguesaindconsidersa setof valid models ratherthanonly one.

This chapteris structuredas follows. In Section5.2 an explanationof several conceptss
given. Thisis followed by a detaileddescriptionof theway in which a setof modelsis formulated
in Section5.3Next, in Section5.4, analgorithmto find appropriatemodelsout of a modelsetis
explained. The methodis subsequentlgppliedto a syntheticdatasetin Section5.5. Following to
thatwe discusghestrenghtandweaknessesf themethodin Section5.6. Conclusionsaredravn
in Section5.7.

5.2 Explanation of concepts

In orderto find a propermathematicablescriptionof a hydrologicalsystema setof modelsis
used. Therulesthat definethis setof modelsare calledthe template Thetemplatecomprisesa
list of statevariables,possibleinputsandauxiliary variables,an allowed numberof parameters,
maximumparameterangesandallowed subdvisions of spaceandtime. A specificcombination
of statevariables,inputs,parameterangesandsubdvision of spaceandtime is calleda model
Eachmodel satisfyingthe definition provided by the templatecanbe written asa time-variable

1This chapteris anadaptedrersionof: E. E. vanLoonandK. J. Keesmanldentifying scale-dependemiodels: The
caseof overlandflow atthehillslope scale Wat. ResourRes, 36(1): 245-254,2000.
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physicallybaseddescriptionof the hydrologicalsystem.Thegeneraform is asfollows
Xk = AkBKCiXk_1 + AxUk (5.1)

Yk = HiXg + & (5.2)

wherethe vectorxy containshe statevariablesandthe vectoruy theinputsattime instantk. The
matricesA, Bx andCy containtime-varying stochasticoeficientsthatarelargerthanzeroand
smallerthan one,and are calledtransition matrices. The vectoryy containsthe outputs,which
shouldcorrepondwith obserations. The matrix Hy is the obseration matrix, relatingthe model
statevariablesto the obserations.In this chapteHy containsonly onesandzerosandis constant
over time. The vector g containsunknavn-but-boundd (UBB) errors (seethe discussionin
Section2.5), which meanghatonly the upperandlower boundsof the errorsareknown but any
otherinformationaboutits distribution is lacking. Hencee is definedin termsof the lower and
upperboundsg, ande respecirely. In AppendixB adetailedderivation of this modelis given.

Thetransitionmatricescontainthe system-dynamicsand describesacha differentaspeciof
a hydrologicsystem.Ay describeghe partioningof waterover the differentstatevariablesandis
calledthe partitioning matrix, Bx determineghe spatialredistritution of waterandis calledthe
transportmatrix, Cx givesthe partitioning betweenobserable andunobserable statevariables
andis calledthe internal-statematrix. The partitioningmatrix and internal-statematrix are not
essentiallydifferent, but are distinguishedo malke a cleardifferentiationbetweenthe processes
(statevariables)that can be measurede.g. surfacerunoff andinfiltration) and thosethat can
not be measuredsatishictory (e.g. subsurdcerunoff and drainage). The column sumsof the
transitionmatricesare equalto oneandeachcolumnmay be thoughtof asa discreteprobability
distribution of thewatertransporfprocessThefactthatthecolumnsof thetransitionmatricessum
to unity ensureghatmassis consered. Thetime-varying stochasticoeficientsof thetransition
matricesarepieceaviselinearfunctionsof statevariablesor inputvariables. Thesepiecaviselinear
functionsare calledkernel functions. The coordinatef the breakpointdn the kernelfunctions
arethemodelparameters.

Onbasisof thetemplatevariousmodelswhich maydiffer in detailandstructure areidentified
in two steps Firstwe performanUBB calibrationstep.If amodelwith a specificparametevector
canreproducehe datawithin the error boundsspecifiedduring calibration,that modelis called
behavioual andstoredin the prior modelset. Secondly the modelis validatedon independent
data. If it canreproducethe datawithin the preseterror boundsduring this validation step,it is
calledfit andstoredin the posteriormodelset. Fitnessis thusour criterionfor theappropriateness
of amodel. Subsequentlyhe posteriormodelsetis input to a geneticalgorithmwhereelements
of the fittest modelsin the posteriormodel setare combinedinto nev modelsandwheresome
elementsarechangedandomly Theresultingsetof models togethemwith the modelscontained
in the posteriormodel set, form the new prior model set. The loop of calibration, validation
andgeneratiorof new modelsis repeatedill the fithessof calibratedmodelsdoesnot increase
arymore. Thevarioustermsareillustratedin theflowchartof Figure5.1. A furtherexplanationof
the procedurds givenin sectionss.3and5.4.

An examplemayfurtherillustratethe meaningof the varioustermsandthe functioningof the
algorithm. It is shawvn how a suitablemodelmay be found to describea synthetichydrological
datasetfor 20 rain eventsat time instantsof 5 minutescontainingdataover four equally sized
spatialunitsalonga slope. A modelwith the structureof Equation5.1, with threestatevariables
andthreekernelfunctionsis usedto generatehe syntheticdata(seeAppendixB for a detailed
descriptionof this model). Next, the algorithmasvisualisedin Figure5.1is usedto find a model
similar to the original on basisof the artificial dataand an appropriateemplate. The template
comprisesinfiltration, overlandflow due to infiltration excess,overlandflow dueto saturation
excess,andsoil water (s¢, rx|, t) andwy respectrely) as statevariables,precipitation(p )
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Figure5.1: Flowchart,illustratingthe data-flavs in the modelidentificationalgorighm(seetext).

asinput, andthe statevariablesandprecipitationas possibleindependenvariablesin the kernel
functions. Furthermorehe templateallows the spatialsubdvision to vary betweenone andten
spatialunits, thetemporalsubdvision to usetime stepsrangingfrom oneto twenty minutes,and
thekernelfunctionsto usea maximumof 3 breakpoints.

During thefirst cycle of calibrationand determinatiorof fithess,83 fit modelsare obtained,
this setis usedto generatea new setof 9917models.By repeatinghecycle of modelcalibration,
determinatiorof fithessandnen modelgenerationthekernelfunctionsaswell asthe spatialand
temporalsubdvision of the original modelareapproached@lreadyat the fourthiteration. Thisiis
illustratedin Figure5.2, whereonly the averageparameteralues(not the parameterangeskare
displayedandfor thetransportmatrix (by | m) only thekernelfunctionsdescribingtransporto one
andthreeunitsdownstream.

In the next sectionit is explainedin detailhow a setof modelscanbe definedon basisof the
above concepts.

5.3 Establishing a set of models

A templatedefinegheallowedtemporalandspatialsubdvisions,inputs,statevariablesandauxil-
iary variablesaswell asthenumberof parameterfor Equations.1and5.2. Herewewill describe
thetemplatan somedetailby first explainingthe subdvision of thespatialandtemporaldomains,
subsequentlyhe choiceanduseof variablesandfinally the definitionof parameters.

Temporal and spatial subdivision

A raineventis subdvidedinto K temporalunitsandthe catchmeninto L spatialunits. Eachinput
and statevariablein a modelis consideredover a spatialunit | andat a time instantk. In this
studythe subdvision in time is regularandthe sizeof thetemporalunits (T) rangesrom 1 to 20
minutes with stepsof 1 minute(notethatK = durationof event/T).

To determinghe rangeof possiblespatialsubdvisionsthe conceptof upstreamareais used.
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Figure5.2: Kernelfunctionsusedin the original model(-) andthekernelfunctionsderived by the
identificationmethodat thefirst iteration(——o0) andfourth iteration(- - - *) wherethe
symbolsdenotethe nodesatwhich the parameteraredefined.

The upstreamareaof a spatialunit | is indicatedas|* and definedby the rangeof maximum

and minimum upstreamareawithin thatunit. In this studythe catchmenis subdvided into 10

zonesby 10isolinesof upstreamarea.Thezonesshouldbe seenassmallestipossibleterrainunits.

In a specificmodela minimum of 1 and a maximumof 10 units can be formed as connected
combinationf thesel0 smallestunits. This yieldsa total of 512 possiblespatialsubdvisions.

Input and state variables

Recallthat our focusis on overlandflow during andjust afterrainin a catchment.Furthermore,
in what follows we just considerone-dimensionabverlandflow and neglect evapotranspiration
lossesPrecipitationpver aspatialunit| andatime instantk, is theonly inputunderconsideration
(px1), seeAppendixB. Thestatevariablesve considerare:infiltration into the soil (), total soil
moisture(wy ), overlandflow dueto infiltration excess(rx;) andoverlandflow dueto saturation
excesyty)) - all expressec@sdepthin mm. By groupingfor eachvariablethevaluesfor all L units

attime instantk into columnvectors,e.g. ry = [ Nt - Tkl ]T, the vectorsxy, andug in the
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physicallybasedstatespacemnodelwith stochastiqparametergEquation5.1) canbewritten as

S
r

Xy = t'k‘ ;Uk—{ Ok] (5.3)
Wi

It will beassumedhattheerrorsin rainandtotal soil moistureobsenrationsare5% of theobsered
value,andin the otherstatevariables10%.

Model parameter s and kernel functions

As notedpreviously, the coeficientsin the transitionmatricesareresultsfrom kernelfunctions.
We definethe kernel functionsas piecavise linear functionswith oneindependenvariable. In
this studytotal soil moistureandrain, bothfor a unit| aswell asaveragedover anupstreamarea
I, areconsideredsindependenvariablesin the kernelfunctions(Wi_1 |, W1+, Pk andpy-).
For easeof notationwe denotethe independenvariable of a kernelfunction as x (without an
explicit referenceo k andl), andtheresultof a kernelfunctionis denotedas6, wheref = f(x).
A kernelfunctionis definedon N points. N mayvary betweenl (in caseit is a constantj.e. no
dependencen x) andNmay, Whichis 5 here.For eachof theN pointsatriplet of oneindependent
andtwo dependentariablesis defined thetwo dependentariablesreflectthe uncertaintyin the
coeficients: [x,,6,,6n)], n= 1,...,N. Thehighestandlowestvaluesof x arethe maximumand
minimum valuesof the obsered variablewhich is encounteredh the datasetto which x refers.
Thereforethe valuesx; andxy are not specifiedas parameterssincetheseare provided by the
dataset. The valueof the kernelfunctionbetweerthe definedpoints(x, < X < X,11) is found by
linearinterpolation. Figure5.3 visualizesthe form of the kernelfunctions;it shavs thata range
of possibleparametenaluesis definedratherthana single parametewalue asa function of an
independenvariable.

parameter range

Parameter value ()

Independent variable (x)

Figure5.3: The form of kernelfunctions,shaving the parametewaluesd, < 8, < 6, definedfor
amodelstate-ariableor inputx, andN = 4.

The form of the kernelfunctionsis constrainedy the definition of the transitionmatrices,
which limits the possiblerangeof 8 to a minimumof zeroanda maximumof oneandthe column
sumsof the transitionmatricesmustsumto unity. Furthermoregachdiagonalin the transition

79



matricescontainsonly onekernelfunction,andall kernelfunctionsin a transitionmatrix usethe
sameindependenvariable. However, eachelementin the transitionmatricesmay have different
values sincethevaluesof theindependentariableg(wi_1 |, Wi 11+, Pk, Px+) aredifferentto each
spatialelement.

Sincetherearetwo freeto selectdiagonalsn A, L in Bx andonein Cg, a modelcontainsat
maximum(L + 3) differentkernelfunctionsand (3Nmax— 2)(L + 3) differentparametersin our
examplethus169.

5.4 Finding appropriate models and parameter s

Recallthatour startingpointis not a singlemodelbut a setof models,heterogeneouis termsof

kernelfunctions,temporalandspatialresolutions.To identify the setof fit modelsa Monte Carlo

procedures used,wherethefollowing procedurds repeatedill satishctoryresultsareobtained
(seealsothe flow diagramin Figure 5.1). First a finite setof models,the prior setof models,
is formedon basisof thetemplateby randomselection.After thateachof the selectednodelsis

calibratedandtestedandthefit modelsareretainedn theposteriorsetof models.Finally elements
of themostsuccessfuinodelswith similar dimensionsareinterchangedr combinedandomlyby

ageneticalgorithm,to form, togethemvith the posteriomodelset,the new prior modelset. More

specifically andfor completenessye definethe following steps:

1. Initialize: K=1, L=1, i=0, j=0

2. Selectmodelstructurerandomlyover the entirerangeof possibleparametecombinations
within thelimits specifiedoy thetemplateor the prior modelsetandsetcounteri =i + 1.

3. Calibrateselectedmodel structureon a bounded-errodatasetto determinewhetherthe
modelis behaioural, by evaluating10* parametewectors.

4. Backto step?2 if themodelis non-behsioural.
5. Validatemodelon anindependentiatasetto determinemodelfitness.
6. Backto step2 if themaodelis unfit.

7. Storefit modelin the posteriormodelsetanddetermineaveragefitnessof themodelsin the
posteriorset, f;.

8. Backto step2 until i = 10%.

9. If (fj_1/fj) > 0.95 continue elseincreasethe allowed spatialor temporalresolutionsys-
tematicallywith onestepandgo backto step?2.

10. Generat@new prior modelsetof 10* — mmodelswith ageneticalgorithmon basisof them

(m< 10®) fit modelsin the posteriomodelsetswith modeldimensionf (K,L), (K-1,L-1),
(K,L-1) and(K-1,L).

The stepsof calibration(3), validation(5) andnev modelgeneration(10) aredescribedn more
detailbelow.
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Model calibration

The algorithm as introducedby Keesman(1989) and Keesmarand van Straten(1990)is used
for calibration. It is a stochasticsearchprocedurewithin a bounded-errocontet wherefor a
given modelstructurethe parametewector(6), containingthe coeficientsof the kernelfunctions
that definethe matrix elementsof Ai, Bx andCy, is repeatedlygeneratedy a Latin hypercube
samplingschemdrom parameterange® < 8 < 0 (prior parameteset),definingthekernelfunc-
tion. The prior parametesetis scaledto avoid dependencen prior informationandto allow a
directinterpretatiorin the original parameteset. Eachparametewectoris evaluatedby checking
whetherthe calculatedoutput (xk, for k = 1,...,K) is locatedbetweenthe allowable deviations
from themeasureautput(yk + & andyx + ) (seeEquationss.1and5.2). If thisis notthe case,
the parametewrectoris rejected,andif it is the caseit is retainedin the posteriorparameteset.
This proceduras repeatedill asuficient numberof parametewectorsin the posteriorparameter
setis obtainedandnew parameterangescanbe established.

Model validation

Beharioural modelsaretestedby determiningthe quality with which a modelcanreproducehe
behaiour obsered in a datasetwhich is not usedfor model calibration. The measurewhich

indicategthis quality is calledfitness.Sinceeachmodelis definedby a maximumanda minimum
parameterector eachparticularmodelis run with a randomlyselectedbarametewectorout of

the specifiedrange. For eachrain eventnewv parametewectorsare sampled.The criterion used
for determinindfitnessis the numberof timesthat the representatiooesnot predictthe results
of the validationdatasetcorrectlyout of the total numberof temporalunits and spatialunits for

all events(k = K x L x numbeiof everts). Theratio of numberof incorrectpredictionsover total

numberof predictionsis definedasthe probability p. Then,fitnessis definedasthe chancethata
modelwith aknown fractionof p incorrectpredictions(in the calibrationphase)makesno more
than20% incorrectpredictionsin the validationphaseassuminga binomial distribution. Finally

the 1000fittestmodelsareselectedo form the posteriormodelset.

Thefitness(F) asdefinedabore is calculatedoy

- 0.2k (k) pj qk—j (5.4)
2\

whereq = 1— p. Evaluationof modelperformanceén thiswayis consistentvith theassumptiorof
boundederrors,becausao informationotherthancorrector incorrectmodelpredictionss used.
In additionthis criteriontakesin a very eleggantway the informationaboutthe differencebetween
modelperformanceduring 'calibration’ and’validation’ into account(via the probability p). No
othercriteriawerefoundthatalsousedthis information. The criterion of allowing 20%incorrect
predictionss of coursearbitraryandcanbesetto ary desirablevalue.

New prior model set generation

New modelsare generatedvith a geneticalgorithm (Holland, 1975; Mitchell, 1996), which is
implementedereasaselectiorandcombinatiorproceduravheretwo modelsrandomlyselected
out of the setwith fit models,interchangeor replacesomeelementsand undego somerandom
changes.The methodassumeshat modelswith a similar temporaland spatialsubdvision are
morelikely to behae similar. Thisassumptiorallows therestrictionthatonly modelswith similar
temporalandspatialsubdvision (differencesup to five minutesor two spatialelementsjyreable
to interact. The modelelementgo beinterchangear replacedarespatialsubdvision andkernel
functions wherebythekernelfunctionswith alargeaverageparameterangehave ahighchanceo
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bereplaced Randomchangesreallowedin spatialsubdvision, theindependenvariableusedin
thekernelfunctions(x), thenumberof parametergN) andtheparametevaluesthemseles. After
eachcalibrationandvalidationstepthe geneticalgorithmcreates singlegeneratiorof offspring,
whichis usedasanew prior modelset.

Description of synthetic data set

A dataset,to evaluateboththeidentificationmethodandcriteriafor optimizingthemeasurements,
is generatedvith a two-dimensionafinite elementrepresentatiorof a hillslope. The hillslope
considereds straightunder5° from the horizontal,hasa lengthof 100m, anda soil depthof 1
m. Along theslopeit is subdvidedinto 104 elementsandin the vertical directioninto 8 elements
(including the elementsdescribingthe soil surface). The input into the modelis rain for each
surface-elemenandfurther it containsthe parametersiescribingoverlandflow, infiltration and
saturated-unsaturatdlow for the respectie elementdn the 2-dimensionadomain. The model
outputcompriseshewaterfluxesthroughthe832elementateachinterval. Themodelparameters
represenaloamysoil (overlayinganimpermeabldayer)without vegetationandlittle relief. Rain
inputis generatedtochasticallyfor 80 events,usingdifferentinitial conditionsfor eachevent.

Thefinite elementmodelusesthe kinematicwave approximatiorto the St. Venantequations
in orderto describeoverlandflow (HendersorandWooding,1964)andthe Richards’equationto
describanfiltration andflow throughthe soil matrix (FreezeandHarlan,1969).For thenumerical
solutionof this problemwe usedatwo-dimensionafinite elementschemdor flow throughthesoil
matrix, coupledwith a one-dimensionalinite-elementschemefor overlandflow calculation,as
describedn JulienandMoglen (1990). The softwarecodesof cAsc2p andswMms-2D (Siminek
etal., 1994)have beencoupledfor this purpose.To generateain inputswhich vary in spaceand
time, aswell asspatiallyvariableinitial conditionsat the onsetof a storma methodpresentedy
Freezg1980)hasbeenused.This methodallows the generatiorof externalstormpropertiedrom
exponentialdistributions. The internalrain patternis generatedy the rain model of (Brasand
Rodriguez-lturbe1976). The parametershatwere usedfor the stochastigeneratiorof rain (80
events)aswell asthe soil andterrainpropertiesveretaken from Tablel andFigure7 in Freeze
(1980).

Thedescriptionof overlandflow from a slopewith unit width usedhereis givenby

da hmah )
ox =P- h+ Ngonn

oh

—+ath 1—+hV (5.5)

with o = B andy= Whereh is theflow depth(in m), t is time (in s), p is rainrate(in ms™1),
ris |nf|Itrat|on rateasdetermlned)y soil moisture(in ms™1), B is the averageslopegradient,n is
theManningroughnessoeficient (in sm~1/3), hnaxis adimensionlessoeficient determininghe
overlandflow heightwheretheentiresoil surfaceis coveredwith water(heresetto 0.03), andnggn
(in m*3s1) is acoeficient to corvert the manningroughnessoeficient in awaterheightwhere
half of thesoil surfaceis coveredwith water(heresetto 2), seeJulienandMoglen(1990,Equation
6) andWoolhiseret al. (1996, Equations4 and5). Thefactor r?i‘;*& correctsthe infiltration for
incompletecoverageof the soil surface. Theinfiltration andmovementof waterthroughthe soil
is describedy the Richardsequation

(1) (5.6)

O(KsKr (X, ) D(W(x,t) +2)) =C 3

wherell istheLaplaceoperatoyKs is saturatediydraulicconductvity, K, (x,t) isrelatve hydraulic
conductvity, zis heightabove the watertableor the heightof the waterlayerh (W (x,t) + zis the
hydraulichead),C is specificmoisturecapacityand y(x,t) is pressurenead. The factor ; +20nr
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(in Equation5.5) is equalto theflux in the vertical directionascalculatedby Equation5.6. The
K(w) andy(w) relationshipsredescribedy saturatedydraulicconductvity, porosityanda soil
storageparametensin Freezg(1980)(w is the soil watercontent).

5.5 Results

In this sectionwe exploretherelationsbetweemmodelperformancdi.e. fitness),modelstructure
andresolution.Heretothe datageneratedby the finite elementmodelfor 80 eventsis split in two

groupsof 40, the first of which is usedfor calibrationand the secondfor the determinationof

fitness(i.e. validation). With the methodpresentedn the first sectionsof this chaptera setof

fit modelsis obtainedfor eachspace-timaesolutionon basisof thesetwo groupsof 40 events.
This resultis analyzedasfollows. First the differentaspectof the setof fit modelsare shavn

at differentresolutions. Thenthe relation betweenthe parametemuncertaintyand modelfitness
is investigated.Following to thatan analysisis madeof the trade-of betweerresolutionandthe
numberof parameterperspatialunitin amodel. Thentheform of thekernelfunctionsatdifferent
resolutionds investigated.And finally it is shavn how the analysisof the kernelfunctionsmay
leadto arevision of the templateanda betterinsightin the (modellingof) watertransportat the
hillslopescale.

Fithess and resolution

The relation betweenmodel fithessover a rangeof temporaland spatial model resolutionsis
difficult to visualizesinceit constitutegour dimensionstemporalscale spatialscale the setwith
fit modelsandfitnessitself. We tacklethis problemby consideringcross-sectionsf the setwith
fit models.At first thefitnessof thefittestmodelat eachresolutionis shavn, secondijtheaverage
fitnessof the 10 fittestmodels,and at last the size of the setwith fit models(seeFigure5.4). It
turnsout that the fittest modelsarefound in a narrav region in the space-timedomain,andthat
modelswith the highestfithesshave both fine spatialandtemporalresolutions. Fithessappears
to below especiallywhenthe spatialandtemporalresolutionsdo not match(e.g. 1-minutetime
intenals in combinationwith 1 spatialelement). The averagefitnessof the 10 fittest modelsat
eachresolutionis moreor lessin line with this pattern.Interestingly the averagefitnessat coarser
resolutiongleviateslessthanthatatfinerresolutions Howeverthereappearso be awide rangeof
moreor lessfit models(with afithessrangingfrom, 50-75),anarrav region with thefittestmodels
clearlydistinguishestself in thetime-spacalomain.In the bottomplot of Figure5.4the number
of fit modelsis shavn. This appeargo be relatedto fithessof the fittestmodelsin the sensehat
attheresolutiosrwherethefittestmodelsareencounteredalsothelargestsetsfound.

An aspechotdisplayedby thesefiguresis thefactthata particularspatialresolutionrefersto
a setof distinct spatialorganizations.Upon analysisit appeardhat the fittest modelsconstitute
anorganizatiornthat strivesto equallysizedelementsgespeciallyat finer resolutions.Thereforeit
canbe saidthattheidentifiedmodelsapproactthe resolutionandspatialstructureof the original
hydrologicmodelasmuchaspossible.

Fitness and parameter range

Theidentificationalgorithmstartsby assumingninitial parameterangefor eachparametefrom

0to 1, andgraduallydecreasethis rangeby calibrationuntil parameterangesare obtainedthat
cannotbeimproved furtherwith the availablecalibrationdata. The averageparameterange(see
Figure5.3) is a measureof the modelquality (uncertainty),and shouldthusbe relatedin some
way to modelfithness. However, this relationis not straightforvard sincethe multi-dimensional
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Figure5.4: Propertief the setof fit modelsover the entirespace-timalomain.

parametespacemay be complex. Notwithstandinghis difficulty we try to explore therelations
betweentheaverageparameterangeof thethreedistincttransitionmatricego fithess.Firstsome
sub-set@reselectedut of the entiresetwith fit models,accordingo resolution:modelswith 1-4
spatialunits and 10 min time intenals; modelswith 4-7 spatialunits and5 min time intenals;
andmodelswith 7-10spatialunitsand2 min time intenals. Thenthe modelsin eachsub-setare
groupedaccordingo fitness,jin binsof 10 units(e.g.thosewith afitnessbetweerll5and25,those
with afitnessbetweer25 and35 etc.). For the modelsin theresultinggroups the averageparam-
eterrangesof all the parameterén eachtransitionmatrix are calculated.Figure5.5 shavs these
relationships.It appearghatthe parameterangesof the partitioningandinternal statematrices
arerelatedto fithessespeciallyat the coarsestesolutionswhile thetransporimatrix shawvs hardly
ary relationand morewer constituteghe largestpart of parameteuncertainty An explanation
for thedifferencesetweernthe behaiour in the transitionmatricescould be thatthe independent
variableghatwereallowedin the kernelfunctionsaresimply bettersuitedfor thekernelfunctions
in the partitioningmatrix andinternalstatematrix thanthetransporimatrices.The useof overland
flow depth,durationandvelocity asindependentariablesto decreas¢he parameterangeof the
transportmatrix hasbeenevaluated but thatdid not resultin ary improvements.

Resolution and parameter -ric hness

The total numberof parametersn a modelis influencedby both the numberof parametersn
eachdistinctkernelfunctionandthe numberof spatialelements An interestingrelationis found
betweenthe total numberof parametersthe averagenumberof parameterper kernelfunction,
andthe numberof spatialelementsof the fittest models. It appearghat whenmoving from a
coarsdo afiner spatialresolutionthetotal numberof parameterin thefittestmodelsstaysalmost
constani(seeFigure5.6). Fromthis it follows thatfor modelswith afiner resolution,the kernel
functionscontainon averagelessparameterskigure5.6 shavs this trendfor the kernelfunctions
of thethreeseparatdransitionmatrices.Thereappeaito be somesubtledifferencesetweernhe
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Figure5.5: Therelationbetweerfitnessandaverageparameterangeof differentkernelfunctions
atthreedifferentresolutions Valuesfor fit modelswith 1-4 spatialunitsandtemporal
unitsof 10 minutes(-), modelswith 4-7 spatialunitsandtemporalunits of 5 minutes
(—-), andmodelswith 7-10spatialunitsandtemporalunits of 2 minutes(: - -).

kernelfunctionsof the differenttransitionmatrices: the numberof parametersn the transport
matrix decrease$asterand at a distinct rate as comparedo the partitioning and internal state
matrices. The similarity betweenthe kernelfunctionsof the lattertwo matricesis notavorthy; it
indicategthatthe partitioningmatrix andinternalstatematrix arenot essentiallydifferent.

If a problemof similar dimensionsasthe template(10 units for soil surfaceand 10 for sub-
surface)would be representedy the combinedkinematicwave and Richardsequationsasin
Equationss.5and5.6,in total 70 parametersvould be usedif the parameterareallowedto vary
for eachspatialunit. In this respecthe numberof parameter theidentifiedmodels(arounds0)
is low, especiallywhenconsideringhe factthattheidentifiedmodelsarestochastida stochastic
modelof thecombineckinematicwave andRichardsequationsvould requireextra parameterso
specify higherorder momentsor boundson eachof the parameters).This meansthat the com-
binedkinematicwave andRichardsequationsarenotvery efficientrepresentationsf a hydrologic
systemof the proposedlimensiongspatialunitsof 10 meters)from anidentificationviewpoint.
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Figure5.6: The numberof parametersit differentspatialresolutionsthe grey barsgive the num-
ber of parametergor the kernelfunctionsin the partitioningmatrix (ax ), the white
barsfor the kernelfunctionsin the transportmatrix (bx m) andthe black barsfor the
kernelfunctionsin theinternalstatematrix (cy; ).

Resolution and kernel functions

The kernelfunctionsrelatea coeficient in one of the matricesAg, Bk or Ci to anindependent
variable. In this studytotal soil moistureandrain, both for a unit | aswell asfor an upstream
areal*, areconsideredisindependentariablesin thekernelfunctions(thatis w11, Wi_1+, Pk
andpy-). Quiteinterestingly all four independenvariablesare encounteredn the setof fittest
models however atdistincttemporalandspatialresolutionslt appearshatamongthefittestmod-
els, at coarsetemporaland spatialresolutionsprecipitationon a unit (px) is generallythe most
suitableindependentariable,andwhenmaving to a finer spatialresolutionprecipitationof the
whole upstreamareafor a unit (py-) becomesnore suitable. When consideringfine temporal
resolutionstotal soil moistureis the bestindependentariablein themodel,with at coarsespatial
resolutionghe unit itself (wi_1 ) andat finer resolutionsthe upstreamareaasspatialcomponent
(Wk—1,+). Thesepatternsaremoreor lessequalin the threetransitionmatrices,i.e. roughly the
sameindependenvariableis usedin the fittestmodelsat oneresolution. In Figure5.7 the dom-
inantindependenvariablefor the fittestmodelsis shavn over the space-timelomain. Averaged
kernelfunctionsfor the 10 fittest modelsat one specificresolution,describingthe fraction parti-
tionedto infiltration excessandsaturatiorexcessoverlandflow, aredisplayedin thisway leading
to anaveragekernelfunctionwith muchmorenodesthaneachsinglekernelfunctionwould con-
tain). Thefigureillustratesthat at coarsespatialresolutionsshifts from paritioningto infiltration
excesgowardspartitioningto saturatiorexcessoverlandflow (or vice versa) whereasat fine res-
olution shiftsareabrupt.In otherwords: the meaningor definition of processeske “infiltration’
or'saturation’is dependenbn the spatialscaleunderconsiderationThe samepatternis obsered
in theinternal-statematrix: the shift from non-mobilesoil waterto returnflow is gradualat coarse
resolutionsandabruptat fine resolutions. The kernelfunctionsin the transportmatrix undego
lesssignificantchangessthosein the partitioningandinternalstatematrices.

Kernel functions and under standing hillslope hydrology

A closerlook atthekernelfunctionsin thetransporimatrix revealsthatthoseat coarsaesolutions
aredouble-peadd, whereaghe kernelfunctionsat fine resolutionsaresingle-peakd. Character
istic formsfor the differentresolutionsareshovn in Figure5.8. Double-peakdnesgointsat the
occurrencef paralleltransporfprocessewith differentcharacteristiovelocities. On basisof this
obsenation the modeltemplatemay be adaptedy relaxingthe assumptiorthat lateraltransport
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Figure5.7: Typicalformsof averagekernelfunctions.Thesolidlinesgive thekernelfunctionsthat
give the fractionspartitionedto overlandflow dueto infiltration excess,the dashed

lines the kernelfunctionsof the fractionspartitionedto overlandflow by saturation
excess(bothin the partitioningmatrix A).

of watertakesplaceonly overthesoil surface,asshavn in AppendixB. Whenidentifying models
with this new templatewhich allows lateraltransporthroughthe subsuréce,singlepealedkernel

functionsareindeedobtainedat all resolutionsanda clearreductionof the parameteuncertainty
in thetransportmatrix is achieved. However, only atthe costof parameteuncertaintyin the other

kernelfunctions(in the A andC matrices).Theoverall effect of thisis afithessincreaseat coarser
spatialresolutionsand a decreasat finer resolutions(seeFigure 5.8). Sinceboth surface and

subsuracelateralflow do take placeatary resolution(it doessoin thefinite elemenimodelused
to generateur data)andmodelsat afine resolutioncorrespondetterto thefinite elemenimodel,

it is paradoxicathatmodelsata coarseresolutiondo representhe processesf thefinite element
modelbetter It canbe explainedby consideringheincreasedndeterminag of the problemdue

to theincreasedhumberof parameterby theassumptiorof bothsurfaceandsubsuracetransport.
Correct(i.e. assumingpoth surfaceandsubsurdcetransport)andfit modelsat finer resolutions
canonly be obtainedif extra obserationsof subsurdceflow areusedto conditionthe problem

better

5.6 Discussion

Accurateandatall resolutiongorrectexperimentaldataof rain partitioningwould have beenideal
for the purposeof this study Unfortunatelya setwith thedesiredoropertiesvasnot availableand
doesprobablynot exist. For this reasorwe hadto resideto the generatiorof syntheticdatato
testouridentificationprocedure This hasthe advantagethattheidentificationprocedurecouldbe
evaluatedefficiently (dueto a'truth’ without error). A disadwantageof the useof syntheticdata
is the difficulty to transferthe resultsfrom this studyto otherhydrologicproblemsdueto the fact
that our 'truth’ is generatedy a numericalmodel, which may not be a good descriptionitself
for areal-life hydrologicsituation. In additionwe usean unrealistichigh dataresolution(all the
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Figure5.8: Typical kernelfunctionswhenoneor two lateralflow paths(top axes,solidanddashed
linesrespectrely) areallowed, andthe changen fithesswhentwo lateralflow paths
areallowedin steadof only one(grayscaldigure).

outputfrom thefinite elementmodel,averagedover the appropriateunits, is used)while real-life

hydrologicproblemsarefar moreindeterminateHowever this aspectvasmaintainedon purpose,
in ordernot to obscurethe relationshipswe intendedto highlight. The casewherea sampleis

taken from the available dataand whereartificial measuremengrrorsare introduced,so that a

morerealisticidentificationproblemresults,is a next stepin this investigation.

The exampleto illustratethe identificationmethodwasin the first placemeantto clarify the
theoreticaldescriptionof the algorithm. At the sametime it shaved that the methodis ableto
find the "true’ temporaland spatialresolutionsaswell askernelfunctionsof a systemwith un-
known structureand parametersDue to the correspondencef the original modelusedfor data
generationand the templateusedin the identificationmethodsucha comparisonwas possible.
Theidentificationmethodwastestedn this mannemn numerousasesotreportechere,andwas
generallyable to identify the correctmodel. This allows the assumptiorthat the identification
methodbehaedasintended.

Whenidentifying hydrologic systemsnormality and independencef variouserrorscannot
be assumeddueto anisotroy in soil andterrain propertiesas well asthe non-linearityof flow
processesndthe correlationsbetweenmeasuremengrror and systemstate. The consequences
of thesepropertiesare that they precludethe use of the commonly usedstochastictechniques
andlimit the possiblesolutiontechniqueto someiterative searchthroughthe setof modelsand
parametergJalemanetal., 1994;BrasandRodriguez-Iturbe1984). The algorithmsusedin this
studyacknavledgethis limitation andwork entirelywith randomsearchesndthe assumptiorof
unknawvn-but-boundederrors. The solutiontechniquehasmary resemblancewith someexisting
techniqguegBevenandBinley, 1992),with asaddedvaluetheintegral searchthroughbothmodel
andparametesetsin steadof only a parameteset. Also modelresolutionwasnot fixeda priori,
but optimizedby usinga geneticalgorithm. This approacthasbeenproved successfuin similar
spatio-temporaproblems(Meyer et al., 1989; Richardset al., 1990). In comparisorwith other
genericmodellingtechniquesuchase.g. neuralnets,mainadwantage®f theaproacthin this study
arethatconseration of masss imposedandthatkernelfunctionscanbeinterpretedn aphysical
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sense.

Althoughthis studyhasshovn somestrengthf thetechniquesuchasits generalpplicabil-
ity asdiscusseabove, the possibility to evaluatea large setof candidatemodels,andthe possi-
bility to interpretthe identifiedmodelsin a physicalsensewe feel thatthereare certainlysome
weaknesseaswell. In thefirst place,theresultingmodelsmay berelatively comple, whichis
alogical consequencef the way the templateandkernelfunctionsare formulated(and without
it the whole methodcould not function), but which imposesproblemswhenit comesto theanal-
ysis of the resultingmodels. Secondlythe methodis computationallyintensve. And finally the
resultingmodelshave arelative poorfit ascomparedo methodswith morestrictassumptionsn
errors(like maximum-likelihoodestimationassumingsaussiarata).In testswith Gaussiarata
it wasfoundthatmaximume-likelihoodsolutionsusinga 2— norm (least-squaresolution)leadto
fithessesvhich were 20% higherthanwhenusingan co— norm (correspondingo the unknavn-
but-boundederrorsusedin this study), for the modelsof this study Again, this lastaspectis a
logical consequencef choicesmadeearlier which cannotbe changedvithoutlossof generality
As a consequencef theseweaknessethe methodis mainly suitableto identify a limited setof
candidatemodelsthatcanbefurtheroptimizedwith morerigorousidentificationtechniquege.g.
Norton, 1986;Ljung, 1987; YoungandBeven, 1994). The trade-of betweenthe useof a robust
error criterion and overall model performancelependsn resolutionand modelformulationand
is thereforerathercomplex. It will bearewardingtopic of futureresearch.

By applyingtheproposeddentificationtechniqueso a detaileddatasetof hillslope hydrology
we obtain resultsthat reconfirmthe hypothese®f other studies: 1) various different rainfall-
runoff modelsareidentifiableatthehillslopescale 2) qualitatively differentmodelsmayshav the
samebehaiour (Graysonet al., 1992b). In additionwe hypothesizehat: 3) the mostsuccessful
(fittest) modelsareencountere@t a narrav rangein the space-timelomain(Figure5.4) thetotal
parameteuncertaintyis relatedto overall modelsuccesgFigure5.5) the total numberof model
parameter®f the most successfumodelsdoeshardly changefor different resolutions(Figure
5.6) the fittestmodelsare qualitatively different,with respecto form aswell asthe independent
variablesin the kernelfunctions,at differentresolutiongFigures5.7 and5.8). However mostof
the above hypothesesare probablynot new, thereis still disagreemeréamonghydrologistsabout
theirvalidity (BléschlandSivapalan1995;Refsgaarctal., 1996).Onbasisof thissinglecasewe
cannotmorethancontribute mamginally to this debate We think thereforethatnot the resultsfrom
thecasestudy but rathertheframeavork explainedin this studymaycontrituteto alargerextent. It
providesuswith atool for the systemati@andrepeatednvestigationof the samehypothesesinder
diversecircumstancese.g. differentmodeltypes,datasets,spaceandtime scales).In particular
the differentdependenciebetweenresolutionand independentariablesmay be unraveled (see
Figures5.6and5.7), or desirablemodelstructureandresolutionmay be determinedor a specific
problem(seeFigures5.7 and5.8). In addition,asillustratedin Figure5.8, the analysisof kernel
functionsover arangeof resolutionamay leadto insightin the hydrologicalprocesseandat the
sametime pointat shortcomingsn the obserations.

5.7 Conclusions

In this studythe main objective wasto introducea nev methodfor identifying scaledependent
modelsin a hydrologicalcontext. The methodhasbeenexplainedandappliedto a hypothetical
caseat the hillslope scale. Somestrengthsand weaknessefave beenhighlighted. The main
strengthsbeing generalapplicability (regardlesserror structureor non-linearity),the possibility
to evaluatea large setof candidatanodels,to interpretthe identifiedmodelsin a physicalsense,
andcomputationakimplicity. Weaknessearethe relatively complex modelsthatmay result,the
computatiortime required,andtherelative poorfit of modelsascomparedo methodswith more
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strict assumption®n errors. The methodis thereforemainly suitedto identify a limited setof
candidatenodels thatcanbefurtheroptimizedwith morerigorousidentificationtechniqguesuch
asmaximumlikelihoodestimation.

The additionalobjective to explore relationsbetweenmodelstructure resolutionanduncer
tainty (i.e. theinverseof fithess)whenpredictingoverlandflow at the hillslope scaleresultedin
thefinding thatthethreefactorsareclearlylinked. In particularit wasfoundthatin the spectrum
of temporalandspatialresolutionghefittestmodelsarefoundin anarrav range andhave asmall
total parameteuncertainty a constanhumberof parametersandstructuralmodeldifferencesat
differentresolutions.
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6 Identification of scale dependent models: the
case of catchment scale overland flow

6.1 Introduction

For the caseof overlandflow at the hillslope scale,it wasfound in Chapter5 that uncertainty
resolutionand scaledependenmodelstructureare closelyrelated. Oneof the questionsarising
from this theoreticaktudyis whethertheserelationsalsoexist at the catchmenscalewhenusing
field obserations (opposedo using synthetichillslope-scaledataasin Chapter5). This issue
is investigatecherefor the caseof overlandflow, usingthe datafrom Kaibo and Horizontesas
describedn Chapter2. More precisely the main objective of this chapteris to identify a setof

overlandflow modelson the basisof the availablefield datafor Kaibo andHorizontesandrelate
the structureof theseoverlandflow modelsto predictive uncertaintyandmodelresolution.When
dealingwith field obsenrations,the collection of enoughinformative obserations- to calibrate
or identify ary usefulhydrologicalmodelatall - is not trivial (Guptaetal., 1998). This is partly

dueto the limited obsenrability of hydrologic systemsin general,but alsoto the limited tools
availablefor measuremerptimization. Measurementptimizationdoesfor thatreasorndesere

someattentionin relationto modelidentification.But sinceit is beyondthe scopeof this chapter
to dealwith thisissuethereaderis referredto vanLoon andKeesmar(2001). As will be shavn

later, it is possibleto identify a setof modelsthataresuitablefor overlandflow predictiononthe
basisof the available obserations,andthis is taken asthe startingpoint for the questiongo be
investigatechere.

This chapteris structuredasfollows. A brief descriptionof the modeland methodusedfor
catchment-scalelentificationis givenin Section6.2. In Section6.3the optimalensemblesizefor
simulationwith the modelsetis establishedln Section6.4theidentifiedmodelsarevalidatedby
comparingdischage andoverlandflow predictionswith obserations. Overlandflow patternsn
spaceandtime areanalyzedn Section6.5. Then,the setswith behaioural modelsarecharacter
izedin Section6.6. This s followed by ananalysisof the kernelfunctionsin the variousmodels
in Section6.7. Finally theresultsarediscussedndconclusiongdravn in Section$.8and6.9.

6.2 Description of the model template

Thediscretestatespacanodeldescribedy Equationss.1to 5.3is appliedto the Kaibo andHor-

izontesdata. The structureof the modeltemplateis asfollows. It describesoverlandflow during
andjust after rain in a catchmentwhereevapotranspiratioiossesare neglected. Precipitation
(px)) is the only input underconsideratiorand the modelstatevariablesareinfiltration into the
soil (s¢), overlandflow dueto infiltration excess(rx ) andoverlandflow dueto saturatiorexcess
(tk1) - all expressedasdepthin mm (seeAppendixB for a detailedexplanation).Total soil mois-
ture (wy ) is calculatedon the basisof cumulatve infiltration. All statevariablesareexpresseds
depthin mm. The subdvision in time is regularand modelsmay operateat time stepsof 5, 10,

15, 20, 25 and 30 minutes. In spacea subdvision of 1 to 18 elementds allowed in Kaibo and
a subdvision of 1 to 24 elementsn Horizontes. The shapeof the spatialunitsis limited to bea
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(combinationof a) soil unit, vegetationunit, zoneof equalupslopearea,and(in the caseof Hor-
izontes)the boundaryof oneof the six sub-catchmentsThe spatialdistribution of upstreamarea
wasshawn in Figures2.1 and2.7 andthe boundarief the six sub-catchmentsf Horizontesin
Figure2.13.0nly onesubdvisionin upstreanareais allowedin Horizontesandtwo areallowed
in Kaibo sothat for Horizontesa maximumof 24 spatialunits is obtainedon the basisof these
rules(6 soil-vegetationclasses< 2 sub-catchments 2 zonesof upstream/denstreamarea),as-
sumingthatin eachsub-catchmen¢achsoil-vegetationclassoccurs;andin Kaibo a maximum
of 18 (6 soil-vegetationclassesx 3 zonesof upstream/denstreamarea). This subdvision was
foundto performrelatively well by trial anderror Also subdvisions on the basisof mary (up
to 20) iso-linesof upstreamareaandtopographicndex were evaluated,but thesedid not yield
behaioural or fit models.

After identifying aninitial setof modelsat the the coarsesspatialresolution(i.e. the entire
catchmenis oneunit) usingthe methodoutlinedin Section5.4, the spatialunits areestablished
asfollows.

1. Thecatchments subdvidedinto severalsub-unitsaccordingo randomcombination®f the
soil andvegetationclassesThis startsat coarseresolutionsvhereafteithe unitsarefurther
subdvided until no modelimprovementis seerarymore.

2. Thecatchments furthersubdvidedaccordingo aniso-line of upstreararea.This startsat
aoneextreme,i.e. azonewith thesmallespossibleupstreamareaof 400m? complemented
by anotherzoneof theremainingupstreanmarea.

3. Theiso-line of upstreamareais shiftedsystematicallywith stepsof 4007 until the entire
rangeof upstreamareais covered.

4. ForKaiboasecondso-lineof upstreanareais evaluatedasin step2 and3. For Horizontes
a catchmenboundaryis addedby randomselection.

5. Spatialsub-unitsarejoinedrandomlyandthis is repeated.0° times.

In eachof theabove stepssetsof fit modelsareestablishedby retainingthefittestmodelsobtained
until then. Theresultingunitsareirregularin shapeandnot orderedaccordingto atoposequence.
This implies that the connectivity(i.e. the estimatedquantity of flow from one spatialunit to
anotheronthebasisof topographyannotbe calculatedn a straightforvard manner A choiceis
madeto determinethe connectiity betweertwo spatialunitsi and j on the basisof the D8-flow
directionmapwhichis definedona 20x 20 mgrid (seeChapter?), usingthefollowing expression

flow fromireadiingjafterktimeingants

i (K) = - —— —— f k=1,...,1
G (k) total flow fromi na reacing j afterktimeingtants or -+ 10
whichis calculatedasfollows .
m; C*m;
G (k) = —J ! 6.1
|7J( ) miTCkmi ( )

whereg; (k) is the connectiity betweenspatialunitsi and j (i.e. estimatediow fromi to j)
for time instantk, m; is a (1,L) vectorwith onesand zeroes,indicatingwhethera grid cell is
partof spatialunit j, C is the (L,L) connectvity matrix of the 20x20 m DEM (i.e. a different
representatiomf the D8 flow directionmap), m; is a (L,1) vectorwith onesand zeroesin the
diagonal,indicating whethera grid cell is part of spatialuniti. Considerf.i. the simple case
of flow along a straightslopeof three segmentsfor which the connectiity matrix is given by
00

C= 0 0 {,andthetwo upstreanmseggmentsbelongto aspatialuniti, while thedownstream
10

(ol N e]
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seymentbelongsto spatialunit . Nowm; =[ 0 0 1]andmi=[1 1 O ]T. For these
valuestheresultof Equation6.1is 2.

EvaluatingEquation6.1 for arangeof valuesk = 1,2,...,10yieldsa distribution of ¢; ; over
k. The modeof this distribution givesthe mostprobablevalue of k, which canbe interpretedas
the characteristidurationof transportfor flow from i to j. This valuewill beindicatedasﬁyj.
Themeanvalueof ¢; ; overthetotal rangeof time instantsk = 1,2, ..., 10 will bedenoteddy T ;.
Thesetwo entitiescanbe definedmorepreciselyby equation$.2and6.3:

k,j = max(ci j(k)) (6.2)
Gi,j = Elcij(K)] (6.3)

Theindependentariablesallowedto determineghe coeficientsin thetransitionmatricesare:
Pil» Piis» Wi—11, Wk—1+, Wherel*refersto the areaupstreanof unit|. Thesevariablesarechosen
onthebasisof theresultsobtainedn Chapters. Theidentificationalgorithmoutlinedin Chapter
5 (SeealsoFigure5.1) is appliedto the calibrationdataof boththe Kaibo andHorizontescatch-
ments,(seeTables2.1,2.2 and2.3). The schemedescribedn Section5.4 is applied,using75%
of thecalibrationdatain step3 and25%in step5.

Model predictionsand predictionerrorsare basedon the averagedresultsfrom a numberof
randomlychosermodelsfrom thefinal setof fit models.The probability thata modelis selected
from the setis proportionalto its fithess,which implies thata modelmay be selectednorethan
once. The predictionerror (expressecas RRMSE)is determinedn basisof the validationdata
(seeTables2.1,2.2and2.3), andit is calculatedaccordingto Equation2.1,i.e. in the sameway
asin Chapters3 and4. Thereasorfor simulatingwith amodelensemblés basedn the- initially
unexpected- finding that the predictionerror decreasesvith ensemblesizesdown to a certain
limit. Therequiredensemblesizesfor this studyaredeterminedn Section6.3.

6.3 Determination of the required ensemble size

Theresultsof theidentificationalgorithmis a setwith 312 behaioural modelsfor Kaibo and503
modelsfor Horizontes. The optimal ensemblesizefor predictingwith thesemodelsis soughtby
determininghe RRMSE of dischage andoverlandflow predictionson the basisof the validation
datafor arangeof differentensemblesizes.In this casethe RRMSE-\aluesareaveragedover the
catchment@ndthe entire simulationperiod. The resultsof this experimentare shawvn in Figure
6.1. Thefigureshawvs thatfor increasingensemblesizesthe predictionerrordecreasesr histrend
continuesaup to ensemblesizesof approximately800 for Kaibo andalmost1000for Horizontes.
Thereareslight differencesn theserelationshipgor dischage andoverlandflow. Largerensem-
ble sizesappeatto leadto the sameminimum predictionerrors. The explanationfor this relation
betweerensembleizeandpredictionerroris therelative heterogeneitpf themodelset.In ahet-
erogeneousetof modelstheeffectof ensembleizeis expectedo belargewhereasn arelatively
homogeneousetit is expectedto be small. This explanationsuggestshatthe modelsderived for
Kaiboaremoreheterogeneoubanthosefor Horizontes Figure6.1 possiblycontainsotheruseful
informationto characterizéhe modelsets but sincethereis notheoreticaframenork availableto
dosowerefrainfrom that. Onthebasisof theresultsshavn in Figure6.1theensemblesizeto be
usedin theremaindeiof this chapteris setto 1000memberdor both Kaibo andHorizontes.

6.4 Model validation

Thefactthatlarge setsof behaioural modelswerefoundfor bothHorizontesandKaibois in itself
alreadyanindicationthat,giventhe modeltemplate theidentificationmethodcanwork with field
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Figure6.1: The effect of ensemblesize on the total predictive uncertaintyof dischage andover-
landflow for Kaibo (solid lines)andHorizontegdottedlines).

obserationsat the catchmenscale. The closenes®f the obsened and predicteddischagesby
the behaioural modelsduring both the calibrationand validation stageis shovn in Figure6.2.
The figure shaws that the deviation is more or lessequalyfor all dischages. Thereis a slight
overpredictionat low dischages,especiallyfor Horizontes. The structureof the predictionerror
for thevalidationdatais similar to thatfor the calibrationdata. This indicatesthatthe calibration
andvalidationsetcover the sametype of system-behadour, andthatthe behaioural modelsare
not overparameterizedIf theseconditionswere not met, the predictionsfor the validationdata
would bemuchworse.Figure6.3 shavs thatthe predictionerrorsseemnto bestationaryovertime.

The ability of the behaioural modelsto predictoverlandflow ratiosis analyzedoy compar
ing obsenred and predictedoverlandflow ratiosfor different spatialunits, in this casethe soil-
vegetationunitsandthe entirecatchmen{similar to the analysisin Figure4.3). Figure6.4 shavs
theresults.The obsenrationsin this grapharederivedby averagingthe differentobserationsover
thespatialunits. Interestingly the fit doesnot differ for the differentresolutionsasit did with the
modelin Chapterd wherea bettercorrespondencketweernobsered andpredictedwasfound at
thecatchmenscale.A possibleexplanationfor this phenomenois thatmodelsat differentspatial
resolutionscontainapproximatelyan equalnumberof parametersywhich leadseventuallyto an
equalpredictive uncertaintyat the differentresolutionggiven thatthe systemis representedor
rectly atthe variousresolutions) By a straightforvard applicationof ensemble-predictiortoarse
aswell asfine-resolutiormodelswith a similar fitnesshave an equalchanceof selectionJeading
to a predictabilitywhich is similar over all resolutions. This explanationimplies that the useof
finerscalemodelsfor predictionat the finer resolutiong(the figuresat the left) and coarsescale
modelsfor predictionat coarseresolutiongfiguresattheright) shouldleadto betterresults.This
is testedby usingthefittestmodelsat resolutionsof 10to 20 spatialunitsto predictthe overland
flow ratio for predictionat the resolutionof soil-vegetationunits, andusingthe fittest modelsat
resolutionsof 1 to 5 spatialunitsto predictoverlandflow depthat the catchmenscale.In Figure
6.5theresultsareshavn. WhencomparingFigures6.4 and6.5 the expectedpatternoccurs,.e. a
betterfit in thelatter

6.5 Overland flow patterns in space and time

Thespatialpredictionof the overlandflow ratio by the behaioural modelsis shavn in Figures6.6
and6.7,wherethepredictionsarein factaverageof the ensemblgredictionsby 1000randomly
selectedmodels. Similar to the resultsin Chapters3 and4, Figures6.8 and 6.9 presentpredic-
tions of seasonafverageoverlandflow ratiosaswell asfor subdvision accordingto seasorand
rain intensity Whencomparingtheseresultswith thosein the previous chaptersseveral aspect
standout. Thefirst is thatthe RRMSE of the predictionis higherthanfor predictionswith the
regressiormodel,but on averagelower thanfor predictionswith the distributedmodel. Secondly
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Figure6.2: Obsened versuspredicteddischage ratios (event totals of dischage asfraction of
total eventrain) atthe outletsof Kaibo andHorizontesfor the calibration(e) andval-
idation (+) data. The predictionsareaveragedrom an ensemblgrediction(n=1000)
with the setof fit models.

the RRMSE s distributed more evenly over space.Furthermorejt turnsout thatthe patternsof
overlandflow occurrencareratherdifferent,again,from thosepredictedby previousmodels.

6.6 Characterizing the sets with behavioural models

Models for the entire season

An overview over the setswith behaioural modelsis givenin Table6.1. Thetablelists model
propertiessuchasthenumberof spatialelementsthesizeof thetemporalunitsandthe numberof
parameterperspatialelement An intercomparisomf themodelsderivedfor Kaibowith thosefor
Horizontedearnsthatthe mostsuccessfumodelsfeaturea larger numberof spatialelementsand
a finer temporalresolutionfor the Horizontescatchment.By alsolisting the 10% fittest models
in theset,it is in additionshavn thatthe spatialandtemporalresolutionaswell asthefithessare
coupledfor bothcatchmentsThis patterncorrespondsvith therelationsshavn in Figures5.4and
5.6. Thetotal numberof parameterper spatialelements low for both catchmentsgcomparedo
theresultsin Section5.5 (Figure5.6). This is notablesincethereis no supefimposedmechanism
in the identificationalgorithm which leadsto a minimization of the numberof parameters.lIt
is thereforea propertyof the systemunderstudy (constrainedy the available obserationsand
the minimum numberof parametersequiredby the template). The numberof spatialelements
obtainedn thefit modelsis half to onefourth of the possiblenumberof spatialelementgefined
in the template. This meansthat somespatial units have beenlumped and are consideredas
homogeneousvith regardto their hydrologicalresponse. A way to quantify theseeffectsis by
relatingthe possiblespatialsubdvision (asspecifiedin the modeltemplate)to the actualspatial
subdvision (aslaid down in aspecificmodelin the setof fit models)via the following index.

_ | pogh
Ch = | prin

whereh is anindex indicatingwhich factoris consideredtopographicyegetationor soil), d;, is
calledrelativedissectionl priy (in m) is thetotal lengthof all vectorsdissectinghe unitsdefined
for factorh in the template,andis | pody (in m) is the total length of all vectorsdissectingthe
unitsdefinedfor factorh in thesetof fit models.Therelative dissectiorfor thefactorstopography
vegetationand soil of Kaibo and Horizontesis givenin Table6.2. The relative dissectionis a
measurdor therelatve homogeneityof a factorwith regardto the occurrenceof overlandflow.
A smallrelative dissectionmeansin this contet that the factor is relatvely homogeneouand
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Figure6.3: The differenceof obsered and predicteddischage ratios over time for Horizontes
andKaibo.

doesas a consequenceot needto be taken into accountin the template. It turns out that for
Kaibo especiallyland useandsoil canbe considerecashomogeneousanitswhile for Horizontes
especialljtopographycanbeconsideredishomogeneouwith regardto overlandflow occurrence.

Anotherissueof interestis the actualvalueof the upstreanareaiso-linesin thefit modelsfor
Kaibo andHorizonteswhich follow from the procedureoutlinedin Section6.2. Thedistribution
of thesevaluesareshovn Figure6.10in theform of normalizedfrequeng distributions. The Fig-
ureshaws thattwo iso-linesoccurfrequentlyin Kaibo andonein Horizontes.The smallpeaksat
theleft-handsidein the graphs(upstreamarea= 0) exist becausea few modelsdo not usethe up-
streamareafor spatialsub-dvision. The probability distributionshave averagef approximately
1.3and4.2hain Kaiboand3.7 hain Horizontes.Especiallyfor Kaibo the distribution of iso-line
valuesis quite pealed. Apparently quitelimited optionsfor spatialsubdvision areallowedby the
systemJeadingto this particularpattern.The spatiallyaveragedocationsof theiso-linesin both
Kaibo andHorizontesareshavn in Figure6.11.

Distinct models for early and late season, light and heavy rain

As hasbeenshawn in the precedingchaptersand Section6.5, thereare marked seasonatliffer-
encedn soil andvegetationdevelopmentfor bothcatchmentaindalsomarkeddifferencedor low
andhighrain intensities.Thereforethe questionariseswhethera singlesetof fit modelsis really
applicableover the entireseasorandfor all typesof eventsin both catchmentsAnd if different
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Figure6.4: Obsenred versuspredictedoverlandflow ratio per soil-vegetationunit andcatchment,
wherethe predictionsare basedon ensemblerediction(n=1000)with the setof fit
models.

modelsare indeedidentified for thosedifferent conditions,the questionis what can be learned
aboutthe hydrologicsystemon the basisof thesedifferences As before the effect of seasonality
is investigatedoy applyingthe identificationalgorithmto 20 eventsthatoccurredin thefirst two
monthsandlasttwo monthsof the Kaibo andHorizontescatchmentsespectiely. And theques-
tion whetherthe (rain) characteristicef an eventareimportantis investigatedy considering20
eventswith arainintensitylower than5 mmh~* and20 eventswith arainintensityhigherthan20
mmh~ for identification.Again, 75% of the datais usedfor calibrationand25%for validation.

Thecharacteristicef themodels,derived on the basisof thedifferentsub-set®f thedata,are
listedin Tables6.3 and6.4. Sincethe datasetsfor low andhigh rain intensityaswell asearly
andlate seasorarelessdiscriminatingthanthe entire setof fit models,larger setsof fit models
are expectedfor eachof thesecases. Interestingly this is indeedthe casewhen distinguishing
betweenseason(it resultsin larger setsof fit modelsfor either seasonwith a higher average
fitness),but not whendistinguishingbetweenow and high rain intensities(smallersetswith fit
modelsarederived, with afitnesssimilar to thatwhenconsideringhe entirerangeof intensities).
The spatialdiscretizationof the catchmentsurnsout to displayaninterestingshift in the caseof
seasonatlifferentiation.Whentaking thefirst two monthsof the seasorthe marked effect of soil
is obseredin bothcatchmentgit is hardly dissected)whereasat theendof the seasornit is land-
use/\egetationwhich is the leastdissected.The differentiationaccordingto rain intensityseems
to have no profoundeffects (seeTable 6.5). On the basisof theseresultsthe conclusionis that
for bothcatchmentdettermodelscanbederived by distinguishingbetweerearlyandlateseason,
but not by distinguishingbetweenlight and intenserain. This is intuitively expectedbecause
vegetationand land surface changesare not taken into accountinto the model parameterization
whereagain (depthaswell asintensity)is.
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Figure6.5: Obseredversuspredictedoverlandflow ratio persoil-vegetationunit andcatchment,
wherethepredictionsarebasedn ensemblegn=1000)thatareparticularlysuitedfor
theresolutionof the obsenrations.

6.7 Characterizing the Kernel functions

Themodelsidentifiedin the previous sectionsare,becausef the mary parametershey contain,
difficult to usefor understandinghe dynamicsof the hydrologicalsystems.Yet, the structureof
themodelsis conceptuallysimpleandnot essentiallydifferentfrom thosedescribedn Chapters3
and4. Theregressiommodelof Chapter3 aswell asthe distributed modelformulatedin Chapter
4 could e.g. alsobe formulatedin the state-spacéorm of Equations5.1 and5.2. A statistical
analysisof the variousmodelcomponentsnay provide further insight, but presentlythereis no
lead available asto which techniquescould be usedfor that purpose.Anotherpossibility to get
hold of the informationcontainedn the modelsis to replacethe kernelfunctionsby continuous
functionswith much less parameterso that thesecan more easily be interpretedor relatedto
physicalentities. Thelasttechniquehasbeenappliedhere.

It wasstatedin Section6.2 thattheindependenvariablesallowed in the kernelfunctionsare
Pl Pl Wk—11, Wk—1,+, (Wherel*refersto the areaupstreanof unit ). Someof the resulting
kernelfunctionsfor eachof theseindependenvariablesare shawvn for the different transition
matricesn AppendixE (Figureskt.1to E.3). Thefiguresdisplayarandomselectiorof 5 outof the
totalnumberof kernelfunctions.As hasbeendemonstratetiefore kernelfunctionshave alimited
region of applicabilityin the entirespace-timalomainof the setwith fit models.In Table6.6the
main regions of occurrenceof the variouskernelfunctionsin the space-timedomainarelisted.
Thetableshavs thatnot every independentariableis equallyrelevantfor bothcatchmentgi.e. is
dominantin alarge numberof models),andthatcertaintypesof kernelfunctionsaredominantat
slightly differentresolutionsn the two catchmentsEspeciallythe variablespy; and py -, which
aregenerallydominantat coarserscales(seealso Section5.6), occurat finer resolutionsin the
HorizontescatchmentThis suggestshattheflow processs generallyfasterin the caseof Kaibo.

For eachof the 'K erneltypes’listed in Table6.6 an analyticexpressions sought. Relation-
shipsthatapply reasonablyvell arethe rectangulahyperbolafor kernelfunctionsin Ay andCy
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Figure6.6: Predictedaverageoverlandflow ratioandRRMSEover the entireseasorfor Kaibo.
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Figure6.7: Predictedaverageoverlandflow ratio and RRMSE over the entire seasorfor Hori-
zontes.

andthe gammadistribution (the derivate of the incompletegammafunction)for kernelfunctions
in Bx. Therectangulahyperbolais given by oneof thefollowing equations.

f(x) = ﬁ (6.4)
X1 a"
f(x)zl_x“+a“:a”+x” (6:5)
~ (Xmax— x)"
f(X) - (Xmax— X)n + an (66)
Gl 6.7)

f(X) = a”+(xmax—x)”

wherea (> 0) is a factordeterminingthe locationof x where f (x) reacheshalf of its maximum
value, Xnax is the maximumvaluethatx may take, andn a coeficient determiningthe point of
inflection of the curve. In practiceequation6.5 appliesto the parametersletermininginfiltration
(declining f (x) for increasingvaluesof wy| and px;), andequation6.7 appliesto the parameters
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Figure6.8: Predictedaverageoverlandflow ratio and RRMSE for low/high rain intensitiesand
early/lateseasonkaibo.

determiningsaturatiorexcessrunof andreturnflow (increasindor increasingvaluesof wy; and
Pk1)- Thescaledversionof thegammadistribution is givenby

()" e o)
f(x) = @ (6.8)

wherea (> 1) is a shapefactor which may changethe from of the distribution from exponential
(a=1) to Gaussiana = »), m is a scalefactor and xmax is the maximumvalue that x may
take. The parameter in this equationis given by the productof an averagea-value (aayg) and
characteristitime k;; j definedin Equation6.2:a = K jdavg andmis defenedasanaveragem-value
(mavg) Multiplied by the averageconnectiity definedin Equation6.3: m = Tjjmayg. Thisreduces
thenumberof parameterso befitted to only two for this equationj.e. agyg andmayg.

Througheachof thegroupswith typical kernelfunctionsanappropriatexpressior(either6.4,
6.5,6.6,6.7 or 6.8)is fitted. Theresultingparameteraluesaregivenin Tables6.7 and6.8. The
functionsareareplottedin AppendixE (Figuresk.4andE.5).

Thekernelfunctionscanbeinterpretedn aprobablisticsense The kernelfunctionthenpro-
videsan estimateof a transportor partitioningparameteg, (i.e. § := ax; bk orcy ), conditional
onthevaluethattheindepentenvariablein the kernelfunctiontakes(takinge.g.thekernelfunc-

100



low rain intensity early season

prediction RRMSE prediction RRMSE
v oy
+ Y
P R
s
s ra AT f;
N 7l
% ' -
M
0 300m
[ . [ . [ .
0 02 04 0 02 04 0 1 2
high rain intensity late season
prediction RRMSE prediction RRMSE

. . [ .
0 0.5 1 0 02 04 0 0.5 1 0 02 04

Figure6.9: Predictedaverageoverlandflow ratio and RRMSE for low/high rain intensitiesand
early/lateseasoniorizontes.

tion of Equation6.4 with px| abbreiatedasp):
P p— 69)
p"+an
Theformalismby JaynegJaynes1963,1982)thenstateghatthe bestestimateof the conditional
probabilitydistibution f (& | x) is givenby

f e 6.10
in which C(A\) representshe kernel function, e.g. % which shouldequalthe integral of a
negative exponentialfunction:

CO\) = / e Mgy = (6.11)
0 A
CombiningEquations5.9,6.10and6.11leadsto
n n n
F(E|x) =" )—;a e (i (6.12)

If for instancehe probabilitydistribution for x, f(x), is known, thejoint probability f (§,x) canbe
calculatedasthe productof thetwo distributions,assuminghey areindependentThe conditional
aswell asjoint probabilitiescanbe usedin probablisticmodelsasthoseintroducedandapplied
by e.g. HoskingsandClarke (1990); Milly (1993)andRodriguez-lturbestal. (1999).
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Table6.1: Characteristicef behaioural modelsetsfor Kaibo andHorizontes. The numbergyive
themeanvalueswhile the rangeshetweerbracletsgive the extremevaluesoccuringin

theset.
Kaibo Horizontes
all models numberof modelsin set 312 503
average(min. - max.) of:
spatialelementgnr) 5(1-7) 11 (4-14)
temporalunit (min) 17 (5-30) 12 (5-20)
pars.perspatialelementnr)  3.9(2-4) 3.1(2-5)
fitness(-) 0.6(0.3-0.9) 0.7(0.4-0.9)
10%fittestmodels numberof modelsin set 31 50
average(min. - max.) of:
spatialelementgnr) 6 (4-7) 13(4-9)

temporalunit (min) 14 (5-20) 7 (5-15)
pars.perspatialelementnr)  2.2(2-4) 2.3(2-4)
fitness(-) 0.8(0.6-0.9) 0.8(0.7-0.9)

Table6.2: Therelative dissectiord;, of thetopographicyegetationandsoil factorsfor Kaibo and
Horizontedor the entiremodelsetandthe 10%fittestmodels.

entiremodelset 10%fittestmodels

factor(h) Kaibo Horizontes Kaibo Horizontes
Topography 0.32 0.21 0.42 0.14
vegetation  0.11 0.34 0.10 0.57
Soil 0.12 0.35 0.19 0.31

6.8 Discussion

This studyshaws thatin spite of somemarked differenceshetweerKaibo andHorizontes there
aremary similaritiesbetweenthe modelsetsdescribingthesecatchments.n the first placethe
samemodeltemplatewas usedfor both catchments.The relation betweenproblemresolution,
availability of obserationsandfitnessseemso apply to both catchments.Also the shift in the
independenvariablesfrom soil moistureat fine temporalresolutionsto rain at coarsetemporal
resolutionss applicableto both Kaibo andHorizontes. The catchmentgliffer with regardto the
exactform of the kernelfunctionsandthe modelresolutionsto which differentkernelfunctions
apply This canbe explainedby the differencein topography Kaibo haslongerslopesandless
relief - andthe limited spatialdiscretizationof the modelsfor the Kaibo catchmen{(Table 6.6).

probability

Kaibo Horizontes
1 1
0.5 0.5
0 0
0 2 4 6 0 2 4 6
upstream area (ha) upstream area (ha)

Figure6.10:Thenormalizedrequeng distribution of theupstreamareaiso-linesin thefit models
for Kaibo andHorizontes.
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Kaibo Horizontes

Figure6.11:The spatiallyaveragedocationof the iso-linesfor Kaibo andHorizontes. The two
patchesn Kaiboindicatedby the arrons areoutsideboth upstreanmareaiso-lines.

This last factor may have beencausedby the relatively few distributed obserationsin Kaibo.
It is notablethat the sameshiftsin the useof independentariablesare found for the real data
setsat the catchmenscaleaswith the syntheticdatasetat the hillslope scale(seeChapters). It
suggestshatthe source-diren systembehaiour at coarseresolutionsandsink-driven behaiour
at fine resolutionsis a property of the hydrologic systemsat both scales. The size of spatio-
temporalunits to which 'coarse’ or ‘fine’ refer dependson the heterogeneityof rain, soil and
terraincharacteristic§inputsandmainmodeldeterminants)anddiffersfor differentareas At the
pointwheremodelsareidentifiedas’fit’ for a specificresolutionit is perhapsrrelevantto bother
abouttheseheterogeneitiesHowever, for the characterizatiorand intercomparisorof different
catchmentsa quantificationof this 'functional heterogeneitymight be of interest. As donein
this chapter modelforms canbe analyzedover a rangeof space-timegesolutionsjeadingto the
demarcatiorof kernel-shifts. Comparingthe location of thesekernel-shiftsfor Horizontesand
Kaibo leadsto the obsenration thatthe shift from sourceto sink-limited systembehaiour occurs
at a spatialresolutionof approximately7 units for the Horizontescatchment&and5 units for the
Kaibo catchment.Theseresolutionscorrespondo physicaldimensionof (on average)300m in
Horizontesand220m in Kaibo.

Relatingthesedimensionswvith the spatialcorrelationstructureof therain, soil andvegetation
characteristicsndicatesthat especiallythe spatial structureof the rain (with auto-correlations
droppingsharplyat 350and200 m for HorizontesandKaibo respeciiely) could give riseto this
pattern.The spatialheterogeneitiesf soil andvegetationcharacteristicareapproximatelytwice
aslarge. Thisobsenationgivesriseto thehypothesighatin thetwo studycatchmentshestructure
of arain eventis themostimportantdeterminantor overlandflow patternsinsteadof topography
or the pre-eventsoil moisturedistribution.

Applying theidentificationprocedurdo differentsub-set®f thedata,leadsto veryinteresting
results. In the first place, it shavs that rain intensity doesnot influencethe parameterization
whereasseasonality(the time after start of the wet season)oes. This meansthat the nature
of the hydrologic systemchangesover the rainy season.It hasbeenexplainedbefore(Section
4.7) thatthis changeis causedoy variousstrongly correlatedprocessesswelling and shrinking
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Table6.3: Characteristicef behaioural modelsetsfor Kaibo andHorizontesjdentifiedusing10
low-intensityand10 high-intensityevents

Kaibo Horizontes
low intenisty numberof modelsin set 214 351
average(min. - max.) of:
spatialelementgnr) 5(1-7) 11(4-14)

temporalunit (min) 17 (5-30) 12(5-20)
pars.perspatialelementnr)  3.9(2-4) 3.1(2-5)
fitness(-) 0.6(0.3-0.7) 0.7(0.4-0.8)

high intensity numberof modelsin set 201 373
average(min. - max.) of:
spatialelementgnr) 6 (4-7) 13(4-9)
temporalunit (min) 12 (5-15) 7 (5-15)
parameterperspatialelementnr) 2.2(2-4) 2.3(2-4)

fitness(-) 0.7(0.4-0.8) 0.7(0.3-0.8)

Table6.4: Characteristicef behaioural modelsetsfor Kaibo andHorizontesjdentifiedusing10
eventsfrom thefirst two and10 from thelasttwo monthsof therainy season.

Kaibo Horizontes
first two months numberof modelsin set 453 768
average(min. - max.) of:
spatialelementgnr) 4(1-6) 7 (4-9)
temporalunit (min)  21(10-25) 14 (5-20)
parameterperspatialelement(nr) 2.8(2-5) 3.0(2-5)
fitness(-) 0.8(0.5-0.9) 0.8(0.5-0.9)
lasttwo months numberof modelsin set 519 873
average(min. - max.) of:
spatialelementgnr) 5(3-7) 8 (4-10)
temporalunit (min) 14 (5-20) 11 (5-15)
parameterperspatialelement(nr) 2.3(2-4) 2.2(2-4)

fitness(-) 0.8(0.6-0.9) 0.9(0.7-0.9)

of clays, vegetatve developementchangingsoil roughnesglueto the impactof rain, animals,
tillage and soil macrofiuna. A considerabléneterogeneitywithin the model setderived on the
basisof average-seasonabnditions,could be explainedby shiftsin thesefactors. However, the
limited size of the dataset, especiallywith regardto theseseasonafactors,did not allow the
parameterizationf the variousmodelswith thesenewly identifiedfactors.

For both catchmentshe kernelfunctionsfor partitioningcould be estimatedy arectangular
hyperbolaandthe kernelfunctionsfor transportoy gamma-distribtions. As hasbeenexplained
in Section6.7, the functionscan be interpretedin a probablisticsense. leadingto data-based
conditionalandjoint probability distributionsof hydrologicalvariables.Theapplicability of these
distributionsfor practicalpurposestill needgo betested.

6.9 Conclusions

Theapplicationof theidentificationprocedureresentedn Chapter5 to the dataof Chapter2 led
to resultsthat correspondedlosely with thoseobtainedusingthe syntheticdatasetin Chapter
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Table6.5: Therelative dissectiord, of thetopographicyegetationandsoil factorsfor Kaibo and
Horizontes,identifiedwith 10 eventsin the first 2 months/ last 2 monthsof the rainy
seasor{’early/lateseasonin thetable)and10 low-intensity/ high-intensityevents.

early/ late season low / highrainintensity

factor(h) Kaibo Horizontes Kaibo Horizontes
Topography 0.42/0.54 0.31/0.34 0.28/0.24 0.23/0.26
Vegetation 0.24/0.05 0.34/0.17 0.09/0.11 0.28/0.25
Soil 0.12/0.39 0.15/0.41 0.10/0.11 0.35/0.32

Table6.6: Overviaw of the (squareYegionsin the space-timalomainwherethe differenttypesof
kernelfunctionsarepresenin morethan50%/ 90% of thefit models.

Transition Kernel Indep. Kaibo Horizontes

matrix type var. time(min)  spacgnr)  time(min) spacgnr)
Ag 1 Pkl 20-30/20-25 1-4/1-3 15-30/15-25 3-8/2-4
2 Pki-  20-30/20-25 2-5/3-5 15-25/15-25 4-9/3-6

3 We—1) 15-25/15-20 4-7/5-7 10-20/15-20 4-14/9-14

Bx 1 Pk, 20-25/20-25 2-6/2-4 20-30/20-25 4-10/4-9
2 Pki+  15-30/20-25 1-4/2-4 15-30/20-30 4-9/4-8

3 Wg-1) 15-20/15-20 3-7/4-5 15-30/15-25 6-12/8-12

4 Wg_1)+ 15-25/15-20 5-7/6-7 10-20/10-15 5-16/9-15

Ck 1 Pk, 20-30/20-25 1-5/1-4 15-25/20-25 5-11/6-9
2 Pki+  15-30/15-20 3-5/4-5 10-25/15-25 4-9/4-8

3 Wg-1) 10-20/10-15 3-7/5-7 10-20/15-20 5-14/8-14

5. Theravith the conclusionsof Chapter5 arereinforced. Although the Kaibo and Horizontes
catchmentsre differentwith respecto vegetation,soil, topographyandthe availability of dis-
tributed obserations(seeChapter2), quite similar modelstructuresareidentified asfit for both
catchmentsThefit modelscorrespondvith regardto theindependenvariablesusedat different
resolutionsand the size of the spatialand temporalunits. Differencesare formed by different
discretizationandparametewralues(the form of kernelfunctions).

Fromtheresultsin this Chaptertherearevariousoptionsfor furtherresearchwhich will not
furtherbeexploredin thisdissertationIn relationto theshapeof kernelfunctionsapossibilityis to
re-calibratehemodelswith the continuouskernelfunctionsandcomparehere-calibratednodels
(again)with thedata-basedodels.Anotherline of inquiry maybeto searcHor othercontinuous
kernelfunctions,having a bettertheoreticalunderpinningthanthosepresentediere. In relation
to the spatialdiscretizationit canbe rewardingto apply the methoddemonstratedhereto less
complex catchment®r evensyntheticcatchment-date analyzein detailwhetherthemethodcan
recoser importantshiftsin boundaryconditionsor media-propertiesf relevancein thesecasesas
well.
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Table6.7: Parametevaluesfor Equations6.5 and 6.7 asfitted to eachof the groupsof typical
kernelfunctionsin Figuresk.1landE.3for Kaibo/ Horizontes.

Transition Kernel Parameters
matrix type a(unit) Xmax (unit) n(-)
for infiltration excessoverlandflow parametersy |, Equation6.4
Ax 1 14/ 23 - 1/1
2 23/16 - 3/2
3 19/21 - 4/3
for saturatiorexcessoverlandflow parameters;, Equation6.7
Ax 1 18/21 42/ 45 4/2
2 16/ 25 52/63 4/3
3 9/5 35/32 2/2
for returnflow parametersy, Equation6.4
Ck 1 28/21 62/54 4/2
2 26/35 52/63 3/4
3 31/38 49/63 4/3

Table6.8: Parametevaluesfor equation6.8 asfitted to eachof the typical kernelfunctionsin
FigureE.2for Kaibo andHorizontes.

Kernel Kaibo Horizontes
type(B) Mavg  Aavg Mavg  davg
1 20 0.8 14 0.9
2 24 09 18 0.9
3 40 0.9 17 0.7
4 34 0.8 19 0.6
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7 Prediction through parameter and state
regularization

7.1 Introduction

The problemof modelstructureidentificationasit hasbeendealtwith in the previous chapters
focuseson a singlecatchmentinda limited obsenration period. For a hydrologicalmodelto bea
usefultool in planning,it shouldbe possibleto apply thatsamemodelto otherlocationsor time
periodswithout redoingthe structureidentificationor having to collectlarge amountsof obsera-
tions. Anotherreasorfor not changinghe modelstructureat differentsituationss to keepmodel
resultscompatiblewith earlierresultsandtheravith reasonablystraightforvard to interpret. On
the otherhand,it hasbecomeclearfrom numerousstudiesthata certainamountof re-calibration
is alwaysrequiredin catchmenmodelling(Duanetal., 1992; Sorooshian1991; Sorooshiarand
Gupta,1985). The questionremainshowever, which parameterin the modelarebestsuitedfor
thispurposehow theparametevaluescanbedeterminedcindatwhichresolutionthere-calibrated
modelshouldbe defined. In view of previous work on model(re-)calibration especiallythe last
guestionis interestingsincethe choicefor the resolutionat which a hydrologicalproblemis de-
finedis oftennot discussedhor explained. Commonly resolutionis eithersetequalto thatof the
mostdetailedinput dataavailable, or the highestpossibleresolutionis chosenwithin the opera-
tional limits. In surfacehydrologythis implies that spatialresolutionis often chosenin relation
to theterrainrepresentatioandtemporalresolutionin relationto therain or dischage data.Data
thatarenotavailableattheappropriateaesolutionarecalculatedatthecorrespondinglementsand
time instantshy aggr@ation,disaggrgationor interpolation. The directconsequencesf a partic-
ularchoiceof theresolutionfor thepredictive poverandtheuncertaintyin parameteestimatesre
oftenoverlooked. In the eightiesandnineties’scaleproblems’have receved considerablatten-
tion in thehydrologicdiscipline(BléschlandSivapalan,1995). Theemphasisn thesestudiesvas
on thetranslationof knowledgefrom oneresolutionto anotherby aggreationor disaggrgation
andon waysto dealwith the discrepang betweenintegrationvolume or time of measurements
andthe size of modelunits. The effect of modelresolutionon predictionerror and parametric
uncertaintyhas,however, receved scantattention. A notableexceptionis the relationbetween
grid-DEM resolutionandcertaintopographicalndiceswhich play animportantrole in mary hy-
drologicalmodels(Walker andWillgoose,1999). But alsoin this casethe effect of resolutionhas
not beeninvestigatedsystematicallyin relationto generalmodelperformance.Thisis aremark-
able situation,sincea simple countof variablesin ary realistic hydrologic problemshawvs that
the available obserationsalonecannotcontainsuficient informationto determinea distributed-
parametemodelto a reasonablelegree,even not if the problemis limited to the re-calibration
of afew parametersThe problemis saidto beill-posed (seeSectionl.5). Evenif enoughdata
seemto be availableto uniquelydefinea hydrologicproblem(in ’less-distribted’ models),it of-
ten appearghat solutionsarevery sensitve to perturbationsn the boundaryconditionsor input
data.Thisis normallydueto thestiffness(i.e. the presencef interactingslon andfastprocesses)
of hydrologic models. This problemis alsocalledill-posed Whenseekinga way to calibrate
amodelin faceof ill-posednessa commonapproachin mary engineeringlisciplinesis the de-
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velopmentof an alternatve modelstructure with fewer degreesof freedomanda moresuitable
parameterizationHowever, aspointedout aborve, in hydrologicalproblemsthe changeof model
structures oftenundesirablesinceit would renderthemodelincompatiblewith otherapplications
or make the modelresultsdifficult to interpret. Thereforethe problemis usuallyhandledby using
additionalinformation,in the form of assumptionsiboutparametewaluesandrelationsbetween
parameters.Theseassumptionspr the dataon which assumptionsre based,are unfortunately
hardly ever madeexplicit, which impedesthe possibility to compareand generalizemodelsor
modelresults(Graysonet al., 1992b). This limited ability to compareandgeneralizedistributed
parametemodelshasleadto the questioninganddiscussinghe usefulnes®f suchmodels,see
thediscussionén e.g.Beven(1995)andLoague(1990). To date,afollow-up from this point, e.g.
throughaninvestigationto the degreein which hydrologicmodelsareill-posedandhow thesecan
be conditionedwith additionaldata,is lacking. Herethe aim is now to provide sucha follow-up
by consideringa regularizationapproactto combinea setof calibratedcatchmenscalemodels
of overlandflow with additionalobsenrations. First, atechniquds presentedo solve the calibra-
tion problemfor a generaklassof ill-posedtime-varying linearmodelsof overlandflow. Thenin
Section7.3thetechniques appliedto differentsetsof modelsandobserations. This is followed
by anintercomparisorof variouswaysto re-calibratemodelsin Section7.4. Theimplicationsof
theresultsarediscusse@ndconclusionsaredravn in Section7.5.

7.2 Calibrating an ill-posed hydrological system through
regularization

Conversion into standar d linear time varying form

It hasbeenshawn in Chapterss and6 thata large classof hydrologicalsystemswhich vary in
time and spaceand are often non-linear can be representedby linear time-varying state-space
modelaccordingto Equationss.1and5.2, whichwill berepeatedherefor convenience:

Xk = AkBkCiXk_1 + AUk

Yk = HiXk + &

wherexy containgMl statevariablesfor eachof theL spatialunitsandtheinputvectoruy contains
at leastL elementsat time instantk (but ux may be larger, dependingon the structureof Ay
andthe amountof input variables). The structuredmatricesAg, Bx and Cy (transitionmatrices)
containtime-varying coeficients8, which arestochastidunctionsof xx_1 or ux andcanonly take
valuesbetweenzeroandone (0 < 6 = f(xx_1) < 1). Examplesof statevariablesare overland
flow, infiltration andtotal soil moisture. Examplesof inputsarerain, actualevapotranspiration
andinflow from an upstreamarea. The vectoryy containsP obserationsandthe matrix Hy is
an obseration matrix which relatesthe statevariablesto the obserations,andthe outputerror
vectorg, containamodellingaswell asobserationerrors. The specificmodelusedherehasbeen
describedn detailin Chapterb.

In what follows, the focusis on either on-line estimatingthe unknavn coeficientsin the
transitionmatricesor estimatinghe statevariablesattime instantk from obserationsavailableat
timeinstantk (parameteandstateestimatiorrespectiely). Hencebothestimationtechniquesre
recursve andrely ontheassumptiorthatthe parametewectors{6y, 6«1, ...} areindependent.

To applytheestimatiortechniquesheabove equationsreconvertedto thefollowing standard
form

Yk = Dxmyg + & (7.1)

108



whereyy is a vectorwith known values,Dy a matrix with known values,mg a vectorwith values
to be estimatedand e a vectorwith errors. The way in which Equations5.1 and5.2 have to
be transformedo obtainequation?7.1 dependn whetherwe would like to considerparameter
estimationor stateestimation In the caseof parameterestimationthe aim is to estimatethe co-
efficientsin the transitionmatrices. This requiresthe reorderingof the parameterinto a vector
my andthe orderingof the statevariablesinto a matrix Dg. In the caseof stateestimation the
parameterareunchangedut the statevectorxy is estimatedsothetime-varyingtransitionma-
tricesareputin Dy andthe statevectorin my. In spite of thesedifferencest is a priori unclear
to whatextentboth approachewvill yield differentresults. Thereforeboth approachegaretested
here,first the conversioninto standardorm for the caseof parameteestimationwill beworked
out,andthereafteithe corversionfor the caseof stateestimation.
For parameterestimatiorwe substituteequations.linto 5.2. Hence,

Yk = [HiAKBKC X1 + [HiAk] Uk + & (7.2)

wherexk_1 canbe substitutedoy its estimatexy_1. If Hy is invertible the estimatecanbe found
from

Ri-1 = H i
However, in whatfollows the generalcaseis consideredsothatxx 1 is estimatedrom equation
5.1.
Xi—1 = Ak_1Bi_1Ck_1Xk—2 + Ak_1Uk_1 (7.3)

Themodelparameters thetransitionmatricescanbeestimatedy O=f (Xk_1)- Clearly, for this
methodto work, xo mustbeknown or mustbeincludedin the estimationproblemby augmenting
Bk. In this studyxg is assumedo be knovn andnotincludedin 6.

Next, the known vectorsxx 1 andug are put into the datamatrix Dg, andall the unknavn
parametergAy, Bx andCy) areputin the parametewectormy. A detailedderivationis givenin
AppendixC. Now equation?7.2 canbe rewritten asequation7.1. Recallthatthe elementf the
vectoryx = [ k(1) W(2) ... w(P) ]T actasobsenationsandthe matrix D actsas’design
matrix’ which embodiesthe geometryas well asinputsto the system,the elementsin my =
[ m(1) m(2) ... m(Q) }T are the model parameters.In additionto the P obserations
therearesomeadditionalconstraints Thesearisefrom thefactthatthe columnsof the transition
matricesin the original model(equation5.1) sumto unity. Theseconstraintform anadditional
linearequation

Yeonsk = DconskMcong (7.4)

In orderto relatemconsk to My it is multiplied with the matrix Hy (seeAppendixC). Notice that
the constraintdn equation?.4 are hard constraintsvhich may not be violated. Even with these
additionalconstraintghereare,for ary realisticdistributed hydrologicalproblem,relatively few
obsenrationsavailablecomparedo thenumberof modelparameterssothatinformationis lacking
to determineuniquelyall the modelparametersin additionit appearshatsolutionsaregenerally
sensitve to perturbationsThe parameterestimationproblemis thusill-posed.
Whenconsideringstateestimatiorwe proposeo rewrite Equationss.1and5.2is asfollows.

Yk — [HikAK] Uk = [HKkAKBKCi] Xk—1 + & (7.5)
whichwill bewrittenfor easeof notationinto aregressiorform
Yk = Dimi + & (7.6)

In this new formulationthe elementsof the vectormy = [x_1(1)...%1(4L)] areconsidered
to be adjustablej.e. they actasthe modelparametershathave to be estimated.To Equation7.6
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the samehardconstraintq7.4) apply asto equation7.1. But now theseareimposeddirectly on
the modelstatesgxpressedisa global massbalance(i.e. a massbalanceat eachtime instantfor
thetotal catchment)i.e.

(Sl + Tkl +ter —peg) =0vk=1,...,K (7.7)

gls

which canbewrittenin vectorform as
V(X1 — Xk_2+Ax_1Ux_1] =0 (7.8)

with
v=[1(1) ... 1(3L) 0(1) ... O(L) |

Note that the vectorv, comprisinga (1,3L) sub-\ector with onesanda (1,L) sub-\ectorwith
zeros,simply sumsthe first threevariables(eachdefinedat L spatialunits) of x, viz. s, r, andt.
By definingD},,s= —a andy;,,s= a[Ak_1Uk_1 — Xk_2|, EQuation7.8 canbewritten in thesame
way asequation7.4.

Obsenrer theorycorventionallyconsiderghefollowing form of stateestimation

Xk = Xigk—1 + Kk (Yk — HiXigk—1) (7.9)

wherexyky1 = AkBkCiXk—1 + AkUk. In thisframewvork thedesignandupdatingof the gainmatrix
Kk playsa centralrole. The reasondor not usingthis techniquefor stateestimationhereis to
avoid the tuning of the gain matrix, which is a laboroustaskfor the setof modelsunderstudy
It is notablethatin the estimationprocedurgproposecdhereyy is usedto estimatexy 1, whereas
obserer theory(Equation7.9) corventionallyusesyy andxy_1 to estimatexx. At alater stageit
may beinterestingto comparethe techiqueproposecherewith the corventionalobserer theory
(e.g. the ExtendedKalmanfilter or EnsembleKalmanfilter), especiallybecausehat hasnever
beenappliedto the problemat handandalsoallows the easyincorporationof global constraints
(Equation7.4).

Discrete inverse theory

The solutionof equation7.1 and7.6 requiresan inversion. Sinceboth equationsare mathemati-
cally equal,only equation7.1will beconsideredn whatfollows. The conceptof thegeneralized
inverse(G, alsocalledpseudo-imerse)is usedto find a solutionto equation7.1 (RaoandMitra,
1971).Theexactform of thegeneralizednversedepend®ntheproblemathand.Somefrequently
usedgeneralizednversesareG = (D' D)*1 DT (leastsquaresolution)orG =DT (DDT)*1 (min-
imum lengthsolution).Noticethatthegeneralizednverseis notamatrixinversein theusualsense
(like D~ Y); it is not squareandneitherGD nor DG needgo be equalto theidentity matrix aswill
be shavn later For a given generalizednverse, the modelparameterst eachtime instantk can
be estimatedrom

m = Gy (7.10)

wherethe subscripk is omittedfor easeof notation.
Therelationbetweerthe estimatedandthetrue modelparametergm;,e) follows from insert-
ing equation/.lin 7.10:
M = GDMy,ye+ Ge (7.11)

wherethe Q x Q matrix GD (= R) is anorthogonalprojectionmatrix, which is oftenreferredto
asmodelresolutionmatrix. In a statisticalframenork, the vectorRmy, e is the expectationof m,
i.e. E(M) = Rmye if G is deterministicandE (e) = 0. SinceE (M) # My e, exceptwhenm is the
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leastsquaresolutionsothatGD =, it follows thatit is likely to bebiased Equation7.11canbe
easilyinterpretedoy rewriting it into

M = Myye+ (GD — 1) Myre+ Ge (7.12)

which shavs that the estimatedparametewnectoris a function of the true parametewector the
deviation of the modelresolutionmatrix from theidentity matrix,andsomemappingof the output
error In equation7.12the modelresolutionmatrix shavs how elementof the estimatedbaram-
etervectorare linear combinationsof the true parameters.n the ideal case,wheneachmodel
parametecanberesol\ed, theresolutionmatrix equalsanidentity matrix.

Similarly, the estimatednodelparametersn maybeusedto evaluatehow well predictionsby
themodelcorrespondo the obsered datathrough

¥ =DM (7.13)

wherey is the predictedoutputy. By substitutingequation7.10into 7.13andapplyingthe same
orderingasin equation7.12thefollowing expressioris obtained

y=y+(DG—-l)y+e (7.14)

HeretheP x P matrix DG (= N) is calledthedatainformationmatrix. This matrix describesion
well the predictionsmatchthe original data,apartfrom the obseration errorsin e. The diagonal
elementsn theinformationmatrix indicatehow muchweighta datumhasin its own prediction. It
isinterestingo noticethatboththemodelresolutionanddatainformationmatricesarenotdirectly
relatedto the obserations(y). This meanghatfor certaincasesvherethe pseudo-imerseG can
bederivedin adwvance,R andN canbeestablishedheforecollectingthe experimentaldata.

Anothermeasurdor modelquality is the covarianceof the estimatednodelparametersThe
(co)variancesof the model parameterprovide a measurdor the model predictionuncertainty
anddepend®on the covariancestructureof the data,the covarianceof the prior modelparameters
andtheway in which the erroris mappedrom datato modelparametersHereit is assumedhat
the covariancematrix of boththedata(Cy) andthe prior modelparameter$Cy,) areknown. The
covarianceof the estimatednodelparameterss thengivenby

Can=GC,G"+(R—-1)Cn(R—1)T (7.15)

The resolutionmatrix, information matrix and model covariancematrix are usefulto define
thecriteriaof agoodinverseandthusimplicitly goodmeasuresf the modelquality (Backusand
Gilbert,1968;Jackson1972):

1. The estimatecparametewnectoris ascloseto the true parametewectoras possible. This
impliesthatthe resolutionmatrix shouldbe closeto theidentity matrix, i.e. |R — || is as
05
smallaspossible(where||X|| = [zizj [x”-]z} , the so-calledFrobeniusorm)

2. Theestimategarametevectorshouldgive agoodfit to thedata(i.e. modelfit). Thismeans
that||N —1 || is assmallaspossible.

3. Theuncertaintiesn the estimatecbarameterge.g. expressedn termsof varianceskhould
notbelarge. This meanghattracg Cg) is assmallaspossible.

The threecriteria cannot all be metin anill-posedinverseproblem,sincethereexists a trade-
off betweeneachpair of them, i.e. one can equally well optimize betweenmodel resolution
and variance,datainformation and resolution,or datainformation and variance. Eachof the
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resultingtrade-of curves have beenappliedin the past(Hansen,1992; Menke, 1989). Other

techniqueso determingheso-calledoptimalrateof regularizationin aninverseproblemarebased
onentropy, or somesortof cross-alidation(Pressetal., 1992; Tarantola,1987). A ratherpopular
techniquedueto its robustnessaindthe avoidanceof usingthe covariancematrix (equation7.15),

is generalizeccross-alidation (Golub et al., 1979; Hansen,1998; Wahba,1977). Generalized
crossvalidationamountgo the minimizationof the generalizectrossvalidationfunction

~|y-bm|3
fgov = (tracgDG —1))2 (7.16)

whereG is the parameteto be chosen.It is basedon the philosophythatif anarbitraryelement
y; is left out, the correspondingsolutionshouldpredictthis obseration well; andthatthe choice
of the solutionshouldbe independenof an orthogonalransformatiorof y (Hansen1998). This
function fyc, Will beusedin whatfollows to find a propergeneralizednverseG

Solution method

ThegeneralizednverseG for our ill-posedproblemcanonly be formedby including prior infor-
mationto reconstructost informationand/orregularization(dampening¥actorsto reduceinsta-
bilities. Thereforea setof parameteconstraintss addedo equation7.1:

[ pni/pn } - { 5 ]””F { ejn } (7.17)

wherel is a Q x Q identity matrix andp is a so-calledregularizationparametethat will be ex-
plainedlater

At this pointdifferencesarisebetweertheapproachof parametewersusstateestimationsolu-
tion (Equationsr.1and7.6 respectiely). In the caseof parameteestimationwe usethe averages
of the stochastiparameterin theinitially uncalibratednodel(equations.1) asprior information
(mpri), whereasn the caseof stateestimationwe useprior estimatesat a previous time instant
(mg_,). Itis notevorthy thatin the caseof stateestimationit is possibleto useadditionalobsera-
tions,notincludedin yy, asextra constraintsThis canbe achievzed by usingthe weightedaverage
of prior estimatesandadditionalobserations(the weightedaverageis namedmy,; herefor con-
venience).More precisely my; , canbe determinedby the weightedsumof the estimatesat a
previoustimeinstant(my_,) andadditionalobserations(my) accordingo thefollowing equation

Mprik = (1= 0k KMy + (o)L mi (7.18)

whereK andL arecross-correlatiomatricesfor m ata previoustime instantandat distantloca-
tionsrespectiely. o is zerofor time instantswhereno obsenationsareavailable,andhasa fixed
valuewhenobsenationsare available. In orderto keepthe comparisorof parameteand state
estimationon equalfooting, this extendedway of estimatingm’;,ri’k is not appliedhere. Details
aboutthis approactcanbefoundin vanLoonandTroch (2002).

In both cases(parameteras well as stateestimation)addingtheseadditional constraintsto
Equation7.1, gives a problemthat can be solved in a least-squaresense. Dependingon the
regularizationparametep in Equation7.17,the solutionto Equation7.17will vary betweenthe
minimum length solution (i.e. the solutionbasedon prior informationin the caseof parameter
estimationor additionalobserationsin the caseof stateestimation)or the leastsquaresolution
in the obsenration space.As notedabove, generalizeccross-alidationis usedhereto determine
thedesiredvalueof p. Thegeneralizednversethereforegetsof thefollowing form

G=(D"D+pl) ‘DT (7.19)
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The solutionis found by applyingthe following steps. The mathematicabperationsnvolved in
eachstepat eachtime instantk aregivenin AppendixD.

1. A singularvaluedecompositiorof Dconsk iS Usedto solve Equation7.4, leadingto a setof
admissiblevaluesfor my.

2. A rangeof regularizationvaluespy is defined.

3. For eachregularizationvaluethe solutionof stepl is substitutedn Equation7.17 andby
usingasingularvaluedecompositionthis equationis solved aswell.

4. Eachsolutionof step3 is substitutedn Equation7.16 andthe minimum fy., is selected.
Thepk , Gk andmy leadingto this minimumform the desiredsolution.

SinceEquation?.2 variesover time, at eachtime instant(k) a differentsolutionis obtained.

7.3 Description and use of models and data sets

Theregularizationalgorithmdescribedn Section7.2requiresa prior modelin combinationwith
adataset.In this studythedatafor the HorizontesandHoricajocatchmentareused.Themodels
identifiedfor Horizontesin Chapter6 are usedas prior models. Subsequentlyhe setwith prior
modelsis usedfor predictingdischagein the entireHorizontescatchmenfor two differentcases:
1) by usingthe dischage datafor Horizontesfor regularization,and 2) by usingthe dischage,
overlandflow and soil moisturedatafrom the Horicajo sub-catchmentor regularization. The
predictionperiodfor the Horizontesand Horicajo catchmentcovers 15 events. Both datasets
containobsenrationson rain, overlandflow, soil propertiesyegetationpropertiesandtopography
(notdischage). In addition,the Horicajodatasetincludessoil moistureobserations(seeChapter
2). Theoverlandflow andsoil moistureobsenrationsareincludedin the outputvectory (Equation
7.17). The soil-vegetationclassesare usedto extrapolatethe obserationsfrom the obseration
unitsto theentireHorizontescatchmentn the sameway asdescribedn Section3.4 (Extrapolat-
ing overlandflow anddischage obserations’). Predictionwith theHorizontesdatasetrepresents
a situationwhererelatively few obserations are available over the appropriateareafor which
predictionsare required,whereaspredictionusingthe Horicajo datasetrepresentshe situation
with relatively muchobsenationsover a sub-aredrom wherepredictionshave to beextrapolated.
Predictiondor thethetwo casesaremadein threedifferentways: 1) in openloop form (i.e. only
usingtherequiredmodelinputs),2) by applyingparameteregularization and3) by applyingstate
regularization.Theregularizationalgorithmproceeddby first rewriting the prior modelsin thefor-
matof Equationsr.2 and7.5 andsubsequentlapplyingthe algorithmsfor parameteestimation
andstateestimationto eachof the modelsandeachevent. In total five predictionrunsresult,the
characteristicef which aresummarizedn Table7.1. The predictionruns2 to 5 do not make use
of all theavailabledata,but usesubset®f varioussizes.Thelargestsubsebnly contains75% of
thedata,while theremaining25%is usedfor validationpurposesTheninesubsetareestablished
by alatin-hypercubesamplingschemewhere25, 50 and75% of the obserationtime instantsare
combinedwith 25,50 and75% of the obserationlocations(thusyielding 9 combinations)In all
case25% of the obseration time instantsandlocationsare usedfor validation. The namingof
the subsetds shavn in Table7.2. The relative root meansquarederror (RRMSE, seeEquation
2.1) of thedischage predictionis consideredor modelsat variousresolutionsandfor thevarious
sub-sets.
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Table7.1: An overvien over the different predictionruns, note that the rainfall inputs for all

predictionrunsarefor HorizontesandHoricajo.

predictionrun stateobserationsfrom

regularizationof

1 - -

2 Horizontes parameters
3 Horicajo parameters
4 Horizontes states

5 Horicajo states

Table7.2: Namingof nine sub-setshatresultfrom combining25, 50 and75% of the obsenation
timeswith 25,50 and75%of theobserationlocationsin thecompletedataset;afixed
portionof 25% of the datais usedfor validation.

coverage| coveragen space
intime | 25% 50% 75%
25% | 1.1 12 1.3
50% | 21 2.2 2.3
75% | 3.1 32 33

7.4 Results

Overall model performance

In Table 7.3 the characteristicodf the setwith prior modelsare listed. The modelshave been
identifiedon the basisof the Horizontesdata(seeChapter6). This tableshavs thatawide range
of differentmodelsdoesperform reasonablysincethe 10% fittest models(bottom half of the
table)displayawide variety of grid sizes temporalunitsandparameterper spatialelement.The
variability of thefittestmodelsapproache factthe variability of thetotal modelset(upperhalf
of thetable).A closercomparisorof theupperandlower half of thetableshawvs thatthosemodels
performingbest,have slightly finer spatialaswell astemporalresolutions.The location of this
optimumis theresultof the complex interplaybetweerthe space-timalistribution of rainfall, the
spatialdistribution of soil types,topography(averageslopelength,choiceof spatialunitsrelative
to topographideatures) anddensityof obserations. However, hereit is merely establishean
the basisof validation,andthe available datasetis not big enoughto find a relationshipbetween
thesefactorsand optimal resolution. The resultsfor the open-loopapplicationof the modelto

Table7.3: Characteristicef setswith prior modelsfor the Horizontescatchment.
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all models numberof modelsin set 503
average(min. - max.) of:
spatialelementgnr) 7 (4-14)
temporalunit (min)  12(5-20)
parametergerspatialelement(nr) 3.1(2-5)
fitness(-) 0.7(0.4-0.9)
10%fittestmodels numberof modelsin set 50
average(min. - max.) of:
spatialelementgnr) 8 (4-9)
temporalunit (min) 7 (5-15)
parametergerspatialelement(nr) 2.3(2-4)

fitness(-) 0.8(0.7-0.9)




theHorizontesdataareshavn in Figure7.1. Thefigure shavs the time-averagedRRMSE of the
dischage predictionfor Horizontesasfunctionof upstreararea,for differentmodelresolutions.
In thesamefigure,alsothe RRMSEof thedischage predictionfor thecalibrationperiodis shavn.

In both the calibrationandthe predictionperiodsthe RRMSE appeardo declinefor increasing
catchmensize. In addition,the RRMSE for the calibrationperiodis considerablysmallerthan
thatin the predictionperiod. The factthatalarger RRMSEis found whenconsideringa smaller
area,impliesthatthe heterogeneityf the small areais not representedavell by the model. This

may have two causes:1) the modelunits aretoo coarseto capturethe systemheterogeneityat
this scale,or 2) the modelis over-parameterized Consideringthat the methodusedfor system
identificationaims at avoiding over-parameterizatiorfsee Chapterss and 6), and that over all

resolutionsmodelperformances quite equal,the first is the mostlikely explanationfor the bad
predictionsover smallareas.
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Figure7.1: Time-averagedRRMSE of dischage predictionin Horizontesat six different mea-
surementocationseachwith varying catchmensize (seeFigure2.12),for open-loop
modelsover the calibration(e) andthe prediction(x) periods

Performance for varying data density

In Figure7.2thetime-arteragedRRMSE of the dischage predictionis shavn for both parameter
andstateregularization,whenusingsub-setl.1 of Horizontes(seeTable7.2). It shaws thatthe
RRMSEfor thesesituationss considerablyower thanthatin the caseof anopen-loopprediction,
at all resolutionsbut especiallyat the finer resolutions. Stateregularizationleadsmostoften to
betterpredictionsasparameteregularization.Figure 7.3 shawvs the samegraphsthenusing sub-
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setl.1of Horicajo. Herealsothe RRMSE of the dischage predictionis reducedput on average
lessaswhenusingthe Horizontesdata. As may be expected the RRMSE for the measurement
locationsin the Horicajo catchmentthetwo catchmenareas)reparticularlylow.
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Figure7.2: Time-areragedRRMSE of dischage predictionin Horizontesat different measure-
mentlocations(i.e. varyingupstreamarea),for modelswith parametef+) andstate
(o) regularizationusingdatafor Horizontesover the predictionperiod. As areference,
the RRMSE of the predictionsover the calibrationperiodareincluded(e, seeFigure
7.1).

In whatfollows the RRMSEof the predictionswill beaveragedor thedifferentmeasurement
locations,i.e. the six valuesfor parameteregularizationin eachof the ninegraphsin e.g. Figure
7.2 will be averagedto onevalue. This allows to studythe relationbetweernthe amountof data
usedfor conditioning themodelresolutionwheretheminimumRRMSEis found,andthevalueof
theRRMSEitself. In Figure7.4theRRMSEis shavn for differentobserationdensitiegusingthe
Horizontesdataandparameteregularization). TheaverageRRMSEvaluesof eachplot in Figure
7.2correspondo thevaluesin theuppeteft cornersof thenineplotsin Figure7.4(+ in Figure7.2)
andFigure7.5(oin Figure7.2). Theaxes(or cells)in eachof the nine sub-plotsof thefiguresare
definedby Table7.2,i.e. thelowestobsenration densityis in the upperleft cornerandthe highest
obserationdensityis in thelowerright corner It appearshatfor increasingpbsenationdensities
in generalthe RRMSE decreasesandin additionthe optimumRRMSE s found at the medium
space-timaesolutions. Figure 7.5 shavs the sameinformationwhenapplying stateestimation.
Herethe minimum RRMSE valueis slightly smallerthanthat for parameteregularization,but
only at high obsenration densitiesandat finer resolutions.The plots of RRMSEwhenusingthe
Horicajoobsenationsshav avery similar pattern put with RRMSEvaluesthatareslightly higher
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Figure7.3: Time-averagedRRMSE of dischage predictionin Horizontesat different measure-
mentlocations(i.e. varying upstreamarea),for modelswith parametef+) andstate
(o) regularizationusingdatafor Horicajo over the predictionperiod. As a reference,
the RRMSE of the predictionsover the calibrationperiodareincluded(e, seeFigure
7.1).

for parameteregularizationandlowerfor stateregularization(seeFiguresr.6and7.7). In general,
stateregularizationleadsto betterpredictionsat finer resolutionsthan parameteregularization,
andparameteregularizationto betterperformanceat coarseresolutions.

7.5 Discussion and Conclusions

This study appliesso-calledTikhonor regularizationto the problemof combiningmodelresults
with obsenrations,in this way leadingto predictionsthatarefar betterthanthe open-looppredic-

tionswith the samemodels.An objective andstructuredwveightingof both componenthiasbeen
achieredthroughgeneralizedross-alidation. Anotherway of seeingregularizationis asa struc-

turedway of combiningprior information(or assumptionsyith anill-posedhydrologicalproblem
to corvertit into awell-posedproblem.Two regularizationstratgieswerecomparedregulariza-
tion of the modelparametersandregularizationof the modelstatevariables. It wasshavn that
bothtechniqueseadto similarresultswhich differ in somedetails.Parameteregularizationleads
to betterresultsat low dataavailability, whereasstateregularizationleadsto betterresultsat high

dataavailability. Thisresultis consistentvith the factthattherearefewer parametershanstates
to beestimatedseeChaptei6). Stateregularizatiornrealizests bestpredictionsatfinerresolutions
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Figure7.4:RRMSEof dischage predictionsusingHorizontesdataand parameteregularization,
for differentresolutionsandobsenrationdensitiegseeTable7.2for themeaningof the
obseration densities).

thanparameteregularization. This canbe explainedfrom the factthat parameteregularization
maintainsthe relative structureof the kernelfunctionsover differentspatialunits, andis in that
way lessflexible thanstateregularization.The comparatie adwvantageof thisflexibility appearst
higherdataavailability andfiner resolutions.

This studydoesnot comparethe regularizationapproachwhich updatesstates/parametesd
eachtime instant,to thatof (static)re-calibration.However, in a studywheresimilar techniques
have beenappliedit hasbeenshavn thatre-calibrationleadsto considerablyhigherRRMSEand
morestructuredoredictionerrorsthenregularization(van Loon andTroch,2002). A comparison
of the open-looppredictionsover the calibration period itself with the reguralizedpredictions
(Figuresr.2and7.3)alsoshavs thateventhebestcalibrationfeasiblewill notnearlyapproachhe
resultsof usingaregularizationapproachAgainstthis backgroundt is notworthwhileto consider
thisasanalternatve to regularization.Moreover re-calibrationis undesirabldor practicalreasons
asexplainedin Section7.1.

It is importantto notethatthe methodologyemplo/ed in this chaptercanrelatvely easybe
adaptedo differentmodelsor obsenrations. If a hydrologicmodelcanbe written in statespace
form (accordingto Equations5.1 and5.2), the solutionalgorithm (Section7.2 and AppendixC)
canbe appliedwithout arny adjustments.This is animportantassetsinceit meansthat different
parametedistributed dynamicmodelscanbe evaluatedwith the sameor differentdatafor reg-
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Figure7.5:RRMSE of dischage predictionsusing Horizontesdataand stateregularization,for
differentresolutionsand obsenration densities(seeTable 7.2 for the meaningof the
obseration densities).

ularizationrelatively easy without the requiremento includeexactly the samestatevariablesin
the model dynamics. This point hasbeendemonstratedh this study by usinga setof models
insteadof a singlemodelin orderto generatea prediction. Characteristidor the techniqueused
in this studyis thatit only requiresthe solutionof (mary) constrainedinearregressiornproblems
of moderatesize,for which therearenumerousfficient solutionalgorithmsavailable.

A line of investigatiorwhich may be pursueds theintegrationof thetechniquegresentedn
this studywith the dataassimilationapproachesgevelopedin the atmospheri@andoceanographic
disciplines(seeBennett1992;Daley, 1991;McLaughlin,1995,e.g.). Until now theregularization
approachhasnotbeenusedfor dataassimilationandhereits utility for hydrologicalproblemshas
beendemonstratedConsideringhe easewith which regularizationcanalsobe integratedin the
Kalmanfilter and Kalman smoother(Boutayebet al., 1997; Reif et al., 1998), and the relative
succes®f the EnsembleKalmanfilter to problemsof a realistic size (Evensen,1992; Evensen
andvan Leeuwen1996;HoutekamerandMitchell, 1997),a very fruitful enterprisamight bethe
combinationof thetwo techniques.
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Figure7.6:RRMSE of dischage predictionsusing Horicajo dataand parameteregularization,
for differentresolutionsand obseration densities(seeTable 7.2 for the meaningof
theobseration densities).
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Figure7.7:RRMSEof dischage predictionsusingHoricajo dataandstateregularization for dif-
ferentresolutionsandobsenration densitiegseeTable 7.2 for the meaningof the ob-
senationdensities).
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8 Epilogue

8.1 Putting the parts tog ether

Threemainideashave led to this researchThefirst wasthe experiencerom earlierfield work in
thetropicsthatdepth,extentanddurationof overlandflow areamongthe easiesbbsenrationsto
collectoverlargeareas if thereis the opportunity(andwillingness)to work in therain. Overland
flow is namelyoneof the few hydrologicphenomenahatis visible, leavestraces(evenwhenno
tracersareapplied)andoccursonly over alimited periodof time. The seconddeawasto pursue
thetechniquego establishparametesetsof equallikelihood by Fedra(1983); Keesmar(1989)
and Beven and Binley (1992)a bit further towardsestablishingnodel setsof equallikelihood.
The third ideawasto establishtechniquego evaluatethe consequencesf the resolutionof pa-
rameterdistributed modelsfor predictive and parametricuncertaintyin thosemodels. The latter
was motivated by the obseration that the choiceto definea hydrologicalproblemat a certain
resolutionis often not discussedior explained. On the contrary modelresolutionis commonly
chosenratherad-hochby eithermakingit equalto that of the mostdetailedinput dataavailable,
or the highestpossibleresolutionis chosenwithin the operationallimits. In surface hydrology
this implies that spatialresolutionis often choserto equalthe terrainrepresentatiomndtempo-
ral resolutionto equaltherain or dischage data. Datawhich arenot available at the appropriate
resolutionareestimatedatthe corresponding@lementsandtime instantsby aggreation,disaggre-
gationor interpolation,in thisway introducinga considerabl@bsenation uncertainty The direct
consequencesf choosinga particularresolutionfor the predictive power andthe uncertaintyin
parameteestimatesreoftenignoredor overlooked.

All threeideashave beenworkedoutin somedetailandhave beenappliedin this dissertation.
But not until now, afteranalyzingthe obserationsandtestingthe classicaimodelingapproaches
for overlandflow predictionaswell asthe newly developedscale-dependembodels,it is appro-
priateto evaluatethoseinitial ideas. Herewe seekto answerthe questionhow useful overland
flow obsenrationsandscaledependentodelsappeato bein relationto theavailablealternatves.
Implicitly, the questionrwhetherthe appropriateesolutioncanbe establishedor the scaledepen-
dentmodelis enclosedherein. Thequestionf dataandmodelutility arevery muchintertwined
andwill beansweredereby first analyzingthe strengthsandweaknessesf the differentmodels
for identificationpurposesthenby comparingthe differentmodelswith regardto their predictive
uncertaintiesand subsequentlypy quantifyingthe effectsof omitting obserationsduring model
identificationandcalibrationrespectiely.

Identification

Thereexist norigid quantitatve measureso determinethe utility of a certainmodelstructurefor

systemidentification. Identificationnamelyimplies that part of the systemis unknavn andthat
via a seriesof automatedar manualanalysesherequiredmathematicatelationshipdo determine
the systemcompletelyare established.For eachmodel structurethe analysediffer aswell as
the compl«ity of the unknawvn structurego be establishedyhich makesit difficult to compare
modelsin this respectStill anattemptis madehereto do so. Thethreemodellingapproacheare
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evaluatedwith respecto two criteria: 1) the easewith which their structurecanbe determinedn
thetwo studycatchmentsand?2) the flexibility to changethe modelstructurein responseo nev
insightsfrom theidentificationprocedureor the availability of nev obserations.

Fromanidentificationviewpointtheregressiorapproacho describecatchmenscaleoverland
flow, asappliedin Chapter3, is the mostsimpleandstraightforvard approactthatcanbeapplied.
Theonly prior decisionsrequiredto determinethe modelstructureare: 1) the spatialdiscretiza-
tion of the catchmentandthe temporalsub-dvision of the study period; and2) the form of the
measuremergquationsrelatingthe variousobserationsto the singleobserableto be estimated
(averageoverlandflow heightin this case).Sincewe dealwith a staticsystemboth stepsarevery
easilymadeandre-madeif necessaryThe otherside of the coin is thatthereis not muchto be
learnedfrom this identificationexercise. In the first placeit is not possibleto include process
dynamicsin the modelstructure andsecondlythe spatialandtemporalsubdvision is determined
apriori andcannotbeestablishedby the modelitself or derivedin someiterative way from model
identificationresults.

The distributed modeloutlinedin Chapter4 is with regardto thefirst criterionthe opposite.
It is extremely comple to even identify small parts of the dynamic model becauseof its size
andits non-lineardynamics. Thereforeparameterizationsuchasthe infiltration equationand
the parameteronationhave essentiallyto be assumed priori. Theseparameterizationarenot
changedasilybecauséehereis a considerableffort requiredin calibratingthe distributedmodel
andtherearenot muchalternatvesavailablefrom theliterature.If differentparameterizationand
parameteronationsarecomparedhis canleadto a lot of insight. It is however importantto no-
tice thattheseinsightsareoftenrelatedto very specificconditionsandcanthereforenot easilybe
generalized An exampleof the type of knowledgethat may be obtainedfrom identificationwith
the distributed modelis the pre-a/ent wetnessndex that wasfound to determinean infiltration
parameter Thereareno examplesavailablein the literaturewherea numberof possibleparam-
eterizationsor zonationsare evaluatedin a structuredway to identify a distributed hydrological
model.In combinatiorwith the notionthatmary studiestake placewith the helpof similartypes
of distributedmodelsasusedhere,it indicatesthatthereis not muchpotentialfor thesemodelsin
anidentificationcontext.

The scale-dependemhodelsasappliedin Chapterss and6 are,in contrast,specificallyde-
signedto enablesystemidentificationfor this classof problems.Althoughthe compleity of the
several calculationstepsto identify thesemodelsis muchlarger thanwith the regressionmodel,
not to mentionthe computationakffort, it is clearly feasible. In termsof what canbe learned
from theidentificationprocedureall theresultsfrom Section5.6 canbetakenasanexample.Sta-
tistical analysesndicatedthe interrelationshipdetweenmodelresolution,the numberof model
parameterandthe dominanceof severalindependenvariables.In general the numberof model
parameterss constanbver the differentresolutionsjmplying thatthe requirednumberof model
parameterss mainly a function of theinformationcontentof the obserations,andnot so much
of the procesgesolution,which is logical becausehe identificationmethodis to a large extent
data-basedConsideringheuseof 'standardlata’,i.e. rainfall andcatchmentlischage atasingle
point, variousstatementsiave beenmadeaboutthe permissiblanodelcomplity. Beven (1989)
commentedhatthreeto five parametershouldbe suficientto reproducenostof theinformation,
and Jalemanand Hornbeger (1993) found that around6 parametergs the maximumnumber
permitted. In addition, several studiescameto the conclusionthat more complex models(10 to
20 parametersjlid worsethansimplemodels(5 to 15 parametersfGanetal., 1997;Hornbeger
etal., 1985;LoagueandFreeze1985). In this studyinternalstatedata,suchasdischage of sub-
catchmentsoverlandflow andsoil moisture have beenusedin additionto the standardain and
catchmentlischage data.As aresultmodelswith moreparameterbave beenidentifiedhere viz.
30- 40 parameterin Chapter5 and40- 60in Chapter®. It is not easyto generalizeéheseresults
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becausehe numberof parameterganbe reducedby a factortwo to threeoncethe modelshave
beenidentifiedwithout losing muchinformation,asillustratedin Section6.7. With regardto the
independentariablesn theoverlandflow modelstheresultfoundfor thesyntheticdataaswell as
the Kaibo andHorizontescatchmentgs thatin modelsdefinedat fine resolutionssoil moistureis
mostsuitableasadriving statevariable whereasn modelsdefinedatcoarseaesolutiongainis the
key variable. It suggestshatthe source-dien systembehaiour at coarseresolutionsandsink-
driven behaiour at fine resolutionss a propertyof the hydrologic systemsat both the hillslope
andcatchmenscales.The sizeof spatio-temporalinitsto which 'coarse’or 'fine’ referdepends
ontheheterogeneityf rain, soil andterraincharacteristic§inputsandmainmodeldeterminants),
and differs for differentareas. Most of the resultsfrom the identificationprocedureappliedin
Chapterss and 6 areof a global nature,i.e. the detailsof single modelsare not highlighted. It
remainsto be investigatedvhetherconsideringthe single modelsin more detail providesinfor-
mationthatcanbe usedfor furthermodelstructure.lt alsoremaingto be seenif andhow lessons
learnedvia this classof scaledependenimodelscanbe usedeffectively in distributedmodels.

Prediction

Therearemary quantitatve criteriaavailableto evaluatethe ability of modelsto make predictions
(seee.g. Table4.6). In this overview we limit ourseles, again,to the RRMSE by combining
resultspresentedn the precedingchapters.The questionis to what degreea models prediction
canbe trustedand how the threemodelsdiffer in this respect. For eachof the soil-vegetation
classeshe RRMSE for predictionover the averageseasoris givenin Table8.1. In this table
the vegetationclassedor 'shallav’ are combinedsinceshallaw with trees(in Horizontes)and
arableland (Kaibo) cover a very small portion the area. The table highlights two interesting
featuresof the overlandflow predictions. In the first placeit illustratesthat for all threemodel
the predictionerrorsfor Kaibo are smallerthanfor Horizontes. This wasunexpectedsinceless
obsenrationswerecollectedn Kaibo. Fromthisit follows thatthemodelsusedarelesssuitablefor
Horizontespossiblybecaus¢heareas moreheterogeneousecondlythe predictionerrorsof the
regresionandscaledependentmodelsshav alargecorrespondenceyith regardto boththerelative
differencedetweerthesoil-vegetationclassesndthedifferencebetweerKaibo andHorizontes.
Thedistributedmodelappeardo have large predictionerrorsespeciallyfor Horizontes.

It shouldbe notedthatthe regressiormodelrequiresthe direct obseration of the statesover
the predictionperiod, which implies that much more informationis usedthanin the open-loop
predictionsasappliedin Chapterst and6. In this respecthe regressiormodelis comparabldo
the methodappliedin Chapter7.

Obser vation

The differenceshetweenthe variousmodelscanonly be seenin perspectie whenrelatedto the
effect of the obserations. The utility of differenttypesof overlandflow obserationswill here
be determinedby assessinghe relative effect thatthe omissionof a single obseration type has
on modelperformancethe so-calleddrop-eficiency Drop-eficieng is determinedor omitting
eachdistincttype of obserationfrom the calibrationaswell asvalidationset. Obviously; thiswill
only give indicative results,sincefor eachcatchmentifferentobseration densitiesareavailable
and someobsenations(o; ands) areabsentn Kaibo. The drop efficiengy is only analyzedin
termsof RRMSE,andwith respecto calibrationover the entireseasor{seealsoTable4.6). It is
notablethatthe RRMSEvaluesrepresena minimal output,sincethe determinatiorof eachdrop-
efficiency valueleadsto a modelwith differentparametewraluesthatcanin principle reproduce
thetype of outputpresentedChapters3, 4 and6. Theresultsaredisplayedin Table8.2. There-
markablepatterndisplayedn Table8.2is thatfor all threemodelsthe differentdatahave asimilar
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Table8.1: A comparisorof the predictionerrorsfor overlandflow by the threemodels,asmea-

suredby theRRMSE.
modeltype

regression distributed scaledependent
soil-vegetation Kaibo Horiz. Kaibo Horiz. Kaibo Horiz.
type
deepyvertic 0.11 0.15 0.24 0.23 0.10 0.13
non-treeqd arable
deep,vertic 0.12 018 029 029 0.10 0.20
trees/ shrub

deep,nonvertic 0.14 0.20 0.11 0.52 0.18 0.20

non-treed arable
deepnonvertic 0.14 027 020 045 0.14 0.28

trees/ shrub
shallav 0.10 0.7 012 038 0.12 0.20
catchmentvg. 0.13 020 0.16 042 015 0.21

effect, leadingto theimportantconclusionthatin the endit is notthe modelthatneeddo beeval-
uatedcritically but the (sub)optimalityof the available data. Especiallythe negative valuesof the
dischagefrom runof plotsin Kaibo (gp) seemstrangen this table,thenegatvity impliesthatthe
resultsfrom theseplotsarein conflict with the otherinformationfrom the catchmentApparently
this conflict could not be resoled by differently parameterizingr calibratingthe models,and
thereforeinclusionof theseobsenrationsled to worseresults. Note that theseobsenationswere
alsousedfor (cross-)alidation. Thetablemalesalsoclearthatthe directobsenation of overland
flow (especiallyon, oc andoy, jointly) is of greatimportancefor themodelresults especiallywhen
consideringhefactthattheseobserationscover only afew events whereaghedischage andsoil
moistureobsenationscover mary. In the bottomtwo rows of Table8.2 alsothe effect of omitting
oneor two locationsfor rainfall obsenrationsfrom the calibrationandvalidationsetsis presented.
In thesecasesthe obserations of the remainingpoints were usedto estimatearealrainfall by
linearinterpolation. It wasalreadyclearfrom the analysesn Chapter2 thatrain hasvery short
correlationlengthsin thetwo researclareasIn combinatiorwith theconclusionn Chapte6 that
the space-timestructureof rainis adominantfactordeterminingoverlandflow patternsthelarge
effect of omitting therain obserationsis not surprising.

Anotherpatternthat may be readfrom thetableis thatthe utility of outputobsenationswith
a large spatialsupport(i.e. covering a large areaof 500 m? or more) outweighthat of point-
scaleobserationssuchasdischage from smallplots, overlandflow collectedin smallcollectors,
groundwater as measureddy piezometersand soil moistureobserations. In additionto this
the obseration of catchmentischage in combinationwith a densespatialrain obseration is
indispensablenderall circumstances.

General conc lusions

The combinationof the threeanalyse®n identification,predictionandobserationsprovidesthe
necessarynformationto get backto the objective of this dissertationwhich is to develop nen
techniquedo identify modelsfor catchmentscaleoverlandflow prediction,and apply thesefor
prediction. Otherimportantaimswereto collect both qualitative and quantitatve overlandflow
obserationsin differentcatchmentsndto usea setof modelstructuregatherthanasinglemodel
structurewith both qualitative andquantitatve obserations.Whereaswve canbriefly statethatall
of thesegoalshave beenmetwith somesuccessthe conclusionglesere somenuancingon the
basisof whatis presentedn the previoussections Firstof all, thescale-dependemtodelappears
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Table8.2: The drop efficiengy (relative increasen RRMSE for overlandflow prediction)when
omitting differentdatatypesin differentmodelsduring calibration,for Horizontesand

Kaibo.
model: regression distributed scale-dep.
omitteddata Kaibo Horiz. Kaibo Horiz. Kaibo Horiz
gc (outlet) 043 0.51 0.66 0.47 0.32 0.58
gc (sub-catchments) - 0.12 - 0.23 - 0.24
dp -0.11  0.04 -0.34 0.12 -0.12 0.13
On, Oc andoy, 1.17 131 092 1.03 0.73 0.94
Onh 0.21 0.32 0.24 0.33 0.36 0.47
O¢ - 0.22 - 0.15 - 0.25
Op 0.14 0.24 0.19 0.23 0.13 031
S - 0.07 - 0.09 - 0.13
w 0.02 041 0.12 0.21 0.05 0.18
p (onelocation) 054 0.31 0.42 0.27 0.56 0.23
p (two locations) - 0.56 - 0.34 - 0.47

to offer especiallynew opportunitiefor modelidentification.For predictionnotsomuchprogress
is expectedby the proposedtechnique becausef the large dependencef its performanceon
the available data (viz. Table 8.2). In the secondplace, the collectedoverlandflow data, in
combinationwith all the otherhydrologicandgeophysicatiata,did turn out to be very valuable
throughoutthe entirestudy And thefactthatsimilar obserationswerecollectedin two different
catchmentslid considerablyaddto their utility. Finally, the useof modelsetswasanintegral and
indispensablgart of the identificationprocedure.For predictionit did, someavhat surprisingly
alsoplay a significantrole asthe useof modelensemblefoweredpredictionerrors.

8.2 Is the problem solved?

To the end of identifying and calibratingmodels,and usethesefor predictionthis researcthas
solved somemodestlydemarcategroblems.But matchingthesesolutionswith therequirements
from engineeringandscientificproblemsin this area,.e. thelarge scalecollection,interpretation
andprocessingf overlandflow data,changegerspectie dramatically In this light the various
techniqueghatwerepresentecndevaluatedarerathermakeshiftmeasure$o combatsymptoms
of the real problem: absolutedatascarcity This study hasonly indirectly and maginally con-
tributedto a solutionfor this problem:by demonstratinghe utility of directly observingoverland
flow coverage. The key-role that this obseration can play was underlinedby the resultsin Ta-
ble 8.2. This finding may help to stimulatethe developmentof RemoteSensingtechnologyto
specificallymonitor surfacewater To datesurfacewatercanalreadybe obsered from various
satellite-basedr Airborne sensorge.g. Koblinsky et al., 1993; Massonnetand Rabaute 1993;
Smithetal., 1993;Smith,1997). Thespatialresolutionaswell asthetemporalfrequeng of these
obsenationsarehowever still too low to be of ary valuefor overlandflow monitoring,andthere
areno new techniquedoreseerthatmayfill this gap. The overlandflow predictionsby the dis-
tribuedmodelusedin this studyappeargo be relatively uncertain(seeChapter4). Considering
the relative similarity betweenthe modelusedhereandthe mary othersfoundin the literature,
predictingoverlandflow with distributed modelsseemsgo be of little usein general. Note that
thisis notto answetthe questiorwhetherdistributedmodelscanbeusefulfor hydrologicreseach
(gaining understandinggeneratingsyntheticdatasetsfor benchmarking gvaluatinglaboratory
experimentsetc.) - they can! It alsosaysnot muchaboutthe potentialof thosemodelswhen
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usedin combinationwith stateobserations(like dischage) in steadof the open-loopform asin
Chapterd. It wasshowvn in Chapter?, in this casewith scale-dependemhodels,that thereare
appropriatdechniquedor on-line stateor parameteestimationthat considerablyenhancenodel
performance.

A lessetproblemwill be addressedh this context aswell. It is the continuingdebateabout
the questionwhethermodel parametergan be determinedmore objectvely, i.e. with lesscali-
bration,if definedat finer spatialresolutions.In preambleto studiesthat identify or evaluatea
certainhydrologicalmodelit is commonto put the presentednodelin perspectie by placingit
somavhereon a scalebetweendistributed-parametemodelson oneendandlumpedmodelson
the otherBloschland Sivapalan(1995); O’Connell (1991). This habitis partof a goodscientific
practiceto specifythe purposeof a modelandthe conditions(including scale)whereit may be
applied. Interestingly the spectrumof models(from distributed-parameteto lumped)itself has
becomesubjectof discussionin the amgumentasto what extent the resolutionis a reflectionof
differentmodelingphilosophieBeven (1996); Refsgaarcet al. (1996). Oneview is thatthereis
no essentiadifferencewhich can merely be attributed to the numberof parametersn a model
(andin proportionto thatthe resolutionat which a modelapplies)whereaghe otherview is that
thenatureof the parameterss differentat differentresolutionssuchthatin distributedmodelsless
calibration-petparaneterhasto take place.In otherwords: oneview doesnot attribute any but a
documentaryalueto the factthata modelis moreor lessdistributed-in-tke parametersyhereas
the otherusesit asa criteriumto calibrateandvalidatethe modelsdifferently The discussioris
of interestwhenthe predictionof rain partitioningin a catchmenis requiredat morethanone
resolution. The first view would suggesthat differentmodelsshouldbe usedat differentreso-
lutions, whereaghe secondview could supportthe ideato identify a modelat the mostdetailed
resolutionrequiredand derive modelsat coarserresolutionsby aggrgation. In this dissertation
the problemwasapproachedvith thefirst view asa null hypothesisandon basisof thefindings
that at differentresolutionsqualitatively differentmodelsappearto be the fittest (seeChapters
and6), thereis no reasonto take a differentpoint of view. This resultcanhopefully helpto end
the debateandfocusthe scientificattentionto a morerewardingtopic, relatedto the obsenation
problemdescribedabore. Eachmodelresolution(ratherthaneachmodel parameterizationhas
specificrequirementswith regardto both quantity (number)and quality (type) of obsenrations.
The questionis how to systematizéheserelations. This is anissuethat hashardly beeninves-
tigatedbut seemsto be mostrewardingand morewer achiezable in the light of recentresearch
results(vanLoon andKeesman2001).

8.3 Left-overs

Theinvestigationdn this studyhave answeredh few questionsbut by doing soraisedmary new
ones,which in someway seemsperhapgisappointingout is from a scientificviewpoint in fact
encouraging.Being ableto formulaterelevant researchquestionsnamelyimplies that thereare
handledo investigateandthusfurtherunderstané systemor problem.In this final section,some
of thosenew questiongarisingfrom this researctareformulated.

Two relatedquestionswith regardto the useof model ensemblesppearas a result of the
findingsin Sectiond.4(Table4.8)andSection6.3(Figure6.1): 1) why exactly doestheprediction
with parameteensemblegSectiord.4) or modelensemblegSection6.3) leadto betterprediction
statistics,and 2) what can be learnedaboutthe model or parameterset by analyzingrelations
like thoseshawvn in Figure6.1. The factsthatvery few studieshave investigatedheseissuesn
the earth-sciencalisciplinesand that the resultsare so far not conclusve (Krishnamurtiet al.,
1999;Doblas-Rgesetal., 2000)addto therelevanceof thesequestionsin weatherforecastghe
useof modelensembless quite common(e.g.HoutekamerandDerome,1994; Houtekameand
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Lefaivre, 1997),the way in which ensemblesre usedthereby applyingvariationto the model
statesor sometimesparametergo track statedivergence,often in a recursve stateestimation
framework, is however differentfrom theway it hasbeenappliedhere.

More fundamentalquestionsrelate specificallyto the scale-dependemhodels: 1) whether
the transitionmatricescan be usedto formulate data-basegrobability densityfunctionsof the
transportandpartitioningprocesgassuggesteéh Section6.7); and2) whetherthesecanbe used
in probabilistichydrologicalmodelsor be comparedvith the commonlyassumedlistributionsin
hydrologicmodellinglike gamma,Weikull or Poisson.If certain(setsof) distribution functions
arefound to be valid for certainstormsor storm characteristicsthesecan perhapsthronv new
light on the structureof successfumodels. Furthermoresuchdistribution functionswould form
excellentsummarymodelsfor practicaluse, provided that they give acceptablaesults. In this
respecit is interestingo noticethattheuseof distribution functionsis commonin the hydrologic
disciplinesbut thefunctionsusedarenormally specifieda priory to enableananalyticaltreatiseof
aparticularhydrologicalproblemasin MooreandClarke (e.g.1981)andEntekhabiandEagleson
(1989).

This study hasshawvn that it is possibleto derive representate relationshipsthat describe
overlandflow at the scaleof a catchmenbn the basisof point scaleobserations. A vital stepin
establishinghe variationat a coarsescaleis to link the point obserationswith easilyobserable
indicatordata,which canbe obseredatahigh densityor coarseresolutionsln thisway onecan
meige’soft’ informationwith conditionalprior multivariateprobabilitydensityfunctionsof coarse
resolutionoverlandflow functionsderivedfrom alimited amountof 'hard’ measurementdn this
studysoil, vegetationandtopographyhave beenusedas suchsoft datain a very simpleway. A
moreelaborateandperhapsnore effective methodmight beto useremotelysensedbsenrations
(asindicative for vegetationandsoil moisture)assoft-data. Theseobserationshave the distinct
adwantagethat the needto first interpolatethe scatterednformationto a grid is removed. The
MSG andENVISAT satelliteswhich areto belaunchedn 2002 may offer new opportunitieso
performsucha study

With regardto overlandflow this studyhasemphasizetheimportanceof appropriateobsenra-
tionsaswell asthe possibilityto usecoveragedatafor this purpose Thesenotionsmayhelpin the
designof new obsenration technologybut beforesuchanenterprisecantake placeit is necessary
to first explore the possibilitiesin detailin an experimentalfield or laboratorysetup. In small-
scaleexperimentdt is possibleto utilize visible light or infra-readimagesfor observingoverland
flow. This type of imagerydatawill atthe sametime confrontthe modellingtechniquesisedin
this studywith morerealisticdatasets. A laboratorystudywill have an additionaladvantageof
bringingthe studydomaincloserto the scaleat which the moreestablishedhydrologicmodelsare
defined.This considerablyeaseshe comparisorof the scale-dependemodelsusedin this study
andthe physicallybasednodelscommonlyencounteredh this discipline.

In the faceof all thesenew questionsandleadsfor furtherresearchit is clearly time to stop
writing andstartdoing.
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Appendix A: Summary of the data used

This appendixgives a brief summaryof the event totals of rain, dischage and overland flow
obsenrationscollectedin Kaibo, HorizontesandHoricajo. Thetotal eventrainfall is basedon a
spatialinterpolationof the obsered rainfall at eachobsenrationtime. The dischage valuesare
for the catchmenbutletonly. The valuesfor the differentrunoff plots (six in Kaibo andfour in
Horicajo) are averaged. Only the eventsare listed whereoverlandflow obserationshave been
collectedaswell. All valuesaregivenaseventtotalsin mm The overlandflow obserationswith

collectorsandpathsareconvertedto depthin mmby therelationslistedin Tables(seealsoFigures
3.1and3.2).

TableA.1: Relationsusedto corvertthe obserationson maximumoverlandflow extentduringan

eventto total eventoverlandflow heightin mm percatchmentindvegetationclass.
Catchment Vegetationtype overdand flowheigh =

Kaibo arable 26.2(maxextert)
shrub 39.9(maxextert)

Horizontes grass 28.0(maxextert)%®
trees 25.7 (maxextert)

TableA.2: Relationsusedto corverttheobserationson fractionof full collectorsduringanevent
to total eventoverlandflow heightin mm pervegetationclasg(notethatcollectorswere
only usedin HorizontesandHoricajo).

Vegetationtype overdand flowheigh =
grass 259(frad. full)®’
trees 17.8(frad. full)®®
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TableA.3: Averagerain, dischage andoverlandflow datafor theeventsin Kaibo, Horizontesand
Horicajowhereoverlandflow obserationswereavailable. All valuesareeventtotals

in mm
dischage overlandflow
date rain catchment plot height collector path
Kaibo
13/7/98 8.2 0 1.7 2.3 - 2.9
15/7/98 5.8 0 1.3 1.3 - 1.6
Horizontes
14/5/97 3.2 0.2 - - 1.1 0.3
5/6/97 24.6 1.0 - - 1.7 2.3
16/6/97 8.6 1.4 - - 3.1 2.2
13/10/97 45.4 19.6 - - 31.2 284
14/10/97 3.0 1.1 - - 2.3 1.1
27/11/97 17.2 2.8 - - - 2.7
29/11/97 11.0 4.0 - - - 5.1
Horicajo
16/6/97 8.6 1.3 1.4 - - 2.3
30/7/97 25.0 0 2.6 2.4 1.9 3.1
9/8/97 2.4 0.3 0.9 0.3 0.8 0.6

29/8/97 1.2 1.8 - - - 0.5
30/8/97 43.8 8.1 24.2 25.1 273 196
16/9/97 3.4 0.6 1.3 1.2 0.7 0.8
2/10/97 4.2 0.5 - 1.6 2.2 2.3
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Appendix B: Derivation of state-space model

Deriv ation

In our classof modelswe considerat time instantk andspatialunit | only oneinput, the precip-
itation py; andthreestatevariables:the amountof waterstoredin the soil 5|, andthe amount
of overlandflow dueto infiltration excess,r| or dueto saturationexcessty,. Initially lateral
watermovementis only allowed over the soil surfacefor clarity, this restrictionis relaxed later,

With thesecorventionsa representationf the hydrologicalsystemdescribingthe partitioningof

precipitationinto waterat the surfaceandwaterin the soil for each(k, ), canbe formulatedin a
balancesquationas

Mkl + Skl + el = O1Pk-mi—n+ .- + Omen P (B.1)

EquationB.1 statesthat a componenbf the waterbalance measuredor atime instantk anda
locationl, may originatefrom precipitationup to m intervals backandfrom n distinctlocations
(someof the s may be zero). The cumulatve amountof storagein unit |, wy, is definedas

W) = (1 C)Wi—1,] + Sk1,1 , With wp; = w0, (B.2)

wherecy is the fraction of storagewhich returnsto the soil surface (exfiltrates),andwQ, is the
initial amountof soil water

Theright-handside of anerrorfree balancesquation(equationB.1) canalsobe expressedn
termsof the sum of actualprecipitationand surfacerunoff with subsuréaceflow (replacingthe
effect of precipitationon previoustime instantsanddistinctlocations).Firstthe sumof subsuréce
andsurfacerunoff, denotedoy i, is definedas

ik = CLWk_1+ -1+t (B.3)

wherewy_1, ry_iandty_jarevectorswith the elementsa_1), re_1) andtc_1 respectrely, and
Cl is adiagonalmatrix with elementghat give the chanceof wy_1| subjectto exfiltration. All

vectorshave dimensionL. Secondlyto accountfor transportationsectoriy is multiplied with a
transportmatrix andaddedo the precipitationat instantk:

jk = BLdik + px (B.4)

wherepy is avectorwith theelementgy | andB1y is an(L,L) matrixwith theelementd;j, which
denotethe chancehatwateris transportedver the soil surfacefrom the spatialunit j to uniti.

The partitioning of rain betweenstorage(s), surfacerunoff (r) and subsurécerunof (t) is
givenby:

S = ALk (B.5)
rk:Azkjk (B.6)
tk:jk—S(—rk:(|—Al—A2)jk (B.7)

wheres, ri andty arevectors eachwith L elementgs, | andty respectiely); Alcisan(L,L)
diagonalmatrix with elementglenotingthe chancehatwaterentersthe soil overaunit (k,1); and
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A2 is an(L,L) diagonalmatrix with elementsdenotingthe chancethatrain rateis higherthan
infiltration capacity EquationB.2 canbeputin vectorform as:

wk = (I = CL)Wi_1+S1 (B.8)

wherel is an(L,L) identity matrix.
By combiningEquationsB.3 andB.4 we obtain

jk =BL(CLwy 1+ Tk 1+tk 1)+ Pk (B.9)

And EquationsB.5 to B.8 canbe combinedo

S Al 0

ri A2 0 Jk

t | | I—-A1—-A2 O { (I — CL)Wk-—1+ -1 (B.10)
w 0 [

Now B.9 andB.10 canbe combinedandrearrangednto a matrix equationthatdescribeghe
stateof the system(storageandrunoff) asa linear combinationof input andits stateonetime
instantbefore:

T

s AL 0 0o | s

r A2 0 Bl O I 0 r p

t || 1-A1-A2 O [ o 1|1 o t +[o} (8.11)
w 0 I Ci1-C1 w

k—1

whereall vectorsandmatricesarespecifiedfor time intenal k, unlesdabelledotherwise andthe
vectorsandmatricesarenamedasfollows:

s Al 0
B (el A2 o
%=1t ’“"_[o]k’A" |—A1—A2 0 |’
w 0 I

(B1 0] . 01 1 C1
B=1 o I]k’ck_[l 00 I-Cl],

It is now easilyseerthatEquationB.11equalsequatiorb.1. With respecto Cy it is important
to noticethatin this particularsituationthe columnssumto unity, which meanghatno drainage
outof theuppersoil layertakesplace(thehillslope consideredhasanimpermeableindeground).

Now we canrelax the restrictionthat lateral water transporttakes only placeover the soil
surfaceby replacingtheidentity matrix in thetransporimatrix, By, which thenreadsasfollows

Bl 0
|5 e,

whereB2is ais an(L,L) matrixwith elementdy;; thatdenotethe chancethatwateris transported
thoughthe soil from a unit j to uniti.
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Example models

For theexamplein Section5.2 (Figure5.2) amodelwith thefollowing elementsvasused.

The vectorwith statevariablesx = [ S Tk Wk ]T sothat M = 3; the vectorwith inputs
u= [ px O ]T; the spatialsubdvision of L = 4; thetemporalsubdvision of T = 5 minutes;and
threekernelfunctionsfor the partitioningmatrix ax; the transportmatrix by | m; andtheinternal
statematrix ¢, aregivenby:

_11—10)2
ay = (W1, - ) (B.12)
(Wk,1’| —10)+100
re 1 \m-Le (heu/m)
_ : B.1
Bkt m ( m ) (m) (B.13)
Ck =0 for wg 1) <25 (B.14)

Ck| = 0.4Wk,17| for W1 > 25

aspreviousk = 1,...,K denotesatimeinstant,andl = 1,...,L aspatialelement.
Thesemodelelementscanbe written in the form of a statespacemodelasgive by equation
5.1.

S Al O S-1
Bl O 01 Ci
e | =|1-AL O [ 0" |H| 0 I"Cl] M1 +{%“} (B.15)
Wy 0 [ k Wg—1
T
= %1 2 %3 Ska |
rk:[rk,l rk,4]T
T
WkZ[Wk,l Wk,4]
T
pkzpk[ 111 l]
11
Al — A-12
A-13
A-14
[ P11 -I
Bl — bk_122 bro121

{bkl,e,,s bko132 brk-131 J
brk-144 brx-143 bxo142 k141

Ck-11

Ck—
Ck-13

3

Ck—1,4
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Appendix C: Reformulation of discrete time
state-space models

In this appendixthe matrix formulationsof equation7.1 asderived from equation7.2 and7.3is
given. Equation7.1is

Yk = Dimic+ & (C.1)

wherethe elementsf the (P, 1) vectoryy areconsideredbserationsandthe matrix Dy is called
adesignmatrix. Theelementsn the(Q, 1) vectormy arethe modelparametersThevectorsxy_1
andug areputinto thematrix Dy, andtheunknavn elementsn the matricesHAkBkCx andH Ak
areputinto thevectormy in thefollowing way:

{ X1 ug -|
Dy = . (C.2)
{ X1 Ug J
[ (HKAKBKCK)1: |
(HKAKBKCi)p.
Mg = " C.3
“ (HiA)7 ©3)
(HkAk)-lg,:

where(H kAkBka);: denoteghetransposef the pth row of thematrix. NotethatHy isaP x ML
matrix andthat Dy hasP rows andQ(= MPL + PL) columns.

The additionalconstraintsarisingfrom the factthatthe columnsof the transitionmatricesin
the original model(equations.1) sumto unity, aregivenby

Yconsk = DconskMconsk (C.4)

In vectormatix form:

Yeons= | 21 22 ]T

z1(1)

D . Zl(LM)
cons 22(1)

2p(L)
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mconsk = (Ak) 17

wherethevectorsz; andz, aregivenby
z=1[11 120 ... LLM) |

=11 12 ... L) ]
andwhereDconsis anSx & matrix (S= ML + L) and (AxBkCk) j denoteghe jth columnof the

"

matrix (AxBkCx). m canbe obtainedby first multiplying meonsk With an outputmatrix Heons
whichis givenby

[ Hi(D)
Hcons=
i Hk(S)
Theresultis avector ) )
(HkAKBKCx). 1
iy — | (HRABKCH).
(HkAk):,l
(HkAk):,L

To obtainvectormy, vector my is reformattedby placingeachith elementof the jth columnin
thematrix HAxBkCy from element + P(j — 1) in vectormy into elementj + LM (i — 1) in vector
my; andeachith elementof the jth columnin the matrix H Ay from elementPLM +i 4+ P(j — 1)
in vectormy into elementPLM + j + L (i — 1) in vectormy.
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Appendix D: Algorithm to calculate
regularization via Singular Value Decomposition

In this appendixthe mathematicabperationsaregivenfor the stepsbriefly listedin section8.2.

1. Solwe equation7.4 by asingularvaluedecompositiorof Deons

Ap O

Deons= UAVT = [ Up Uo}[ o o

] [Vp Vo] =UpAVT (DD

whereU is anSx Smatrix thatspanshe dataspaceandV is an S x & matrix thatspans
the modelparametespace.The matrix A is an Sx S matrix, comprisinga submatrix/A\p

with p non-zercsingularvalues(A; ... A) in thediagonalandzeromatricesat theright and
bottom. U, andV, consistof the first p columnsof U andV respectrely. The general
solutionof equation7.4 (with m = HcondMeong is then

M = HconV p/\glugycons‘F HcondV0q (D.2)

whereH¢onV p/\glugyconsis aparticularsolution,andHoneV oq (asumoverthenull eigen-
vectors)asits null solution,seeWunschandMinster(1982); Menke (1989).

2. Generate200 logarithmicallydistributed valuesof p betweentwo properly chosenparam-
etersp andp (p andp have to belocatedsuchthatthe minimum of the generalizectross-

validationfunction fqcy is within this range). In this studythe valuesarep = 3.6 - 107%°

andp = max()\p; 9)\1), wherel, andA; arerespectiely the smallestandlargestsingular
valuesin Ay,

3. EquationD.2 is substitutednto 7.17,which afterrearranginggives

y D 1T D e
[ PM pri ] [ pI :|HC0nSVp/\p Uchons: [ pI ]HconsvochL [ Epri :| (D-3)
whichin short-hanchotationcanberewritten as
Yq=Dgqq+e€ (D.4)
with unknavn vectorq, whichis estimatedy
_ ~1
G = (DgDq) " DgYq (D.5)

EquationD.5 is solved numericallythroughthe singularvaluedecompositiorof the matrix
Dq = Ug/\qV4 andsubsequergubstitutioninto equationD.5, to yield

4=V UgYq (D.6)

Thevectorg canthenbeinsertedn equationD.2 to give M. Stepthreeis repeatedor each
valueof r, generatedn step2.
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4. Thislaststepcompriseghecalculationof N = DG = (UgAqVq) (VoAg*Ug) = UqUg and
the substitutionof N andm in equation7.16for eachp, andsubsequentlyhe selectionof
the solutionthatgivesthe smallestfyc,.
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Appendix E: Shape of kernel functions

In this Appendixcontinuoudunctionsarefitted throughthe piecaviselinearkernelfunctions.For

eachof the 'K erneltypes’ listed in Table 6.6 an analytic expressionis fitted. An impressionof

the shapeof the differentkernelfunctionsis given by Figuresk.1, E.2 andE.3. In thesefigures
theaveragekernelparametevalues(i.e. the middle from the parameterange seeFigure5.3) are
displayed.Thefive kernelfunctionsdisplayedin eachgraphareobtainedby five timesrandomly
drawing therespectie kernelfunctionfrom themodelset.

Kaibo Horizontes

kernel function value (ak, fraction)

FigureE.1: Form of kernel-functionf the partitioningmatrix (A) for differentindependenvari-
ablesfor Kaibo andHorizontes. The solid lines representhe parametesy |, andthe
dashedinesthe parametety.

As explainedin Section6.7 functionsthat apply reasonablywell are the rectangulathyper
bolafor kernelfunctionsin A andC andthe gammadistribution (the derivate of the incomplete
gammafunction)for kernelfunctionsin B. For clarity thesearelisted hereagain.Therectangular
hyperbolais givenby oneof thefollowing equations.

Xn

= _ E.l
X0 +anh ED

f(x)
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Horizontes

kernel function value (bk, fraction)

FigureE.2:Form of kernel-functionsof the transportmatrix (B) for differentindependentari-
ablesfor Kaibo andHorizontes.

X" a"
f(X):lixn—l—a”:a”—l—X” (E.2)
 (Xmax—X)"
f(X) - (Xmax_ X)n —I—a” (E3)
F(x) = & (E.4)

a" -+ (Xmax—X)"
wherea (> 0) is a factordeterminingthe locationof x where f (x) reacheshalf of its maximum
value, xmax is the maximumvaluethat x may take, and n a coeficient determiningthe point of

inflection of the curve. In practiceequation6.5 appliesto infiltration (declining for increasing
valuesof wi| and py,), andequation6.7 appliesto saturationexcess)andreturnflow (increasing
for increasingvaluesof wi| andpy). Thescaledversionof thegammadistribution is givenby

) e (me)
f(x)= (mxmax>r(a?

wherea (> 1) is a shapefactor which may changethe from of the distribution from exponential
(a=1) to Gaussiar(a = ), mis a scalefactor andxmax is the maximumvaluethatx maytake.
Througheachof the groupswith typical kernelfunctionsanappropriateequation(either6.4,6.5,
6.6,6.70r 6.8)is fitted. Theresultingequationsareplottedin FiguresE.4andE.5. Theparameters
of eachfunctionarespecifiedn Chapter6, Tables6.7 and6.8.

(E.5)
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Kaibo Horizontes

0.5¢

0 10 20 30 40 0 10 20 30 40

0 10 20 30 40 50 0 10 20 30 40 50
Py (mm) Py (Mm)

kernel function value (ck,fraction)

10 15 20 25 30 10 15 20 25 30
Wie_q (Mm) Wy_y | (mm)

FigureE.3: Form of kernel-functionsof the internal statematrix (C) for differentindependent
variablesfor Kaibo andHorizontes.
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Kaibo Horizontes

kernel function value (ak and ck,fraction)

Wit (mm) Wit (mm)

FigureE.4: Fitted cunesfor thekernel-functionof the partitioningandinternalstatematriceg A
andC resp.) for differentindependentariablesfor Kaibo andHorizontesThe dash-
dottedlinesrepresenthe parametes |, thedashedinesthe parametety , the dotted
linesthe parametery, andthesolidline ¢
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Kaibo Horizontes

0 10 20 30 40 50 0 10 20 30 40 50

kernel function value (bk, fraction)

Wit (mm) Werf (mm)

FigureE.5: Fittedcurvesfor thekernel-functionf thetranspormatrix (B) for differentindepen-
dentvariablesfor Kaibo andHorizontes
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Summary

The goal of this studyis to collectandanalyzeoverlandflow dataat the catchmenscaleandto
improve thetechniquego identify catchmenscaleoverlandflow modelsfor predictive purposes.
The legitimacgy of this goalis outlinedin Chapterl wherethe history andthe stateof the art of
overlandflow modelingis described The remainderof the dissertatioris subdvidedin two main
parts. Thefirst part, covering Chapters2 to 4, comprisesan interpretationof the overlandflow
obserationsin two experimentalcatchmentsand the effectivenessof commonlyusedoverland
flow models. In this partthe specificproblemswhenusingthe existing techniquedor overland
flow predictionareoutlined. The secondpart, Chapters to 7, presentshiew approachefor scale-
dependenbverlandflow prediction.In Chapte theresultsof this studyareplacedin perspectie
andanoutlookis givenfor furtherresearch.

Overlandflow is thatpartof the surfacewaterthatmovesover the soil surface while notbeing
concentratedh rills or channelf a given size(thenit is calledchannelflow). The pointwhere
overlandflow endsandchannelflow starts,spatiallyaswell astemporally canonly be defined
subjectvely and approximately Overlandflow may originatefrom saturationof the soil either
from above or belon. Whensaturatedrom abore, the quantity of rain andwaterfrom upstream
areasexceedsthe soil's infiltration capacityandwhen saturatedrom below the matrix pressure
of the soil is positive dueto pressurdrom soil waterin situ or from upstreansoil volumes.On
naturalsurfacesoverlandflow is very heterogeneousndunsteadywith flow depthsrangingfrom
1 to 100 mmandflow velocitiesbetween0.01and1 ms~! within a small area. The knowledge
of overlandflow is importantbecausét is the main determinanfor sedimentransportoy water
the transportandfate of nutrientsand (agro)chemicalsvhich resideon the soil surface,andthe
size andthe shapeof flood peaks. Nearly all surfaceflow startsas overlandflow in the upper
reache®f a catchmenandtravels somedistancebeforereachingarill or channel.n spiteof this
importantrole thatoverlandflow playsin variousinstancesit hashardly ever beenobsered over
areadargerthanafew hectareshroughdirectquantitatve or qualitatve measurements.

The natureof overlandflow in two experimentalcatchmentss describedn Chapter2. Thefirst
catchmentKaibo, is locatedin Burkina Faso(WestAfrica) at 44°117 N and0°56 E (310-325
m.a.s.l.)in theriver valley of the Nakambéthe White Volta) andcoversanareaof 1.2 km?. The
catchmenhasa semi-aridtropical climatewith anaverageprecipitationof 880mmy 1, minimum
andmaximumtemperaturesf 19and32°C respecirely andapotentialevapotranspiratioonf 2580
mmy L. Theactualevapotranspiratioin theareais approximatelys20mm(70%of therain), per
colationto deepetayersis approximately80 mm (10%of therain) anddischageis approximately
180 mm (20% of the rain). The averagerainy seasorastfrom May till Octoberanddisplaysa
large inter- aswell asintra-seasotneterogeneityith regardto total rain depthaswell asthe oc-
currenceof dry spells.Thenaturalvegetationis savanna-voodlandandtheareais now partly used
for arablecropsand extensve grazing. The secondcatchmentHorizontes is locatedin Costa
Rica(CentralAmerica)at 10°43 N and —85°36 E (160-190m.a.s.l.),insidethe park 'Estacion
ExperimentaForestalHorizontes’(part of the regional natureconserationageng, ACG). It is 2
km? in sizeandhasa sub-humidtropical climate. The averagerainfall is 1450mmy 1, minimum
andmaximumtemperaturegare 22 and29°C respectiely andthe potentialevapotranspiratioris
2230mmy L. The actualevapotranspirationn the areais approximately870 mm (60% of the
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rain), percolatiorto deepetayersis approximate\220mm(15%of therain) anddischageis ap-
proximately360 mm(25% of therain). The averagerainy seasotastsfrom May till Octoberand
displaysespeciallya large intra-seasometerogeneityith regardto total rain depth. The natural
vegetationof Horizontess tropicaldry forest,whichis presentlyin anearly stageof regeneration,
startingfrom completelyopengrasslandn 1989.

In Kaibo obserationswerecollectedover the periodApril 1994- August1998. Over this period
weathetvariablesveremeasuredavith anautomatioveatherstationat a singlelocation. Rainwas
obsenredatvariouslocationswith tipping bucketsfrom 1996onwardsanddischage wasobsered
atthecatchmenbutletwith apressurdransducerSoil moisturewasmeasureavith aTDR device
in plasticaccess-tubeat 10 locationsonceevery 14 days,andthe runof from six runof plots
(threepairsof 5 x 10, 10x 25 and50 x 100 min size)wasmeasuredisingflumes. In addition,
variousobsenrationshave beencollectedin the period June-Septembelr998. In this periodwa-
ter table depthwas measurednanuallyalongthreetransectswith piezometerdor 3 events. The
structureof the subsurbcewasdeterminedy geo-electriomeasurementsn this periodoverland
flow wasobsered duringrain in two events. This wasdoneby measuringvaterlevels andflow
velocitiesrepeatedlyat several pointsalonga transect. In addition overlandflow patternswere
mappedust after rain for thesetwo eventsalongthe transect. An accurateDTM of the terrain
wasconstructedn the basisof obserationswith a differentialkinematicGPSsystem andvisual
assessmentgeremadein subsequerguneys. Several othersuneys wereconductedo mapthe
soil, geologyandlandusein thearea.

In Horizontesobsenationswere collectedover the period April 1996- August1998. Over this
periodweathervariableswere measuredvith an automaticweatherstationat a single location,
rain wasobsened at 6 locationswith tipping buckets anddischage wasobsered at 6 locations
in themaingully with pressurdransducersln the periodJunel997- Decembetl997post-eent
flow patternswere obsered alongtwo transects.Along thesetransectoverlandflow was ob-
senedwith 24 collectors.A DTM wasconstructean the basisof obserationswith a differential
kinematicGPStechniquan combinationwith a cornventionalground-baseduney. Severalother
suneyswereconductedo mapthesoil, geologyandvegetationin thearea.A 44 hasub-catchment
of Horizontes which is namedHoricajo, hasbeenstudiedin greaterdetail. The obserationsin
Horicajoweremadeduringthe periodperiodJuly 1997till Decembefl997.At four locationsrain
hasbeenmeasuredisingtipping bucketsandat two locationsdischage hasbeenmeasuredising
v-crestweirs. For 7 eventswatertable depthhasbeenobsered manuallyin 20 piezometersat
hourly instantsduringandjust afterrain, anddaily betweerrain events.Post-@entoverlandflow
patternswereobsenred for 5 events,andoverlandflow heightaswell asvelocity were obsered
during 9 eventsalong 4 transects.During the period 20 July - 4 October1997, volumetric soil
moisturehasbeenmeasuredt 40 locationsonceevery 4 days,andduringthe period4 October-
21 Decemberl997at 60 locationsonceevery 2 days.For the soil moisturemeasuremenis TDR
systemwith plasticaccessubeshasbeenused enablingthemeasuremerdf soil moistureover 20
cmlayersdown to 80 cm Terrainandsoil have beenmappedn detailandin additionthe geom-
etry of smallrills anddrainagechannelhave beenmapped.Soil colour, structure depth,organic
mattercontent,andtexture have beendeterminechat 90 locations,andthe infiltration capacityhas
beendeterminedat 30 of theselocations,usinga Guelphpermeameterin additionsoil colour,
structureandtexture (field-determinedhave beenobseredat aregular spacingof 20 x 20 m.

For Kaiboaswell asHorizonteghedatafrom 60rainfall eventsareusedfor calibrationandvalida-
tionin thisstudy Thesetof 60 eventsfor Horizontedncludesthe31 eventsfor whichobserations
in Horicajoareavailable.

Threeaspect®f theobsenationsareinvestigatedn somedetail: themeasuremenincertaintythe
relationbetweenoverlandflow extent andheight,andautocorrelatiorof overlandflow in space
andtime. Themeasurementncertaintyis estimatednthebasisof repetition,split-samplevalida-
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tion andcross-alidationfor the variousobserations. The total measuremenincertaintyresults
from threesources:randomerrorsproducedby the instrumentduring the obseration process,
conversionerrorsresultingfrom the corversionof obsered quantitiesto desirablequantitiesus-
ing anempiricalrelationship andinterpolationerrorsthatresultfrom the integrationof obsered
gquantitiesto the desiredspatio-temporalinits. It appearghatespeciallyinterpolationerrorscon-
tribute to the total measurementincertaintyand that, when consideringthe combinedeffect of
the error sourcespverlandflow obsenationson the basisof visualinspection,groundwaterob-
senations (Horizontes)and soil moistureobsenations (Kaibo) arerelatively uncertainwith an
unknawvn stochasticerror structure. Thereforean unknavn-but-bouned (UBB) error structure
is usedto for their characterization.The overlandflow extent appeardo be relatedto overland
flow heightin anon-lineamway. Thereexist significantdifferencedor theserelationshipsetween
Kaibo and Horizontesaswell asthe differentsoil andvegetationtypes. Tresholdsthat occurin
the extent-depttrelationscanberelatedto averagerill depth.Theanisotroy of the overlandflow
distribution in spaceaswell astime is illustratedwith correlogramsn which correlationlengths
varyfrom 10to 80 mfor contourandslopedirectionsrespectrely, and25to morethan60 minutes
for intensve andnon-intensie rain respecitely.

A first analysisof the datais provided via a regressionmodelfor overlandflow in Chapter
3. Theregressionmethodties up differentkinds of obserationssuchasoverlandflow heights,
overlandflow in collectorsandcatchmentischage, via atwo stepapproach:1) by usinglinear
andnon-lineameasuremergquationgo relateeachobsened quantityto thetotal-eventoverland
flow height,and2) by usingthis overlandflow heightin thatlinear regressionequation. Given
the datawith UBB obsenration errors,a uniquesolutionto this problemhasbeenfound by using
a mini-max criterion. The methodappeargo be computationallyery simple, which allows its
applicationto large datasetsandthe calculationof the modelperformancevia cross-alidation.
After calibrationthe overlandflow predictionsfor soil-vegetationunitswith theregressiomrmodel
appearto be rathergood, especiallywhendistinguishingbetweenearly and late seasoror high
andlow intensityrain. With a split-catchmenapproachusingthe Horizontesdata,the possibility
to usethe modelfor predictive purposesn an un-calibratedcatchmenis investigated.It shavs
that the predictionof dischage was possiblebut that overlandflow cannot be predictedwith a
satishctoryaccurag.

In Chapter4, the obserationsareanalyzedwith an archetypicaparametedistributed over-
landflow model. Thethreefoldaim of this analysisis to investigate:1) whetherthe modelcanbe
calibrated,in the sensethata setof nearly optimal parameterss derived which canbe usedfor
predictive purposes?) how the proposednodelcomparedo the alternatve regressionapproach
outlinedin Chapter3; and3) whetherthe modeldoesreproducesomeof the spatialheterogeneity
of overlandflow. In two aspecttshe modeldiffersfrom mostotheroverlandflow models:1) it has
relatively few parametersand?) it is event-basedbut explicitly andin a simpleway incorporates
the pre-ezent wetnessn its parameterizatiowf infiltration. To calibratethe modela similarity
index hasbeenusedto matchobserationswith modelvariablesat distantlocationsbut with sup-
posedlysimilar featuresdueto a correspondencim upstreamarea,soil type andvegetationtype.
This calibrationprocedurehasprovento performquite well. After modelcalibrationthe model
is testedon the basisof dischage and overlandflow obserations. From thesetestsit appears
thatthe modelcanindeedbe calibrated. The distributed modelappeargo be a worsepredictor
of bothdischage andoverlandflow in comparisorto theregressiormodel. The obsered hetero-
geneityof overlandflow is not reproducedy the modelat the grid resolutionbut is reasonably
well predictedattheresolutionof soil-vegetationunits. Accordingto themodelpredictionsKaibo
andHorizontesarequite dissimilarwith respecto their overlandflow patterns.In Kaibo soil and
vegetationfactorsaremoreimportantin determiningthe occurrencef overlandflow, whereasn
Horizontesit aremainly topographicafactors. Theseeffectscanhowever not be separated¢om-
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pletely sincethereis a strongspatialcorrelationbetweersoil, vegetationandtopography Kaibo
andHorizonteshave catchmentlischage/rainratiosof respectiely +0.1 and+0.2. Both values
appeato becloseto whatis expectedin theseervironments.Also strongseasonalrendsappear
to exist, with increasindevels of overlandflow towardsthe endof the seasonFor Horizontesthe
trendcanbestbe explainedby thecracksin vertic soilsunderdry conditions,andfor Kaibo anad-
ditional explanationis theadecreasingoil roughnes®sf thearablelandovertheseasonin Kaibo
the differencedetweerearlyandlate seasoraremostpronouncedIn spiteof the qualitative na-
ture of the obserationsandmodelpredictionspresentedthe seasonalrendsare so obvious that
thesehave to betakeninto accountin overlandflow modelling. Therearetwo optionsto do this:
1) by usingall seasonafactorsfor parameterizatioffi.e. useseasonafactorsasmodelinputs);
or 2) parameterizexa modelfor a period brief enoughso that all parametergan be considered
constant.Both approachebave beentestedin this study Thedistinctionbetweersoilswith ver
tic andnon-\ertic propertiesdealswith soil changesanddistinctionsbetweengrassversustrees
(Horizontes)or grassversusarableland (Kaibo) dealwith differencesn vegetatie development
andland husbandry In additionthe pre-esent wetnessindex partially reproduces seasonakf-
fect. Re-calibratioron morerestricteddatasets(early seasorversudate seasorandlow intensity
versushighrainintensity)wasalsodonebut did not leadto improved modelpredictionspossibly
becaus¢he datasetsweretoo smallfor thatpurpose.

A framework for identifying scale-dependerttydrologicalmodelsis describedin Chapter
5. The methodworks with a so-calledmodeltemplatein which the statevariables,independent
variablestherangeof allowedspaceandtimeresolutionsandtheallowedminimumandmaximum
numberof parameterarespecified.On the basisof the templatea geneticalgorithmsearchesor
optimalmodelstructureswhich arecalibratedwith a Monte Carloproceduraisingthe UBB error
data.Specialfeaturesof the methodarethe factsthatthe spatialelementsn the resultingmodels
may vary in sizeandthe modelsare of a stochastimaturebecausg@arameterangesratherthan
parameteraluesare defined. In addition, the resultingmodels,which comprisea partitioning
matrix, atransporimatrix andaninternalstatematrix, canbeinterpretedn a physicalsensesince
thesematricesdenotedifferent flow process. The methodhasbeenappliedto a syntheticdata
set, generatedvith a coupledoverlandflow and2D Richardsmodelat the hillslope scale(100
min lengthanda 1 m soil depth)andarainfall generatar The identificationmethodgenerates.
large setof fit (well-behaing) modelsthatdiffer in parameterizatioandresolution.An analysis
of the fittest modelsleadsto a numberof interestinginsights. The fittest modelsare found at
a narraw rangeof space-timeesolutions,rangingfrom 4 min with 10 units to 18 min with 4
units. Thefittestmodelsconstituteanorganizatiorthatstrivesto equallysizedelementsespecially
at finer resolutions. The parameterrangesof the partitioning and internal statematricesin the
modelsarerelatedto fithessespeciallyat the coarsestesolutiongsmallerparameterangedead
to higherfitness),while the transportmatrix shavs hardly ary relationand moreorer constitutes
thelargestpartof parameteuncertainty Whenmoving from a coarseto a finer spatialresolution
thetotal numberof parameteré thefittestmodelsremainsalmostconstant Thefittestmodelsare
qualitatively differentat differentresolutionswith respecto form aswell asto the independent
variabledn thekernelfunctions.Soil moisturels the statevariablethatinfluencesnodeldynamics
mostly in modelswith a fine temporalresolutionwhereasrainfall is the mostimportantdriving
forcein modelsat coarsetemporalresolutions.The main strengthsof the methodareits general
applicability (regardlesserror structureor non-linearity), the possibility to evaluatea large set
of candidatemodels,to interpretthe identified modelsin a physicalsense,and computational
simplicity. Weaknessearetherelatvely complex modelsthat may resultfrom theidentification
procedurethe computationtime required,and, in this particularcasewith UBB error data,the
relative poor fit of modelsas comparedto methodswith more detailedassumption®n errors.
The methodis thereforemainly suitableto identify alimited setof candidatenodelsthatcanbe
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furtheroptimizedwith morerigorousidentificationtechniques.

In Chapter6 the framewvork presentedn Chapters is appliedto the Kaibo and Horizontes
datawith the objectie to identify a setof overlandflow modelsandrelatethe structureof these
to predictive uncertaintyandmodelresolution.lt wasnotcleara priori whethertheidentification
proceduraloeswork for thecatchmentsgiventhatit hasonly beentestedwith synthetichillslope-
scaledata,but it turnsout that the methodgeneratesarge setsof fit modelsfor both Kaibo and
Horizontes It is investigatedhow themodelsetscaneffectively beusedfor prediction.A choiceis
madeto useensembleimulationwhereanumberof modelsaredravn randomlyfrom thesetand
thefinal predictionis theaverageoverthedifferentmodels.It appearshatfor increasingensemble
sizesthe predictionerror decreasesThis trend continuesup to ensemblesizesof approximately
800for Kaibo andalmost1000for Horizontes.Thereareslight differencesn theserelationships
for dischage and overlandflow. The explanationfor this relation betweenensemblesize and
predictionerroris therelative heterogeneityf the modelset. A choiceis madeto simulatewith
ensemblesf 1000membersn theremainderof this study The ensembleredictionsshav good
performancen the validationdatawith a slight overpredictionof low catchmentlischages,es-
pecially for Horizontes. The structureof the predictionerror for the validationdatais similar to
that for the calibrationdata. The ability of the identified modelsto predictoverlandflow ratios
is analyzedby comparingobsered and predictedoverlandflow ratiosfor differentspatialunits,
in this casethe soil-vegetationunit andthe entire catchment.Interestingly the fit doesnot differ
for the differentresolutionsasit doeswith the distributed model,wherea bettercorrespondence
betweenobsered and predictedwas found at the catchmentscale. A possibleexplanationfor
this phenomenoiis thatmodelsat differentresolutionscontainapproximatelyanequalnumberof
parametersyhich leadseventuallyto anequalpredictive uncertaintyat the differentresolutions.
By a straightforvard applicationof ensemble-predictigrroarseaswell asfine-resolutiormodels
with asimilarfithesshave anequalchanceof selection]eadingto a predictabilitywhichis similar
over all resolutions.This explanationimplies thatthe useof finerscalemodelsfor predictionat
the finer resolutionsand coarsescalemodelsfor predictionat coarseresolutionsshouldleadto
betterresults. A testconfirmsthis hypothesis.n spite of the marked differencesbetweerKaibo
andHorizontes therearemary similaritiesbetweenhe modelsetsdescribingthesecatchments:
1) thesamemodeltemplatewasusedfor bothcatchments?) therelationbetweerproblemresolu-
tion, availability of obserationsandfitnessseemgo applyto both catchmentsand3) the shiftin
theindependentariablesrom soil moistureat fine temporalresolutiondo rain at coarseéemporal
resolutionss applicableto both Kaibo andHorizontes. The catchmentgliffer with regardto the
exactform of the kernelfunctionsandthe modelresolutionsto which differentkernelfunctions
apply This canbe explainedby the differencein topography Kaibo haslongerslopesandless
relief - andthe limited spatialdiscretizationof the modelsfor Kaibo. This lastfactormay have
beencausedby the relatively few distributed obsenationsin Kaibo. It is notablethatthe same
shiftsin the useof independenvtariablesarefoundfor therealdatasetsat the catchmentcaleas
with the syntheticdatasetat the hillslope scale(in Chapters). It suggestshatthe source-drien
systembehaiour at coarseresolutionsandsink-driven behaiour at fine resolutionds a property
of thehydrologicsystemsatbothscales Themodelformsareanalyzedverarangeof space-time
resolutions]eadingto the demarcatiorof kernel-shifts. Comparingthe locationof thesekernel-
shiftsfor HorizontesandKaibo leadsto the obseration thatthe shift from sourceto sink-limited
systembehaiour occursataspatialresolutionof approximately? unitsfor Horizontesand5 units
for theKaibo. Theseresolutionsorrespondo physicaldimensionof (onaverage)300min Hor-
izontesand 220 m in Kaibo. Relatingthesedimensionswith the spatialcorrelationstructureof
therain, soil andvegetationcharacteristicindicateshatespeciallythe spatialstructureof therain
(with auto-correlationsglroppingsharplyat 300and200m for HorizontesandKaibo respectiely)
couldgiveriseto this pattern.The spatialheterogeneitiesf soil andvegetationcharacteristicare
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approximatelytwice aslarge. This obsenation givesrise to the hypothesighatin the two study
catchmentghe structureof arain eventis the mostimportantdeterminanfor overlandflow pat-
terns,insteadof topographyor the pre-a/entsoil moisturedistribution. Applying theidentification
methodto differentsub-set®f thedata,leadsto veryinterestingesults.In thefirst place,it shavs
thatrain intensitydoesnot influencethe parameterizatiowhereaseasonalitfthetime afterstart
of the wet seasonoes. This meansthat the natureof the hydrologic systemchangesver the
rainy seasonlt hasbeenexplainedbeforethatthis changds causedy variousstronglycorrelated
processesswellingandshrinkingof clays,vegetatve developementsoil roughnesghangegdue
to theimpactof rain, animalsandsoil tillage) andbiologic activity. A considerabldeterogeneity
within themodelsetdervedonthebasisof average-seasonabnditions canbeexplainedby shifts
in thesefactors.However, thelimited sizeof the dataset,especiallywith regardto theseseasonal
factors,doesnotallow the parameterizationf the variousmodelswith thesenewly identifiedfac-
tors. For both catchmentshe kernelfunctionsfor partitioningcanbe estimatedoy a rectangular
hyperbola,andthe kernelfunctionsfor transportoy gamma-distribtions. The functionscanbe
interpretedn a probabilisticsenseleadingto data-basedonditionalandjoint probability distri-
butions of hydrologicalvariables. The applicability of thesedistributions for practicalpurposes
still needdo betested.

In Chapter7 the problemof overlandflow predictionis studiedfor casesvhereobserations
areavailablein combinatiorwith a setof calibratedmodels.Thetechniqueusedto combineprior
modelsresultswith obserationsis known asTikhonor regularization.Within this regularization
framework generalizectross-alidationis usedto obtaindesirableweightsbetweenprior model
predictionsand obsenations. Two regularizationstrategies are compared:regularizationof the
modelparametersandregularizationof themodelstatevariables.lt is shavn thatbothtechniques
leadto similarresults whichdiffer in somedetails.Parameteregularizationleadsto betterresults
atlow dataavailability, whereasstateregularizationleadsto betterresultsat high dataavailability,
which is consistenwith the factthattherearefewer parametershanstateso be estimated.The
fact that stateregularizationrealizesits bestpredictionsat finer resolutionsthan parametereg-
ularizationcanbe explainedby consideringthat parameteregularizationmaintainsthe relative
structureof the kernelfunctionsover different spatialunits, and canin this way lessefficiently
exploit the additionaldegreesof freedomofferedby a finer resolution. The comparatre advan-
tageof this flexibility appearsat higherdataavailability andfiner resolutions.A comparisorof
the open-looppredictionsover the calibrationperioditself with thereguralizedpredictionsshavs
thateventhebestcalibrationfeasiblewill notnearlyapproachheresultsby usingaregularization
approach. Againstthis backgroundt is not worthwhile to considermodelre-calibrationas an
alternatve to regularization.The regularizationmethodologyemployed herecanrelatively easily
beadaptedo differentmodelsor obsenrations. This point hasbeendemonstrateh this studyby
usinga setof modelsinsteadof a singlemodelin orderto generatea prediction. Consideringhe
easewith which regularizationcanalsobe integratedin the Kalmanfilter and Kalmansmoother
andtherelative successf the Ensembléalmanfilter to problemsof arealisticsize,averyfruitful
enterprisanight betheintegrationof regularizationin the Ensemblekalmanfilter aswell.

Chapter8 concludeghe dissertatiorby combiningsomeof theinformationpresentecarlier
with new informationaboutthe relative value of obserations. The effectivenessof eachof the
threemodellingapproachesheregressiormodel,the distributed modelandthe scale-dependent
modelsfor identificationand predictionis reviewed first. It is concludedthat while clearly the
scale-dependemodelshave distinctadvantagegor modelidentification for predictionthemodel
differencesarelessclear By comparingthe effect of omitting eachof the obseration types(e.g.
dischage obsenationsor overlandflow obserations)duringmodelcalibration,therelative value
of the obserationsis determinedlt turnsoutthatthe effect of omitting nearlyeachof the obser
vationtypesleadsto changesn predictionerrorsthatarelarger thanthe intra-modeldifferences
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with regardto thosepredictionerror Theconclusionis thatmodeldifferencesarerelatively unim-
portant,andthattheemphasigor thistypeof researctshouldin any casebeondatacollectionand
analysis.Unfortunatelythe conclusionsio not solve the problemof improving overlandflow pre-
diction becausehe desiredobsenration techniquesrenot availablenow or in the nearfuture for
large scaleapplications An outlook on furtherresearctinto this areathereforemainly focuseson
theoreticalssuessuchasthe possibility to investigatethe scale-dependembodelsin moredepth,
establishprobabilisticmodelson the basisof the scale-dependemiodelsandcomparethe scale-
dependenmodelsonceagainwith bothadistributedmodelandlaboratory-scalexperiments.
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Samenvatting

Hetdoelvandezestudieis gegevensover opperviakte-stromingoverlandflow) te verzameleren
te analysereren om methoderte ontwikkelenvoor de identificatievan voorspellendanodellen
voor opperviakte-stromi op stroomgebied-schaabe verantwordingvoor dit onderzoeksdoel
wordtin Hoodstukl gegeven,waartevensde historieende huidigemodelleringvanopperviakte-
stromingis beschreen. De restvandedissertatiés ondenerdeeldn tweedelen.Het eerstedeel,
dathoofdstuklen 2 tot enmet4 beslaatpestaatit eeninterpretatievan de verzameldegegevens
over oppervlakte-stromingn twee experimentelestroomgebiedern de effectiviteit van veelge-
bruikte modellenin het beschrijen van de opperviakte-stromign In dit deelwordende speci-
fieke problemenbeschreen die optredenbij de bestaandenodelleertechniadn. In hettweede
deel,bestaandit hoofdstuklen 5 tot enmet 7, wordennieuwetechnielen gepresenteerdoor het
schaal-afhar#lijk modellerenvan oppervlakte-stroming In Hoofdstuk8 wordende resultaten
vandezestudiein perspectiefjeplaatsenwordt eenaanzegegevenvoor verderonderzoek.

Oppervlakte-stromings hetdeelvan hetopperviaktevater dat over de grondstroomten zich
nognietheeftgeconcentreerih rillen of bekenvaneengegevengrootte- danwordthet“c hannel
flow” genoemd.Het puntwaaroppervlakte-stromip stopten “c hannelflow” begint, in ruimte
zowel alstijd, kanenkel subjectiefen bij benaderingaanggeven worden. Opperviakte-stroming
kanontstaardoorverzadigingrandebodemzowel vanbenedeniit alsvanbovenaf. Bij verzadig-
ing vanbovenafoverschreidde hoeveelheidregenenwatervan hetbovenstroomsegebieddein-
filtratiecapaciteitpij verzadigingvan onderuitis de matrixpotentiaalan de bodempositief door
druk van bodemwcht ter plekke of in het bovenstroomsdodemwlume. In natuurlijk terrein
is opperviakte-stromingeerheterogeeren niet-stationair met waterdieptes/an 1 tot 100 mm
en stroomsnelhedexan 0.01 tot 1 ms ! binneneenklein gebied. De kennisvan oppervlakte-
stromingis belangrijkomdathetde belangrijkstefactoris voor sedimenttranspodoor water het
transporten het lot van (landbouw)chemicaliémp de grond, en de vorm alsmedegrootte van
afvoerpielen. Bijna al hetoppervlaktevater begint als oppenakte-stromingn hetbovenstrooms
gebiedvaneenstroomgebie@nverplaatstich enigeafstandvoordatheteenril of beekte bereikt.
Ondankshet belangvan oppervlakte-stromiy, is het nauwelijks bestudeerdver gebiedenvan
meerdanenkele hectarerdoordirektekwantitatieve of kwalitatieve metingen.

De oppervlakte-stromingoalsdie voorkomt in tweeexperimentelestroomgebiedemwordtin
Hoofdstuk2 beschreen. Het eerstestroomgebiedKaibo, ligt in Burkina Faso(WestAfrika) op
44°17 N en0°56 O (310-325m.a.s.l.) in het stroomgebied/an de Nakambé(de Witte Volta),
enbeslaateengebiedvan 1.2 km?. Het stroomgebiedeefteensemi-aridetropischklimaat met
eengemiddeldgaarlijkse neerslagvan 880 mmy~1, minimum and maximumtemperaturewvan
respectigelijk 19 and 32°C en eenpotentiéleevapotranspiratieran 2580 mmy 1. De actuele
evapotranspiratiés ongeveer 620 mm( 70% van de regen), percolatienaardieperebodemlagen
is ongeveer 80 mm (10% van de regen)en afvoer is ongeveer 180 mm (20% van de regen). Het
gemiddeldaegenseizoemuurtvanmeitot oktoberenis zeerheterogeerzowel binnenals buiten
het seizoenmet betrekkingtot regenhogeelheiden de duur van droge perioden. De natuurlijk
vegetatieis savanne.Het gebiedwordt nu voor hetgrootstegedeeltegebruiktvoor akkerbouwen
extensiee bewveiding. HettweedestroomgebiedHorizontes bevindt zichin CostaRica(Centraal
Amerika)op 10°43 N en—-85°36 O (160-190m.a.s.l.),binnenhet natuurparkKEstacionExper
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imental ForestalHorizontes’ (onderdeelan de regionaleorganisatieACG). Het is 2 kn? groot
en heefteensub-humidetropischklimaat. De gemiddelderegerval is 1450 mmy %, minimum
andmaximumtemperaturezijn respectieelijk 22 and29°C ende potentiéleevapotranspiratiés
2230mmy 1. De actueleevapotranspiratiés ongareer 870 mm (60% van de regen), percolatie
naardieperebodemlageris ongereer220mm(15%vanderegen)enafvoeris 360 mm(25%van
deregen). Het gemiddelderegenseizoermuurt van mei tot oktoberen laat eengrote variatiein
regenhogeelheidzientussende seizoenenDe natuurlijke vegetatiein Horizontesis eengedeel-
telijk bladwerliezendtropischbos. Vanuit eensituatie met opengraslandin 1989 verkeert het
gebiedmedio’90 in eenvrogy stadiumvanregeneratie.

In Kaibo zijn gegevensverzameldgedurendede periodeapril 1994 - augustusl998. Weers-
gegevenszijn verzameldneteenautomatischweerstatiorop éénlocatie,regenis gemeterop ver
schillendelocatiesmetautomatischeegenmetergz.g. “tipping buckets”) vanaf1996enafvoeris
gemetemeteendruksensoim derivierbedding Bodemwchtis bepaaldneteenTDR-instrument
in plasticbuizenop 10 plaatserelke 14 dagengenafvoervanzesafstromings-percelefdrie paren
met afmetingenvan 5 x 10, 10 x 25 en 50 x 100 m ) is gemetenmet meetgoten(waarin ook
druksensoren)Daarnaastijn er ook verschillendeanderewaarnemingemedaann de periode
juni 1998- septembef998. De schijn-grondwaterspiegels in dezeperiodegemetenangsdrie
raaienmet peilbuizen voor drie buien en de structuurvan de ondegrond is bepaaldmet geo-
electrischametingenpppervlakte-strominis waagenomergedurendeweebuien. Dit is gedaan
doorwaterhoogten snelheidherhaaldelijkop verschillendgountenlangstweeraaiente bepalen,
endaarnaasstromingspatronevanoppervlaktevaterin kaartte brengerdirectnadezebuienvoor
diezelfderaaien. Eennauwleurig digitaal terreinmodel (DTM) is gemaakiop basisvan metin-
genmeteendifferentiélekinematischesPS-techniekLater zijn visuelecontrolesvan stroomge-
biedsgrenzern lokale hoogtenen laagtenin hetveld gemaakt.Diverseanderecampagnegijn
uitgevoerdom bodem geologieenlandgebruikin hetgebiedin kaartte brengen.

In Horizonteszijn gegevensverzameldgedurendele periodeapril 1996- augustusl 998. Weers-
gegevenszijn gemetenmet eenautomatischweerstatiorop éénlocatie,regenis gemeterop zes
plaatsemmetautomatischeegenmeteren afvoer is gemeterop zesplaatserin derivierbedding
met druksensorenln de periodejuni 1997 - decemberl 997 zijn de stromingspatronena drie
buien bepaaldlangstwee raaien. Langsdezelfderaaienis ook oppervlakte-stromip gemeten
in 24 kleine collectoren. EenDTM is gemaakimet eendifferentiélekinematischeGPS-tecniek
in combinatiemet corventionelegeodetischenetingen.Diverseanderemeetcampagnesijn uit-
gevoerdom bodem,geologieen vegetatiein kaartte brengen.Een44 ha deel-stroomgebiedan
Horizontes Horicajo genaamdis in meerdetail bestudeerdDe waarnemingerin Horicajo zijn
verzameldgedurendale periodejuli 1997 - decembel997. Op vier plaatsens regengemeten
metautomatischeegenmetergn op tweeplaatseris afvoer gemetermetv-vormigeoverlatenen
druksensorenVoor zeven buien is de hoogtevan de grondwvaterspigel iederuur waagenomen
met de handin 20 stijghuizen tijdens en direkt na de buien, en dagelijkstussende buien. De
stromingspatronena eenbui zijn bepaaldvoor vijf buien, en de waterhoogteen snelheidzijn
gemetenvoor negenbuienlangsvier raaien.Gedurendeale periode20 juli 1997- 4 oktober1997
is hetvolumetrischvochtgehaltédbepaaldop 40 locatieseensin de vier dagen,en gedurendale
periode4 oktober- 21 decembeiop 60 lokatieseensin de twee dagen. Voor dezevochtmeting
is eenTDR-systeenin plastic buizen gebruikt, waarmeeper laagvan 20 cm gemetenis tot een
dieptevan 80 cm Terreinenbodemzijn gedetailleerdn kaartgebrachsamenmetde geometrie
vanrillen en geulen. De Kleur, structuur diepte,textuur en het organischestof gehaltevan de
bodemzijn bepaaldop 90 plaatsengn de infiltratiecapaciteiis bepaaldop 30 van dezepaatsen
meteenGuelphpermeameteDaarnaastijn kleur, structuurentextuur vandebodemin hetveld
gemeterop eenregelmatiggrid van20 x 20 m.

Voor zowel Kaibo als Horizonteszijn de gegevensvan 60 buien gebruiktvoor calibratieen val-
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idatie doeleindenin laterehoofdstuklen. Tot de 60 buien behorenook 31 buien waanoor ook
gagevensvanHoricajobeschikbaatijn.

Drie aspectervan de waarnemingerzijn in detail onderzocht:de meetonze&rheid, de relatie
tussende bedekkingsgraa@n waterhoogtebij oppervlakte-stromingen de autocorrelatievan
oppervlaktestromingn ruimte entijd. De meetonzekrheidwordt geschabp basisvan herhal-
ing, opsplitsingvan de dataseten kruis-\validatie. De totale meetonze&rheidis de resultantevan
drie bronnen: willekeurige fouten die door het meetinstrumenbf de meettechniekvordenge-
produceerdgonversiefouterdie ontstaandoor de omrelening van geobsergerdeeenhedemaar
wenselijle eenhedergninterpolatiefoutertie ontstaardooreenhedemmmte zettennaarwenseli-
jketijds- enruimte-eenhederHetblijkt datvooralinterpolatiefouteraanzienlijkbijdragenaande
totalemeetonzekrheiden dat, als hetgecombineerdeffect van de foutbronnenn beschouwing
wordtgenomenmetnameoppervlakte-stromingp basisvanvisuelewaarnemingengrondvwater
waarnemingerfHorizontes)en bodemwcht waarnemingerfKaibo) relatief onzeler zijn eneen
onbelendefoutstructuurhebben.Daaromwordt een“unknown-tut-boundd” (UBB) foutstruc-
tuur gebruiktals karakteriseringran de meetonzegrheid. De bedekkingsgraadan oppervlakte-
stromingblijkt niet-lineairete zijn gerelateerdiandegemiddeldealiepteervan. Er zijn aanzienlijle
verschillentussendezerelatiesvoor Kaibo en Horizontesen verschillendebodem-en vegetati-
etypen. De knikpuntenin de relatiesgeven drempelvaardenaanen kunnenwordengerelateerd
aangemiddelderildiepte. De anisotropievan de oppervlakte-stromingn zowel ruimte als tijd
wordtgeillustreerdnetcorrelogrammenyaarindecorrelatielengtesariérenvan10tot 80mvoor
respectigelijk contour en hellingrichting, en 25 tot meerdan 60 minutenvoor respectieelijk
intensiee enniet-intensige neerslag.

Eeneersteanalysevandewaarnemingemvordtgemaakineteenregressiemoddah Hoofdstuk
3. De regressiemethodeombineerte verschillendesoortenwaarneminerzoalswaterhoogtevan
opperviakte-stromingopgerangenopperviakte-stromingn collectorenen stroomgebiedsaber
via eentwee-stapdenadering:1) door lineaire en niet-lineairemeetemelijkingente gebruilen
om iederewaagenomeneenheidnaartotale-lui opperviakte-stromirghagte om te zetten,en
2) door dezetotale-lui opperviakte-stromistoogte in eenlineaire regressigemelijking te ge-
bruiken. Op basisvan de waarnemingemet UBB foutstructuuy is er eenunieke oplossingvan
dit probleemgevondenmethetmini-maxcriterium. De methodeblijkt rekentechnisclerg simpel,
wathettoelaatgrotehoereelhedemegevenste analyseremndekwaliteit vanhetmodelmetkruis-
validatiete evalueren.Na calibratieblijken de door het regressiemodeloorspeldeopperviakte-
stromingshoogtemoed overeente komen met de waarnemingenyooral wanneeronderscheid
gemaakiwordt tussenhet voor- en naseizoerof lage en hogeregenintensiteit.Door eenmodel
op het Horicajo deel-stroomgebietk calibrerenen op Horizontestoe te passenwordt de mo-
gelijkheid onderzochiom het modelte gebruilen voor voorspellingenop eenandersoortgelijk
stroomgebiedzonderhercalibratie. Het laat zien dat op die maniergoedeafvoenoorspellirgen
van het totale stroomgebiednogelijk zijn, maardat oppervlakte-stromingich op dezemanier
nieterg nauwleuriglaatvoorspellen.

In hoofdstuk4 wordende obsenratiesgeanalyseertheteenkarakteristiekuimtelijk verdeeld
oppervlakte-stromingsodd. Hetdrievoudigedoelvandezeanalyses omte onderzoe&n: 1) of
het model gecalibreerdkan worden,in de zin dat eenset bijna-optimaleparameterskan wor-
den bepaalddie te gebruilen zijn voor modelhoorspellingen,2) hoe de modehoorspellinga
zich verhoudentot de resultatenvan de alternatige regressiemethodeit Hoofdstuk 3; en 3)
of hetmodelde ruimtelijke heterogeniteivvan oppervlakte-stromingnigzinsreproduceert.Het
gebruiktemodel verschiltin twee opzichtenvan de meesteandereruimtelijk verdeeldeopper-
vlakte-stromingsmodelte 1) hetbevat relatiefweinig parametersen 2) hetbetrektook op een-
voudigewijze de natheidvan de bodemvoorafgaandianeenbui in de bereleningvaninfiltratie
(via eenz.g. vochtigheidsndex). Om hetmodelte calibrerenis eenzogenaamdésimilarity in-
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dex’ gedefinieerdmwaarnemingemanmodehariabelerte koppelendie wel overeenbmenqua
bovenstroomsgebiedhodem-en vegetatietypemaarnaareenandereplaatsin het stroomgebied
verwijzen. Dezecalibratieprocedurslijkt tamelijk goedte werken. Na modelcalibratiewordt
het model gevalideerdmet afvoer en oppervlakte-stromirggwaarnemingen.Uit dezetestsbli-
jkt dathetmodelinderdaadedelijk gecalibreerds, hoavel hetruimtelijk verdeeldenodelzowel
afvoeralsoppervlakte-strominduidelijk mindergoedvoorspeltdanhetregressiemodelDe geob-
seneerdeheterogeniteit/an oppervlaktestromingwordt niet gereproduceerdoor het modelop
de grid-resolutiemaarwordt redelijk voorspeldop de resolutievan bodem-egetatieeenheden.
Uit devoorspellingernvoor Kaibo en Horizonteskan afgeleidwordendat de stroomgebiedeno-
galverschillenmetbetrekkingtot de patronenvanoppervlakte-stromingn Kaibo blijkenbodem-
en vegetatieictorentamelijk belangrijkin het bepalenvan oppervlakte-stromingterwijl hetin
Horizontesmeerdetopografischdactorenzijn. Dezeeffectenkunnenechtemiet geheelgeschei-
denwordenomdater eensterle correlatiebestaatusserbodemyvegetatieentopografie.Kaiboen
Horizonteshebberstroomgebiedsaber/regenval fractiesvanrespectieelijk 0.1 en+0.2. Beide
waarderkomenovereemrmetdeverwachttewaardenvoor dezetypenvanterreinenklimaat. Er bli-
jkenook sterle seizoentrendie zijn, waarinoppervlakte-stromingpeneemnaarmatdetseizoen
vordert.Voor Horizonteskan detrendhetbestverklaardwordendoorde scheurernin devertische
grondonderdrogecondities gnvoor Kaibo kaneenaarvullendeverklaringgevonderwordenin de
afnemendeuwheidvan hetakkerlandover hetseizoen.In Kaibo zijn deverschillentussenvoor
ennaseizoemetmeesuitgesprokn. Ondankdekwalitatieve aardvandewaarnemingeenmod-
eluitkomstenzijn de seizoentrendgo duidelijk datdezein achtmoetenwordengenomerbij de
modelleringvan oppervlakte-stromingkr zijn tweemogelijkhederom dit te bewerkstelligen:1)
doorhetmeenemewanderelevantefactorenin de parameterisatiegf 2) hetparameteriserevan
eenmodelvoor eenkortereperiodezodatde parametersvel alsconstanbeschouwdkunnenwor-
den. Beidemogelijkhederzijn gedeeltelijkgetesin dezestudie.Hetonderscheidusserbodems
met vertischeen niet-vertischeeigenschappeparameteriseemventuelebodem-eranderingen,
enhetonderscheidussergrasversushomen(Horizontes)of grasversusakkers(Kaibo) parame-
teriseerdeverschillentusservegetatiee ontwikkeling enlandgebruik Daarnaasteproduceerntle
vochtigheids-inde het seizoensééct ten dele. Hercalibratiemet meerspecifiele datasetgvoor
seizoenversusnaseizoeren lageregenintensiteiversushogeintensiteit)is ook toegepastmaar
leidt niet tot beteremodelworspellinga omdatde datasetsloor de opsplitsingwaarschijnlijkte
klein zijn gewvorden.

In Hoofdstuk5 wordt eenraamwerkom schaal-afhanklijke hydrologischenodellente iden-
tificerengepresenteerdde methodewerkt met eenzogenaamanodelsjabloorwaarmeede toe-
standsariabelen,inputvariabelen,het bereik van toggestanauimte- en tijdsresoluties alsmede
detoeggestananinimale en maximaleaantallenparametersvordenvastgelgd. Op basisvan het
sjabloonzoekteengenetischalgorithmenaaroptimalemodelstructuremie wordengecalibreerd
meteenMonte Carlo proceduregebruikmalkndvande waarnemingemet UBB-foutstructuren.
Bijzondereeigenschappevandezetechniekzijn datderuimtelijke elementervanderesulterende
modellenkunnenvariérenin grootteendatde modellenin wezenstochastischranaardzijn omdat
parametergrzamelingenn plaatsvan éénduidigeparametenaardenzijn vastgelgd. Daarnaast
Zijn de modellenopgebouwduit fysisch interpreteerbareenheden eenpartitioneringsmatrix,
eentransportmatrixen eeninterne-toestandsmatr- die geloppeld kunnenwordenaanspeci-
fieke stromingsprocesserDe identificatiemethodés toegepastop eenkunstmatigedatasetdie
is gegenereerdnet een1D oppervlakte-stromirgmod! geloppeldaaneen2D Richardsmodel
op hellingschaal(100m lengte en 1m diepte) en eenneerslagmodel.De identificatiemethode
genereereengrote setmet gesdikte modellen(fit model$ die verschillenin parameterisatien
resolutie waarbijgeschiktheidslaatop de matewaarinde modehoorspellingerbinnenhetvooraf
gedefinieerdgebiedvanwaarneminger UBB foutenblijft. Eenanalysevandegeschikstenod-
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ellenleidt tot eenaantalinteressanténzichten. De meestgeschiktemodellenkomenvoor langs
eennauwebandvan ruimte-tijdsresolutig, variérendvan 4 min met10 eenhedemot 18 min met
4 eenheden De meestgeschiktemodellenstrevzen naareenstructuurmet ruimtelijke eenheden
van gelijke grootte,vooral bij fijne resoluties. Het parameterbereikan de partitionerings-en
interne-toestandsmatesin de modellenis, vooral bij de grofsteresoluties gerelateercaande
modelgeschiktheideenkleiner parametebereik is gerelateerchanhogeremodelgeschiktheid),
terwijl detransportmatrixnauwelijkseenrelatiete zien geeften bovendienhetleeuwendeevan
de parameteronzekhed herbegt. Voor verschillenderesolutieds de hoeveelheidparameterin
de meestgeschiktemodellenconstant.De geschiktstanodellenzijn kwalitatief verschillendbij
verschillenderesolutieametbetrekkingtot zowel de vorm alsde onafhanklijke parameterin de
kern-functies.Bodemwchtis de toestandsariabeledie de modeldynamielhet meestbeirvioedt
in modellenmet eenfijne tijdsresolutieterwijl regerval de belangrijkstedrijvendekrachtis in
modellendie gedefinieerdzijn op grove tijdsresoluties.De sterkstepuntenvan de methodezijn
dealgemendoepasbaarhei@ngeachfout-structuumnf niet-lineariteit) demogelijkheideengrote
verzamelingkandidaatmodellete evaluerendegeidentificeerdenodellenfysischte interpreteren
enderekentechischeemwvoud. Zwakke puntenzijn derelatiefingenikkelde modellendie kunnen
ontstaanna de identificatie, de benodigderekentijd, en - in dit specifiele geval met gegevens
met UBB-fouten- derelatiese slechtefit vande modellenin vergelijking tot methodermetmeer
gedetailleerdeannamerover fouten. De methodeis daaromvooral geschiktom eenbeperkte
verzamelingkandidaatmodellete identificerenwelke verwlgensverdergeoptimaliseerdékunnen
wordenmetmeerrigide identificatietechniedn

In Hoofdstuk6 wordt het raamwerkvan Hoofdstuk5 toegepastop de Kaibo en Horizontes
gagevens met het doel om eenverzamelingopperviakte-stromingsoddlen te identificerenen
de stuctuurervan te relaterenaanvoorspellingsongkerteid en modelresolutie.Het is a priori
nietduidelijk of deidentificatieprocedwe wel werktvoor debeidestroomgebiedergangeziethet
alleenmetkunstmatigegegevensop hellingsschaails getest.Hetblijkt datook voor de stroomge-
biedsggevens de methodeleidt tot eengrote verzamelingvan geschiktemodellenvoor zowel
Kaibo als Horizontes. Eerstwordt onderzochthoe de modelherzamelingeffectief gebruiktkan
wordenvoor voorspelling.Er is eenkeusgemaaktvoor groeps-wvorspelligen (ensemblgredic-
tiong waarbij eenaantalmodellenwillekeurig getroklen wordenuit de geidentificeerdererza-
melingende uiteindelijke voorspellinghetgemiddeldds vandeverschillendanodehoorspellin-
gen.Hetblijkt datvoortoenemendgroeps-groottele voorspelfoutafneemt.Dezetrendzetdoor
tot eengroeps-groottevan ongeveer 800 voor Kaibo en 1000 voor Horizontes. Er zijn kleine
verschillenin dezerelatie voor afvoer en oppervlakte-stromingDe verklaring voor dezerelatie
tussergroeps-groottenvoorspelfouts derelatieve heterogeniteivandemodeherzameling Een
keuzeis gemaaktom met groepenvan 1000 modellente werken in de restvan de studie. De
groeps-wvorspelligen reproducererde validatiggegevens van afvoer goed, met eenlichte over
schattingvan de lage afvoeren,vooral voor Horizontes. De structuurvan de voorspelfoutover
tijd is vergelijkbaarmet die bij de calibratiggegevens. De geschiktheidvan de geidentificeerde
modellenom oppervlakte-strominge voorspellens getoetsimetvalidatiqgegevensvoor bodem-
vegetatieeenhederenhetgehelestroomgebiedinteressanis datde afwijking vanvoorspellingen
en obsenaties niet afneemtbij eengrovere resolutiezoalsbij het gedistrilueerdemodel. Een
mogelijke verklaring hiervoor is dat modellenbij verschillenderesolutieswel eengelijk aantal
parameterdiebbenwat uiteindelijk leidt tot eengelijke voorspelfout.Door hetrechttoe-rechtaan
toepassewan ensemblevoorspellinghebbenmodellenmet zowel grove als fijne resolutiesmet
eenzelfdegeschikheiddezelfdekansgeselecteerte worden. Dezeverklaringimpliceertdat het
gebruikvanfijne-resolutiemodellenvoor voorspellingerop fijne schaalen grove resolutiesvoor
voorspellingenbij grove schaaltot betereresultaterleidt. Eentestbevestigtdit. Ondanksde
duidelijke verschillentussenKaibo en Horizontes,zijn er veel overeenkmstentussende mod-
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elverzamelingerie de stroomgebiedebeschrijen: 1) hetzelfdemodelsjabloorkanwordenge-
bruikt voor beidestoomgebieder) derelatietusserresolutie,de beschikbaarheigdan gegevens
en de model geschiktheids toepasbaaop beidestroomgebiedergn 3) de verschuing in on-
afhanlelijke variabelenvan bodemwcht bij fijne resolutiesnaarregenbij grove resolutiestreedt
op in zowel Kaibo als Horizontes. De stroomgebiedenerschillenmet betrekkingtot de exacte
vorm van de kern-functiesen de resolutiesvaaropde kern-functiesvan toepassingijn. Dit kan
wordenverklaarddoor de topografie- Kaibo heeftlangerehellingenen minder relief - en de
beperkteruimtelijke discretisatievan de modellenvoor Kaibo. Dit laatstekan zijn veroorzaakt
door de weinige ruimtelijk verdeeldewaarnemingerin Kaibo. Het is opmerlelijk dat dezelfde
veranderingetin onafhanklijke variabelenvan de kern-functiesoptrederbij de echtedatasebp
stroomgebiedschaals bij de kunstmatigedatasetop hellingschaalin Hoofdstuk5). Het sug-
gereerdathetbron-gedreen systeemgedralij grove resolutiesenhetbestemming-gedven bij
fijne resolutieseeneigenschapan het hydrologischesysteemop beide schalenis. Modelvor-
menkunnenwordengeanalyseerdver eenbereikvanruimte-tijdsresolutie om veranderingen
kern-functiesaante gegeven. Bij vergelijking vandelocatievandezeveranderingn kern-functies
voorHorizontesenKaiboblijkt datdeverschuving vanbron-gedreennaarbestemming-gedven
systeemgedragptreedtbij resolutiesvan 7 eenhederbij Horizontesen 5 eenhederbij Kaibo.
Dezeresolutieskomenovereenmet gemiddelddysischedimensiesvan 300m in Horizontesen
220min Kaibo. Als dezedimensiegerelateerdvordenaande ruimtelijke correlatiestructuuvan
regen-,bodem-envegetatiekarakteriggkenblijkt datvooralregen(metautocorrelatieslie scherp
afnemenbij 300 en 200m) tot dit patroonkan leiden. De ruimtelijke heterogeniteivan zowel
bodemals vegetatiekarakteristiekeis bijna twee maal zo hoog. Dezevaststellingleidt tot de
hypothesalatin de twee studiggebiederde structuurvan regentuien de belangrijkstebepalende
factoris voor oppervlakte-stromigspatronen op stroomgebiedschaah plaatsvantopografieof
denatheidvandebodemvoorafgaandaneenbui. Toepassingandeidentificatiemethodepver
schillendedeel-verzamelingervan de waarnemingenleidt tot interessanteesultaten.Allereerst
toonthetaandatregenintensiteitle parameterisatiaiet beirvioedt, terwijl seizoensivioeden(de
tijd verstrelen nahetbegin van hetnatteseizoen)ydatwel doen. Dit betelentdatde aardvan het
hydrologischessyteemverandertover hetregenseizoenZoals eerderverklaard,wordt dezeve-
randeringveroorzaakdoor verschillendesterkgecorreleerd@rocessenhet zwellenenkrimpen
vankleigrond,vegetatiere ontwikkeling, bodemruwheidsrandemgen (onderinvioedvanregen,
dierenen grondbe&verking) en biologischeactuiteit in de bodem. Een aanzienlijle heterogen-
iteit binnende modeherzamelingop basisvan de gemiddeldeseizoenconditiekanwordenverk-
laarddoor verschwingenin dezefactoren.Desondank&an doorde beperktegroottevan de set
waarnemingeunemodeherzamelingniet opnieuwgeparameteriseemdordenmetde seizoensdc-
toren.Voor beidestroomgebiedekunnendekern-functiessoor partitioneringbeschreenworden
dooreenrechthoekige-hypbool ende kern-functiesvoor transporimetgamma-erdelingen.De
functieskunnenprobablistisctwordengeinterpreteerdyatleidt tot waarneming-gebaseerdoor
waardelijle engecombineerd&ansdichthedeman hydrologischevariabelen.De toepasbaarheid
vandezeverdelingernvoor praktischedoeleindermoetnog getoetsiworden.

In Hoofdstuk?7 wordt hetprobleembestudeerdande voorspellingvan opperviakte-stroming
wanneerzowel modelirvoer als waarnemingewan toestandsariabelenbeschikbaarijn in com-
binatiemeteengecalibreerdenodelherzameling De techniekdie hier wordt gebruiktom a priori
modeluittomstenmetwaarnemingerzo te combinerendatverbeterdgosteriorimodelresultaten
wordenverkraegen, staatbekend als Tikhonov regularisatie. Binnen dit regularisatie-raamwerk
wordt algemene-kruisalidatie (generlized cross-validatioh gebruikt om de gevensteweging
tussenmodehoorpsellingenen waarnemingene vinden. Twee regularisatiestratgén worden
vergelelen: regularisatievan de modelparametersnregularisatievan de modeltoestandswiabe
len. Er wordt aangetoondiat beidetechnielen tot gelijkaardigeresultateneidendie in enlkele
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detailsverschillen. Parameteregularisatieleidt tot betereresultaterbij de beschikbaarheigan
weinig gegevens,terwijl toestand-rgularisate tot betereresultaterieidt bij de beschikbaarheid
vanveel gagevens. Dit is in overeenstemmingnethetfeit dater mindertoestanderzijn danpa-
rameteromte schattenHetfeit datde bestevoorspellingerdoortoestand-rgularisatie bij fijnere
resolutiesoptredendan door parameteregularisate kan wordenverklaarddoor te beschouwen
dat parameteregularisaté de relatieve structuurvan de kern-functieshandhaaftussende ver
schillenderuimtelijke eenhedenwaardoorhet de extra vrijheidsgraderbij eenfijnere resolutie
nietkanbenutten Hetrelatiese voordeelvan dezeflexibiliteiet wordt duidelijk bij grotebeschik-
baarheidvan waarnemingeren fijnere resoluties. Een vemelijking van de “open-loop” voor
spellingenover de calibratieperiodeelf metde gerayulariseerdeoorspellingenaatziendatzelfs
debestmogelijke calibratiederesultatervandegerayulariseerdeoorspellingnietbenadertDoor
dit resultaais hetoverbodighercalibratieals eenalternatiefvoor regularisatiete bestuderenDe
hier toegepastaegularisatietechniekan relatief eervoudig wordenaangepashanverschillende
modellenof waarnemingenDit puntis gedemonstreerith dezestudiedoorgebruikte makenvan
eenverzamelingnodellenin plaatsvaneenenkel model.Het gemakwaarmeeegularisatiein het
Kalmanfilter ende Kalmansmoothetkanwordentoegepasin combinatiemethetsucces/ande
Ensembld&almanfilter voor problemervanrealistischegrootte suggereertlatdetoepassingan
regularisatiein hetEnsembleéKalmanfilter ook nuttig kanzijn.

Hoofdstuk8 besluitde dissertatiedoor het combinerervan enkele gegevensdie eerderzijn
gepresenteerhetaarvullendeinformatie over de relatiese waardevan obsenaties. Voor hetre-
gressiemodel,hetgedistriieerdemodelende schaal-afhardijke modellenwordt eerstbeleken
watdeeffectiviteit vooridentificatieenvoorspellings. De conclusiduidt datdeschaal-afharddijke
modellenduidelijke voordelenhebbenin de modelidentificatiestap, terwijl voor voorspelling
de verschillentussende modellenminder duidelijk zijn. Door voorspellingerte vergelijken bij
weglating van een obsenatietype (bijvoorbeeldde waarnemingervan stroomgebiedsaber of
opperviakte-strominglijdens model-calibratiewordt de relatievze waardevan de waarnemingen
vastgesteld.Het blijkt dat het effect van het weglatenvan bijna iedertype waarnemingot ve-
randeringenn devoorspellingsfowgn leidt die groterzijn dande verschillenin voorspellingsfout
tussende modellenonderling. De conlusieop basishiervan is dat modeherschillenrelatief on-
belangrijkzijn, endatde nadrukvoor dit type onderzoekn elk geval op gegevenserzamelingen
analysemoetliggen. Helaadeidendezeconclusieqiet tot eenverbeteringn hetvoorspellervan
oppervlakte-stromingmdatde vereistewaarnemingstechniek nuenin de nabijetoekomstniet
beschikbaazijn voor grootschaligeoepassingDaaromconcentreertiebeschouwing/oorverder
onderzoekzich vooral op theoretischerragenzoalsde mogelijkheidom de schaal-afharilijke
modellenin meerdetailte onderzoe&n, om probablistischenodellente ontwikkelenop basisvan
de schaal-afharéijke modellen,ende schaal-afharéijke modellenopnieuwte vergelijken met
zowel eenruimtelijk verdeeldmodelals experimenterop laboratorium-schaal
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