
Overland flo w:
interfacing models with measurements

E. E. van Loon



Promotor: prof. dr. ir. L. Stroosnijder
hoogleraarErosieenBodem&
Waterconservering

Co-promotor: dr. ir. K. J.Keesman
universitairhoofddocentbij deleerstoelgroepMeet-,
Regel-enSysteemtechniek

Samenstellingpromotiecommissie:
prof. dr. A. Bagchi,UniversiteitTwente
prof. dr. M. J.Hall, IHE Delft
dr. V. G. Jetten,UniversiteitUtrecht
prof. dr. ir. P. A. A. Troch,WageningenUniversiteit



Overland flo w:
interfacing models with measurements

E. E. van Loon

Proefschrift
terverkrijging vandegraadvandoctor
opgezagvanderectormagnificus
vanWageningenUniversiteit,
prof. dr. ir. L. Speelman
in hetopenbaarteverdedigen
opmaandag4 februari2002
desnamiddagstevier uur in deAula



CIP-gegevensKoninklijke Bibliotheek,DenHaag

VanLoon,E. E., 2001

Overlandflow: interfactingmodelswith measurements/ E. E. vanLoon
ThesisWageningenUniversity - with ref. - with summariesin English and
Dutch.
ISBN 90-5808-558-9
Subjectheadings:hydrology, systemidentification



Abstract

VanLoon, E. E., 2001. Overlandflow: interfacingmodelswith measurements.PhDthesis,Wa-
geningenUniversity, TheNetherlands.185pp,75 figs,39 tables,5 appendices.

This studypresentsnew techniquesto identify scale-dependentoverlandflow modelsanduse
thesefor ensemble-basedpredictions.Thetechniquesaredevelopedonthebasisof overlandflow,
rain, discharge,soil, vegetationandterrainobservationsthatwerecollectedover a threeyearpe-
riod in two tropicalcatchments.Themeritsof theidentificationtechniqueareits robustnesswith
regardto unknown errors,theability to adjustmodelresolutionin responseto dataavailability, and
to interprettheentitiesof theidentifiedmodelstructuresphysically. Comparedto a staticregres-
sion modelanda dynamicdistributed model the predictive performanceof the scale-dependent
overlandflow modelsis good,especiallywhenusingmodelensembles.Furtheranalysisof the
scale-dependentmodelsshows that rainfall largely determinesoverlandflow whenmodelledat
coarseresolutions,whereassoil moisturedrivesoverlandflow whendefinedat fine resolutions.
Interestingly, thenumberof modelparametersremainsconstantoverthedifferentresolutions.The
useof thescale-dependentmodelsfor predictive purposesis demonstratedby applyingTikhonov
regularizationfor recursive stateaswell asparameterestimation.

Additional index words: overlandflow, catchmentscale,systemidentification,ensemblesimu-
lations.
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Voorw oor d

Dit onderzoekvindt zijn oorsprongbij het ideevan Leo Stroosnijderom schaalproblemenbij
erosie-voorspellingzowel experimenteelals theoretischte onderzoeken. Samenwerktenwe in
1995aaneenAIO-voorstelwaarmeeik enthousiastenheelvoorspoedigvanstartging. Eénvan
dedoelstellingenwasom deunieke mogelijkhedendie beideveld-stationsvandeuniversiteit(de
’steunpunten’in Burkina Fasoen CostaRica) bodente benuttenen op beideplaatsenexperi-
menteelwerk uit te voeren. Terwijl door Leo Eppink de eerstecontactenin CostaRica werden
gelegd, werd in Burkinahetexperimenteleonderzoekopgestartonderleiding vanLeo Stroosnij-
der. In dezebegin-faseschoofKarel Keesmanalsbegeleideraanenbezochtik de’scalingwork-
shop’ in Krumbach.Dezeworkshopsterktemij in deovertuigingdatdekeusom te werkenmet
schaal-afhankelijke modellendejuistewas.Terwijl ik zelf gedurendeeenverblijf vanruimeenjaar
endiversekortebezoeken hetveldwerkin CostaRicaorganiseerdeenuitvoerde,namenanderen
onderleiding van Leo het leeuwendeelvanhet veldwerkin Burkina op zich. Bij terugkomstuit
CostaRicaboekteik eerstmaarlangzaamvooruitgangbij hetoplossenvandiversetheoretischeen
computer-technischeproblemen.Maarplotselingraaktehetonderzoekin eenstroomversnelling
toen ik er eind 1998 in slaagdeom met eengenetischalgoritmemodellente creëerendie nog
werktenook. De velemogelijkhedendie denieuwemodelleer-techniekboodhebik in dedaarop
volgendejarentoegepastopdegegevensuit detweestroomgebieden.Terwijl ik gaandeweg steeds
weernieuweoplossingenbedachtvoor hetzelfdeprobleem- eenenkelekeereennieuwprobleem
bij eenbestaandeoplossing- hebbenLeoenKarelervoorgezorgd datik deoorspronkelijke doel-
stellingenniet uit het oog verloor en dat we zo veel mogelijk concreteresultatenboekten. De
periodevandit onderzoekwaseenfijne tijd waarinik veelgeleerdhebenmetstudentenencol-
lega’s heelprettighebsamengewerkt. Met pijn in hethartsluit ik ’m af ... om metfrissemoeden
opsoortgelijke voetweerverdertegaan.Maarniet voordatik nogwatmensenhebbedankt.

Zoalsuit devoorgaandekortegeschiedenisblijkt hebik heterg getroffen metmijn promotor,
Leo Stroosnijder. In deeersteplaatsheefthij mij bijzonderplezierigenefficiënt begeleid. Daar-
naastheeftLeomij, zoalsal zijn AIO’s,nietalleenaangespoordvanmijn wetenschappelijke vrij-
heidte profiterenmaardaartoeook ruimschootsdemiddelenverstrektenondersteuninggeboden
waardatnodigwas. Het wasbijzonderwaardevol om intensiefveldwerkuit te voeren,eenkans
die maarweinig andereAIO’s kregendeafgelopendecennia.Ook metKarel Keesmanhebik de
afgelopenjarenintensiefenheelprettigsamenwerkt.Hij heefthettheoretischebasismateriaalen
veelkennisaangedragenvoor mijn verderewerkenheeftaltijd zeerenthousiastmaarniet minder
nauwgezeten kritisch geholpenbij het uitwerken van mijn ideeën. Leo & Karel: onzesamen-
werkingwasbijzonderinspirerendenwe kunnendie hopelijk noglangvoortzetten!Ietsrecenter
heeftzich ook eennauwesamenwerkingmetPeterTrochvoltrokken. Hoewel dezezich officieel
niet toespitsteophetonderzoekvandit proefschrift,is er tochwatvanonzesamenwerkingbinnen
geslopenvia het laatstehoofdstuk. Zijn enthousiasme,bredeen grondigehydrologischekennis
hebbener toe bijgedragendat ik ook met frissemoeden hernieuwdeinteressenaarde fysische
achtergrondvanhydrologischeprocessenbengaankijken.Decollega’s vandeleerstoelgroepdoe
ik tekort met eeneenvoudig dankjewel voor de fijne periodeen de prettigesamenwerking.We
hebbenelkaargeholpen,samengewerkt met het opzettenvan diverseproefjes,het voorbereiden
en uitvoerenvan practicaen gediscussieerdover elkaarswetenschappelijke en (bij tijd en wijle)
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politieke ideeën.BedanktLenny vanAlphen,Leo Eppink,GerdadeFauw, Trudy Freriks,Jande
Graaff, FreddeKlerk, MartinaMayus,Dirk Meindertsma,Max Rietkerk, JacquelijnRingersma,
Wim Spaan,enGeertSterk! Ik hebmetalle studentendie ik begeleiddebij eenafstudeeronder-
zoekof stagebijzonderprettig samengwerkt.Zij hebbenzich erg ingezetvoor mijn ondezoek
en hebbener gezamenlijkvoor gezorgd dat mijn veldwerksuccesvol verlopenis. Hartelijk be-
danktvoor jullie inzet: Erik Boerrigter, Alex Hekman,AnnemarieKlaasse,Floris Groesz,Tirza
Molengraaf,DoekeleRienks,JeroenSleijffers,CornévanderSande,RobbertvanderSteeg,Carlo
Vromans,enRutgerWierikx! Ietsmeerop deachtergrondmaarniet minderonmisbaarwarener
ook decollega-onderzoekersendestafvandesteunpuntenin BurkinaFasoenCostaRica. Roel
Dijksma,Willem Hoogmoed,Henny vanLanen,AbdulayeMando,Nico deRidderenTjeerd-Jan
Stomph:bedanktvoor de samenwerking,het mede-begeleidenvan studentenen voor het harde
werken aande gegevens-verzamelingin Kaibo. Dezelfdedankook voor alle staf van het steun-
punt in Ouagadougou,velenhebbenmij metallerhandedingenbijgestaan.Teunisvan Rheenen
komteenereplaatstoe.Zonderhemwasik waarschijnlijknooitaanhetveldwerkin BurkinaFaso
begonnen,zijn huis stondaltijd openen hij zorgde er voor dat het steunpuntals het er op aan
kwamdaadwerkelijk steunbood- nietalleenaanmij maaraanalle studentenenonderzoekerster
plaatse.Destafvanhetsteunpuntin Guapiles(CostaRica),onderleidingvanHansJansen,benik
dankbaarvoor degoedehulp eninzet. Ik wil in hetbijzonderFernandoCambronerohartelijk be-
dankenvoorzijn inspanningenomal mijn zakenin GuapilesenSanJosétebehartigen.In Liberia,
zo’n 400 km van Guapilesen slechts30 km van mijn veldwerkin Horizontes,warener Sandra
Bot, OmarCampoen OscarCid die in het kadervan hetMAG-FAO projectmijn studentennog
eenplezieriglaatstedeelvanhunstagebezorgdenalszelicht vermoeidenontredderdHorizontes
verlieten.OokMario enNormavandeUCRin Liberiabedankik hartelijkvoorhetterbeschikking
stellenvanhetlaboratoriumenallehulpbij hetanalyserenvandemonstersenbegeleidenvanstu-
denten.CarlosElizondovanhet IGN in SanJosébedankik hartelijk voor hetspeciaalvoor mijn
onderzoekbeschikbaarstellenvangedetailleerdetopografischekaarten;enRafaelChaconvanhet
hydrologischkantoorvanhetICE in SanJosébedankik heelhartelijk voor hetbewerkenendigi-
taalterbeschikkingstellenvanICE’shydrologischeenmeteorologischegegevensvanGuanacaste.
Het zouwat te ver voerendehalve middenstandvanLiberia te bedankenvoor hundiversehand-
enspandiensten,maardesmidBayardokanik nietoverslaan.Hij heeftveelbijgedragenaanmijn
onderzoekmet zijn goedeideeënen de snelleen de goedkope hulp bij allerhandeconstructies.
Op Horizonteswarener MarielosMolina enDavid Moralesdie mijn onderzoekgeweldig hebben
ondersteund.Pattrick Spittlerbedankik heelhartelijk voor onzevriendschappelijke samenwerk-
ing tijdensonsgezamenlijkverblijf op Horizontes.Alle anderemensenop Horizontesen Santa
Rosawarenaltijd gastvrijenhebbenmij enmijn studenteneenfijne tijd bezorgd. In Wageningen
hebbennogeenaantalpersonenaanmijn onderzoekbijgedragen.Bert Boerrigterheeftgezorgd
datdeadministratievanhetCostaRicaprojectop ordebleef,ennogwat meerop deachtergrond
waserJohanBoumadiehetvoorstelomhydrologischveldwerkin Guanacasteoptestartenvanaf
heteerstemomentsteunde.Alfred Steinbegeleiddealtijd enthousiasten kundig hetAIO-klasje
waarvan 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
proefschriftgemaakt.Allemaalhartelijk bedankt.

Tot slot nog mijn lieve Jantsje,Welmoed,Reinaart& Hedwig. Zij komennormaliterop de
eersteplaats,maarmoestenmijn werkwel eensvoor latengaandeafgelopenjaren.Bedanktvoor
jullie nietaflatendesteun!
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1 Intr oduction

1.1 Why a face?

You can’t tell abookby it’s cover. Especiallywhenthereis, on thefaceof it, no clearconnection
betweenillustrationandtitle. Yet, thecover of this bookprovidesa numberof leadsto introduce
the issuesthat aredealtwith in this studyanddoesin this way tell surprisinglymuchaboutit’s
contents.

Characteristicfor the cover imageis that oneknows what it represents,andthat onecansi-
multaneouslysenseit by a simpleglancethoughtheeyelashes.This very combination,knowing
what(onearth)to expectandbeingableto checkit effortless,is thedreamof everyearthscientist.
Thereality, asonecanalreadyanticipate,is theopposite:every pieceof theearthbringsnew sur-
prises,if not by theheterogeneityof natureitself, it is throughthediversityandunpredictability
of humanactivities. And to completethe terror: therearevery few tools at our disposalto ob-
serve thisheterogeneity. Still, in spiteof thesedifficulties,anearthscientistdesiresto understand
certainaspectsof thenaturalphenomenasurroundingus.Heretosimplifiedrepresentationsof the
phenomenaareoftenmade,suchasmapswhichmayin factlook verysimilar to thecover image.
For thatmatter, thecover imagewould make anexemplarymap,displayinge.g. bothheightand
directionof overlandflow. It is the constructionof suchan overlandflow mapfor a given area
which is theobjectof studyin thisdissertation.

Thecover imageis madeup of two building blocks: width (or intensity)anddirection. The
variationof thesetwo parametersoveraregulargridof 25 � 37elementsgivesall thatis requiredto
recognizetheessentialattributesof theimage.It demonstratesthatwith only apairof parameters
anda rathercoarsediscretizationa view maybeobtainedwhich containsunexpecteddetail. The
questionariseswhethermoredetail canbe recoveredif the grid is refinedwhile keepingwidth
anddirectionof theelementsunchanged.Or to whatextentwidth anddirectionhave to bealtered
in orderto enhancethe imageat all at the finer grid. This line of thoughtleadssooneror later
to thequestionwhat informationis actuallyrequiredto determinethewidth anddirectionof the
elementsat the finer resolutionandhow this informationcanbe obtained.Theseareimportant
questionshere,but thenpertainingto theproblemof imagingoverlandflow.

The translationof reality into somesort of model generallyrequiresseveral levels of ab-
straction. In the earthsciencessuchlevels aree.g. geographic,conceptual,mathematical,and
computer-codedabstractions.In otherwords,earthscientistsoften derive modelsfrom models.
This is adequatelyillustratedby thecover image,which is a generalizationof somecopy (model)
of the realMonaLisa, which is againa modelof a realperson(who stoodmodelfor Da Vinci).
Thisanalogymakesclearthatit is probablythefirst step,from therealpersonto thecanvas,which
is mostcritical. Any deviation from reality at thatstagecannot becorrectedanymore.Theother
modelscanstill beinter-comparedandhenceadjusted,beit at thecostof a returntrip to theLou-
vre. This lastpointsunderlinesthevital importanceof carefullycollecting,checking,re-checking,
maintaining,storing,makingaccessibleanddocumentingfield observationsin theearthsciences.
Theconcernfor thequalityof theseactivities cannotbeover-emphasized.

Finally thecover imageis atributeto DaVinci, who,amongmany otheractivities,extensively
investigatedthenatureof surfacewater. This referenceis morethanjust a curiosity, it werethe
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passagesandthe sketchesin his Codex Arundel that invoked the ideaof investigatingoverland
flow by simplevisual inspection.And, aswill beshown later, it areespeciallytheseobservations
thatturnoutbevery valuablefor successfuloverlandflow prediction.

1.2 What is overland flo w and why is it impor tant?

Natureaccommodatessomecontraststhatseduceusto believe thatit is in many waysdiscontinu-
ous.Our languageprovidesa rich repertoirefor thedistinctboundariesthatwe observe in nature:
a coastseparatesland from sea,the horizonthe earthfrom theatmosphereandsunsetseparates
dayfrom night. Yet a closerlook at theseboundariesshows usthatthey areambiguousandquite
dynamic.A similar situationexistsin hydrologicterminologywheremany wordsseemto referto
somedistinctpartof thehydrosphereor aparticularflux, suchasstreamflow, percolation,storage,
throughfall. All theseterms,evenwhenexplainedandexemplified,arenot easilydefinednot to
mentionmeasured.Thesubjectof this thesisitself, overlandflow, is anexampleof asucha term.
Overlandflow is that part of thesurfacewaterthatmovesover thesoil surface,while not being
concentratedin channelsof a givensize.Whenoverlandflow concentratesin thesechannelsit is
calledchannelflow. Thepointwhereoverlandflow endsandchannelflow starts,spatiallyaswell
astemporally, canonly bedefinedsubjectively andapproximately. Thecombinationof overland
flow andchannelflow is calledsurfaceflow. An elaboratereview on this topic is found in Hogg
(1982).Overlandflow mayoriginatefrom saturationof thesoil eitherfrom aboveor below. When
saturatedfrom above, thequantityof rain andwaterfrom upslopeareasexceedsthesoil’s infil-
trationcapacityandwhensaturatedfrom below thematrix pressureof thesoil is positive dueto
pressurefrom soil waterin situor from upslopesoil volumes.Theformermechanismis calledin-
filtrationexcessor theHortonmechanismwhile thelatteris calledsaturation excessor theDunne
mechanism.The term surfacerunoff is distinct from overlandflow in that it refersto a flux at
a point in space,whereasoverlandflow refersto a spatiallydistributedphenomenon.Overland
flow onnaturalsurfacesis by definitionveryheterogeneous.In theseconditionsit displaysagreat
variety of flow depths(rangingapproximatelyfrom 1 to 100 mm) within a small area(say100
m2) andis nearlyalwaysunsteady. On surfaceswith little vegetationrain andwind may have a
considerableimpacton flow velocitieswhereason vegetatedsurfacesthehydraulicresistanceof
plantsandplantdebrisis adominantfactor(deLima, 1989).

Knowledgeof overlandflow is importantbecauseit is themaindeterminantfor sedimenttrans-
portbywater(Kiepe,1995;Laneetal.,1997),thetransportandfateof nutrientsand(agro)chemicals
which resideon the soil surface(JolánkaiandRast,1999),andthe sizeandthe shapeof flood
peaks(Trochetal., 1994).Nearlyall surfaceflow startsasoverlandflow in theupperreachesof a
catchmentandtravelssomedistancebeforereachinga rill or channel(Emmett,1970).

In spiteof theimportantrole overlandflow playsin variousinstances,it hashardlyever been
observed over areaslarger thana few hectaresthroughdirectmeasurements,andalsoqualitative
field observationsof overlandflow occurrencearescarce.Even renown field studieslike those
of DunneandBlack (1970)do not cover more thana singleslope. This situationis partly due
to the distributednatureof overlandflow, andpartly to ignoranceandlow appreciationof field
observations.Beforethecomputer-era(till theearlyseventies)thedistributednatureof overland
flow wasa seriousimpedimentsincethe (mobile) equipmentwasnot available to observe and
storetherelatively largeamountsof information. Fromtheseventiesonwardstherelative appre-
ciation of modelstudieshasmarginalizedthe attentionfor field observations,a situationwhich
continuesto exist in spiteof thevariousnotionssincetheeightiesthatthereis anincreasingneed
for goodfield observations(e.g Klemeš,1986;NationalResearchCouncil (NRC), 1991). The
relative confidencethat hasbeenplacedon modelconceptsandresultsis illustratedby the way
in whichoverlandflow processeshave invariablybeenincorporatedin mathematicalmodels,asa
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uniformsheetof wateroveraplanesurface,andthefactthatthevalueof predictionsby distributed
hydrologicalmodelshasnotbeenseriouslyquestioneduntil themid-eighties(Beven,1985).This
historicalperspective explainstheparadoxthatoverlandflow is oftenrecognizedasoneof thekey
processesin severalenvironmentalproblems,while it hasneverthelesshardlybeenobservedand
quantifiedover areasbeyondtheplot scale.

1.3 Mathematical description of overland flo w

Havingareasonfor studyingoverlandflow, it is now appropriatetoconsiderthestateof knowledge
aboutoverlandflow processes.Thereareseveral excellentreviews on overlandflow hydraulics
andmodelsof overlandflow (MooreandFoster, 1990;ParsonsandAbrahams,1992)aswell as
on infiltration (Beven,1991;Morel-Seytoux,1989),thereforeit is superfluousto giveanelaborate
overview on thesetopicshere. However, to understandthe issuesthat will be treatedin subse-
quentchapters,somerelevant aspectswill explained. This is donevia a system-theoreticmodel
classificationwhich is explainedin thenext subsection.Thereaftertheclassificationis appliedto
overlandflow models.

General model classification frame work

Beforeadiscussionof mathematicaloverlandflow modelsis possible,acleardefinitionis required
to distinguishbetweena fundamentalhydrodynamicconcept(suchas the Richardsor diffusive
wave equations)which is basedon physicalprinciples(generallymomentumandmassconserva-
tion) andaconceptthatcanbeimplementedin e.g.theform of asimulationmodel.

Following Beck (1987)the first type of modelwill be calleda classI modelandthe second
typeaclassII model.A classI modelwouldhave thefollowing form.

∂x
�
t � r �

∂t � f ∇2x � ∇x � x � u � θ1; t � r (1.1)

Herex is thestatevector, u is avectorof known inputs,θ1 avectorof modelparameters,t is time
andr is a vectorrepresentingthethreespatialdirections.A classI modelis anabstractionof ob-
servednaturalbehaviour which admittedlyincludessimplifications,andin appropriatelaboratory
settingsit can(at leastpartially) be validated,but in a naturalsettingit cannot. This is caused
by theheterogeneityencounteredin naturein combinationwith theavailableobservationsandthe
applicablemethodsto find anappropriatesystemrepresentation.For thesereasonsa description
accordingto equation1.1 hasto besimplified in orderto formulatea solvableproblem. In prac-
tice this meansa redefinitionof the statevectorso that it representsa discretespacesystemin
oneor two dimensions(having a limited numberof state-variables)andtheapplicationof either
a finite elementor finite differenceapproximation.The thusobtainedclassII modelcane.g. be
formulatedas

dxl
�
t �

dt � f � xl � uk � l � θ2; t �	� ξ
�
t � (1.2)

in combinationwith anobservationequation

y
�
tk � � h � xl � uk � l � θ2; tk �
� η

�
tk � (1.3)

wherenow θ2 is thevectorof modelparametersin this lumpedmodel(θ2 may vary with time),
y is thevectorof observed outputvariables,ξ is a vectorof unmeasured,possiblyrandom,input
disturbances,andη is a vectorof randomobservation errors.Thesubscriptsk andl indicatethe
restrictionthatinputsandobservationsareonly known atdiscretetimeinstantsanddiscretepoints
in spacerespectively. Due to the heterogeneityof natureit is impossibleto translateall aspects
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containedin a classI modelstraight-away: a numberof assumptionsandapproximations(such
as discretizationin spaceand time, numericalsolution techniques)have to be made. ClassII
modelsarenormallyformulatedsuchthattheseapproachthestructureof classI models.Notethat
this classcoversbothparameterdistributedmodelsandlumpedmodels.A third classof models
containsso-calledinput/outputmodelrepresentations,heredescribedby adiscrete-timenon-linear
differenceequation.

y
�
tk � � f � y � tk � 1 ����
�
�
�� y � tk � n ��� u � tk � 1 ����
�
�
�� u � tk � n ��� ω � tk � 1 ����
�
�
�� ω � tk � n ��� θ3 � (1.4)

whereθ3 is the modelparametervectorandω containsall errorsfrom the modellingandmea-
surementprocess.TheclassIII modelaimsprimarily atfinding thebestpossiblerelationbetween
input andoutputobservationsor aimsat testinga particularhypothesis,without strict limitations
onmodelstructure.In practicetheclassI modelcanbeseenasaformalizedarchiveandaclassIII
modelasa tool for dataanalysisandhypothesistesting.Clearly, whenseekinganunderstanding
of thesystem’sobservedbehaviour, aclassIII modelis notasatisfactoryendpoint to theanalysis.
It shouldleadto the revision of inadequatehypothesesby recourseto thearchive of hypotheses
associatedwith aclassI model.In this interplaytheclassII modelhasthecentralroleasinterme-
diarybetweenthetwo otherclasses.ClassII modelsdo, in spiteof theiraggregatedform, contain
hypothesesaboutthosephenomenathoughtto govern thesystembehaviour, but canon theother
handprovide numericalsolutions. In practicea feed throughof resultsobtainedwith classIII
modelsto classII andI modelsappearsto be difficult, andalternatively, a translationof a class
I modelto (a numberof) classIII modelsin orderto learnmorefrom observationsis alsoquite
uncommon.Thereis thusa challangeto extendtheavailabletechniquesfor systemanalysisand
modellingto allow suchmodel-translations.This challengehasbeenpart of the motivation for
this study.

Application to overland flo w models

TheclassI modelsin thestudyof overlandflow areformedby thehydrodynamicequationsand
theRichardsequation(Dingman,1994). Thehydrodynamic(St. Venant)equationscomprisethe
continuityandmomentumequations.For a one-dimensionalproblemthecontinuityequationcan
bewrittenas

∂q
�
x� t �

∂x
� ∂h

�
x� t �

∂t � p
�
x� t ��� i

�
x� t � (1.5)

with initial conditionsh
�
x� 0� � hi0

�
x� , q

�
x� 0� � qi0

�
x� andboundaryconditionsh

�
0� t � � hb0

�
t � ,

q
�
0� t � � qb0

�
t � , h

�
L � t � � hbL

�
t � , q

�
L � t � � qbL

�
t � , andwhereq

�
x� t � is therateof overlandflow per

unit width,h
�
x� t � is thedepthof overlandflow, p

�
x� t � therainrate,r

�
x� t � infiltration rate,t is time

andx is horizontaldistance.Themomentumequationis givenby

1
g

∂u
�
x� t �

∂t
� ∂h

�
x� t �

∂x
� u

�
x� t �
g

∂u
�
x� t �

∂x � β � β f � q
�
x� t �

gh
�
x� t � 2 � p� x� t ��� r

�
x� t ��� (1.6)

whereg is accelerationdueto gravity, u
�
x� t � is the velocity of overlandflow, β is the slopeof

the plane,andβ f is the friction slope. Thoughthe continuity equationis linear in q andh, the
momentumequationis highly nonlinear.

TheRichardsequation,which is a resultof combiningtheDarcy equationwith thecontinuity
equation(Richards,1931),is givenby

∇
�
KsKr

�
x� t � ∇ � ψ � x� t ��� z��� � C

∂ψ
�
x� t �

∂t
(1.7)

4



with initial conditionsψ
�
x� 0� � ψi0

�
x� , Kr

�
x� 0� � Ki0

�
x� andboundaryconditionsψ

�
0� t � � ψb0,

K
�
0� t � � Kb0, ψ

�
L � t � � ψbL, K

�
L � t � � KbL, andwhere∇ is theLaplaceoperator, Ks is saturated

hydraulicconductivity, Kr
�
x� t � is the relative hydraulicconductivity, z is heightabove thewater

tableor theheightof thewaterlayerh (ψ � z is thehydraulichead),C is specificmoisturecapacity
andψ

�
x� t � is thesoil matrichead.Both K andψ arehighly nonlinearfunctionsof soil moisture

(w) andtheseK
�
w� andψ

�
w� relationshipsarenormallyanalyticallydescribedvia parametersrep-

resentingsaturatedhydraulicconductivity, porosityandsoil geometry(BrooksandCorey, 1966;
van Genuchten,1980). Equations1.5 and1.6 are linked to equation1.7 via the ψ

�
w� relation-

shipandinfiltration i, which equalsby definitiontheflux in theverticaldirectionascalculatedby

equation1.7 (i.e. r : � ∂w� x � t �
∂z z� 0

). Briefly onecouldstatethat theSt. Venantequationsdescribe

surfaceaswell asfastsubsurfacetransportwhile theRichardsequationdescribesinfiltration and
slow waterdisplacementthroughthesoil.

TheclassI modelsbasedonthehydrodynamicandtheRichardsequationshavebeencombined
and simplified in classII modelsin many different ways. All of theseclassII modelscanbe
categorizedinto oneof threeapproaches;thosethat: 1) neglectoneof thetwo processes,routing
or infiltration; 2) representoneof theprocessesby anexternalforcing suchasterrainfeaturesor
durationof rainfall; 3) link thetwo processesfunctionally (oneis input or boundaryconditionto
theother).

Obviously the threeapproachesareof an increasingcomplexity. Typical caseswhereinfil-
tration is omittedarethosewerethestudyareais nearlyimperviousor saturated;andtypical for
theomissionof overlandflow routingarecaseswhereeitherrain or terraindataarenot available
at theappropriate(fine) resolutionor theareais relatively flat. For thesecondgroupof models,
in the list above, typical external forcingsthat have beenappliedto routing arelocal slopeand
terrainroughness;andforcingsappliedto infiltration aredurationafterthestartof rain, initial soil
moisturecontentof the top soil, andsoil (surface)characteristics(e.g.Moore andFoster, 1990;
Scoging,1992a,b).The last approachis not often appliedbecausethe characteristictime of the
routing andinfiltration processesdiffers undermostcircumstancesby two ordersof magnitude
(it is a so-calledstiff system),which makesthe solutionof the systemcumbersome.An exam-
ple of a studywherethe latterapproachhasbeenappliedin threedimensionsis found in Binley
andBeven(1992),andfor two dimensionsexamplesarefoundin BronstertandPalte(1997)and
Freeze(1980).

An applicationof aclassIII modelsto adistributedoverlandflow problemhasnotbeenfound
sofar, soonecouldsaythatoverlandflow is generallystudiedwith classII models.The typical
classII overlandflow modelsarecalled(catchmentscale)parameterdistributedmodels.Parame-
ter distributedmodelsarefinite differenceor finite elementmodelsthathandlespatialinteraction
by dividing an areainto smallergeographicalunits on which computationsaremade. This im-
plies that for eachgeographicalunit a setof parametersis required,hencethe term ’parameter
distributed’. Thereexists a hugevariety of parameterdistributed modelsthat incorporatea de-
scriptionof overlandflow in someway. Thestructureandassumptionsof thesemodelsandthe
overlandflow componentthereinarebestunderstoodwhen consideringtheir developmentin a
historicalcontext. This historicaldevelopmentof overlandflow modelling(aspartof parameter
distributedhydrologicalmodelling)is sketchedin thenext section.

1.4 Overland flo w described by catc hment scale parameter
distrib uted models

Theparameterdistributedmodelconceptcanbetracedbackto themid-60’s whenboththeavail-
ability of computersand the developmentof conceptualmodelsin unit hydrographtheorycre-
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atedtheconditionsnecessaryfor its conceptionandimplementation(Crawford andLinsley, 1966;
Dooge,1973;Dawdy andO’Donnell,1965).Fromthebeginningoverlandflow hasbeena major
componentin many hydrologicalcatchmentmodels. Most currentphysically-baseddistributed
modelsarestill basedon thesimplified mathematical(classII) formationsof FreezeandHarlan
(FreezeandHarlan,1969;Singh,1995). Therouting in almostall modelsthathave beendevel-
opedandappliedsincethenis eitherbasedon a two-dimensionalregulargrid or one-dimensional
cascadesof planeelements,linked to a streamnetwork. Both routing conceptstypically treat
overlandflow asbroad,laminarsheetflow which is solved througheither the kinematicor dif-
fusive wave approximationto the hydrodynamicequations(Equations1.5 and1.6), anddo thus
not imply differentassumptionsaboutthe system. The treatmentof infiltration andmovement
of water in the soil in oneor two dimensionsis, on the other hand,underlainby different as-
sumptionsaboutsub-surfacesystembehaviour. One-dimensionalapproximationsto theRichards
equation(Equation1.7) treatunsaturatedsoil waterflow asa principally vertical processform-
ing a link betweensurfaceand saturatedsubsurfacehydrologic components,whereastwo and
three-dimensionalapproximationsallow lateral redistribution of soil water. The secondtype of
model(i.e. with two andthree-dimensionalapproximationsof theflow process)is requiredwhen
thedownslopeflow componentsof partially saturatednear-surfacesoils may be important. The
one-dimensionalforms of the infiltration processareusedin mostcatchmentmodels,examples
are the WaterErosionPredictionProject(WEPP), Soil andWaterAssessmentTool (SWAT) and
theSystèmeHydrologiqueEuropéen(SHE) models(Abbott et al., 1986;Arnold andAllen, 1992;
FlanaganandNearing,1995).THALES andtheInstituteof HydrologyDistributedModel (IHDM)
areexamplesof thesecondstyleof modelwherethesubsurfacesystemis approximatedby a two
dimensional,verticalslice(Bevenetal.,1988;Graysonetal.,1992a).Bothmodellingapproaches
allow to simulatethehydrologyof large catchments,althoughthephysicalinterpretationsof the
effective parametersremainsdifficult andit is generallynot possibleto derive a uniquevaluefor
mostparametersby anobjective calibrationprocedure(Beven,1989;Graysonetal., 1992b).Due
to theseproblemsandstimulatedby the growing availability of digital elevation datasincethe
mid-eighties,theideato usetopographyto derive a steady-stateapproximationto kinematicflow
BevenandKirkby (1979)hasgainedlargepopularity. Many of theapplicationswhichcoupleter-
rain informationto ahydrologicmodelutilize (someof) theoriginal TOPMODEL concepts(Beven,
1984,1997;Robsonet al., 1993;ZhangandMontgomery, 1994).

All of the modelling approachesmentionedabove handlespatialvariability by dividing a
catchmentinto smallergeographicalunitson which hydrologicalmodelcomputationsaremade,
andby aggregatingtheresultsto provide a simulationfor thebasinasa whole. Commonlyused
geographicunits aresub-catchments,land useor cover classes,or elevation zones.In all cases,
modellingis simplifiedbecauseareasof thecatchmentwithin theseunitsareassumedto behave
similarly in termsof their hydrologicalresponse.In the lateeightiesthequestionarosewhento
stoptheprocessof divisionof abasininto eversmallerunits.As apossibleanswerto thisquestion,
theconceptof a representative elementaryarea(REA) wasintroduced(Woodet al., 1988). The
REA is thesmallestareafor which thepatternof local heterogeneityis relatively unimportantin
thesensethatheterogeneitiescanbetreatedstatisticallywithout regardto theexactspatialpattern
of theheterogeneity. Theultimateutility of theREA conceptto thescienceof catchmenthydrol-
ogy remainsto be determined.A numberof papershighlightedsomedifficulties with the REA
andpresentedsomerefinementsto theconcept(BlöschlandSivapalan,1995),but theconcepthas
neverbeenappliedextensively in practice- possiblydueto its empiricalnature.Recently, theidea
to treatcatchmentsasbasicunits hasregainedinterestthroughthe progressthat hasbeenmade
with a theoreticalapproachto derive catchment-scalebalancesof mass,momentum,energy and
entropy (Reggianietal., 2000,1999,1998).

Todatetheestablishmentof theappropriatesizeof spatialandtemporalmodelunits,themodel
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resolution,andtheappropriatemathematicaldescriptionof processesatthatresolutiononthebasis
of measurementsmadeover muchsmallerunits - essentiallyat points- areunresolved problems
in catchmentmodelling. Solving the problemof defining effective hydrologic relationshipsat
oneresolutionandtranslatingtheseto otherresolutionsappearsto requiremuchmorethanonly
scalingparametersor advancedstatisticalinterpolationtechniques(Kim etal., 1996),andis since
themid-eightiesanareaof active research(Beven,1989,1993;BevenandWood,1993).

1.5 An anatom y of the problem

At this point it is appropriateto discussthe conceptsof identification,parameterization,cali-
bration,identifiability, well-posedness,ill-posednessandregularization.Thesetermsareclosely
associatedwith thekey problemsin catchmentscaleoverlandflow modellingasdescribedin the
previoussection.Identificationis theprocessof constructinga mathematicalmodelof a dynamic
systemfromobservationsandprior knowledge(Norton,1986).Dynamicmeansin thiscontext that
themodelbehaviour dependsonthehistory, notonly thepresentinputsasin astaticsystem.In the
geophysicaldisciplinesprior knowledgecomprisestherelationsdescribingthebalancesof mass,
momentumand sometimesentropy (seeequations1.5 and1.6), in combinationwith constants
(like g in Equation1.6), parameterranges(e.g. for the factorKs in Equation1.7) andempirical
relationsbetweendifferentsystemcomponents(e.g. a stage-discharge equationto relateq and
h in Equation1.5, or betweenψ andw in Equation1.7). Parameterization, asa distinct stepin
theidentificationphase,refersto theestablishmentof relationshipsbetween(spatiallydistributed)
systemcomponents(coefficients)througha limited numberof externalvariablesandparameters.
For the caseof stage-discharge relationshipswhich aregenerallyof the form q

�
x� t � � αh

�
x� t � γ

(whereα andγ arethe the spatiallyvariablecoefficients) this meansthat α andγ arerelatedto
a limited numberof observed variablessuchas topographyandvegetationtype by only a few
parameters:α � f

�
topog� veg; params� . For thecaseof a soil moisture-matricheadrelationship,

which may be of the form ψ � ψs
w
ws

� 1� m
for ψ � ψs (wherews, ψs andm arethe spatially

variablecoefficients),ws, ψs andm areoftenrelatedto texture(ClappandHornberger, 1978). A
parameterizationis generallyconsideredappropriateif thecoefficientsarewell predictedby the
chosenvariablesvia a limited setof parameterswhich areconstantin spaceandtime. Oncea
certainrelationbetweencoefficientsandparametersis established,it canbefine-tunedby collect-
ing extra observationsandre-estimatingtheparametervalues.This stepis partof thecalibration
process.Whenthereis enoughinformationavailable,throughbothprior knowledgeandobserva-
tions,sothatit is possibleto deriveauniqueparameterestimate,thesystemis called(structurally)
identifiable(BellmanandÅström,1970;SorooshianandGupta,1985).Thetermwell-posedness
appliesto bothparameterizationandcalibration, in thiscontext it meansthatauniquesetof ’best’
parametervaluescanbedeterminedfrom thedatafor a given measureof goodness(suchasthe
2� or ∞ � norms). Its antithesisis the term ill-posedness, implying that thereis a lack of prior
informationor observations(or both) in a parameterizationor a calibrationproblem.Regulariza-
tion refersto theprocessof addingprior informationto anill-posedproblemin a mathematically
well-organisedwaysothatit becomeswell-posed(Hansen,1998).

In spiteof the contributions to catchmentscaleoverlandflow modellingthat have beende-
scribedin section1.4, variousproblemsin computingthe relevant hydrologicalfluxesin catch-
mentshave not beensolvedat all, f.i. modelidentifiability andthe incorporationof observations
andprocessdescriptionsover small spatialandtemporalunits into modelsthat uselarger units.
Theseproblemshave beenexpoundedelsewhere(e.gBecket al., 1995;BevenandWood,1993;
Graysonetal.,1992b;LoagueandGander, 1990).Thelimitationsinherentin usingdataoncatch-
ment“inputs” (i.e. measurementsof rain, temperature,wind speed,etc.) andon catchment“out-
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puts”(i.e. dischargeatacatchmentoutlet)to estimatethemodelparametershavebeenappreciated
for quite sometime (Clarke, 1973). Although progresshasbeenmadein finding “optimal” pa-
rameterestimates(Duanet al., 1992;Pickup,1977),thereis a fundamentallimitation setby the
amountof informationin theavailablehydrologicalobservations,e.g. on how many parameters
canbe estimated(JakemanandHornberger, 1993). It alsohasbeenpointedout that parameters
in many of thesemodelsare dependenton the climate during the calibrationperiod (Gan and
Burges,1990). Becauseof theselimitations parameterdistributeddescriptionsof overlandflow
will remainhighly subjective andspecificto a certaingeographicalareas.A way to measurethe
parametersindependentlyof input-outputdatastill hasto befound.

In this studytheproblemof catchmentscaleoverlandflow predictionwill beanatomizeddif-
ferentasit hasbeendonepreviously in e.g.HornbergerandBoyer (1995);Jakemanet al. (1994)
by concentratingin thefirst placeon practicalaspectsandsecondlyon themathematicalaspects
ratherthan the physicalaspectsof predictingoverlandflow at the catchmentscale. In practice
threephasescanbedistinguishedwhenquantifyingoverlandflow at thecatchmentscale:aphase
wherethe relationsgoverning the systemand the appropriateproblemresolutionareunknown
(’identification’), aphasewherethegoverningrelationsandresolutionareknown andmodelout-
put is of direct importance(’prediction’), anda phasewherethesystemis known but outputsare
only relevant in combinationwith generatedor speculative information(’projection’). A normal
sequence,whenencounteringa new hydrologicpredictionor designproblem,is to move through
thesequenceof identification,predictionandprojection,asshown in Figure1.1. It illustratesthat
in the caseof model identificationthecollectionof observationsis (or shouldbe) dependenton
previous identificationresults.This aspecthasreceived only scantattentionin hydrologicprob-
lems. Note that the term ’prediction’ is herenot definedasnormally donein the systemsand
controldiscipline,whereit meansthatonly input dataareavailablefrom t � t0 into thefuture,to
make modelcalculationsstartingat t0. In this studyit is usedto indicatethat themodelstructure
is fixed but that both input andoutputdatamay be available. In thepredictionphasetheoutput
datamay be usedto fine tunea few parameters(re-calibration)or for stateestimation(filtering
or smoothing),but themodelstructureis furthermorefixed. An examplewherere-calibrationor
state-estimationis desiredis whenamodelis identifiedfor aresearchcatchmentwhile predictions
arerequiredfor adifferentcatchment.In theprojectionphaseadditionalprocessingof eitherinput
or outputdatais often required,i.e. thespatialor temporalunitsat which themodeloutputsare
obtainedhave to beredefinedor notall modelinputsareavailable(e.g.long-termrainsequences)
sothatthesehave to begenerated.

Fromtheabove it is clearthatwith regardto therequirementof observationsthethreephases
aredifferent.For identificationof overlandflow modelstherequiredquantityandtypesof obser-
vationsarelargelyunknown andthereforeasetof observationsshouldcompriseasmuchdifferent
quantitiesover different integration periodsandareasaspossible. For prediction,on the other
hand,it is known a priori which observationsarerequired,so thatspecifictypesof observations
canbecollectedat a known numberof locationsandtime period. In thecaseof projectionprob-
lemsobservationsareoftennotavailableandhave to begenerated.Also with regardto predictive
uncertaintythethreephases(identification,predictionandprojection)aredistinct. In modeliden-
tification predictionerror (i.e. the differencebetweenobserved and predictedoutputs)can be
calculatedandin fact this calculationis the main tool to find appropriatemodelstructures.For
a predictionproblemthepredictive uncertaintycanalsobecalculatedwith someeffort via error
propagationrules. In contrast,for projectionproblems,thepredictive uncertaintyin theresultsis
oftenunknown dueto theredefinitionof theoutputdata,or generationof inputdata.

Fromamathematicalpointof view, thefollowing problemappearsfrequentlyin theidentifica-
tion andpredictionphases.Themodelstructuredoesnot matchthesystemor theavailablesetof
observationsis not sufficiently informative, sothattheparameterestimationproblemis ill-posed.

8



experimental
observations

verification
calibration,
identification,

1

operational
observations

2

prediction

generated
observations

projection

3
planning
measurement

Figure1.1:Thecommonsequencein hydrologicpredictionproblems:1) identification,2) predic-
tion and3) projection.

For ill-posedproblemsthestraightforwarduseof apredictionerrorcriterionto find someoptimal
parametersetleadsto modelswith poorextrapolationproperties.This is clearlyundesirableand
theproblemmayberesolvedby two generalapproaches:

1. the developmentof an alternative model structure,with fewer degreesof freedomand a
moresuitableparameterizationthatmatchesthesystembetter;or

2. regularizationof theidentificationalgorithmby introducingconstraintsor penaltiesin order
to reducetheexcessive degreesof freedomtowardsreasonablevalues.

The first approachhasbeenfrequentlyapplied to hydrologicalproblems,examplesare found
in Jakemanet al. (1994);Ramoset al. (1995);YoungandBeven (1994),and is also implicitly
thephilosophybehindtheprobabilityfunctionapproachfor catchmentmodelling(Entekhabiand
Eagleson,1989;Moore andClarke, 1981;Troch et al., 1994). The secondapproachhasup to
now notbeenappliedto problemsin surfacehydrologybut hasarich historyin othergeophysical
disciplines(Menke, 1989;Tarantola,1987). It shouldbenotedthat ill-posednessdoesnot mean
thataproblemcannotbesolvedbut ratherthatadditionalassumptionsarerequiredto constrainthe
solutionspacein orderto achieve meaningfulsolutions.Thekey is thento have observationsand
modelsstructuredsuchthatthechangeto differentassumptionsis easilymadesothatobjectivity
is enhanced.Thereexists a notableparallel to the solutionof differentialequations,which can
only besolvedmeaningfullyif boundaryandinitial conditionsarespecified.

Table1.1:Characterizationof threedistinctphasesin quantifyingcatchmentscaleoverlandflow.
characteristicsof

phase modelstructure observations predictive uncertainty
identification unknown heterogeneous known

prediction known - full homogeneous known
projection known - simplified partially generated unknown

As mentionedpreviously thekey activity in the identificationphaseis parameterization. For
the predictionphaseit is calibration, while for the projectionphaseit is simplification. In the
identificationphasefunctionalrelationsareunknown andthereforerestrictionson thesehave to
beavoided,soin this phasetherearelimited possibilitiesfor regularization.Thereforethemodel
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structureis stepwiseadjustedto yield a well definedproblem. Especiallychangingthe model
resolution(which is of direct influenceon thedegreeof ill-posedness)canbe effective whenan
identificationproblemtendsto becomeill-posed(seeTable1.1). In the caseof predictionand
projectionproblemsthe adaptionof model resolutionis not possiblesincethe model structure
(which includesresolution)is by definitionfixed,andin additiononealreadyhasgainedinsight
in thesystem(many functionalrelationshipsareknown). Thereforein theseproblemsregulariza-
tion techniquescanbeused.Thekey activities andtheway in which ill-posednessis handledis
summarizedin Table1.2.

In conclusionwe canstatethat theprocessof catchmentscaleoverlandflow modellingcom-
prisesthreedistinctphases(identification,prediction,andprojection),eachof which hasspecific
characteristicswith regardto knowledgeaboutmodelstructure,availability of observations,and
knowledgeaboutpredictiveuncertainty. Thekey activitiesandthewayin which ill-posednesscan
bedealtwith in thethreephasesaredistinctaswell.

Table1.2:Key activities andtheway in which ill-posednesscanbehandledfor differentphases.
key handlingof

phase activity ill-posednessvia
identification parameterization resolution

prediction calibration regularization
projection simplification regularization

1.6 Objective

In Sections1.3and1.4 it hasbeenexplainedthatoverlandflow hasbeenanobjectof studysince
theearly thirtiesandhasbeenquantitatively describedasa componentof distributedhydrologic
modelssincethe mid-sixties. While the classI modelsremainedmoreor lessunaltereda shift
appearedin the formulation of classII modelsfrom the early eightiesonwards,causedby the
availability of digital terrain data. Notwithstandingits importance,topographyis only one of
the various importantvariablesdeterminingoverlandflow. The lack of other distributed data
besidesthat derived from Digital TerrainModels(DTMs) makesit impossibleto derive unique
parameterisationsof distributed hydrologicalprocesses;it leadsto ill-posed problems. It was
arguedin Section1.5 that this frequentlystatedfeatureof environmentalsystemsdeservessome
nuancing,sinceit refersimplicitly to threequitedifferentphasesin themodellingsequence.From
amathematicalview point, therearetwo waysto obtainsolutionsin thecaseof ill-posedness:by
modelreductionor regularization.Takingthisobservationasastartingpoint, theobjective of this
dissertationis to developandtesttechniquesby partly furnishingthefirst two boxesof thescheme
proposedin Figure1.1, i.e. techniquesto: 1) identify modelsfor catchmentscaleoverlandflow
prediction,and2)applymodelsfor prediction.

Throughoutall modellingstepsit will beattemptedto useasetof modelstructuresratherthan
singlemodel structureanduseboth qualitative andquantitative observations. In addition, this
studyaims to collect overlandflow observationsin two experimentalcatchmentsin alternation
with thedevelopmentof modellingtechniques.

This dissertationis subdivided in two main parts. The first part, covering Chapters2 to 4,
comprisesan interpretationof the overlandflow observationsusedin this dissertation,and the
effectivenessof commonlyusedoverlandflow models.In thispartthespecificproblemsthathave
beenbriefly toucheduponin theprevioussectionsarearticulatedto setthestagefor theremainder
of thedissertation.Thenatureof overlandflow in thetwo experimentalcatchmentsis describedin
Chapter2,andafirst interpretationof thedatais providedvia aregressionmodelfor overlandflow
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in Chapter3. Then,in Chapter4, the observationsareanalyzedwith an archetypicalparameter
distributedoverlandflow model.

Thesecondpart,chapters5 to 7, presentsnew approachesfor scaledependentoverlandflow
prediction. This part closely follows the structureof Figure1.1. A framework that enablesthe
identificationof catchmentscaleoverlandflow modelsis describedin Chapter5. Thisapproachis
pursuedin Chapter6,usingtheobservationspresentedin Chapter2. Next, theproblemof overland
flow predictionwhen both a set of observationsanda setof calibratedmodelsareavailable is
studiedin Chapter7. Finally in Chapter8 theresultsof thisstudyareplacedin perspective andan
outlookis givenfor furtherresearch.
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2 Obser vations

2.1 Intr oduction

Thebasisfor thisdissertationis formedby observationsover theperiod1994- 1998in two exper-
imentalcatchments.ThroughoutChapters3 to 8 theseobservationsareusedin differentways.In
orderto understandthemany assumptionsandimplicit choicesin theanalysesof theseChapters,
it is not only importantto geta goodinsight in thephysicalnatureof thecatchmentsbut alsoto
be awareof the way in which the observationswereobtained,interpretedandprocessed.This
Chapteris meantto offer a concisedescriptionof the researchcatchments,a descriptionof the
availableobservations,anestimationof observationerrors,andafirst assessmentof overlandflow
occurrence.It is organisedasfollows. In Section2.2and2.3thephysicalnatureof thecatchments
is described,followed by an overview of thedatathathave beencollected. In section2.4 some
importantaspectsof theobservationtechniquesarediscussed.This is followedby adiscussionof
observation uncertaintyin section2.5. In Section2.6 the relationbetweenoverlandflow height
andextentis investigated.An assessmentof overlandflow correlationsin spaceandtime is made
in Section2.7.Finally resultsarediscussedandsomeinterestingaspectsarehighlightedin section
2.8.

2.2 Kaibo sud V5

Site description

Theresearchareais a catchmentlocatedin BurkinaFaso(WestAfrica) at 44� 11� N and0� 56� E
(310-325m.a.s.l.) in the river valley of theNakambé(White Volta, thebiggestriver of Burkina
Faso),coveringanareaof 1.2km2. Thecatchmentwill benamedKaibo in whatfollows. It hasa
gentlyundulatingtopographyandamaingully runningfrom northto south(seeFigure2.1).From
aerialphotographsandfield surveys it wasobserved that drainagedensityof ephemeralgullies
variesfrom 0.5 kmkm� 2 north of the researcharea,to 1 kmkm� 2 southof the researcharea,as
a resultof increasingsoil depthstowardsthe south. The drainagepatternis dendritic,which is
in correspondencewith theshallow soils(0.4m on average)andrelative geologicalhomogeneity
(SkinnerandPorter,1992;Yameogo,1988).Schistandgranitearethemajorrockmaterialsfound
in thecatchment.Thenatureof soilsin this landscapeis largelydeterminedby theparentmaterial.
The most importantsoil typesin the areaareLeptosols,RegosolsandCambisols(FAO, 1990).
Thesesoilsareall formedin situ andnot stronglydeveloped,which is attributedto therelatively
high ratesof geologicalerosion(SivakumarandGnoumou,1987). In generalsoils from granitic
materialcontainkaolinitic claysanddrainmoderateto well (mainlyLeptosolsandRegosolsin the
area).Soilsonschistcontainmontmoriolloniticclaywhichdrainpoorly (mainlyCambisolsin the
area).Thesandcontentdecreaseson averagefrom 40%in theupper20 cm to 25%in the20-40
cmsoil layerandclay percentageincreasesfrom 30%in thetop 20 cm to 40%in theunderlying
layer, which is causedby clay-illuviation (Dekker, 1996;Mulders,1996).Periodsof erosionand
depositionhave alternatedduring themostrecentgeologichistoryasa resultof tectonicactivity
andsea-level changes.Presentlyan erosionaldevelopmentof streamsis observed throughthe
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stratifiedlayersthat are exposedin streambeds.Streamsare generallyfound on bedrock,are
irregularof shapeandmeanderstrongly, which is in correspondencewith thevery low slopesof
around2%in thearea.

In additionto the informationdisplayedin Figure2.1, the topographyof Kaibo is character-
izedhereby theslopetan

�
β � , theupstreamareaA andthetopographicindex ln

�
A� tan

�
β � (Beven

and Kirkby, 1979) (seeFigures2.2 and 2.3). Upstreamareais definedas the total catchment
areaabove a point or shortlengthof contour(Mooreet al., 1991),andis commonlyusedfor the
automaticdemarcationof channels,usinga critical supportareaO’CallaghanandMark (1984);
JensonandDomingue(1988);Tarbotonet al. (1991);Martz andGarbrecht(1992). Thespecific
catchmentareais definedastheupstreamareaperunit width of contour. It hasimportanthydro-
logical significanceasit hasshown to beusefulfor determiningrelative saturationandtherewith
thepropensityto generatesaturationexcessoverlandflow (BevenandKirkby, 1979;Mooreetal.,
1991;Costa-CabralandBurges,1994). It hasoften beenusedin combinationwith other topo-
graphicparameters,mostoftenwith slopeasusedin this study. Thetopographicindex hasoften
beenusedfor the predictionof hydrologicfluxes(e.g.Beven,1997), in Chapter6 its utility for
overlandflow predictionin theresearchareasof this studywill beinvestigated.Figure2.2shows
that theareais indeedflat andthat thereareonly few locationswith moderateslopes.Nonethe-
lesstheD8 algorithmappearsto producea reasonableflow directionmap,which canbededuced
from thecorrespondencebetweenthe streamchannelasmeasuredmanuallyin thefield andthe
locationswhereflow accumulatesaccordingto theD8 algorithm(seeFigures2.1and2.2).

Thedistributionsof themainsoil andlandusetypesin theareaaresummarizedin Figure2.4.
Thesoil mapis theresultof a classificationof textureanddepthmaps,bothof which have been
derived throughan interpolationof the availablepoint observationsin 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).

Theareahasa semi-aridclimatewith anaverageprecipitationof 880mmy� 1, minimumand
maximumtemperaturesof 19 and32� C respectively anda potentialevapotranspirationof 2580
2580mmy� 1. Theactualevapotranspirationin the areais approximately620mm (about70% of
the rain), percolationto deeperlayersis 80mm(about10%of the rain) anddischarge is 180mm
(about20% of the rain) (Autorité desAménagementde valleesdesVolta, 1979;Sivakumarand
Gnoumou,1987).Theaveragerainy seasonlastfrom May till Octoberanddisplaysa largeinter-
aswell asintra-seasonheterogeneitywith regardto total rain depthaswell astheoccurrenceof
dry spells(SomeandSivakumar,1994).Thenaturalvegetationof theareais savanna-woodland.
It wasin a naturalstatetill theearly-seventies.At thatmomentthesuccessfulcontrolof Tsé-tsé
initiatedtheprocessof bringinglandinto cultivation for arablefarmingandbroughtherdinginto
the area. Presentlythe land is partly usedfor arablefarming(with maize,shorgum, cottonand
legumesasmajor crops),andpartly asgrasslandfor extensive grazing. On the arableland soil
tillage takesplaceafter50 � 100mmof cumulative rainat thestartof thewetseason,followedby
sowing andregularweeding.In generalcropsemergeapproximatelyonemonthafterthefirst rain,
androughnessof thesoil surfacedeclinesover thegrowing seasondueto slaking.

Obser vations

Observationswerecollectedover theperiodApril 1994- August1998.Over this periodweather
variables(temperature,radiation,relative air humidity, barometricpressure,wind speedanddi-
rection,andopenpanevaporation)weremeasuredwith anautomaticweatherstationat a single
location. Rain wasobserved at variouslocationswith tipping buckets from 1996onwardsand
discharge was observed at the catchmentoutlet with a pressuretransducer. Soil moisturewas
measuredwith a TDR device in plasticaccess-tubesat 10 locationsonceevery 14 days,andthe
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Figure2.1:Topographyof Kaibo, indicatingelevation (grayscale),the catchmentboundary(–),
themainstream( ��� ) andthecontours( ����� ).

runoff from six runoff plots(threepairsof 5 � 10, 10 � 25 and50 � 100m in size)wasmeasured
usingweirs. In addition,variousobservationshave beencollectedin theperiodJune-September
1998.In thisperiodwatertabledepthwasmeasuredmanuallyalongthreetransectswith piezome-
tersfor 3 events. The structureof the subsurfacewasdeterminedby geo-electricmeasurements
(HekmanandWierikx, 1998).In thisperiodoverlandflow wasobservedduringrain in two events.
This wasdoneby measuringwaterlevelsandflow velocitiesrepeatedlyat severalpointsalonga
transect.In additionoverlandflow patternsweremappedjustafterrain for thesetwo eventsalong
thetransect.Thelocationof thevariousobservationsis shown in Figure2.6.

Severalsurveys wereconductedto mapthesoil andgeologyin thearea(Dekker, 1996;Mul-
ders,1996;MuldersandZerbo,1997;Verkleij, 1998).Agronomicsurveys wereconductedyearly
to establishthe land useof the entire catchmentin eachseason(Groot, 1996; Rering, 1997;
Verkleij, 1998;Wubda,1998).In 1994infiltration experimentsweredoneon plotsof 1m2 (Geel-
hoed,1994;Hillenaar, 1995). In 1995an accurateDTM of the terrainwasconstructedon the
basisof observationswith with adifferentialkinematicGPSsystem(Raaphorst,1995),andvisual
assessmentwasmadein 1997(Wubda,1998;HekmanandWierikx, 1998).

Many of theobservationsmentionedabovehavebeenusedto getanimpressionof thehydrol-
ogyof theareaandspecifyboundsandinitial valuesfor modelparameters.Only asmallsubsetof
thevalueshave beenuseddirectly for thecalculationof overlandflow depths.Thosevaluesthat
havebeenuseddirectlyarelistedin Table2.1. In total124raineventsoccurredduringtheresearch
period,28 of which produceddischargeat thecatchmentoutlet (seeFigure2.5). Fromthese124
events60wereselectedfor aquantitativeanalysis.Thesetof 60eventsincludedall theeventsthat
produceddischargeat thecatchmentoutlet,and32 randomlyselectedevents.Table2.1 lists how
muchof eachtype of observation wasusedfor calibrationandvalidationpurposesrespectively.
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Figure2.2:Distribution of slopeandupstreamareain Kaibo. Thecatchmentareais calculatedby
theD8 flow-directionalgorithm(O’CallaghanandMark, 1984).

This tableshouldbe readas follows. In the calibrationdataset, rain hasbeenobserved at one
locationover 45 events,andat four locationsover 27 outof these45 events;catchmentdischarge
hasbeenobservedatonelocationover45events,plot dischargehasbeenobservedatsix locations
(plots)over14of the45events,etc. It shouldbenotedthatthecalibrationandvalidationsetsonly
overlapin spaceandnotin time,i.e. thevalidationsetcontainsdifferenteventsthanthecalibration
set.Somemoredetailsof thedatasetareprovidedin AppendixA.

Table2.1:Numberof locationsandnumberof eventswhereobservationsareusedascalibration
andvalidationdatain Kaibo.

Typeof observation Calibration Validation
locations events locations events

p rain 1 / 4 45 / 27 1 / 4 15 / 13
qc discharge- catchment 1 45 1 15
qp discharge- plot 6 14 6 4
oh overlandflow - height 300 1 300 1
op overlandflow - paths - 1 - 1
w soil moisture 5 10 5 10
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Figure2.3:Distribution of thetopographicindex 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 ’EstacionExperimentalForestalHorizontes’which is owned by
the regional natureconservation agency (Area de Conservación de Guanacaste,ACG). It is a
2km2 catchmentin theupperreachof theTempisquebasin,which will henceforthbecalledHor-
izontes.Theareahasa gentlyundulatingtopographyanda maingully runningfrom south-west
to north-east(seeFigure2.7). Drainagedensityof ephemeralgullies variesbetween1kmkm� 2

to 2kmkm� 2, with increasingdensitiestowardsthe north. Drainagepatternis dendritic like in
Kaibo. Thenatureof soils in this landscapeis largely determinedby theparentmaterial,which
is Ignimbrite. The major soils in HorizontesareLeptosols,RegosolsandVertisols,after FAO
(1990).LeptosolsandRegosolsareformedin situ(Pierre,1982;VazquezMorear,1991)andmost
soils aremoderatelywell developed. Thereis a sharpdistinctionbetweensoils with vertic and
non-vertic properties,which largely coincideswith topographiclocation. Soils at upslopeloca-
tionshave no vertic properties,drainmoderatelyandcontainmainly kaolinitic clay whereassoils
in downslopeareashave oftenvertic properties,containmontmoriolloniticclay anddrainpoorly
whenwet. Thesandandclay contentsare35%and20%respectively over theentiresoil profile
atupslopelocations.And in downslopelocationsthesandandclaypercentagesare20%and40%
respectively (Winters,1995). In situationswheresoilswith vertic propertiesarefoundat higher
locationsa local watertableis found invariably. Therecentgeologichistory is oneof deposition
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Figure2.4:Soil andvegetationcharacteristicsin Kaibo.

by theactive volcanoseastof thearea(especiallytheRinconde la Vieja, in theCenterof Costa
Rica),andasteadyuplift of theareain thewest.Erosionhasbeenvariableunderinfluenceof vol-
canicactivity andsea-level changes(CastilloMuñoz,1991).Presentlynodevelopmentof streams
is observed. Streamsarealways found on bedrock,areheterogeneouswith respectto sizeand
shapeandmeandermoderately. Thesecharacteristicscorrespondwith the low slopesof around
5%in thearea.

As for Kaibo thetopographyof Horizontesis further is characterizedhereby slope(tan
�
β � ),

upstreamarea(A) and topographicindex (ln
�
A� tan

�
β � ) (seeFigures2.8 and 2.9). Figure 2.8

shows that the areais generallyundulatingand that therearesomesteepridges,which almost
enclosesomecircularareas.As expected,on thebasisof themoderateslopes,theD8 algorithm
producesa reasonableflow directionmap(viz. thecorrespondencebetweenthe streamchannel
asmeasuredmanuallyin thefield andthelocationswhereflow accumulates,seeFigures2.7and
2.8).

The distributions of the main soil and land usetypesin the areaareshown in Figure2.10.
Thesoil mapis theresultof a classificationof textureanddepthmaps,bothof which have been
derived throughan interpolationof the availablepoint observationsin Winters(1995)andown
observationsby kriging. Thevegetationmaphasbeenderived on thebasisof a classificationof
theavailableaerialphotographsandfield observations(vanderSteeg, 1999;Winters,1995).

The areahasa semi-humidclimatewith an averageprecipitationof 1450mmy� 1, minimum
and maximumtemperaturesof 22 and 29� C respectively and a potentialevapotranspirationof
2230mmy� 1. The actualevapotranspirationin the areais approximately870mm (about60%
of the rain), percolationto deeperlayers is 220mm (about15 % of the rain) and discharge is
360mm(about25%of therain)(ProyectoGeotermicodeGuanacaste,1976;Oficinadehydrologia
operativa,1994).Theaveragerainy seasonlastsfrom May till Octoberanddisplaysa largeintra-
seasonheterogeneitywith regardto total rain depth(ProyectoGeotermicodeGuanacaste,1976).

Thenaturalvegetationof theareais tropicaldry forest,which is presentlyin anearlystageof
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Figure2.5:Rain(interpolatedwith aninversedistancetechniqueandsubsequentlyaveragedover
thecatchment)anddischargeat theoutletof Kaiboover theresearchperiod.

regeneration,startingfrom completelyopengrasslandin 1989(Janzen,1991). Recenthistoryof
landusein thestudyareais a sequenceof arablefarmingfrom thebeginningof the20thcentury
(which probablygoesbackto the 18th century),with a suddenshift to extensive grazingin the
earlysixties(Edelman,1992). Many of theshallow gullies in theareaoriginatefrom this period
of extensive grazing. In 1989the land husbandryof the studyareachangeddramaticallywhen
it wasacquiredby ACG.From1989onwardsACG adopteda strategy of naturalreforestationby
reducingthecattlestockto low levelsandre-plantingsomeareaswith youngtrees(Molina,1994).
Althoughthetree-densityincreasedsteadilyduringtheresearchperiod,theinfluenceof cattleon
theterrainremainedlarge.Theanimaltracksandrestingplacesstayedlargely freeof vegetation.

Obser vations

Observationswerecollectedover theperiodApril 1996- August1998.Over this periodweather
variables(temperature,radiation,relativeair humidity, barometricpressure,wind speedanddirec-
tion) weremeasuredwith anautomaticweatherstationatasinglelocation,rainwasobservedat6
locationswith tipping bucketsanddischarge wasobserved at 6 locationswith pressuretransduc-
ers. In theperiodJune1997- December1997post-event flow patternswereobserved alongtwo
transects.Along thesetransectsoverlandflow wasobservedwith 24 collectors(creststagetubes,
seeFigure2.15).Thelocationof thesevariousobservationsareshown in Figure2.12.

In 1997experimentswereconductedwith a Guelphpermeameterto establishtheheterogene-
ity of infiltration capacity. In 1998 a DTM was constructedon the basisof observationswith
a differentialkinematicGPStechniquein combinationwith a conventionalground-basedsurvey
(Boerrigter, 1999).Severalsurveyswereconductedtomapthesoilandgeologyin thearea(vander
Steeg, 1999;Winters,1995).

A 44 ha sub-catchmentof Horizontes,which is namedHoricajo for the purposeof this re-
search,hasbeenstudiedin greaterdetail. The observationsin Horicajo weremadeduring the
periodperiodJuly 1997till December1997.At four locationsrain hasbeenmeasuredusingtip-
ping bucketsandat two locationsdischarge hasbeenmeasuredusingv-crestweirs. For 7 events
watertabledepthhasbeenobservedmanuallyin 20piezometersathourly instantsduringandjust
after rain, anddaily betweenrain events. Post-event overlandflow patternswereobserved for 5
events,andoverlandflow heightaswell asvelocity wereobserved during9 eventsalong4 tran-
sects.During the period20 July - 4 October1997,volumetricsoil moisturehasbeenmeasured
at 40 locationsonceevery 4 days,andduring the period4 October- 21 December1997at 60
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Figure2.6:Locationof observationsin Kaibo.

locationsonceevery 2 days(SeeFigure2.14).For thesoil moisturemeasurementsa Trime TDR
system(in plastic tubes)hasbeenused,enablingthe measurementof soil moistureover 20cm
layersdown to 80cm. Terrainandsoil have beenmappedin detail in a similar way asdonefor
theentireHorizontescatchment,however theconventionalsurvey wasdoneat a muchdensernet
(approximatelyoneobservation at every 20 � 20m). In additionthegeometryof small rills and
drainagechannelshave beenmapped.Soil colour, structure,depth,organicmattercontent,and
texture have beendeterminedat 90 locations,andthe infiltration capacityhasbeendetermined
at 30 of theselocations,usinga Guelphpermeameter(bothat 10 and20cm depths).In addition
soil colour, structureand texture (field-determined)have beenobserved at a regular spacingof
20 � 20m.

Similar to thedatathatwerecollectedin Kaibo, many of theobservationscollectedin Hori-
zontesandHoricajohave beenusedto getanimpressionof thehydrologyof theareaandobtain
parameterbounds.Theobservationsthathave beenuseddirectly for thecalculationof overland
flow depthsin Horizontesarelistedin Tables2.2and2.3. In total267raineventsoccurredduring
theresearchperiod,187of whichproduceddischargeat thecatchmentoutlet(seeFigure2.11).

From these267 events60 were selectedfor a quantitative analysis. The set of 60 events
includedall theeventsfor which observationswerecollectedin Horicajo(31) andtheremaining
29 eventswereselectedrandomly. Tables2.2and2.3 lists how muchof eachtypeof observation
waspresentin thedatasetusedfor calibrationandvalidationpurposesrespectively. As with the
Kaibo-data,thecalibrationandvalidationsetsonly overlapin spaceandnot in time.

The locationof thevariousobservationsareshown in Figures2.12and2.14. In Figure2.13
the sub-catchmentsthat correspondwith the main discharge measurementpointsin Figure2.12
aredelineated.NotethatHoricajocoincideswith sub-catchment’f ’. Themeteorologicalstation,
aswell asdischargeandrain observationsshown in Figure2.12arereplicatedin Figure2.14,the
remainingobservationson the two mapsdo not overlap. Somemoredetailsof the datasetare
providedin AppendixA.
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Figure2.7:Topographyof Horizontes,indicatingelevation (grayscale),the catchmentboundary
(–), themainstream( ��� ) andthecontours( ����� ).

2.4 Explanation of new obser vation techniques

Theoverlandflow observations(oc, oh andop) werecollectedwith non-standardtechniques.In
spiteof thesimpletechnologythatthesetechniquesuse,they will beexplainedin somedetailhere
for clarity.

Thepreparationfor all thesemethodswasto placemarkersin thefield at regulardistancesin
sucha way that thata person’s location(relative to earlierfield visits) couldbededucedto about
2 m accuracy. At eachfield visit the sameroutewasfollowed via thesemarkers. In Kaibo the
markerswereplaced50 m apartandin Horizontesat 25 m, in both casesalongtransects.The
methodto collectoverlandflow heights(codedasoh) wasasfollows. Startingat theonsetof the
rain theroutewasfollowedfrom startto endandthenback(in thecaseof Kaibo)or startingat the
beginningagain(Horizontes).Usinga measuringstick with a scale,theoverlandflow depthwas
observed at eachsecondstepat the locationof theheel. Theflow velocity wasobserved at each
20thstepby timing thedurationof 1 m passageby 3 mmcorkbeads.In additiontheflow velocity
of currentsdeeperthan5 cm wasobserved with a currentmeterat a numberof locations(5 in
Kaibo and10 in Horizontes).After passing20 m, theextentof thesurfacecoveredby overland
flow wasestimatedover thattract,coveringanareaof approximately20 � 2m. Notethattheflow
velocity is requiredto estimatea discharge on the basisof an observed overlandflow depth,so
they areconsideredaspartof theoh observations.

Overlandflow wasobserved with collectors(oc) in the following way. Thecollectorsof the
typeshown in Figure2.15,madefrom PVCtubes,wereplacedatregulardistancesalongatransect
in the field. Insertionin the soil wassuchthat openingsin the horizontaltubewereat the soil
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Figure2.8:Distribution of slopeandupstreamareain Horizontes.The catchmentareais calcu-
latedby theD8 flow-directionalgorithm(O’CallaghanandMark, 1984).

Table2.2:Numberof locationsandnumberof eventswhereobservationsareusedascalibration
andvalidationdatain Horizontes.

Typeof observation Calibration Validation
locations events locations events

p rain 2 / 6 14 / 31 2 / 6 2 / 13
qc discharge- catchment 2 / 6 14 / 31 2 / 6 2 / 13
oc overlandflow - collectors 24 3 24 2
op overlandflow - paths - 4 - 3

surfaceandfacingtheupslopedirection.For eachcollectortheupstreamareawasdeterminedby
manualmeasurementsin thefield. After a rain event thecollectorswereemptiedandthevolume
in eachwasdetermined.

Theobservationof overlandflow paths(op) wasasfollows. At eachlocationalongthetransect,
whereoverlandflow heightwasobservedduringrain,theareawhereflow occurredwasfirst traced
downslope,until a junctionwith anotherflow pathoccurred.Fromthis locationtheentireupslope
areawastracedandsketchedon amap,subsequentlytheextentof theareawasestimated.Traces
of debrisandpondedwaterwereusedto identify theareacoveredby overlandflow.

2.5 Uncer tainty of the obser vations

Theobservationssummarizedin this Chapterarenot without uncertainty. Herethreesourcesfor
this uncertaintyare distinguished:1) instrumenterrors; 2) conversionerrorsand 3) interpola-
tion/averagingerrors(which will henceforthbecalledinterpolationerrors).Instrumenterrors are
randomerrorsproducedby the instrumentin the observation process,i.e. independentof time,
geographicallocationandassumingcorrectinstrumentoperationandplacementin thefield. Con-
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Figure2.9:Distribution of thetopographicindex in Horizontes.

versionerrors areerrorsresultingfrom theconversionof observedquantitiesto desirablequanti-
tiesusinganempiricalrelationship.Interpolationerrors areerrorsthatresultfrom theintegration
of observed quantitiesto thedesiredspatio-temporalunits. In this sectionanattemptis madeto
estimateeachof theseerrorsfor thevariousobservations.

Strictly speakingconversionerrorsandinterpolationerrorsaresimilar, in thesensethatinter-
polationcanalsobe regardedasa conversionvia an empiricalmodel. In practicehowever, the
distinction is meaningful: conversionerrorsareassumedto be independentof timing andloca-
tion whereasinterpolationerrorsdo have spaceandtime ordinates.As a resultconversionerrors
arefunctionsof the measurementtechniquewhile interpolationerrorsarealsoa function of the
measurementlayout (e.g. observation density). A conversionerror resultsfrom the calculation
of a variableon the basisof observed quantitiesat similar spatialandtemporalunits (so called
support). A goodexampleis a stage-discharge relationshipin a streamcross-section,which re-

Table2.3:Numberof locationsandnumberof eventswhereobservationsareusedascalibration
andvalidationdatain Horicajo(only therainandcatchmentdischargeobservationsare
subsetsof theobservationslistedin Table2.2).

Typeof observation Calibration Validation
locations events locations events

p rain 4 23 4 8
qc discharge- catchment 2 23 2 8
qp discharge- plot 4 11 4 4
oc 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 andvegetationcharacteristicsin Horizontes.

quireswaterheight,averagevelocity andcross-sectionareato beobserved. Suchrelationscanbe
establishedrepeatedlyandtheconversionerror canbe estimatedby the deviation of thevarious
observationsfrom a fitted relationship.An interpolationerror resultsfrom incompletecoverage
of thestudydomain,differencesbetweenthesupportof observationsanddesiredquantities,and
uncertainsystemboundaries.Examplesof thefirst factorsaref.i. point observationsof soil mois-
ture or overlandflow whereaverageentitiesover 20� 20 m modelgrid cells are required. An
exampleof an uncertainsystemboundaryin this context is f.i. an uncertaincatchmentbound-
ary. Incompletecoverageof the domainanddifferencesin supportareparticularlyimportantif
the processunderstudyis heterogeneousandnon-linear, implying that a valueover a desirable
spatio-temporalunit cannotbeobtainedby simpleaveraging.

In thisstudythethreedifferenterrorshavebeenquantifiedthroughrepetition(in thecaseof in-
strumenterrors),split-samplevalidation(in thecaseof conversionerrors)andcross-validation(in
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Figure2.11:Rainanddischargeat theoutletof Horizontesover theresearchperiod.

24



overland flow paths

M

M met. station

rain

discharge

overland flow collector

Figure2.12:Locationof observationsin Horizontes.

thecaseof interpolationerrors).Repetitionis a procedurewherebythesameinstrumentor mea-
surementproceduremeasuresa unit repeatedly. Split-samplevalidation is a procedurewhereby
theavailableobservationsarefirst split in two partsthrougharandomselectionprocedure.Oneof
thepartsis usedto calibratea model.Subsequentlythemodelis appliedto thesecondpartof the
observations.Finally thepredictionerroris calculated.Cross-validationis definedasaprocedure
wherebya model (in this casean interpolationor averagingprocedure)is repeatedlyappliedto
all observationsminusonerandomlyselectedobservation,whereafterthedifferencebetweenthe
predictionandtheleft-outvalueis calculated.

All errorsareexpressedin relativerootmeansquarederror (RRMSE),which is definedas

RRMSE : � ∑I
i � 1∑J

j � 1
obsi  j � predi  j

predi  j 2

I � J 
 (2.1)

wherethe indices i and j refer to the ith time instantand jth location of the validation data,
obsi � j areobservations,predi � j themodelpredictionsandI andJ thetotalnumberof time instants
andlocationsfor which validationdataareavailable. In thecaseof the repetitionprocedurethe
averageof theobservationsis takenaspredi � j . Thereasonfor thedivision of

�
obsi � j � predi � j � by

predi � j is thatfor almostall relationshipstheobservationerrorincreasesnearlyproportionalto the
magnitudeof thevariableto bepredicted.

Therelationshipsrequiredfor measurementconversionwereestablishedfor eachof thecatch-
mentsandinstrumenttypes,while limiting thepossibleformsto linear- or power-functions.The
interpolationfunctionswereestablishedseparatelyfor the two catchments,limiting thepossible
interpolationmodelsto be linear, distanceweightedor semi-variogrambased. The strategy to
selecttheappropriatemodelfor conversionor interpolationwasasfollows:

1. fit a linear relationthroughtheobservations(or, analogous,performa linear interpolation)
andcalculatetheRRMSEon thebasisof thechosenvalidationstrategy;

2. fit a power relationship(or distanceweightedinterpolation)andalsocalculatetheRRMSE
for thismodel;

3. usethe power relationship(or distanceweightedinterpolation)if the strategy reducesthe
RRMSEby at least0.05,otherwiseusethelinearrelationship;
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Figure2.13:Sub-catchmentsof Horizontes.

4. in the caseof interpolation,repeatsteps1 to 3 to compareoptimal interpolationto both
linear and distanceweightedinterpolation,wherebythe semi-variogramfor the optimal
interpolationis derivedinteractively.

Theinterpolationerrorfor dischargeobservations(qc andqp) refersto uncertaintiesin catchment
andplot boundaries.Becausein Kaibo aswell asHorizontestherewasa repetitionof eachplot,
cross-validationcouldbeappliedto thesedata.But theuncertaintyin catchmentboundariesand,
resultingfrom this, errorsin the discharge observations(qc) could not be establishedby cross-
validation.Thiserrorhasbeendeterminedin threedifferentways:1) by comparingthecatchment
boundariesderived in variousindependentstudies,2) by applyingdifferentroutingalgorithmsto
the sameDTMs andcomparingthe resultingcatchmentboundaries,and3) by observationsof
flow-directionsat thecatchmentboundariesduringrain for differenteventsanddifferentseasons.
Theuncertaintywith respectto thecatchmentsizeis determinedby calculatingthe∞ � normfor
all thesedifferentboundaries,resultingin a ’total uncertiancatchmentarea’andusingno prior
assumptionaboutcatchmentshape.Theinterpolationerrorfor dischargeobservationsis expressed
asthetotal uncertaincatchmentareadividedby theaveragecatchmentarea.This canbedefined
asfollows

RUBE : � Amax � Amin

∑N
n� 1

�
An �!� N (2.2)

whereRUBE standsfor ’relative unknown-but-boundederror’, Amax is the maximumcatchment
areaobservedover theN cases,Amin is theminimumcatchmentarea,andAn is thecatchmentarea
for casen. Theabove informationis summarizedin Table2.4.

In Table2.5theinstrumenterrorsarelisted.Theinstrumenterrorsof thetippingbucketswere
determinedby placingall tipping bucketsundera laboratoryrainfall simulator. The instrument
errorsof pressuretransducerswasdeterminedby placingtwo identicalinstrumentsclosetogether
at the samelocationduring an event, andrepeatingthis at threedifferent locations. The TDR-
errorwasdeterminedby comparingthereadingsfrom threepairsof tubes,placedclosetogether.
All othererrorsweredeterminedby repeatinga measurementover ten small areasfive timesin
succession.Table2.6 lists theconversionerrors.This tableclearly illustratesthat theconversion
errorsarein generallarger for overlandflow thenfor streamflow, andthat normally a linear re-
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Figure2.14:Locationsof observationsin Horicajo.

Figure2.15:Overlandflow collectorusedin thefield researchof Horizontes.

lation givesa satisfactoryfit for overlandflow whereasa power-relation is desirablefor stream
flow. Apart from observationdensity(listedin Tables2.1,2.2and2.3)thediscepancy betweenthe
supportof observationsandthespace-timeunitsat which thevaluesaredesired(so-calledmodel
support)is a maindeterminantfor thesizeof an interpolationerror. Table2.7 lists theobserva-
tion supportandmodelsupportfor thevariousmeasurements.This tableshows that thereexists
especiallya discrepancy in space,whereastime supportfor observationandmodelis quiteclose.
Thereforeonly errorsdueto spatialinterpolationareconsideredin this study. Table2.8 lists the
interpolationerrors,illustratingthat theerrorsfor overlandflow larger for overlandflow thenfor
streamflow. Themaincausesfor thevariousinterpolationerrorsarelistedin Table2.9.

The fact that incompletespatialor temporalcoverageleadsto averagingerrorsis a logical
consequenceof thenon-linearityof therainfall andflow processesinvolved. Also theuncertainty
in theestimationof upslopeareas(applicableto oc, op ands) is obvious. But theexplanationof
theuncertaintyin catchmentandplot boundariesis lessstraightforward. Thereforethesesources
of uncertaintywill bebriefly discussed.

By comparingdifferent interpolationtechniques(applied to the original geodeticobserva-
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Table2.4:Validationtechniquesandmodelsor measuresusedto calculatethe instrumenterrors,
conversionerrorsandinterpolationerrors.

typeof error: validation tech-
nique:

model/ measure:

instrument repetition average
conversion
(only q ando)

split-sample linear
power

interpolation
(all exceptqc)

cross-validation linear
dist. weighted
kriging

interpolation
(only qc)

repetition ∞ � norm

Table2.5: Instrumenterrors,asdeterminedby laboratory(l) / field (f) test. All testswereper-
formedwith four repetitions.All field testsweredonein Horizontes.

observation typeof RRMSE
instrument in %

p tippingbucket 2 (l)
qc pressuretrans. 1 (l)
qp pressuretrans. 3 (f)
oh manual(height) 5 (f)
oc manual(volume) 1 (f)
op manual(coverage) 1 (f)
s manual(depth) 1 (f)
w TDR 3 (l/f)

tions),theuncertaintyof catchmentboundariesfor flat areasbecomesapparent.However, it turns
outthattheeffectsof usingdifferentinterpolationtechniquesarestill small(5 %) in comparisonto
thedifferencesthatarisedueto theuseof differentroutingalgorithms(10to 20%),seeTable2.11.
ThedifferentroutingalgorithmsappliedaretheD8, MS andDinf approaches.TheD8 apporach,
the simplestmethodwhich wasoriginally proposedby (O’CallaghanandMark, 1984),assigns
flow from eachgrid cell to oneof its eight neighboursin the directionwith steepestdownward
slope.TheMS (Multiple directionsbasedon Slope)method,proposedby Freeman(1991),allo-
catesflow fractionsto eachlowerneighbourin proportionto theslopeto anexponenttowardsthat
neighbour. TheDinf approach,introducedby Tarboton(1997),allocatesflow fractionsto either
oneor two neighboursin proportionto theaspectof a slope.For all interpolationproceduresno
constraintshave beensuperimposed(suchasthe acceptanceof a prior boundaryor stream-bed)
andfor eachof theroutingalgorithmsthesame’ lake-filling’ procedurewasusedto remove pits.
Sincethecourseof stream-bedwasrelatively accuratelyestablishedfor bothKaiboandHorizontes
all routingalgorithmsdid acknowledgethisquitewell andall gave theoutletat thesamelocation.

After thegeodeticsurveysfor bothKaibo(Raaphorst,1995)andHorizontes(Boerrigter,1999)
severalattemptshave beenmadeto establishmoreaccuratecatchmentboundariesin thefield, it
appearedthat many of thosecatchmentboundariesdo in fact vary quite significantover time
(HekmanandWierikx, 1998;Wubda,1998).Explanationsfor thiswere:

1. the directionof furrows in arablecottonfields determinedflow direction(inter seasonas
well asintraseason,Kaibo);
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Table2.6:Conversionerrorsdueto uncertaintyof empiricalrelationshipsto derive observedflow
volumefrom observationsdepths,all usingeitherthepower-relationvolume= α depth
β or the linearrelationvolume=a depth+ b. Therelationsfor theoverlandflow obser-
vations(oh, oc andop) have beenestablishedat5 resp.10 differentlocationsfor Kaibo
andHorizontes,andwereassumedto bevalid for theentirecatchment.

RRMSEin % relation nr of obs.(repetitions)
obs. Kaibo Horiz. Kaibo Horiz. Kaibo Horiz.
qc 7 9 power power 130(-) 50 (-)a

qp 3b 5 power power -b 50(1)
oh 17 8 linear power 10 (5) 10 (10)
oc - 22 - linear - 10 (10)
op 23 16 linear linear 10 (5) 10 (10)

a 50observationshave beenmadefor eachof thesix locations
b theweirsusedat theseplotswerecalibratedin thelaboratory

Table2.7:Overview of the discrepancy betweenthe supportof the observationsand the unit at
which the value is desired(modelsupport). Note that in this study the grid cells are
20 � 20m.

observationsupport modelsupport
observation space time space time

p 0
 1m2 1 min. grid cell 2 min.
qc catchment 1 min. catchment 2 min.
qp grid cell 1 min. grid cell 2 min.
oh 0
 01m2 2 min. grid cell 2 min.
oc 0
 1m2 1 event upslopearea 1 event
op 0
 1m2 1 event upslopearea 1 event
s 0
 01m2 1 min. upslopearea 2 min.
w 0
 01m2 1 event grid cell 1 event

2. theareais very flat so that theexact flow directioncould only be determinedon thebasis
of theoverlandflow observationsduringrain,but not on thebasisof geodeticobservations
(Kaibo);

3. roaddeviationsandanimaltrackschangedtheflow direction(intra seasonbothKaibo and
Horizontes);

4. anareawasdrainedby severalsmallditchesattwoormoresides(i.e. in oppositedirections),
while sometimesoneof thesewasblockedor backwatereffectsin thelowestditchdammed
the waterup, leadingto the drainagevia both ditches(intra seasonaswell asintra event,
Horizontes).

Thelocationswherethesetypesof uncertaintyexistedareshown in Figures2.16and2.17.
Attemptsto refinethe estimationof catchmentboundarieson the basisof visual inspection

(sometimesduring rain) andusingsimpleequipmentfailed for Kaibo, but gave a considerable
improvementfor Horizontes.Whenutilizing all resources,uncertaintiesof 1� 4th of thecatchment
areafor Kaibo and1� 9th for Horizontesremained.However, for Kaibo it wasdecidedto omit
theobservationsdescribedin Wubda(1998)becauseof therelatively largedeviationsof thesein
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Table2.8: Interpolationerrorserrorsdueto interpolationfromtheobservationsupportto themodel
support.

RRMSE/RUBE in % relation nr of locations
obs. Kaibo Horiz. Kaibo Horiz. Kaibo Horiz.

p 12 7 dist. weight kriging
(spherical)

4 6

qc 8a 11a - - 1 1
qp 14 2 - - 6 4
oh 7 12 dist. weight dist. weight 300 300
oc - 18 - linear - 44
op 18 21 linear linear 10 10
s - 14 - kriging

(exponential)
- 20

w 13 17 dist. weight dist. weight 5 60

aOnly qc is expressedin RUBE, seeEquation2.2.

Table2.9:Explanationof interpolationerrors.

observation Explanation
p incompletespatialcoverageof catchmentandnon-linearprocess
qc uncertainandvariablecatchmentboundaries(surfaceflow)
qp uncertaincatchmentboundaries(subsurfaceflow)
oh incompletespatialandtemporalcoverageandnon-linearprocess
oc incompletespatialcoverageand non-linearprocess/ uncertain

upstreamarea
op incompletespatialcoverageand non-linearprocess/ uncertain

upstreamarea
s incompletespatialandtemporalcoverageandnon-linearprocess

/ uncertainupstreamarea
w incompletespatialcoverageandnon-linearprocess

comparisonto the othersources(Raaphorst,1995;HekmanandWierikx, 1998),which reduced
theuncertaintyto 1� 12th of thecatchmentarea.

The large uncertaintyof plot discharge in Kaibo wasdueto thepresenceof subsurfaceflow.
After establishmentof the plots andcollectionof observationsover oneseasonin Kaibo, it ap-
pearedthat in a numberof eventssaturationexcessoccurred,which hadto bedueto sub-surface
flow wherewaterfrom outsideenteredtheplot. However theapproximatevolumesof this infiltra-
tion excesscouldbeestablishedby utilizing anadditionalmodelto pre-processtheplot discharge
observations(effectively asa measurementequation),significantpredictionerrors(14%)still re-
mained.

Therewasno indicationthat the threeerrorsources(instrument,conversionerrorsandinter-
polation/averagingerrors)wererelated.Therefore,takingthemaximumerror(in Tables2.5,2.6
and2.8)of eachobservationtypeis a conservative estimate,thatwill subsequentlybeusedasthe
effective observationuncertaintyin thisstudy.
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Table2.10:Thetotal observationerror, obtainedfrom themaximain Tables2.5to 2.8.
Totalobservationerror

spatially temporally RRMSE
observation definedon definedon Kaibo Horizontes

p catchment 2 min. 12 % 7 %
qc catchment 2 min. 8 % 11 %
qp grid cell 2 min. 14 % 5 %
oh grid cell 2 min. 17 % 12 %
oc upslopearea 1 event - 18 %
op upslopearea 1 event 18 % 21 %
s upslopearea 2 min. - 22 %
w grid cell 1 event 23 % 17 %

Table2.11:Catchmentsize(in ha)ascalculatedby differentinterpolationtechniques,androuting
algorithms(theD8, MS andDinf algorithmsasdescribedby O’CallaghanandMark
(1984);Freeman(1991)andTarboton(1997) respectively). For the MS methodan
exponentof 1.2hasbeenused.

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 flo w height and extent

On the basisof the observationsdescribedpreviously, two aspectsof overlandflow occurrence
will be addressedhere: heightandextent. The frequency of theoh observations(approximately
one per 30 minutesfor a given location) doesnot allow a differentiationin time but a spatial
breakdown by the soil andvegetationclasses(asdisplayedin Figures2.4 and2.10) is possible.
The extent of overlandflow hasdirectly beenobserved throughoh andop. Naturally, extent is
uniquelyrelatedto theheightobservationsshown previously (in thesamewayasheightandflow-
volumearerelated),aslong asthesoil surfaceis not completelycoveredby water. In this study
completecoverageover theobservationareasof (approximately)20 � 2m wasneverencountered.
In Figure2.18therelationbetweenheightandextentis plottedfor thedifferentsoil andvegetation
classes.The relationsareall non-linearandsometimescontainthresholds(indicatedby arrows
in Figure2.18). Thesetresholdswerenot identifiedon thebasisof Figure2.18alone,but on the
basisof qualitative observationson flow patterns.At thefield locationsindicatedby thearrows in
2.18it wasobservedthatclearchangesoccuredin rill patternsduringtheobservationof overland
flow heightsandextent. At thoselocationsaveragerill depthwasmeasuredat a later stage. In
Figure2.19it is shown thattheheightatwhich thesethresholdsoccurarevery stronglyrelatedto
theaveragerill depth.Eachdot in thisgraphrepresentsa thresholdindicatedin Figure2.18.Note
thatthelevel of thethresholdis approximatelytentimesaslow astheaveragerill depth,assuming
u-shapedrills this implies a rill densityof 0.1. In fact figure 2.19 shows a slight decreaseof
effective rill densitywith increasingaveragerill depth.Notwithstandingtheinformationaboutthe
height-extentrelationshipcontainedin thesoil andvegetationclasses,a lot of noiseremains.This
canbeattributedto theeffectof micro relief. It is obviousthatnotonly dueto thenon-linearityof
therelationshipbetweenoverlandflow heightandextent,but alsodueto thedistinctshapesof the
overlandflow height-extent relationshipsfor differentsoil andvegetationclasses,thespace-time
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Figure2.16:Uncertaintyof catchmentboundariesin Kaibo dueto differentsources.Thedashed
line is thecatchmentasdescribedby (Wubda,1998),thedottedline asdesribedby
(HekmanandWierikx, 1998),andthesolid line is thecatchmentboundarythatwas
chosenin thisstudy. Themeaningof thenumbersis explainedonpage28.

distribution of overlandflow extent will be quite differentfrom that of overlandflow height. In
the remainderof this studyonly spatialdistribution of overlandflow heightwill be considered,
converting the observationsof overlandflow extent at the individual locationsto overlandflow
height.

2.7 Correlation in space and time

Like all hydrologicprocessesoverlandflow heightexhibits autocorrelationin spaceas well as
time. Thequestionis however, how theautocorrelationfunctionslook like,andwhatcharacteristic
temporalandspatialscalescanberevealed.

As expected,spatially thereexists a large anisotropy of the overlandflow distribution. In a
slopedirectiontheautocorrelationsaremuchhigherthatin thecontourdirection(seethetwo plots
at theleft in thetoprow of Figure2.20).In needsnoexplanationthatflow concentratesin rills and
smallgullies that flow downslope,so that it is highly structured.Interestingly, thecorrelograms
do revealtheeffect of differentsoil units in Kaibo aswell asHorizontes(seethepointsindicated
by arrows in Figure2.20).In Horizontesthesejumpsmarkthetransitionfrom vertic to non-vertic
soils,andin Kaibo probablythe transitionbetweendeepandshallow soils (seeSections2.2 and
2.3). Whencalculatedpersoil-vegetationunit (not shown in thefigure) thecorrelogramsdo not
show characteristicdifferences,probablybecausetherearetoo few observationsperunit. Below
thecorrelogramsfor overlandflow in Figure2.20,thecorrelogramsfor clay contentin thetop 20
cmof thesoil andraindepthareplotted.Thegraphsshow thatalsofor theseprocessesthereis an
anisotropy for slopeandcontourdirectionsaswell asfor low andhighintensityrain. In Horizontes
thepointsindicatedby thearrows in thecorrelogramsfor overlandflow canbefoundbackin the
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Figure2.17:Uncertaintyof catchmentboundariesin Horizontesdue to different sources. The
dashedline is thecatchmentasobtainedby conventionalgeodeticobservations,the
dottedline asdesribedby processingthe GPSobservationsBoerrigter(1999),and
the solid line is the catchmentboundarythat resultsalso including direct overland
flow observations.Thesolid line wastakenascatchmentboundaryin thisstudy. The
meaningof thenumbersis explainedon page29.

correlogramsfor clay content,therewith underliningtheaforementionedinfluenceof verticity on
overlandflow patternsin Horizontes.Thedifferentspatialstructuresfor low-intensityrain (here
definedasan event with lessthan2 2mmh� 1) andhigh-intensityrain (an event with morethan
10mmh� 1) is striking. In bothcatchmentsconvective stormsleadto high-intensityeventswhich
comewith south-westernhigh-velocitywindsin Horizontesandsouthernwindsin Kaibo,andhave
a relative shortduration. Most stratiformstorms,on the otherhandleadto low-intensityevents
with a relatively long durationandcomefrom a southerndirection in Horizontesanda south-
easterndirectionin Kaibo. It is importantto noticethatalreadyat distancesof 300 to 500m the
autocorrelationof total event rain depthnearlyhalved in bothhigh andlow intensityrain events.
Thespatialcorrelationof rain hasbeendeterminedby consideringeacheventasindependent,i.e.
a longdistanceapart,andcombiningall observationsfrom thedifferentevents.In time, theshape
of theautocorrelationfunctionsfor overlandflow (thetwo plotsattheright in thetoprow of Figure
2.20)is moredifficult to interpret,sinceit displaysthecombinedheterogeneityof rainfall intensity
and the upslopeflow history. To separatethesetwo effects, the overlandflow during intense
rainfall andduring low-intensityrain is analysedseparately. In thefirst casetheheterogeneityof
rainfall is dominating,whereasin thesecond,theeffect of flow history(i.e. spatialheterogeneity
of theupstreamarea)dominates.During high-intensityrain theautocorrelationof overlandflow
approacheszeroalreadyafter25 or 35 minutesin respectively Kaibo andHorizontes,whereasin
low-rainfall conditionsit doesnot evengo to zeroafter60 minutes.For rain theautocorrelation
over spaceaswell astime is greaterthanthat of overlandflow, asshown in the plots at the the
bottomrow of Figure2.20.

Theseresultsshow thatit will bedifficult to applygeostatisticaltoolsto modeloverlandflow.
In the first place,the spatialprocessis anisotropicandstructured(i.e. it organisesinto dendric
shapes).It hasbeenshown in geostatisticalstudiesof soil moisturedistributions,thatevenwith
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Figure2.18:The relationbetweenheightandextent of overlandflow within soil andvegetation
classes,wheretheoccurrenceof thresholdsis markedwith arrows.

largeobservation densitiesit is hardto captureinterconnectedness with geostatisticaltechniques
(Westernetal.,1998,1999).Thehighnon-linearityandtemporalheterogeneityof theflow process
aswell asthestrongdirectedspatialinteraction(i.e. effectsfrom upslopeto downslope)addto
thesedifficulties. Secondly, thedominantsourceof temporalheterogeneity, viz. rain or theflow
historyof upstreamareas,determinesthetemporalcorrelationto a largeextent.

2.8 Discussion

Comparing the catc hments

In spiteof theobviousdifferencesbetweenthetwo catchments(size,lithology, climateandland
use),therearealsoquitesomesimilarities. It arethe resemblancesbetweenthe two catchments
which will be themain focushere,becausethesemake it interestingto considerthecatchments
jointly in thisstudy.

Both catchmentsarelocatedin environmentswhererunoff ratiosof 0.2 - 0.25areexpected,
which classifiesthemasdry catchments(Ganet al., 1997). In additionboth datasetscontaina
relatively dry yearanda relatively wet year(1997and1996respectively for both catchments).
Slopesandthe distribution of topographicalindicesarequite similar (if areasof equalsizeare
considered),however thedrainagedensityis slightly higherin Horizontes.In bothcatchmentsa
significantportion of the areahassoils with vertic properties.Thesesoils areexpectedto show
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 thresholdsin theheight-
extentrelationof overlandflow (seeFigure2.18)in Kaibo (+) andHorizontes(o).

conditionwith muchoverlandflow whenwet. The questionremainshowever, at which stateof
wetnessthis occurs,and whetherthe hydrological relevanceof this propertyat the catchment
scaleis not nullified by the spatialarrangementof the soil units or other factorssuchas e.g.
vegetation.Finally thereis thedichotomybetweengrassandno-grass(cropsor trees)in thetwo
catchments.No-grassimpliesin bothcasesthatthereis onaveragelesssoil coverageandahigher
roughness.In Kaibo this is due to the arablecroppingactivities, and in Horizontesdue to the
effect of shadingby treesandthe hangingaroundof cattle. All thesesimilaritiessuggestthat a
methodfor overlandflow predictionshouldat leastbeapplicableto bothcatchmentsto beof any
use(FlanaganandNearing,1995;GanandBurges,1990). This correspondencedoeshowever
not imply thatoverlandflow patternsin thecatchmentsareexpectedto besimilar. Thedifferent
locationof thesoil andvegetationunits, relative to topography, rathersuggestdifferentoverland
flow patterns. On the basisof information from small experimentalplots and in the literature
abouttheSahelianenvironment,onewould in Kaibo expectno overlandflow early in theseason
onagriculturalland,andlittle overlandflow onshrub-land,whereaslaterin theseasonthesituation
is thereverse(with muchhigheroverlandflow rateson thewhole),mainly dueto crustformation
(Albergel et al., 1986;Albergel, 1987;Geelhoed,1994). The effect of soil type andantecedent
wetnessis expectedto beof little importance.In Horizontes,on theotherhand,it arethevertic
propertiesin combinationwith topographythatarebelievedto bedominantover vegetation.This
is dueto thedeepersoils,higheraveragecatchmentwetness,higherstability of thesoil surface,
and the closerelationbetweenvertic propertiesandtopographiclocation. During early season
especiallythe vertic soils areexpectedto producelow runoff rates,whereasin the late season
theseareexpectedto producehigh runoff rates.Theselocationscoincidegenerallywith locations
having ahigh upstreamarea.

Theanalysisin subsequentchapters(seeespeciallyChapters3 and4) will nuancetheabove
information,which is entirely basedon existing literature. In the first placethe marked effect
of soil andvegetationdifferenceson overlandflow occurenceneedsto beproven,aswell asthe
effectsof season.

Uncer tainty

The uncertaintyof hydrologicalfield datais rarely studied. The interestin this topic normally
endsat thepoint whereerroneousobservationshave beenidentifiedandremovedandconfidence
in the integrity of thedatahasbeenestablished.During subsequentmodelidentificationor cali-
brationsometimesafixedobservationerroris assumed,but morecommonlytheobservationerror
is neglected.It is clearfrom theestimatedobservationuncertainties,which maybeashigh as20
%, that thesearefar from negligible here(seeTable2.10). Themosteye-catchingfeatureof the
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Figure2.20:Autocorrelationof overlandflow, claycontentandrainfall in space(left twocolumns)
andtime (right two colums)for Kaibo andHorizontes.Thearrows indicatethedis-
tancesthatarecharacteristicfor thesoil unitsin thearea(seetext).

observationerrorsin this studyis perhapsthevariability over differentprocessesandobservation
techniques,andtherelatively largecontribution to theerrorthroughtheprocessof interpolationor
averaging.Thequestionremainshow stationaryerrorsareandhow they areactuallydistributed
in spaceandtime. Theseissuescould not be investigatedheredueto datascarcity. To still get
hold on theproblemof understandingthecontributionsandstructureof observation uncertainty,
it hasbeenbrokendown into threecategories,viz. uncertaintycausedby 1) measurementerrors,
2) conversionerrors,and3) interpolationerrors.It appearedthatespeciallythis lastcategory con-
tributedconsiderablyto theobservationuncertainty. Clearly, interpolationerrorsstronglydepend
on themathematicaltechniquesusedfor thesepurposesaswell asthe layoutof theobservations
in spaceandtime. For that reasontheseresultsarespecificto theseparticulardatasetsandhard
to generalize.Quite similar observationscanhowever be found in the literature. wherethereis
relatively muchattentionto theprocessof rainfall measurement.It hasbeenillustratedby Ciach
andKrajewski (1999)that,whendisregardingmalfunctioningof devices,especiallythe interpo-
lation of rainfall observationsleadsto considerableerrors.With regardto dischargeobservations,
4%changein peakdischargehasbeenobservedin controlledexperimentson impervioussurfaces
that wererepeatedwith nearly identical initial conditions(Wu et al., 1978,1982). On pervious
surfacesthesituationis likely to becomemoreuncertain.In asprinklingplot experimentin Walnut
Gulch it wasfoundthat, in spiteof apparentlyequalinitial conditions,observed peakdischarges
from runoff plots variedby nearly35 % (Smith et al., 1994). Theseobservationsunderlinethat
thenaturalvariability of hydrologicalprocessesis in generalquitelarge.Sinceobservationuncer-
taintiesprovide the lower limit to thedegreeof accuracy thatmaybeexpectedfrom models,the
lattershouldnotbeexpectedto achieve agreatdegreeof accuracy either.
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Overland flo w height and extent

Therelationshipsderivedin Section2.6highlightsomeaspectsof overlandflow thathavenotbeen
encounteredin theliteraturesofar. Therelationbetweenheightandextentappearsto benon-linear
with several thresholds.Thefirst derivative of the relationin Figure2.18(i.e. thechangeof the
extent for a changein height) is very high. This implies that the observation of extent will be
muchmoreaccuratethantheobservation of overlandflow depth. This advantageof extentover
heightasanobservableis enforcedwhenconsideringtheaccuracy of theobservation (especially
whenconsideringlargerareasandlow overlandflow depths).Thethresholdsin theheight-extent
relationshipsappearto containadditionalinformationaboutthegeometryof thesurface.This is
illustratedin Figure2.19,wherethethresholdsarerelatedto theaveragerill-depthin therespective
areas.This relationcanbeusedto derive theeffective rill densityoveranarea(assumingconstant
rill form anddepth),whichis givenby theslopeof therelation.Fromthefigureit canbeconcluded
thatthiseffective rill densityremainsconstantfor differentlevelsof overlandflow depth.

Correlation in space and time

The anisotropy of the overlandflow distribution in spaceas well as time hasbeenillustrated.
Correlationlengthsvary from 10 to 80 m for contourandslopedirectionsrespectively, and25
to morethan60 minutesfor intensive andnon-intensive rain respectively. This propertymakesit
difficult tomodeloverlandflow with geostatisticaltechniques,atleastwith therelatively smalldata
setavailablein this study. Integrationof secondary(indicator)datain predictionandsimulation
algorithmscanalleviate someof the dataproblems. However, given that thereareno clear-cut
techniquesavailable for this type of problemandthat it is not even clearwhich secondarydata
will besuitedfor overlandflow prediction,geostatisticaltechniqueswill not furtherbeconsidered
here.
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3 Anal yzing overland flo w with a regression
model

3.1 Intr oduction

In Chapter2 it becameclearthatsoil andvegetationunitshave markedeffectson theoccurrence
of overlandflow. The questionariseswhethertheseunits can be usedas building blocks for
catchmentscaleoverlandflow prediction.This chaptertriesto find ananswerto this questionby
usingthesimplestpossibleclassIII model,in this waypursuingtheideasoutlinedin Section1.3.
The proposedmodel is staticandonly predictstotal event overlandflow, thusdisregardingthe
heterogeneitywhithin events.A secondpurposeof this chapteris to provide base-linepredictions
of overlandflow, usinga minimumof assumptions.Thesebase-linepredictionswill laterbeused
asa touchstoneto which theresultsfrom moreelaborateanddemandingmodelsarecompared.

This chapteris organisedas follows. In Section3.2 the regressionmodel is outlined. The
modelvariablesarederived from theoriginal observationsin Section3.3. Section3.4 shows the
resultsof themodelwhenusedfor spatialinterpolationaswell asextrapolation.The resultsare
discussedandconclusionsaredrawn in Section3.5.

3.2 Outline of a regression method for overland flo w prediction

For theproposedregressionapproachadistinctionis madebetweenearlyseason,lateseason,low
rain intensityandhigh rain intensityconditions.In Table3.1 thenumberof eventsfor which the
variousoverlandflow andplot discharge aswell ascatchmentdischargeobservationsweremade
arelisted.Notethatfor Kaibo thelateseasondatafor overlandflow observationsarelacking.

Table3.1:Numberof eventsfor which overlandflow datahave beencollectedanda breakdown
over seasonandrain intensity. oh is overlandflow heightasobservedduringrain,op is
themaximumoverlandflow coverageduringanevent,oc is thenumberof full overland
flow collectorsat theendof anevent,qp is dischargefrom runoff plots,qc is discharge
asmeasuredin thestreamchannel(seealsoTables2.1 to 2.3).

Kaibo Horizontes Horicajo
observationtype oh op qp qc oc op qc oh oc op qp qc

seasonaverage 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
lateseason - - 8 37 3 4 29 3 4 4 11 18

low rain intensity 1 1 5 38 2 4 26 2 2 4 8 19
high rain intensity 1 1 9 22 3 3 34 3 3 3 7 12

In additionto this subdivision accordingto seasonandrain intensity, a spatialbreakdown by
the soil and vegetationclassesis usedas describedin Section2.6 (seeFigures2.4 and 2.10).
Eventually the aim is to estimateoverlandflow height for eachof thesetemporaland spatial
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classes.To this end the variousobservationsareconvertedto a similar unit, the overlandflow
ratio o" , which is the total event overlandflow heightdivided by the total event rainfall height.
The uncertaintyof the overlandflow ratio is expressedby the relative root meansquarederror
(RRMSE,seeEquation2.1).

The oh observationsrelateto this unit via summationover the relevant spatialandtemporal
domains.Theconversionof op andoc aswell astheplot dischargeqp andcatchmentdischargeqc

observationsto o" is describedin detail in Section3.3. Themainstepsfor this conversionareas
follows.

1. Themaximumoverlandflow extentfor anevent(asdeterminedby op) is relatedto thetotal
eventoverlandflow height,obtainedby integratingtherelevantoh observations,onthebasis
of eventsandareaswherebothobservationshavebeencollected.A linearor power-relation
is usedfor eachvegetationclass. The resultingquantity is namedo"p (total overlandflow
heightasestimatedby op).

2. The numberof full collectors(asdeterminedby oc) is relatedto the total event overland
flow height(from oh observations),onthebasisof eventsandareaswherebothobservations
have beencollected. A power-relationis usedfor eachvegetationclass,andthe resulting
quantityis namedo"c.

3. The total-event plot discharge (during and till 10 minutesafter rainfall, q"p) is relatedto
total eventoverlandflow height(from oh observations),on thebasisof eventswhereboth
observationshave beencollected.A linear-relationis usedfor eachplot.

4. The total-event catchmentdischarge (during andtill 1 hour after rainfall, q"c) is relatedto
total eventoverlandflow height(from oh observations),usinga multi-variatelinearmodel
whereeachcombinedsoil-vegetationclassis onevariable.For earlyandlateseasondistinct
relationsarederived.

Subsequentlythe estimatedtotal event overlandflow depthfor eachperiodandsoil-vegetation
classis calculatedby leastsquaresestimationin the following way. First theestimatedoverland
flow depthon basisof respectively oh, op, oc, qp andqc is written asa combinationof fivematrix
equations.Theseparatematrixequationsfor asingleeventare

1
...

1

o"1
...

o"6 # o"h $ 1
...

o"h $ 6
% Io " # o "h (3.1)

1
...

1

o"1
...

o"6 # o"p $ 1
...

o"p $ 6
% Io " # o "p (3.2)

1
...

1

o"1
...

o"6 # o"c $ 1
...

o"c $ 6
% Io " # o "c (3.3)

g1 &�&�& 0
0

... g3
...

0
0

0 &�&�& 0

o"1
0
o"3
0
0
0

#
q"p $ 1
0

q"p $ 4
0
0
0

% Jo " # q "p (3.4)
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A1 ' 1
Atot ' 1 g1 &�&�& A6 ' 1

Atot ' 1 g6

...
...

A1 ' n
Atot ' n g1 &�&�& A6 ' n

Atot ' n g6

o"1
...

o"6 # q"c$ 1
...

q"c$ n
% Ko " # q "c (3.5)

wherethe ( -symbolindicatesevent-totals,theindicesindicatecrop-vegetationclassesandthema-
tricesarerenamedat therighthandsidefor convenience.Thefirst equation(3.1)seemsredundant
but is includedfor clarity (seeEquation3.6). Note that in equation3.4,which givesthe relation
betweenobserved discharge from runoff plots andthe estimatedoverlandflow depth,thereare
only observationsfor two soil-vegetationclasses:grasson vertisol andgrasson non-vertisol in
both Kaibo andHorizontes. In Equation3.5 Ai $ j standsfor the areacoveredby soil vegetation

classin catchmentj andAtot $ j is the total areaof that catchment(so Ai ' j
Atot ' j is the relative areaof

thecrop-vegetationclassi in catchmentj). Thereare6 (sub-)catchmentsin Horizontesandonly
onein Kaibo. All valuesat theright-handsidearein mm. For eachof thecategoriesin Table3.1
(i.e. seasonaverage,earlyseason,etc.) all therelevanteventsarecombinedinto a singlematrix
equationandtotaloverlandflow depthis dividedby totaleventrainfall, thusyielding.

I
I
I
...

J
...

K

o " #
o "h $ 1 ) p1

o "h $ 2 ) p2

o "p $ 1 ) p1
...

q "p $ 1 ) p1
...

q "c $ k ) pk

% Lo " # y (3.6)

whereo "+* o,i
pi - i, andthe subscriptnumbersi # 1 .�.�. k denotethe event numbers(the overland

flow observationso "h, o "p ando "c areavailablefor only few eventsasshown in Table3.1),andpi is
therainfall in mmfor eventnumberi.

SinceEquation3.6 is over-determineda least-squaressolution(i.e. estimatesof o " ) is easily
found. However, to obtainrealisticsolutionsto Equation3.6, it is necessaryto considertheob-
servation errorswhich do not allow a statisticaltreatment(seeSections2.4 and2.8). Therefore
herea deterministicsolutionis soughtby assumingthat theobservation errorsareunknown-but-
bounded,whichmeansthatonly theupperandlowerboundsof theerrorsareknown but any other
informationaboutits distribution is lacking. Hencethe observation error (e) canbe definedin
termsof lower andupperboundson y. The valueslisted in Table2.10areusedasobservation
errors.Adding theobservationerrorsto Equation3.6 leadsto asetof inequalityequations

Lo "
Lo " /0

y 1 e
y 2 e

(3.7)

A mini-max solution is determinedfor this setof equationsusing the simplex-basedalgorithm
provided in Menke (1989). In somecases(Kaibo late season,andHorizontesearly season)the
minimization problemof Equation3.7 is ill-posed. For that reasonthe following constraintis
addedto alwaysobtainauniquesolution.

Ko " # qc (3.8)

whereqc is the total catchmentdischarge divided by total rainfall over the respective season.
Themini-maxsolutionminimizesthemaximumdeviation of observationsfrom predictions.The

41



resultsof the above methodappearto be equivalent to the weightedleast-squaressolution of
equation3.6,usingvariancesproportionalto thevaluesin Table2.10andan∞ 2 norm.

The uncertaintyof the derived o " -valuesis determinedby cross-validationandexpressedas
RRMSE(seeEquation2.1).Thecross-validationusesthefollowing procedure.

1. amodelis derivedonthebasisof all theobservationsatall locationsexceptoneobservation
typeatonelocation;a locationis definedat themodelsupport(seeTable2.7).

2. the observations (for all available events)at the particular location are predictedby the
derivedmodelandtheRRMSEvaluesfor thesepredictionsaredetermined

3. step1 and2 arerepeatedfor eachlocation

4. theresultingRRMSE-valuesareaveragedpersoil andvegetationclass

Thereasonfor thespatialaveragingin step4 is thattheobservationdensityis too low andspread
too uneven to allow a spatialinterpolationon a statisticalbasis(e.g. throughsplinesor kriging).
Thecalculationof the RRMSEpersoil andvegetationclassstill allows a spatialanalysisof the
error, albeit in a limited way.

3.3 Deriving model variab les from original obser vations

Overland flo w height and extent

As notedabove, a relationbetweenoverlandflow heightandextent is requiredto relateoh to op

andoc. Therelationsderived in Section2.6aredefinedfor instantaneousvaluesof extent. Since
op andoc give only event-maxima,the relationsarenot applicableto thesedata. Thereforenew
relationswill be derived. For eachevent andspatialunit wherea maximumextent is observed
(op), the total event overlandflow heightis calculatedby integratingtheoh observationsfor the
respective areaandevent. It appearsthatdifferentrelationshipscanbedistinguishedin particular
for differentvegetationtypes,whereassoil playsno role. Figure3.1 shows theresultsfor Kaibo
aswell asHorizontes.Thefigureshows thata linear relationshipis reasonableto relatethe two
quantitiesfor shrub,arablecropsandtrees.For grassa power-relationshiphasto beused.Note
thattheequationsareforcedto passzero.
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Figure3.1:Therelationbetweenthemaximumextentandtotaleventoverlandflow heightwithin
vegetationclasses.

Anotherestimatorfor themaximumoverlandflow extentover anevent is thenumberof full
collectors(asdeterminedby oc). In Horizontes20of suchcollectorshavebeenusedover7 events,
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and24 over 5 events(seeTables2.2and2.3). Theseobservationsarecombinedthroughnormal-
ization(division of thenumberof full collectorsby the total numberof collectorspervegetation
class). Also in this case,vegetationis far morediscriminatingthansoil andthereforeonly the
relationsbetweenoc ando" areshown pervegetationclassin Figure3.2.A power functionis used
to describetherelationbetweenthetwo quantities.Notethatonly asmallpartof theop, oc andoh

observationsareusedto derive therelationsin Figures3.1and3.2.
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Figure3.2:Therelationbetweenthenumberof full collectorsandtotaleventoverlandflow height
within vegetationclasses,for Horizontes.

Overland flo w height and catc hment disc harge

Thetotal-eventplot discharge (qp) andcatchmentdischarge (qc) is relatedto total eventoverland
flow height(from oh observations),usinga multi-variatelinearmodelwhereeachcombinedsoil-
vegetationclassis onevariable. For early andlate seasondistinct relationshipsarederived. In
Table3.2 thevaluesof thesix parameterestimates,aswell astheir standarddeviation, aregiven
for both early and late season.For Kaibo thereareno dataavailable to derive the late-season
parameters.Sincethereareclear correspondencesbetweenthe parametersfor Horizontesand
Kaibo in the early-seasonsituation,the late-seasonparametersfor Horizontesareusedas late-
seasonparametersfor Kaibo aswell in what follows. Note that in Table3.2 only thevalueof gi

andits standarddeviation is given (i.e. omitting the relative area Ai ' j
Atot ' j , viz. Equation3.5). Only

part of the oh, qc andqp datawereusedfor this derivation. The parametervaluesprovide two
insights. In the first placethe relative parameterdifferencesbetweenthe classesindicatewhich
of thesearerelatedto relatively high or low overlandflow heights.Secondly, theaveragevalue
of theparametersindicateswhetherthereis, on thewhole,re-infiltrationof overlandflow before
it reachesthecatchmentoutlet (in that casetheaverageparametervalueis smallerthanone),or
sub-surfaceflow (averageparametervaluesbiggerthanone). The first interpretationlearnsthat
especiallysoil-vegetationclassesg4 to g6 producemuchoverlandflow in Kaibo andHorizontes
in early season.The secondinterpretationshows that especiallyin Kaibo re-infiltration playsa
large role in early season,especiallyon vertic soils. In Horizontesthis is lessthe case. In late
seasonit appearsthatsomesub-surfaceflow takesplace,especiallyon non-vertic soilsandgrass
vegetation.
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Table3.2:The parametervaluesof a multivariate linear model, relating total overlandflow of
eachsoil-vegetationclassto catchmentdischarge,for earlyandlateseasonrespectively
(seeEquation3.5). For ’Kaibo - Late Season’,only the qp datawere available for
calibration,hencethe valuesfor g2, g4, g5 andg6 aremissing. The valuein brackets
givesthestandarddeviation of theparameterestimate.

Early Season LateSeason
parameter soil/vegetation Kaibo Horizontes Kaibo Horizontes

g1 vertisol- grass 0.07(0.02) 0.01(0.02) 0.87(0.49) 1.02(0.31)
g2 vertisol- no-grass 0.08(0.04) 0.04(0.02) - 0.87(0.23)
g3 no-vertisol- grass 0.13(0.09) 0.09(0.06) 0.36(0.23) 0.43(0.13)
g4 no-vertisol - no-grass 0.19(0.10) 0.12(0.09) - 0.37(0.16)
g5 shallow - grass 0.18(0.07) 0.22(0.08) - 0.41(0.26)
g6 shallow - 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 modelperformancethe discharge predictionsby the modelare
comparedto the observed values. In Figure 3.3 the event totals of predictedversusobserved
discharge areplottedasa fractionof total event rain. For Kaibo themodelslightly over-predicts
discharge (especiallylow discharge ratios)andfor Horizontesthe modelslightly under-predicts
discharge(especiallyathighdischargeratios).Thereis noapparentdifferencebetweencalibration
andvalidationevents.In Figure3.4thedeviationsof thesepredictionsover theseasonareshown.
The structuredpatternfor Kaibo is causedby the fact that 1997wasa dry yearwith very little
discharge. For the decreasingtrend in the predictionerror for Horizontesno explanationwas
found.
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Figure3.3:Observedversuspredicteddischargeratios(eventtotalsof dischargeasfractionof total
eventrain)at theoutletsof KaiboandHorizontesfor thecalibration( 3 ) andvalidation
( 1 ) data.

Spatial prediction

Spatialpredictionsof overlandflow deptharemade,usingthe modelof Equations3.7 and3.8,
the datadescribedin Sections2.2 and2.3, andthe relationsshown in Figures3.1 and3.2. The
observationsusedto establishtherelationsin Figures3.1and3.2andtheparametersof Table3.2
arenotusedin thepredictions.
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Figure3.4:The differencebetweenobserved andpredicteddischarge ratiosover time for Kaibo
andHorizontes.

Theresultsfor theseasonalaverageoverlandflow ratio areshown in Figures3.5and3.6,and
theresultsfor earlyandlateseason,aswell asfor low andhighrain intensityareshown in Figures
3.7and3.8. In thesefiguresthecolorscaleis variedto focuson thespatialpatterns(i.e. theeffect
of soil andvegetation),ratherthanon the differencesbetweenthe figures. Seasonalityappears
to effect the impactof vegetationaswell assoil. Especiallytheeffect of vertisolsin bothKaibo
andHorizontesis striking: in early seasonoverlandflow is very low, whereasin lateseasonthe
overlandflow on theseis high. In addition,theeffectof crops/treesfor Kaibo/Horizonteschanges
markedly over the season.In early seasonoverlandflow is lower thanaverage,whereasin late
seasonit is higher thanaveragefor thesevegetationclasses.It is noteworthy that the RRMSE
of the prediction,which was obtainedthroughcrossvalidation is in many casesonly slightly
higherthantheeffectiveobservationerror(seeTable2.10),whichimpliesthatthemodelperforms
relatively well. In additionit turnsout that the relative RRMSEis oftenhigh for small overland
flow ratios(especiallyin earlyseasonandfor low rain intensities).This impliesthatmodelerror
increaseslesswith thepredictedvalueasobservationerrordoeswith observedvalues.

Extrapolating overland flo w and disc harge obser vations

The ultimate test of the suitability of the soil, vegetationand topographicclassesis by testing
the predictive capabilitiesof the observationsat oneof theseclassesnot throughinterpolation,
but throughextrapolation. Herean attemptis madeto performsuchtests. Spatialextrapolation
is appliedby usingthe observationsfor the Horicajo sub-catchmentto make predictionsfor the
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Figure3.5:Predictedaverageoverlandflow ratioandRRMSEover theseasonfor Kaibo.
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Figure3.6:Predictedaverageoverlandflow ratioandRRMSEover theseasonfor Horizontes.

sameeventsover theentireHorizontescatchment.Theprocedurefor this spatialextrapolationis
asfollows.

1. Overlandflow depthanddischargearecalculatedonthebasisof theobservationsin Horicajo
for thevariousspatialunits (formedby thesoil-vegetationclasses),wherebythe observa-
tionsusedfor parameterization(viz. Figures3.1,3.2andTable3.2)areomitted.

2. Thevaluesobtainedfor eachspatialunit areassignedto thecorrespondingspatialunits in
theHorizontescatchment.

3. The averageoverlandflow depthand discharge valuesare calculatedfor the threeother
sub-catchmentsof Horizontes(codedasresp.c, d andb & e togetherin Figure2.13).

4. Theestimatedsub-catchmentvaluesarecomparedto theobservedoverlandflow depthsand
dischargevaluespersub-catchment.

Thepredictive capabilitieswith regardto both discharge andoverlandflow areshown in Figure
3.9. The124datapointsin theleft-handgraphresultfrom 31 eventsover 4 sub-catchments,and
the42 pointsin the right-handgraphfrom 6 soil-vegetationunitsover 7 events. It turnsout that
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Figure3.7:Predictedaverageoverlandflow ratio andRRMSEfor low/high rain intensitiesand
early/lateseason,Kaibo.

thepredictionof discharge in theothersub-catchmentsof Horizontesby applyingthemodelde-
rived for Horicajo is quite well possible. Note that discharge predictionis possibleby the last
part (Equation3.5) of the total overlandflow regressionmodel (Equation3.6). In contrast,the
extrapolationof overlandflow givesworseresults.A possibleexplanationfor thisphenomenonis
thatdischarge is determinedby two lateralflow components,viz. overlandflow andsub-surface
flow, wherebythe total lateralflow is easierto predictthanthatof oneof its components.Alter-
natively, this discrepancy canbe attributedto the relative low overlandflow observation density
over Horizontes(i.e. a shortcomingin themeasurementlayout). Sincethereis no evidencefor a
differentpartitioningof thelateralflow componentsin Horicajocomparedto Horizontes,thelast
explanationseemsmostlikely.

3.5 Discussion and Conc lusions

Combining diff erent obser vations with a regression appr oach

The regressionmethodpresentedin this chapterties up differentkinds of observationssuchas
manuallyobserved overlandflow heights,overlandflow in collectorsandcatchmentdischarge,
via a two stepapproach:1) by usinglinearandnon-linearmeasurementequationsto relateeach
observedquantityto thetotal-eventoverlandflow height,and2) by combiningtheseoverlandflow
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Figure3.8:Predictedaverageoverlandflow ratio andRRMSEfor low/high rain intensitiesand
early/lateseason,Horizontes.

heightobservationsfrom differentsourcesin a linearproblemwith inequalityconstraints.In spite
of theconsiderableobservation errors(seeTable2.10),a uniquesolutioncanbe foundby using
amini-maxcriterion.Themethodis computationallyvery simple,whichallows its applicationto
largedatasetsandthecalculationof themodelperformancevia cross-validationasexplainedin
Section3.2.

Spatial predictions

It seemsfeasibleto spatiallypredictoverlandflow occurrencewith the proposedregressionap-
proach.Notwithstandingthesubstantialpredictionerrors(notethattheseareexpressedasrelative
rootmeansquarederror, seeEquation2.1),thesedonotovershadow theinformationcontainedin
the overlandflow predictions.Distinguishingbetweenearly andlate seasonaswell asbetween
high andlow intensityrain contributessubstantiallyto this result.This is shown by thereduction
of the predictionerror when applyinga seasonalbreakdown or a breakdown accordingto rain
intensity, relative to thepredictionerrorwhenusingasinglemodelfor theentireseason.Thesub-
divisionsalsoprovidesomeinformationabouttheprocessesthatcauseoverlandflow in theareas.
In Kaibo overlandflow depthsarein particularhigh in lateseasonon shallow soilswith a shrub
vegetation,andwith high rain intensitieson vertisolsandshallow soils with a shrubvegetation.
Low overlandflow depthsareencounteredon vertisolsin early seasonandon deepsoils at low
rainintensities.Apparently, saturationof thetop-soiloccursontheshallow soilsin lateseasonand
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Figure3.9:Therelationbetweenpredictedandobserveddischargeandoverlandflow ratios.Pre-
dictionsarebasedonextrapolationof observationsin Horicajo.

intense-rainfall situations.Theshrubvegetationoccursrelatively oftenin combinationwith shal-
low soilsandis associatedwith a relatively smoothandcompactsoil surface,which hasa lower
infiltration capacitythantheequivalentsoilsunderarableland. In Horizontesit arein particular
theshallow soils thatproducehigh overlandflow depths,low overlandflow depthis encountered
onvertisolsin earlyseasonandondeepsoilswith treesat low rain intensities.

The static model as a predictive tool

The possibility to usethe model for predictive purposeswas investigatedin Section3.4. The
limited test(a split-catchmentapproach)for Horizontesshowed that the predictionof discharge
waspossiblebut thatoverlandflow predictiongave unsatisfactoryresults.The failure to predict
overlandflow sufficiently well was attributed to the low observation densityof overlandflow
depthin Horizontes.Unfortunatelysucha testwasnot possiblein Kaibo wheretherewasonly
onedischargemeasurementlocation.In view of theseresultsit is difficult to assessthepredictive
powerof thestaticmodelpresentedhere.At thispoint thequestionis relevantwhetheradifferent
modellingapproachwouldnotbemoreappropriatefor thispredictivepurposes.A dynamic(semi-
) distributedmodelwould be thenaturalcandidate,given thewidespreadavailability anduseof
thesemodels.Thesemodelswill however beequallydifficult to evaluatefor predictive purposes
for the reasonsgiven above. In the next chapterhowever, an attemptis madeto investigateand
predictoverlandflow with a distributedmodel.
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4 Anal yzing overland flo w with a parameter
distrib uted model

4.1 Intr oduction

It hasbeenexplainedin Chapter1 thatoverlandflow is definedasthatpartof surfaceflow which
hasyetnotenteredchannelsof agivensize.It maybecausedby saturationof thesoil from below
(saturationexcess)or above (infiltration excess). The conditionsunderwhich either infiltration
excessor saturationexcessmay leadto overlandflow have beenstudiedin depth(Dunneet al.,
1975),andin additionthequantitativedescriptionof overlandflow hydraulicshasreceivedconsid-
erableattentionin hydrology(e.g.Emmett,1970;MooreandFoster, 1990;ParsonsandAbrahams,
1992;Stoneetal.,1996).It wasalsoarguedin Chapter1 thatinfiltration andoverlandflow routing
havebeencommoncomponentsin distributedparametermodelsof catchmenthydrologysincethe
latesixties.Thefactthatfunctionalrelationsaswell assolutionschemesusedin thesemodelsre-
mainedlargely unchangedsincetheir conceptionin theearlyseventiescouldbeinterpretedasthe
relative matureunderstandingof this partof thehydrologicalsystem(e.g.Crawford andLinsley,
1966;Dooge,1973). However, in spiteof theunderstandingof theseprocessesat theplot-scale,
andtheavailability of distributedparametermodelsa quantitative predictionof overlandflow or
evena qualitative predictionof overlandflow patternsat thecatchmentscaleis not easilymade.
A mainreasonfor this is the largeheterogeneityof the factorscontrollingoverlandflow in com-
binationwith the limited ability to measurethesefactors(deLima, 1989). This heterogeneityis
believed to be especiallyapparentin dry catchmentswith a pronouncedseasonalclimate(Gan
etal., 1997).In contrastwith thedistributedobservationof atmosphericprocessesandsomemore
staticpropertiesof the earthsurfacethroughremotesensingtechniques,very little progresshas
beenmadein observinglateralwaterfluxesat thelandsurface.Whenconsideringoverlandflow,
it appearsthatonly saturation,discharge at thedownslopeendof slopesor theredistribution of a
tracerhave beenmeasuredin a few field experiments(e.g.Abrahamset al., 1986,1989;Burt and
Butcher,1986;Scoging,1992a).Thesevariablesareonly indirectly linkedto overlandflow depth,
durationor extent. Sothereis a kind of deadlockin bothobservation andmodellingof overland
flow: distributed modelsarebelieved to be finished(at leastconceptually)but unfortunatelyof
little purposedueto datascarcity. This impliesthereis, in general,no reasonto collectfield data
from botha scientific(thesystemis understood)or anengineering(themodelrequiresexcessive
amountsof field datafor applications)viewpoint.

In this Chaptersomeof theunderlyingpremisesleadingto this stalematearecritically inves-
tigated,concentratingon thetwo catchmentsthathave beendescribedin Chapter2. A distributed
parametermodelfor overlandflow predictionin thesecatchmentsis proposedandwith regardto
thismodelthreequestionsareinvestigatedin particular:

1. Canthemodelbecalibrated,in thesensethata setof nearlyoptimalparametersis derived
whichwhichcanbeusedfor predictive purposes?

2. How doesthe proposedmodel for overlandflow comparewith the alternative regression
approachoutlinedin Chapter3?
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3. Doesthemodelreproducesomeof thespatialheterogeneityof overlandflow?

This Chapteris organizedasfollows. In section4.2 theoverlandflow modelandits parameter-
ization is outlined. This is followed by an explanationof the calibrationprocedureemployed.
Then,in section4.4,thevalidity of themodelis testedonthebasisof dischargeandoverlandflow
observations.In Section4.5overlandflow patternsin spaceandtime areanalyzedandcompared
to thoseof Chapter2. Thespatialheterogeneityof thepredictedoverlandflow is comparedto that
of theobservationsin Section4.6.Finally, resultsarediscussedin Section4.7.

4.2 Model description

Thespatialdistribution, coverageanddepthof overlandflow hasbeenobserveddirectly for only
a limited numberof events.Thereforean integrative framework is requiredto usetheremaining
data,mainly discharge but alsoinformationfrom infiltration experiments,to infer overlandflow
from theindirectobservations.For this purposea distributedoverland-flow modelis used,which
will bedescribedhere.

Theoverlandflow modeldescribesinfiltration by asimplifiedGreen-Amptinfiltration model

r 4 x5 t 6 # A4 x5 t 6�1 b4 x6
t

(4.1)

wherer 4 x5 t 6 is theinstantaneousinfiltration ratein mmmin7 1, A4 x6 thefinal infiltration rateafter
a long periodof rain in mmmin7 1, b4 x6 thesoil moisturestoragefill in mmandt is time afterthe
startof a rainfall event in min. Thesoil moisturestoragefill b4 x6 is assumedto bea functionof
thefollowing antecedentwetnessindex

b4 x6 # B4 x6
P4 x6 10

∑
k8 1

P4 x5 k 6
k

(4.2)

wherek is an index indicatingthedayprecedingtheevent,P4 x5 k6 is therainfall at dayk in mm,
P4 x6 is the averagerainfall over the decadeprecedingthe event, andB4 x6 is the soil moisture
storagefill for averagedecaderainconditionsin mm.

Rainexcess,e4 x5 t 6 , is definedas

e4 x5 t 6 # p4 x5 t 6�2 i 4 x5 t 6 (4.3)

wherep4 x5 t 6 is rain ratein mmmin7 1.
Thecontinuityandflow equationaregivenby

∂q4 x5 t 6
∂x

1 ∂h4 x5 t 6
∂t

# e4 x5 t 6 (4.4)

q4 x5 t 6 # h4 x5 t 6 gh4 x5 t 6 sin4 β 4 x6�6
12f 4 x5 t 6 (4.5)

with

f 4 x5 t 6 # f a4 x6�2 h4 x5 t 6
f b4 x6 (4.6)

whereq4 x5 t 6 is unit width dischargein mm2 min7 1, h4 x5 t 6 is flow heightin mm, g thegravitational
constant:9810mms7 2, β 4 x6 is theslopegradient(-), f 4 x5 t 6 theDarcy-Weisbachfriction factor,
f a4 x6 is the intial friction (-) and f b4 x6 the rate of friction loss with increasingflow depthin
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mm. Notethat gh9 x$ t : sin9 β 9 x:;:
12f 9 x $ t : in equation4.5 representsflow velocity, V 4 x5 t 6 , in mmmin7 1. For

solvingthissystemof equationsasimplebackwardsdifferencefinite differencesolutionis used:

q4 x5 t 2 ∆t 6�2 q4 x 2 ∆x5 t 2 ∆t 6
∆x

1 h4 x5 t 6�2 h4 x5 t 2 ∆t 6
∆t

# e4 x5 t 6 (4.7)

Whichyieldsafterrearrangement,andsolvingfor d 4 x5 t 6 :
h4 x5 t 6 # h4 x5 t 2 ∆t 6�1 e4 x5 t 6 ∆t 1 ∆t

∆x

<
q4 x 2 ∆x5 t 2 ∆t 6�2 q4 x5 t 2 ∆t 6>= (4.8)

Initially, theflow depthatt # t0 1 ∆t isdeterminedentirelyby e4 x5 t 6 , sinceinflow attheboundaries
is zero. Routingover thesurfaceis doneby a drainagenetwhich is calculatedaccordingtheD8
algorithmby O’CallaghanandMark (1984).

Theaboveschemeappearsto bestablefor thespatio-temporaldiscretizationof 20 ? 20m and
10s,sothatapplicationof morecomplex differenceschemes(e.g.aLax-Wendroff scheme)is not
required.Thespatialresolutionimpliesa problemwith 6800statevariablesfor Kaibo and8000
statevariablesfor Horizontes.Themodelis aclassII model(seesection1.3) in which infiltration
is describedempirically, lateralsubsurfaceflow is absentandoverlandflow is representedby the
kinematicwaveapproximation.Thesoil andvegetationclasses(seeFigures2.10,2.4)areusedfor
parameterzonation(i.e. for eachclassa singleparametervectoris allowed). Thesoil-vegetation
classesarelistedin Table4.1andabrief descriptionof thefour modelparametersis givenin Table
4.2.

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

code soil vegetation/ landuse
1 deep,vertic non-trees/ arableland
2 deep,vertic trees/ shrubland
3 deep,non-vertic non-trees/ arableland
4 deep,non-vertic trees/ shrubland
5 shallow non-trees/ arableland
6 shallow trees/ shrubland

Table4.2:Parametervaluesassumedto beconstantfor theoverlandflow model.

code unit description
fa 2 initial Darcy-Weisbachfriction
fb mm rateof lossof friction with increasingoverlandflow depth
A mmmin7 1 infiltration parameter:final infiltration rate
B mm infiltration parameter:soil moisturestoragefill

4.3 Model calibration

It is well-known thata mini-maxsolutionasin Section3.2cannotbeeasilyfoundfor non-linear
models,asthemodeldescribedby Equations4.1 to 4.6. Thereforethemodelhasbeencalibrated
using an 2-norm, weighting all observationsequally and using the (direct) controlledrandom
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Table4.3:An overview of themodelentitiesto which thevariousobservationsarematchedin the
calibration.

modelunit
observations time space matchingwith

qc discharge-
catchment

1 min grid cella catchmentoutlet

qp discharge- plot 1 min grid cell grid cellswith upslopereachesof similarsize
with similar soil andvegetation

oh overlandflow -
height

2 min grid cell grid cellswith upslopereachesof similarsize
with similar soil andvegetation

oc overlandflow -
collectors

event vegetation
unit

correspondingvegetation,using the number
of full overlandflow collectorsandFigure3.2

op overlandflow -
paths, zero cover-
age

event grid cell grid cellswith upslopereachesof similarsize
with similar soil andvegetation

op overlandflow -
paths, maximum
coverage

event slopereach upslopereachesof similar size with similar
soil andvegetation,usingmaximumcoverage
andFigure3.1

s watertabledepth event slopereach upslopereachesof similar sizeandwith sim-
ilar soil andvegetation

w soil moisture event grid cell grid cellswith similarupslopereachesof sim-
ilar sizeandwith similar soil andvegetation

aonly at thecatchmentoutlet

searchmethodintroducedby Price(1979)with thesoftwaredescribedin Stol et al. (1992). The
reasonfor usingadirectsearchmethod,asopposedto derivate-basedoptimizationmethods,is that
theformeris morerobust (e.g.JohnstonandPilgrim, 1976;Hendricksonet al., 1988;Sorooshian
et al., 1993). Table4.3 lists to which modelunits the variousobservationsarematched.More
specifically, Table 4.3 gives the units over which the observationsare averagedwhen usedas
calibrationdata.Clearly, very few modelunitswill correspondexactly with theobservation unit
in termsof upstreamarea,soil, andvegetationtype. On theotherhand,it is undesirableto usean
observationonly for matchingat a singlegrid cell, sincethis leavestheparameterizationproblem
extremelyill-conditioned(e.g.Duanetal., 1992).To solve thisproblemasimilarity index is used
to determinethedegreeof correspondencebetweenanobservationunit with modelunitsat other
locationsin thecatchment.Theupstreamareaandsoil-vegetationclassesareusedfor thispurpose.
Thesimilarity index is calculatedasfollows.

Si $ j # ∑6
c8 1 Aobs$ i $ c 2 Amod$ j $ c

Amod$ j
2

(4.9)

whereSi $ j is thesimilarity index for observation i andgrid cell j. Theindex c ( # 1.@.@. 6) indicates
oneof thesix soil-vegetationclasses.Amodj (in m2) is theupstreamareafor grid cell j. Aobs$ i $ c
(in m2) is theareaof soil-vegetationclassc within theupstreamareaof observation i; andAmod$ j $ c
(in m2) is theareaof soil vegetationclassc within theupstreamareaof modelgrid cell j. Only
thosegrid cells j areconsideredthathave anupstreamareacloseto Ai , i.e. A j

# Ai A tolerance.
In this studythetoleranceis setto 0. 1Ai . Theweightattributedto anobservation i in determining
thevalueof amodelunit j is inverselyproportionalto Si $ j . Theuncertaintiesassociatedwith each
of themodelvariablesaretaken from Table2.10. As notedpreviously, thealgorithmchosenfor
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modelcalibrationis a controlledrandomsearchprocedurewith constraintson theparameters.It
graduallyimprovesaninitial setof parametersby replacingtheworstparametervectorfrom theset
by abetterone.Optimizationis donefor six timesfour parameters(fa, fb, A andB, seeEquations
4.1, 4.2 and4.6), onefor eachsoil-vegetationunit. After calculatingfor eachobservation i and
all grid cells j thesimilarity indicesSi $ j (Equation4.9),theparametervectorθ # <

f a5 f b5 A5 B= for
eachsoil-vegetationunit is derivedin thefollowing way.

1. Generatearoundeachinitial parametervector, 103 new vectorsusing a latin hypercube
samplingscheme.

2. Determinetheperformanceof eachparametervectorby thefollowing performanceindex

C : # I

∑
i

J

∑
j

predi $ j 2 obsi
Si $ j 2 0 B 5

whereI the total numberof observations;J is the total numberof grid cells; predi $ j is the
modelpredictionrelatedto observation i for grid cell j; obsi is observation i; andSi $ j is
asdefinedin Equation4.9. Thebestperformingparametervectoris indicatedby θb, with
performanceCb, theworstperformingparametervectorby θw with performanceCw, andthe
averageparametervectoris indicatedby θ with performanceC.

3. A new parametervector is generatedbasedon the following procedure:a) oneparameter
vectorθ is chosenrandomlyout of theexisting vectors,b) an averageparametervectorθ
is calculatedon thebasisof theexisting parametervectorsminustheselectedvector, c) the
new parametervectoris calculatedby θn

# 2θ 2 θ.

4. If thegeneratednew parametervalueis outsidethehypercubedefinedby theparameterset
bounds,a new setof parametervaluesis generated(step1), usingtheup-to-datehyperbox
(seestep6).

5. CalculateC for θn (Cn 6 , andreplacethe worst-performingparametervectorθw with θn if
Cn C Cw.

6. Re-calculatetheenclosinghyperboxfor thenew setof parameters.

7. Repeattheprocedurefrom step4, until dC
dθ 2 D Cw 7 Cb

Cb
(the2-normof thefirst derviateof

C with respectto thecalibratedparametersbecomessmallerthanastop-criterium).

After deriving the parametervector setsfor the six soil-vegetationunits (in a randomorder),
the seven-stepprocedureis repeatedseveral times,therebyagainselectingthe orderof six soil-
vegetationunits randomlyandeachtime randomlyselectingvaluesfrom theexisting optimized
parametervectorsetsasinitial values.Theinitial parametervalues,which arelistedin Table4.4,
aredeterminedonthebasisof observationson1m2 runoff plotsin Kaiboandwith aGuelphperme-
ameterin Horizontes(seeSections2.2and2.3).Moredetailedinformationabouttheoptimization
procedureappliedhere,canbefoundin Hendricksonet al. (1988)andPrice(1979).

Themodelis calibratedandvalidatedfor bothKaibo andHorizontes.As calibrationdataat
first only the calibrationeventsindicatedin Table2.1 have beenusedfor Kaibo, andonly the
calibrationeventsindicatedin Tables2.2 and2.3 for Horizontes.Thereafterthe calibrationhas
beenrepeated,usingbothcalibrationandvalidationdatain Tables2.1,2.3 and2.2. For thecase
thatonly calibrationdataareused,theresultsareshown in Table4.4. Theresultsfor usingboth
calibrationandvalidationdataareshown in Table4.5. Thecalibrationis doneon thosetwo data
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setsfor two reasons:1) to investigatethedependenceof theoptimalparametervalueson thesize
of thecalibrationdataset,2) to enablethe intercomparisonwith the resultsin Chapter3, where
themodellingapproachrequiredall datato beusedfor calibration.Whencomparingtheresults,
in Tables4.4and4.5, it is striking how little thesediffer. Apparentlythereis not muchadditional
informationcontainedin hevalidationdataset.As shown in thetablestheinitial parametervalues
for thecalibrationprocedureareequalfor the two cases.Thesensitivity to this initial valuewas
also investigated.It appearedthat, whenselectinginitial parametervaluesin the range0.5 - 2
timesthevalueslisted in Table4.4,differentoptimumparametervectorswerefound. Therange
over which theoptimumparametervectorsvariedwasnot big. They werealwayslocatedwithin
the rangeof parametervaluesthat yield C 2 valueswithin 10% of Cb (theserangesaregiven in
Table4.4 aswell). The limits of thoserangeswerealwaysquite constantandinsensitive to the
initial parametervectors.Notethatall parametersareassumedto beconstantover time,which is
probablyawrongassumption,consideringsomeresultsthatwill bepresentedlater. In Section4.4
thevalidity of usingtheparameterrangesinsteadof singleparametervalueswill beinvestigated.

4.4 Model validation

Precedingthe interpretionof the model output, the model behaviour will be testedfirst. This
testing,which will subsequentlybecalledmodelvalidation,is in thefirst placedoneon basisof
thedischarge aswell asoverlandflow datafrom bothKaibo andHorizontes.This is followedby
anassessmentof theantecedentwetnessasarelevantfactorfor themodelon thebasisof Horicajo
data.Finally thesensitivity of thepredictionsto changesin theparametervaluesis evaluated.

Disc harge at the catc hment outlet

In Figure4.1 theevent totalsof predictedversusobserved discharge (asa fractionof total event
rain) areplottedandin Figure4.2 thedeviationsof thesepredictionsover theseasonareshown.
From theplotscanbe inferredthat discharge is not reproducedexceptionallywell (viz. Figures
3.3 and3.4). For bothKaibo andHorizontesthemodelslightly over-predictsfor low ratio’s and
under-predictsathigh dischargeratio’s. An analysisof thepredictionerrorsover time (seeFigure
4.2) revealsthat thepredictionfor bothcatchmentshasa negative bias,is skewed,andthat there
is no specialtrendover time or a demonstrableeffect of seasonalityfor Horizontes,but thatthere
is a strongnegative biasfor Kaibo in 1997.Especiallyfor Horizontesthevalidationdataseemto
bereproducedworsethanthecalibrationdata.

Toquantifythedeviationof predictionsfromobservationsthreestatisticalindicesareused:rel-
ative rootmeansquarederror(RRMSE),biasandthecoefficient of efficiency (Ef ) (Aitken,1973;
GreenandStephenson,1986;Guptaet al., 1998;NashandSutcliffe, 1970). The threestatistics
arelistedfor thecalibrationandvalidationrunsin Table4.6. It appearsthatfor thevalidationdata
considerablylower performanceis obtained,which pointsat the likely over-parameterizationof
themodel.Furthermorethetableshows thatthethreestatisticsarestronlgycorrelated.Therefore
only theRRMSEwill beusedasasummarystatisticin whatfollows.

Overland flo w depth at various resolutions

Thevalidationof themodelwith regardto its capabilityto predicttheoverlandflow depthis done
with the direct observationsof overlandflow (the observationsoh, oc andop in the ’validation
set’ of Tables2.1,2.2and2.3). In Figure4.3 thecorrespondencebetweentheseobservedentities
and the predicedvaluesare shown for three levels of spatialaveraging,i.e. averagesfor: 1)
singlegrid cells (oh) or for upslopereaches(oc andop); 2) soil-vegetationunits;and3) anentire
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Figure4.1:Observedversuspredicteddischargeratios(eventtotalsof dischargeasfractionof total
eventrain)at theoutletsof KaiboandHorizontesfor thecalibration( 3 ) andvalidation
( 1 ) data.

catchment.Not surprisingly, for increasinglevelsof spatialaveragingthecorrespondencebetween
observationsandpredictionsincreases(seeFigure4.3). The relatively large improvementwhen
moving from the singlegrid cell or upslopereachto an averagefor the soil-vegetationunit, in
comparisonto thatfor moving from thesoil-vegetationunit to thecatchmentis striking. It implies
thatthesizeof soil-vegetationunitslevel outa largeparttheheterogeneitythatis not capturedby
thedistributedmodel.

In spiteof theconsiderablescatterwhenconsideringtheaggregationlevel of thegrid cell or
upslopereach,in all casesthecorrelationbetweenobservedandpredictedoverlandflow ratiosis
quitelargeandgivesno reasonto rejecttheproposedmodelasimproperfor thesystemathand.

The effect of pre-event wetness

Pre-event wetness(sometimesalsocalledantecedentwetnessin thehydrologicliterature)is ex-
plicitly incorporatedin the model via Equation4.2. The fact that this term is commonlynot
encounteredin similar parameter-distributed models(seeSection4.7) raisesquestionsaboutits
usefulnessor validity. Theeffect of pre-event wetnesson overlandflow is studiedhereonly for
Horicajo,sincethis is theonly sitewheretheinitial soil moisturecontenthasbeenmeasuredover
a densenetwork. In Figure4.4 the relationbetweenpre-event soil moisturein the top 20 cm of
a grid cell (an averageof several TDR observationsin that grid cell up to two daysbeforean
event,seeSection2.5) andpredictedoverlandflow depthfor thatgrid is shown for differentsoil
andvegetationunits in the two figuresat the left. In the two figuresat the right the samerela-
tion is shown but now with theaveragepre-eventsoil moisturecontentof theentireareaupslope
from thegrid cell whereoverlandflow is observed. Therelationpicturedin Figure4.4 is in fact
stronglysupportingthe assumptionthat pre-event wetnessis positively relatedto overlandflow
(via Equation4.2 it doessoby reducingthe infiltration) for all soil andvegetationtypes(at least
for Horicajo). Furthermoreit is shown thatthepre-eventsoil moistureconditionof theentireup-
slopeareais muchbetterrelatedwith the overlandflow depthat a downslopegrid cell thanthe
soil moistureconditionof the grid cell itself. Especiallythis last observation is a new insight.
However a soil moisture- overlandflow relationshiphelpsto understandtheoccurenceof over-
landflow, it doesnot provide a meansto observe overlandflow indirectly becausesoil moisture
observationsover largevolumesarecostlyandperhapsevenmoredifficult to acquirethandirect
overlandflow observations(vanLoon andTroch,2002).This becomesevenmoreapparentwhen
thetemporalchangeof soil moistureis consideredfor thedifferentsoil units.Figure4.5illustrates
this by showing therangesandaveragesof observed soil moisturecontentfor the threedifferent
soil classesconsideredin this study. Thesoil moisturecontentof e.g. theshallow soils maybe
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Figure4.2: Thedifferencebetweenobserved andpredicteddischarge ratiosover time for Kaibo
andHorizontes.

considerablyhigherthanthatin theothersoilsover thefirst partof theperiod,whereasit is lower
in thesecondpartof theperiod.A similar observationcanbemadewith regardto thefluctuation
in soil moisturecontent(for vertic soilsit is lessvariable).

Otherrelationshipsbetweenpre-eventconditions(especiallypropertiesof thesoil surfacesuch
asroughness,cracksandthepresenceof a crust)andoverlandflow maybeestablishedandshow
anevenstrongerrelationshipthanthatof pre-eventwetness(especiallyso for Kaibo). However,
therearenot sufficientdataavailablein thisstudyto establishsuchrelationships.

Sensitivity to variation in parameter values

It hasbeenpointedout in Section4.3 that the model is most likely over-parameterizedin the
sensethatonly a near-optimumparameterfit canbeestablishedmoreor lessobjectively through
hyperboxes(i.e. parameterrangesfor eachof theparameters,seeTables4.4 and4.5). Herethe
effect of this over-parameterizationis investigatedin termsof predictionaccuracy. This is done
by selectingrandomly10.000parametervectorsfrom therangeslistedin Table4.4,subsequently
predictingwith eachparametervectoranddeterminingthe RRMSE(on the basisof the valida-
tion dataasdescribedpreviously) for eachprediction,andfinally averagetheRRMSE.Another
techniqueemployedis to usetheparametervectorsfor prediction,thenaveragethepredictionsat
eachtime instant,andfinally determinetheRRMSEfor theaverageresult. In Table4.7 the two
methods(indicatedas’range’and’ensemble’)arecomparedwith theresultobtainedwhenusing
thesingle’optimum’ parametersetfor thepredictionof discharge.Thepredictionwith theparam-
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Figure4.3: Correspondencebetweendistributed overlandflow observationsandmodelpredic-
tionsat threeresolutionsfor HorizontesandKaibo.

etersfrom theparameterrangeis only slightly worsethanthatwith the ’optimum’ value. Much
moreinterestingis thefact that theensemblepredictionis smallerthat the’optimum’ prediction.
Apparently, theparameterrangecontainsmoreusefulinformationthanthesingle’optimum’ pa-
rametervector. This result implies that an ensemblemethodshouldbe usedfor predictingwith
thismodel.Paradoxically, theimplicationis thatalthoughthemodelis over-parameterized,it does
in this casenot devaluatethemodelpredictive capabilites.It is quite likely that therearestrong
correlationsin theparameterspace,leadingto lower-dimensionalsub-spaces.If suchstructures
canbeidentifiedandsamplingfrom theseis facilitated,it is possibleto considerablyenhancethe
predictive capabilitiesof themodel(e.g.KeesmanandvanStraten,1990).With thelimited setof
observationsavailablefor this studysuchanidentificationis unfortunatelynot feasible.

Diff erences between split-sample and cross-v alidation

It hasbeenoutlinedin Section4.3 that theuseof only a limited dataset(labeledas’calibration’
datain Tables2.1,2.2and2.3)doesnotleadto inferior modelresultsin comparisonto usingmuch
moredata(both’calibration’ and’validation’ data).For validationtheuseof oneor theotherdata
setmayhave quite significantresults. In casethevalidationdatais reserved for validationonly,
both split-sampleadncross-validation is possible. If this validationdatais alreadyusedduring
calibration,only cross-validationcanbeappliedto evaluatemodelperformance.In Chapter3 the
entiredataset was requiredfor calibration,andasa result crossvalidationwasapplied. With
thedistributedmodelusedhereit waspossibleto calibratethemodelon boththecalibrationdata
setor the entiredataset. On the basisof thesetwo calibrations,the differencesbetweensplit-
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Figure4.4:Therelationbetweenpre-eventsoil moisturecontentaveragedover a modelgrid-cell
(left) or areaupslopefrom thatgrid-cell (right) andobserved eventaverageoverland
flow ratio for that grid-cell, consideringdifferent soil andvegetationunits (the cat-
egoriesfor ’shallow soil’, areomittedbecausetherearerelatively few soil moisture
observationson thisunit). All observationsarefor Horicajo.

sampleandcross-validationareinvestigated.In Table4.8 the resultsareshown. It appearsthat
the two validationtechniquesleadto resultswhich arequite close. It is importantto noticethat
(absolute)RMSE valuesfor the split-sampleandcross-validation techniquesaredivided by the
sameaveragedobserved valuesto obtain the RRMSE.Sincesplit-samplevalidationprovidesa
strongertestover timewhereascross-validationgivesastrongertestoverspace,this resultimplies
that variability in both spaceandtime mustbe equally important(seethe discussionon this in
Section3.5). A bettervalidationdataset(which shouldleadto higherRRMSEvalues)may be
constructedby samplingfrom spaceaswell as time. An importantresult is that both ways to
validateleadto similarresultssinceit impliesthattheresultsfrom theregressionmodelin Chapter
3 canbecomparedwith thosehere(seeSection4.5)andin subsequentchapters.

4.5 Overland flo w patterns in space and time

Relation between overland flo w and static catc hment proper ties

Alreadyprior to modelcalibrationthespatialsubdivision of thecatchmenthasbeenimposedin
orderto yield a usefulparameterization.This simplesubdivision into six homogeneouszonesof
parametervaluesdoeshowever not imply that the spatialpatternof overlandflow occurenceis
relatedin a simpleway with thesezones.This is partly dueto rain heterogeneity, andevenmore
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Figure4.5:The changeof soil moisturecontentfor differentsoil types. The vertical solid lines
indicatethe rangeof soil moisturecontentfor deepsoils with vertic properties,the
vertical dottedlines indicatethevaluesfor deepsoilswith non-vertic properties,and
the the shadedareaindicatethe valuesfor shallow soils. The symbols(+, E ando)
indicatetheaveragevaluesfor therespective soil types.

throughtopographiceffects.Thispoint is illustratedwith Figures4.6and4.7thatgive theaverage
overlandflow mapsover theentirewetseasonfor KaiboandHorizontesrespectively.

Whencomparedto Figures2.3, 2.4, 2.9 and2.10,Figures4.6 and4.7 suggestthat in Kaibo
especiallyvegetationand soil factorsare correlatedwith overlandflow occurence,whereasin
Horizontestopography(in this caserepresentedby thetopographicindex) is muchmorerelated.
However theserelationshipscannotcompletelyilluminate the driving forcesof overlandflow,
sincethereare significantcross-correlationsbetweenthe varioustopographic,soil and vegeta-
tion factors,it givesa qualitative ideaaboutthedifferencesbetweenthedifferentenvironments.
Consideringthe relative similarity in soils betweenthe two catchments,probablythe dryer av-
erageconditionsin combinationwith soil tillage activities on arableland in Kaibo causethese
differences.This hypothesisimpliesthatin wet late-seasonconditions,Kaiboshouldalsodisplay
moreinfluencefrom topography. Whensplitting the outputdataaccordingto seasonor rain in-
tensity, applying the samesubdivision as in Chapter3, it appearsthat indeedin dry conditions
soil andvegetationunitsarethemaindeterminantsof overlandflow, whereasin wettersituations
topographiceffectscomeinto play. Overall, topographicinfluencesremainstrongerin Horizontes
thanin Kaibo(seeFigures4.8and4.9).Themoststrikingcharacteristicof thesemapsarethevery
differentpatternsbetweenearlyandlateseasonaswell aslow andhigh rain intensity. This rein-
forcesthesuggestionthatprobablydifferentparametrizationsfor eachof thesesituationswould
leadto bettermodelresult. However, aswasalreadynotedin Section4.2, thedatasetpresently
availablecontainsnot sufficient informationto supportsuchaparametrization.

Thebest(qualitative) explanationfor theobserveddifferencesbetweentheearlyandlatesea-
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Figure4.6:Predictedaverageoverlandflow ratioandRRMSEover theseasonfor Kaibo.
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Figure4.7:Predictedaverageoverlandflow ratioandRRMSEover theseasonfor Horizontes.

sonsis the pronounceddry seasonin combinationwith the vertic propertiesof somesoil units.
First of all thereis thestrongvegetative developmentover theseason,in closeinterplaywith the
activity of soil macrofauna. And secondlythereis the strongchangeof both storagecapacity
andpermeabilityof vertic soils with increasingwetness.In early season,whenthe soil is dry,
the cracksin the soils with vertic propertiesreducethe level of overlandflow considerably. In
lateseasonwhenthesoilsarewetterandcrackshave disappeareda reversesituationexists, then
soilswith vertic propertiesshow a higherlevelsof overlandflow becauseof very low infiltration
capacities.Shallow soilstendto producealwaysmoreoverlandflow thanthedeepersoils.

Whencomparingtheoverlandflow predictionsasshown in Figures4.8 and4.9 to thosedis-
playedin 3.7and3.8respectively, therelativedifferences(especiallyin RRMSE)areeyecatching.
The RRMSEis for many soil-vegetationunits almosttwice aslarge for the modelemployed in
thisstudyin comparisonto theregressionmodelof Chapter3.

4.6 Spatial heter ogeneity , predicted and obser ved

In Figures4.11to 4.14a moredetailedanalysisof thespatialpatternsof observedandpredicted
relative overlandflow depthsis shown. In thesefigurestheobservedandpredictedoverlandflow
ratiosaregivenfor thefour transectsin Horicajo. In Figure4.10thelocationandthedirectionof
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Figure4.8:Predictedaverageoverlandflow ratio andRRMSEfor low/high rain intensitiesand
early/lateseason,Kaibo.

thefour transectsareshown. Thethreeupperplotsin Figures4.11to 4.14displayingtheobserved
andpredictedrelative overlandflow depthsfor threeevents,andthelowestplot shows theeleva-
tion, upslopeareaandsoil-vegetationtypesfor the transect..Figures4.11to 4.14reveal thatde-
viationsbetweenobservedanpredictedoccuratall elevations,upstreamareasandsoil-vegetation
types. The mostextremedeviations arehowever seenat relatively high averageoverlandflow
depths. The figuresillustrate that the spatialvariability of the observed overlandflow depthis
higher thanthat of the modelpredictions. In spiteof theseshortcomingsin the predictionsthe
overlandflow levelsarereasonablyreproducedatacoarseresolution,exceptfor eventthreewhere
the overlandflow depthis consistentlyover-predicted. It is notablethat for this third event the
spatialvariability for bothmodelpredictionsandobservationsarehigherthanfor theotherevents.
It canbe seenfrom the figuresthat the predictedoverlandflow patternsfor the threeeventsare
moresimilar thantheobservedpatterns.Overall it canbeconcludedthatat thegrid-scaleoverland
flow is notpredictedverywell. In spiteof this, therearestill interestingcorrespondencesbetween
observedandpredictedoverlandflow patternsasexplainedabove.
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Figure4.9:Predictedaverageoverlandflow ratio andRRMSEfor low/high rain intensitiesand
early/lateseason,Horizontes.

4.7 Discussion

Model form, its calibration and validation

The modelchosenherehastwo main featureswhich distinguishesit from mostotheroverland
flow models(e.g.deLima, 1989;Scoging,1992a;FlanaganandNearing,1995).

1. it hasrelatively few parameters,which is achieved by neclectinglateralsub-surfacepro-
cessesandusinga limited numberof soil-vegetationclassesfor parameterzonation;

2. it is event-basedbut explicitly andin asimpleway incorporatesthepre-eventwetnessin its
parameterizationof infiltration (viz. Equation4.2).

For calibrationusehasbeenmadeof asimilarity index, in orderto matchobservationswith model
variablesat distant locationsbut with supposedlysimilar featuresdue to a correspondencein
upstreamarea,soil andvegetationtype. It is importantto notethatthisproceduredoesnotaddas-
sumptionsto themodel,sincetheparametervalueswerealreadylinkedto thesamesoil-vegetation
units. It canbeseenasa sophisticatedway to usetopographic(upstreamarea)aswell assoil and
vegetationinformationto regionalizelocal state-observations.It is notablethatthepre-eventwet-
nesswasnot includedin theinitial versionsof themodelpresentedhere.It hasbeenimplemented
afterearlierversionsof model,with muchmoreparameters,hadbeenevaluatedanddid not per-
form well. The fact that the useof the zonationandthe pre-event wetness,which both causea
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Figure4.10:The locationanddirectionof the four transectsalongwhich overlandflow heights
wereobservedin Horicajo(seealsoFigure2.14).

coarseningof theeffective modelresolutiondid prove to besuccessfull,is an indicationthat the
distributedmodelmightbedefinedat a toofine resolution.

Model validationshowed that discharge is not predictedvery well by the distributed model
(Figures4.1and4.2versus3.3and3.4). At thesizeof thegrid cellsor singleslopesoverlandflow
depthis not reproducedvery well, but at thelevel of soil vegetationunitsor theentirecatchment
thepredictionsarequitereasonable(Figure4.3),implying thatwithin soil-vegetationunitsa large
partof theheterogeneity, thatis notcapturedby themodelattheresolutionof agrid cell or upslope
reach,is levelledout. The inclusionof pre-eventwetnessasa factordetermininginfiltration was
tested.

Overland in Horizontes and Kaibo: correspondence and diff erences

The topographicalinformationandthe catchment-scaledischarge observationsarequite similar
for HorizontesandKaibo. This correspondencewould suggestthatoverlandflow patternsin the
catchmentsarequite homogeneousandsimilar. In contrast,the geomorphologicaldescriptions,
in combinationwith thedifferencesin landusedynamics,suggestbig differencesin mechanisms
leadingto overlandflow. Accordingto themodelpredictionsthetwo catchmentsarequitedissim-
ilar with respectto theiroverlandflow mechanisms.In Kaibosoil andvegetationfactorsaremore
importantin determiningtheoccurenceof overlandflow, whereasin Horizontesit aremainly to-
pographicalfactors.Theseeffectscanhowevernotbeseparatedcompletelysincethereis astrong
spatialcorrelationbetweensoil, vegetationandtopography(seeFigures2.10and2.4). In Kaibo
saturationexcessrunoff occursonly in 5 % of theevents,whereasin Horizontesit is observed in
almost20 % of theevents,but in all eventsthelargestcontribution to overlandflow is infiltration
excess.

Kaibo andHorizonteshave catchmentdischarge/rainratios of respectively F 0.1 and F 0.2.
Both valuesappearto be closeto what is expectedin theseenvironments(seeSections2.2and
2.3). This index classifiesbothcatchmentsasdry (Ganet al., 1997).
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Figure4.11:Observed(circles)andpredicted(bars)overlandflow ratiosalongtransect1 in Hor-
icajo for threeevents(top 3 graphs).Thebottomgraphgiveselevation (solid line),
upslopearea(log-scaled,dashedline) andsoil-vegetationtypes,thatcorrespondwith
theuppergraphs.

Seasonality: single versus multiple model parameterizations

Also strongseasonaltrendsappearto exist. In this studyit is shown that in both environments
strongseasonaltrendsexist, with increasinglevelsof overlandflow towardstheendof theseason.
For Horizontesthetrendcanbestbeexplainedby thecracksin vertic soilsunderdry conditions
(at the startof the wet season),andfor Kaibo an additionalexplanationis the a decreasingsoil
roughnessof the arableland over the season.In Kaibo the differencesbetweenearly and late
seasonare most pronounced. In spite of the qualitative natureof the observationsand model
predictionspresentedin Section4.5, the seasonaltrendsare so obvious that thesehave to be
taken into accountin overlandflow modelling. The observation that seasonaleffects relateto
the stateof the soil surface,vegetative growth andbiological activity is not new. The relation
betweena soil’s infiltration capacityandcrust formationaswell asthe activity of macrofauna
have beenreportedbeforefor the WestAfrican Sahel(BrouwerandBouma,1997;Hoogmoed
andStroosnijder,1984;StroosnijderandHoogmoed,1984;Hillenaar,1995;Mandoet al., 1996).
However, the impactof thesefactorsat the catchmentscaleshave beenlargely neglected. The
focushasinsteadbeenmainly on theheterogeneityof relief andrain (e.g.Albergel et al., 1986,
1987;Rodier,1982;RodierandAuvray,1965;Sivakumaret al., 1991).For thedry forestareaof
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Figure4.12:Observed(circles)andpredicted(bars)relative overlandflow depthalongtransect2
in Horicajo for threeevents(top 3 graphs).Thebottomgraphgiveselevation (solid
line),upslopearea(log-scaled,dashedline)andsoil-vegetationtypes,thatcorrespond
with theuppergraphs.

Horizontesseveralstudiesareknow thatpayattentionto seasonaltrendsin relationto vegetation
andsoil fauna,but for theseconditionstheseasonalfactorshave never beenrelatedto hydrologic
processes(Janzen,1991). Strongseasonalityimplies that thereareonly two optionsfor proper
modelparameterization:

1. useall seasonalfactorsfor parameterization(considerthemasasinputs,justasrain);or

2. parameterizea modelfor a periodbrief enoughthatall parameterscanbeconsideredcon-
stant.

Effectively bothapproacheshave beenfollowed in this study, albeit thatthefirst wasappliedin a
relatively simpleway.

The distinctionbetweensoils with vertic andnon-vertic propertiesdealswith soil changes,
andthe distinctionsbetweengrassversustrees(Horizontes)or grassversusarableland (Kaibo)
dealwith differencesin vegetative developementandland husbandry. In additionthe pre-event
wetnessindex partially reproducesaseasonaleffect.

Recalibrationon morerestricteddatasets(early seasonversuslate seasonandlow intensity
versushigh rain intensity)wasalsodone. However, this wasshown to be not effective: the ap-
proachrequiresa muchlarger datasetto yield similar results(seeTable4.6). It it still possible
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Figure4.13:Observed(circles)andpredicted(bars)overlandflow ratiosalongtransect3 in Hor-
icajo for threeevents(top 3 graphs).Thebottomgraphgiveselevation (solid line),
upslopearea(log-scaled,dashedline) andsoil-vegetationtypes,thatcorrespondwith
theuppergraphs.

thatutilizing modelsfor specificperiodsaremoreeffective thana singlemodel,but thesewould
requiremoreparismoniousparameterizationswhichmeanseffectively consideringlesszones(e.g.
only distinguishingbetweenverticandnon-vertic soilsin earlyseason,andbetweengrassandno-
grassin lateseason).It wasbeyondthescopeof thischapterto testthis idea,but it will besubject
of investigationin Chapter6.

Conc luding remarks

To thequestionsthatwereposedat thestartof in thisChaptersomeclearanswerscanbegiven.
A distributedmodelcould becalibrated,aftersomezonationof theparameterswasapplied,

andby usingpre-eventwetnessasanadditionalforcing next to rain. Only rangesof near-optimal
parameterscouldbedefined,but simulationon thebasisof theserangesdid producesatisfactory
results. In comparisonto the regressionapproachoutlined in Chapter3, the model resultsare
inferior at the resolutionof both the soil-vegetationunits andthe catchment.Predictionsat the
grid-resolutionseemto beuntrustworthy. Overlandflow is indeedheterogeneousin spaceandtime
in thetwostudycatchments,alsowhenaveragedoveranevent. It is quiteclearthatahomogeneous
layerof overlandflow is a rarity, asmuchasthesaturationof thesurfacesoil layerover anentire
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Figure4.14:Observed(circles)andpredicted(bars)overlandflow ratiosalongtransect4 in Hor-
icajo for threeevents(top 3 graphs).Thebottomgraphgiveselevation (solid line),
upslopearea(log-scaled,dashedline) andsoil-vegetationtypes,thatcorrespondwith
theuppergraphs.

slopereach.However, this heterogeneityis of a deterministicnatureandcanbeunderstoodand
evenbereproducedto somedegreethrougha detailedobservationof theterrainanda qualitative
understandingof the system.In this studyit hasbeenshown that in both catchmentsthe vertic
natureof soils and the differencesin vegetationcover do explain a lot of the heterogeneityof
overlandflow (seeFigure4.3). At thegrid scale,theheterogeneityof overlandflow observations
arehowever not reproducedatall (seeFigures4.11to 4.14).

Becausethe distributedmodelutilized in this studyseemsto be a reasonableoverlandflow
predictorat coarseresolutions(i.e. predictionsaveragedover soil andvegetationunits) while it
appearsto bea very poorpredictorat thegrid scale,theconclusionmustbethat themodeldoes
not fully exploit its distributednature.This suggestthat themodelmay requiresomecondition-
ing, so-calledregularization(Tarantola,1987)with distributedinformationto performbetter. At
presenttherearehowever no techniquesavailablethatcanapply regularizationto dynamicmod-
elsof this size(statevectorswith morethan5000variables).It is hardto interpretthe resultsof
this studyto definefurther researchquestions.On the onehandthe modelis conceptuallyvery
simpleandrelatively parismoniouswhencomparedto otherparameterdistributedmodels.On the
otherhandthemodelis, dueto its distributednature,still very demandingto calibrate.For this
reasonsystemidentificationaswell asregularizationtoolscannoteasilybeappliedto this model
to find asuitableparameterizationandit is furthermoreunsuitablefor measurementoptimization.
The spatiallumping of this particulargrid-basedmodelis no solutionto this problem. Suchan
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operationwould changethe connectivity of the drainageflow paths(Quinn et al., 1991)aswell
asthe extent andmeaningof the units for which the model is parameterized(Kim, 1995). The
conclusionwith regardto this point canbestatedconciselyasfollows. Distributedmodelsmay
beverygoodpredictorsfor overlandflow if properlyreguralizedandif theproperspatio-temporal
resolutionis chosen,but in generaldistributedmodels(just asthemodelusedhere,describedby
Equations4.1 to 4.6) aretoo large for regularizationanddo not allow to easilyvary resolution.
Referringto Figure1.1, Table1.1 andTable1.2, onecould saythat distributed modelsmay in
principlebesuitablefor predictionor projection(phase2 and3), but cannever beappropriately
beparameterizedin anidentificationprocedure(phase1 of systemmodelling).

Theseanswersareencouraging,at leastto suchanextentthatin thefollowing chaptersaquest
is madefor bettermethodsto exploit the datafor overlandflow prediction. Naturally, for these
methodstheforegoingresultswill bethetouchstone.
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Table4.4: Initial parametervaluesfor calibrationandparametervaluesaftercalibration,usingonly
calibrationdata. The initial parametervaluesarethesamefor Kaibo andHorizontes.
Theoptimumparametervaluesaregivenin combinationwith theparameter-rangesthat
yield near-optimumpredictions(i.e. RRMSEvaluesup to 10% higher),in the colum
’10% opt.’

optimumparametervalues
initial Kaibo Horizontes

par. value 10%opt. optimum 10%opt. optimum
Set1: deep,vertic; 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 0.54
B 1.8 1.43- 2.01 1.73 1.33-1.96 1.72

Set2: deep,vertic; 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: deep,non-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- 2.48 2.36

Set4: deep,non-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 1.5 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- 1.1 0.4
A 0.4 0.22- 0. 47 0.28 0.54- 0.83 0.76
B 1.5 2.01- 2.54 2.10 1.32- 2.41 2.16
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Table4.5: Initial parametervaluesfor calibrationandparametervaluesaftercalibration,usingboth
calibrationandvalidationdata.Theinitial parametervaluesarethesameasthosein Ta-
ble 4.4andrepeatedherefor clarity. Theoptimumparametervaluesaregivenin com-
binationwith the parameter-rangesthat yield near-optimumpredictions(i.e. RRMSE
valuesup to 10%higher),in thecolum’10% opt.’

optimumparametervalues
initial Kaibo Horizontes

par. value 10%opt. optimum 10%opt. optimum
Set1: deep,vertic; non-trees/ 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: deep,vertic; 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,non-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 2.34

Set4: deep,non-vertic;trees/ shrubland
fa 8 4 - 5 5 3 - 4 3
fb 6 2.1- 3.5 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

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 1.5 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 1.5 2.01- 2.86 2.61 1.31- 2.57 2.38
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Table4.6: Efficiency (%), Bias(%) andRRMSE(fraction)of dischargepredictionfor calibration
and validation sets,for Kaibo and Horizontes,using the optimum parametervalues
listedin Table4.4.

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

Bias 4 5 4 11
RRMSE 0.08 0.11 0.09 0.13

low intensity Ef 86 72 93 79
Bias 4 5 7 13

RRMSE 0.05 0.12 0.11 0.14
high intensity Ef 83 69 91 72

Bias -2 -15 -3 15
RRMSE 0.07 0.09 0.08 0.16

earlyseason Ef 72 67 81 73
Bias 8 15 6 22

RRMSE 0.11 0.13 0.1 0.11
lateseason Ef 85 64 84 76

Bias 12 24 -3 -14
RRMSE 0.12 0.17 0.09 0.14

Table4.7:RRMSEof dischargepredictionfor calibrationandvalidationsets,for KaiboandHori-
zontes.Theresultsfor usingthesingleoptiumvaluelistedin Table4.4aregivenin the
column’optimum’, theresultsfor predictingwith a setof 10.000individual parameter
vectorsfor the10%-rangein Table4.4aregivenin thecolumn’range’,andtheresults
for predictingwith the averageof the same10.000parametervaluesaregiven 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
high intensity 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
lateseason 0.12 0.13 0.06 0.14 0.15 0.07

Table4.8:RRMSEof dischargepredictionfor validationwith asplit-sampleandcross-validation,
for Kaibo andHorizontes.Theresultsarefor usingtheensemblepredictiontechnique
andusing the parameterrangeslisted in Table4.4 (split- samplevalidation)and4.5
(cross-validation).

Kaibo Horizontes
eventtype split-sample cross-validation split-sample cross-validation
all events 0.08 0.09 0.07 0.10

low intensity 0.09 0.07 0.09 0.07
high intensity 0.07 0.08 0.11 0.09
earlyseason 0.07 0.11 0.08 0.09
lateseason 0.06 0.07 0.07 0.06
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5 Identification of scale dependent models:
design of an algorithm 1

5.1 Intr oduction

In the precedingchaptersit hasbeenarguedon the basisthe resultsof a regressionmodeland
a distributedoverlandflow model that thesearenot ideal for overlandflow prediction. For the
regressionmodelthefew possibilitiesto includesystemdynamicsandthehighdatarequirements
whenpredictingat fine spatialresolutionsare limitations. The distributed model,on the other
hand,is not identifyableandlackstheflexibility to changethespatialandtemporalmodelresolu-
tion easily. On thebasisof this thequestionariseswhethera modelthat is dynamicbut contains
fewer spatialelementsthanthedistributedmodelof Chapter5 would provide a goodalternative.
If so, thequestionis which (spatialandtemporal)resolutionto chooseandalsohow to establish
thestructureof sucha model. Beven(1995)andKlemeš(1983)arguedthat this goalmight best
be achieved by following a disaggregationapproach.From their argumentsalsofollows that at
eachresolutionprobablya specificmodel structurewould be mostappropriate,i.e. the model
structuresaresupposedlyscale-dependent. Finally, it seemslikely that not a singlemodelcan
standoutasbeingtheoptimal,evennotatasingleresolution,but possiblyanentiresetof models
(e.g.Beven,2001).Theseideasarebeingtestedhereon thebasisof a syntheticdatasetof water
flow from a hillslopeduringandbriefly after rainfall. A new identificationmethodis developed
for this purpose.Themethodderivesanappropriatemodelstructureat a given resolution,using
a setof input-outputdataandsomebasicknowledgeaboutthesystem.Themethodis basedon
MonteCarlotechniquesandconsidersasetof valid models, ratherthanonly one.

This chapteris structuredas follows. In Section5.2 an explanationof several conceptsis
given.This is followedby adetaileddescriptionof thewayin whichasetof modelsis formulated
in Section5.3.Next, in Section5.4,analgorithmto find appropriatemodelsout of a modelsetis
explained.Themethodis subsequentlyappliedto asyntheticdatasetin Section5.5.Following to
thatwediscussthestrenghtsandweaknessesof themethodin Section5.6.Conclusionsaredrawn
in Section5.7.

5.2 Explanation of concepts

In order to find a propermathematicaldescriptionof a hydrologicalsystema set of modelsis
used.The rulesthatdefinethis setof modelsarecalledthe template. The templatecomprisesa
list of statevariables,possibleinputsandauxiliary variables,an allowed numberof parameters,
maximumparameterrangesandallowedsubdivisionsof spaceandtime. A specificcombination
of statevariables,inputs,parameterrangesandsubdivision of spaceandtime is calleda model.
Eachmodelsatisfyingthe definition provided by the templatecanbe written asa time-variable

1This chapteris anadaptedversionof: E. E. vanLoon andK. J.Keesman.Identifying scale-dependentmodels:The
caseof overlandflow at thehillslopescale.Wat. Resour. Res., 36(1): 245-254,2000.
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physicallybaseddescriptionof thehydrologicalsystem.Thegeneralform is asfollows

xk G AkBkCkxk H 1 I Akuk (5.1)

yk G Hkxk I ek (5.2)

wherethevectorxk containsthestatevariables,andthevectoruk theinputsat time instantk. The
matricesAk, Bk andCk containtime-varyingstochasticcoefficientsthatarelarger thanzeroand
smallerthanone,andarecalled transitionmatrices. The vectoryk containsthe outputs,which
shouldcorrepondwith observations.Thematrix Hk is theobservationmatrix, relatingthemodel
statevariablesto theobservations.In thischapterHk containsonly onesandzerosandis constant
over time. The vector ek containsunknown-but-bounded (UBB) errors(seethe discussionin
Section2.5),which meansthatonly theupperandlower boundsof theerrorsareknown but any
otherinformationaboutits distribution is lacking. Henceek is definedin termsof the lower and
upperbounds,ek andek respectively. In AppendixB adetailedderivationof thismodelis given.

The transitionmatricescontainthesystem-dynamics,anddescribeeacha differentaspectof
a hydrologicsystem.Ak describesthepartioningof waterover thedifferentstatevariablesandis
calledthepartitioning matrix, Bk determinesthespatialredistribution of waterandis calledthe
transportmatrix, Ck givesthe partitioningbetweenobservableandunobservablestatevariables
andis calledthe internal-statematrix. The partitioningmatrix andinternal-statematrix arenot
essentiallydifferent,but aredistinguishedto make a cleardifferentiationbetweenthe processes
(statevariables)that can be measured(e.g. surfacerunoff and infiltration) and thosethat can
not be measuredsatisfactory (e.g. subsurface runoff and drainage). The column sumsof the
transitionmatricesareequalto oneandeachcolumnmaybethoughtof asa discreteprobability
distributionof thewatertransportprocess.Thefactthatthecolumnsof thetransitionmatricessum
to unity ensuresthatmassis conserved. Thetime-varyingstochasticcoefficientsof thetransition
matricesarepiecewiselinearfunctionsof statevariablesor inputvariables.Thesepiecewiselinear
functionsarecalledkernel functions. Thecoordinatesof thebreakpointsin thekernelfunctions
arethemodelparameters.

Onbasisof thetemplatevariousmodels,whichmaydiffer in detailandstructure,areidentified
in two steps.FirstweperformanUBB calibrationstep.If amodelwith aspecificparametervector
canreproducethe datawithin theerror boundsspecifiedduringcalibration,that modelis called
behavioural andstoredin theprior modelset. Secondly, themodelis validatedon independent
data. If it canreproducethedatawithin thepreseterror boundsduring this validationstep,it is
calledfit andstoredin theposteriormodelset.Fitnessis thusourcriterionfor theappropriateness
of a model. Subsequentlytheposteriormodelsetis input to a geneticalgorithmwhereelements
of the fittest modelsin the posteriormodelsetarecombinedinto new modelsandwheresome
elementsarechangedrandomly. Theresultingsetof models,togetherwith themodelscontained
in the posteriormodel set, form the new prior model set. The loop of calibration,validation
andgenerationof new modelsis repeatedtill the fitnessof calibratedmodelsdoesnot increase
anymore.Thevarioustermsareillustratedin theflowchartof Figure5.1.A furtherexplanationof
theprocedureis givenin sections5.3and5.4.

An examplemayfurtherillustratethemeaningof thevarioustermsandthefunctioningof the
algorithm. It is shown how a suitablemodelmay be found to describea synthetichydrological
dataset for 20 rain eventsat time instantsof 5 minutescontainingdataover four equallysized
spatialunitsalonga slope.A modelwith thestructureof Equation5.1,with threestatevariables
andthreekernel functionsis usedto generatethe syntheticdata(seeAppendixB for a detailed
descriptionof this model).Next, thealgorithmasvisualisedin Figure5.1 is usedto find a model
similar to the original on basisof the artificial dataandan appropriatetemplate. The template
comprisesinfiltration, overlandflow due to infiltration excess,overlandflow due to saturation
excess,andsoil water (sk J l , rk J l , tk J l andwk J l respectively) asstatevariables,precipitation(pk J l )
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Figure5.1:Flowchart,illustratingthedata-flows in themodelidentificationalgorighm(seetext).

asinput, andthestatevariablesandprecipitationaspossibleindependentvariablesin thekernel
functions. Furthermorethe templateallows the spatialsubdivision to vary betweenoneandten
spatialunits,thetemporalsubdivision to usetime stepsrangingfrom oneto twentyminutes,and
thekernelfunctionsto useamaximumof 3 breakpoints.

During the first cycle of calibrationanddeterminationof fitness,83 fit modelsareobtained,
this setis usedto generateanew setof 9917models.By repeatingthecycleof modelcalibration,
determinationof fitnessandnew modelgeneration,thekernelfunctionsaswell asthespatialand
temporalsubdivision of theoriginal modelareapproachedalreadyat thefourth iteration.This is
illustratedin Figure5.2,whereonly theaverageparametervalues(not theparameterranges)are
displayedandfor thetransportmatrix (bk J l Jm) only thekernelfunctionsdescribingtransportto one
andthreeunitsdownstream.

In thenext sectionit is explainedin detailhow a setof modelscanbedefinedon basisof the
above concepts.

5.3 Estab lishing a set of models

A templatedefinestheallowedtemporalandspatialsubdivisions,inputs,statevariablesandauxil-
iary variablesaswell asthenumberof parametersfor Equations5.1and5.2.Herewewill describe
thetemplatein somedetailby first explainingthesubdivisionof thespatialandtemporaldomains,
subsequentlythechoiceanduseof variables,andfinally thedefinitionof parameters.

Temporal and spatial subdivision

A raineventis subdividedinto K temporalunitsandthecatchmentinto L spatialunits.Eachinput
andstatevariablein a model is consideredover a spatialunit l andat a time instantk K In this
studythesubdivision in time is regularandthesizeof thetemporalunits(T) rangesfrom 1 to 20
minutes,with stepsof 1 minute(notethatK G durationof eventL T).

To determinetherangeof possiblespatialsubdivisionstheconceptof upstreamareais used.
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Figure5.2:Kernelfunctionsusedin theoriginalmodel(–) andthekernelfunctionsderivedby the
identificationmethodat thefirst iteration( M�M o) andfourth iteration( N�N�NPO ) wherethe
symbolsdenotethenodesatwhich theparametersaredefined.

The upstreamareaof a spatialunit l is indicatedas l Q and definedby the rangeof maximum
andminimum upstreamareawithin that unit. In this studythe catchmentis subdivided into 10
zonesby 10 isolinesof upstreamarea.Thezonesshouldbeseenassmallestpossibleterrainunits.
In a specificmodel a minimum of 1 and a maximumof 10 units canbe formed as connected
combinationsof these10 smallestunits.This yieldsa totalof 512possiblespatialsubdivisions.

Input and state variab les

Recallthatour focusis on overlandflow duringandjust after rain in a catchment.Furthermore,
in what follows we just considerone-dimensionaloverlandflow andneglect evapotranspiration
losses.Precipitation,overaspatialunit l andatimeinstantk, is theonly inputunderconsideration
(pk J l ), seeAppendixB. Thestatevariablesweconsiderare:infiltration into thesoil (sk J l ), totalsoil
moisture(wk J l ), overlandflow dueto infiltration excess(rk J l ) andoverlandflow dueto saturation
excess(tk J l ) - all expressedasdepthin mm. By groupingfor eachvariablethevaluesfor all L units

at time instantk into columnvectors,e.g. rk G rk J 1 N�N�N rk J L T
, thevectorsxk anduk in the
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physicallybasedstatespacemodelwith stochasticparameters(Equation5.1)canbewrittenas

xk G sk

rk

tk

wk

;uk G pk

0
(5.3)

It will beassumedthattheerrorsin rainandtotalsoil moistureobservationsare5%of theobserved
value,andin theotherstatevariables10%.

Model parameter s and kernel functions

As notedpreviously, the coefficientsin the transitionmatricesareresultsfrom kernelfunctions.
We definethe kernel functionsaspiecewise linear functionswith oneindependentvariable. In
this studytotal soil moistureandrain,bothfor a unit l aswell asaveragedover anupstreamarea
l Q , areconsideredasindependentvariablesin thekernelfunctions(wk H 1 J l , wk H 1J l R , pk J l andpk J l R ).
For easeof notationwe denotethe independentvariableof a kernel function as x (without an
explicit referenceto k andl ), andtheresultof a kernelfunctionis denotedasθ, whereθ G f S xT .
A kernelfunction is definedon N points. N mayvary between1 (in caseit is a constant,i.e. no
dependenceonx) andNmax, which is 5 here.For eachof theN pointsa triplet of oneindependent
andtwo dependentvariablesis defined,thetwo dependentvariablesreflecttheuncertaintyin the
coefficients: xn U θn U θn T U n G 1U K@K@K U N. Thehighestandlowestvaluesof x arethemaximumand
minimumvaluesof theobserved variablewhich is encounteredin thedatasetto which x refers.
Thereforethe valuesx1 andxN arenot specifiedasparameters,sincetheseareprovided by the
dataset.Thevalueof thekernelfunctionbetweenthedefinedpoints(xn V x V xnW 1) is foundby
linear interpolation.Figure5.3 visualizesthe form of thekernelfunctions;it shows thata range
of possibleparametervaluesis definedratherthana singleparametervalueasa function of an
independentvariable.
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Figure5.3:Theform of kernelfunctions,showing theparametervaluesθ2 X θ2 X θ2 definedfor
a modelstate-variableor input x2 andN G 4.

The form of the kernel functionsis constrainedby the definition of the transitionmatrices,
which limits thepossiblerangeof θ to aminimumof zeroandamaximumof oneandthecolumn
sumsof the transitionmatricesmustsumto unity. Furthermore,eachdiagonalin the transition
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matricescontainsonly onekernelfunction,andall kernelfunctionsin a transitionmatrix usethe
sameindependentvariable.However, eachelementin thetransitionmatricesmayhave different
values,sincethevaluesof theindependentvariables(wk H 1 J l U wk H 1l RYU pk J l U pk J l R ) aredifferentto each
spatialelementl .

Sincetherearetwo freeto selectdiagonalsin Ak, L in Bk andonein Ck, a modelcontainsat
maximum S L I 3T differentkernelfunctionsand S 3Nmax M 2T�S L I 3T differentparameters;in our
examplethus169.

5.4 Finding appr opriate models and parameter s

Recallthatour startingpoint is not a singlemodelbut a setof models,heterogeneousin termsof
kernelfunctions,temporalandspatialresolutions.To identify thesetof fit modelsa MonteCarlo
procedureis used,wherethefollowing procedureis repeatedtill satisfactoryresultsareobtained
(seealso the flow diagramin Figure5.1). First a finite setof models,the prior setof models,
is formedon basisof thetemplateby randomselection.After thateachof theselectedmodelsis
calibratedandtestedandthefit modelsareretainedin theposteriorsetof models.Finally elements
of themostsuccessfulmodelswith similardimensionsareinterchangedor combinedrandomlyby
ageneticalgorithm,to form, togetherwith theposteriormodelset,thenew prior modelset.More
specifically, andfor completeness,we definethefollowing steps:

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

2. Selectmodelstructurerandomlyover theentirerangeof possibleparametercombinations
within thelimits specifiedby thetemplateor theprior modelsetandsetcounteri G i I 1.

3. Calibrateselectedmodel structureon a bounded-errordataset to determinewhetherthe
modelis behavioural, by evaluating104 parametervectors.

4. Backto step2 if themodelis non-behavioural.

5. Validatemodelon anindependentdatasetto determinemodelfitness.

6. Backto step2 if themodelis unfit.

7. Storefit modelin theposteriormodelsetanddetermineaveragefitnessof themodelsin the
posteriorset, f j .

8. Backto step2 until i G 104 K
9. If S f j H 1 L f j T
Z 0K 95 continue,elseincreasetheallowed spatialor temporalresolutionsys-

tematicallywith onestepandgo backto step2.

10. Generateanew prior modelsetof 104 M mmodelswith ageneticalgorithmonbasisof them
(m V 103) fit modelsin theposteriormodelsetswith modeldimensionsof (K,L), (K-1,L-1),
(K,L-1) and(K-1,L).

Thestepsof calibration(3), validation(5) andnew modelgeneration(10) aredescribedin more
detailbelow.
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Model calibration

The algorithmas introducedby Keesman(1989)and Keesmanand van Straten(1990) is used
for calibration. It is a stochasticsearchprocedurewithin a bounded-errorcontext wherefor a
givenmodelstructuretheparametervector(θ), containingthecoefficientsof thekernelfunctions
that definethe matrix elementsof Ak, Bk andCk, is repeatedlygeneratedby a Latin hypercube
samplingschemefrom parameterrangesθ X θ X θ (prior parameterset),definingthekernelfunc-
tion. The prior parametersetis scaledto avoid dependenceon prior informationandto allow a
directinterpretationin theoriginal parameterset.Eachparametervectoris evaluatedby checking
whetherthe calculatedoutput (xk, for k G 1U K�K�K U K) is locatedbetweenthe allowabledeviations
from themeasuredoutput(yk I ek andyk I ek) (seeEquations5.1and5.2). If this is not thecase,
theparametervectoris rejected,andif it is thecaseit is retainedin theposteriorparameterset.
This procedureis repeatedtill a sufficient numberof parametervectorsin theposteriorparameter
setis obtainedandnew parameterrangescanbeestablished.

Model validation

Behavioural modelsaretestedby determiningthequality with which a modelcanreproducethe
behaviour observed in a dataset which is not usedfor model calibration. The measurewhich
indicatesthisquality is calledfitness.Sinceeachmodelis definedby amaximumandaminimum
parametervector, eachparticularmodelis run with a randomlyselectedparametervectorout of
thespecifiedrange.For eachrain event new parametervectorsaresampled.The criterion used
for determiningfitnessis thenumberof timesthat the representationdoesnot predictthe results
of thevalidationdatasetcorrectlyout of the total numberof temporalunitsandspatialunits for
all events(k G K [ L [ numberof events). Theratio of numberof incorrectpredictionsover total
numberof predictionsis definedastheprobability p. Then,fitnessis definedasthechancethata
modelwith a known fractionof p incorrectpredictions(in thecalibrationphase),makesno more
than20%incorrectpredictionsin thevalidationphase,assuminga binomialdistribution. Finally
the1000fittestmodelsareselectedto form theposteriormodelset.

Thefitness(F) asdefinedabove is calculatedby

F G 0 \ 2k

∑
j ] 0

k
j

p jqk H j (5.4)

whereq G 1 M p. Evaluationof modelperformancein thiswayis consistentwith theassumptionof
boundederrors,becauseno informationotherthancorrector incorrectmodelpredictionsis used.
In additionthiscriteriontakesin a very elegantway theinformationaboutthedifferencebetween
modelperformanceduring ’calibration’ and’validation’ into account(via theprobability p). No
othercriteriawerefoundthatalsousedthis information.Thecriterionof allowing 20%incorrect
predictionsis of coursearbitraryandcanbesetto any desirablevalue.

New prior model set generation

New modelsaregeneratedwith a geneticalgorithm (Holland, 1975;Mitchell, 1996),which is
implementedhereasaselectionandcombinationprocedurewheretwo models,randomlyselected
out of the setwith fit models,interchangeor replacesomeelementsandundergo somerandom
changes.The methodassumesthat modelswith a similar temporalandspatialsubdivision are
morelikely to behavesimilar. Thisassumptionallowstherestrictionthatonly modelswith similar
temporalandspatialsubdivision (differencesup to five minutesor two spatialelements)areable
to interact.Themodelelementsto beinterchangedor replacedarespatialsubdivision andkernel
functions,wherebythekernelfunctionswith alargeaverageparameterrangehaveahighchanceto
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bereplaced.Randomchangesareallowedin spatialsubdivision, theindependentvariableusedin
thekernelfunctions(x), thenumberof parameters(N) andtheparametervaluesthemselves.After
eachcalibrationandvalidationstepthegeneticalgorithmcreatesa singlegenerationof offspring,
which is usedasanew prior modelset.

Description of synthetic data set

A dataset,to evaluateboththeidentificationmethodandcriteriafor optimizingthemeasurements,
is generatedwith a two-dimensionalfinite elementrepresentationof a hillslope. The hillslope
consideredis straightunder5̂ from thehorizontal,hasa lengthof 100m, anda soil depthof 1
m. Along theslopeit is subdividedinto 104elementsandin theverticaldirectioninto 8 elements
(including the elementsdescribingthe soil surface). The input into the model is rain for each
surface-elementandfurther it containsthe parametersdescribingoverlandflow, infiltration and
saturated-unsaturated flow for the respective elementsin the 2-dimensionaldomain. The model
outputcomprisesthewater-fluxesthroughthe832elementsateachinterval. Themodelparameters
representa loamysoil (overlayinganimpermeablelayer)withoutvegetationandlittle relief. Rain
input is generatedstochasticallyfor 80 events,usingdifferentinitial conditionsfor eachevent.

Thefinite elementmodelusesthekinematicwave approximationto theSt. Venantequations
in orderto describeoverlandflow (HendersonandWooding,1964)andtheRichards’equationto
describeinfiltration andflow throughthesoil matrix (FreezeandHarlan,1969).For thenumerical
solutionof thisproblemweusedatwo-dimensionalfinite elementschemefor flow throughthesoil
matrix, coupledwith a one-dimensionalfinite-elementschemefor overlandflow calculation,as
describedin JulienandMoglen(1990).Thesoftwarecodesof CASC2D andSWMS-2D (Šimu̇nek
et al., 1994)have beencoupledfor this purpose.To generaterain inputswhich vary in spaceand
time,aswell asspatiallyvariableinitial conditionsat theonsetof a storma methodpresentedby
Freeze(1980)hasbeenused.Thismethodallows thegenerationof externalstormpropertiesfrom
exponentialdistributions. The internal rain patternis generatedby the rain modelof (Brasand
Rodriguez-Iturbe,1976). Theparametersthatwereusedfor thestochasticgenerationof rain (80
events)aswell asthesoil andterrainpropertiesweretaken from Table1 andFigure7 in Freeze
(1980).

Thedescriptionof overlandflow from aslopewith unit width usedhereis givenby

∂h
∂t I αγhγ H 1∂h

∂x I hγ ∂α
∂x G p M hmaxh

h I nconn
r (5.5)

with α G β1_ 2
n andγ G 5

3, whereh is theflow depth(in m), t is time (in s), p is rain rate(in msH 1),
r is infiltration rateasdeterminedby soil moisture(in msH 1), β is theaverageslopegradient,n is
theManningroughnesscoefficient(in smH 1̀ 3), hmax is adimensionlesscoefficientdeterminingthe
overlandflow heightwheretheentiresoil surfaceis coveredwith water(heresetto 0K 03),andncon

(in m4̀ 3 sH 1) is acoefficient to convert themanningroughnesscoefficient in a waterheightwhere
half of thesoil surfaceis coveredwith water(heresetto 2), seeJulienandMoglen(1990,Equation
6) andWoolhiseret al. (1996,Equations4 and5). The factor hmaxh

hW 20n correctsthe infiltration for
incompletecoverageof thesoil surface.Theinfiltration andmovementof waterthroughthesoil
is describedby theRichardsequation

∇ S KsKr S xU t T ∇ S ψ S xU t T I zT�T G C
∂ψ S xU t T

∂t
(5.6)

where∇ is theLaplaceoperator, Ks is saturatedhydraulicconductivity, Kr S xU t T is relativehydraulic
conductivity, z is heightabove thewatertableor theheightof thewaterlayerh (ψ S xU t T I z is the
hydraulichead),C is specificmoisturecapacityandψ S xU t T is pressurehead. The factor mh

hW 20nr
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(in Equation5.5) is equalto theflux in theverticaldirectionascalculatedby Equation5.6. The
K S wT andψ S wT relationshipsaredescribedby saturatedhydraulicconductivity, porosityandasoil
storageparameterasin Freeze(1980)(w is thesoil watercontent).

5.5 Results

In this sectionwe exploretherelationsbetweenmodelperformance(i.e. fitness),modelstructure
andresolution.Heretothedatageneratedby thefinite 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 methodpresentedin the first sectionsof this chaptera setof
fit modelsis obtainedfor eachspace-timeresolutionon basisof thesetwo groupsof 40 events.
This result is analyzedasfollows. First the differentaspectsof the setof fit modelsareshown
at different resolutions.Thenthe relationbetweenthe parameteruncertaintyandmodelfitness
is investigated.Following to thatananalysisis madeof thetrade-off betweenresolutionandthe
numberof parametersperspatialunit in amodel.Thentheform of thekernelfunctionsatdifferent
resolutionsis investigated.And finally it is shown how theanalysisof thekernelfunctionsmay
leadto a revision of the templateanda betterinsight in the (modellingof) watertransportat the
hillslopescale.

Fitness and resolution

The relation betweenmodel fitnessover a rangeof temporaland spatialmodel resolutionsis
difficult to visualizesinceit constitutesfour dimensions:temporalscale,spatialscale,thesetwith
fit modelsandfitnessitself. We tacklethis problemby consideringcross-sectionsof thesetwith
fit models.At first thefitnessof thefittestmodelateachresolutionis shown, secondlytheaverage
fitnessof the10 fittest models,andat last thesizeof thesetwith fit models(seeFigure5.4). It
turnsout that thefittest modelsarefound in a narrow region in thespace-timedomain,andthat
modelswith the highestfitnesshave both fine spatialandtemporalresolutions.Fitnessappears
to be low especiallywhenthespatialandtemporalresolutionsdo not match(e.g. 1-minutetime
intervals in combinationwith 1 spatialelement).The averagefitnessof the 10 fittest modelsat
eachresolutionis moreor lessin line with thispattern.Interestingly, theaveragefitnessatcoarser
resolutionsdeviateslessthanthatatfinerresolutions.Howeverthereappearsto beawiderangeof
moreor lessfit models(with afitnessrangingfrom, 50-75),anarrow regionwith thefittestmodels
clearlydistinguishesitself in thetime-spacedomain.In thebottomplot of Figure5.4 thenumber
of fit modelsis shown. This appearsto berelatedto fitnessof thefittestmodelsin thesensethat
at theresolutiosnwherethefittestmodelsareencountered,alsothelargestsetsfound.

An aspectnotdisplayedby thesefiguresis thefactthataparticularspatialresolutionrefersto
a setof distinct spatialorganizations.Upon analysisit appearsthat the fittest modelsconstitute
anorganizationthatstrivesto equallysizedelements,especiallyat finer resolutions.Thereforeit
canbesaidthattheidentifiedmodelsapproachtheresolutionandspatialstructureof theoriginal
hydrologicmodelasmuchaspossible.

Fitness and parameter rang e

Theidentificationalgorithmstartsby assuminganinitial parameterrangefor eachparameterfrom
0 to 1, andgraduallydecreasesthis rangeby calibrationuntil parameterrangesareobtainedthat
cannotbeimprovedfurtherwith theavailablecalibrationdata.Theaverageparameterrange(see
Figure5.3) is a measureof the modelquality (uncertainty),andshouldthusbe relatedin some
way to modelfitness. However, this relation is not straightforward sincethe multi-dimensional
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Figure5.4:Propertiesof thesetof fit modelsover theentirespace-timedomain.

parameterspacemaybecomplex. Notwithstandingthis difficulty we try to explore the relations
betweentheaverageparameterrangesof thethreedistincttransitionmatricesto fitness.Firstsome
sub-setsareselectedoutof theentiresetwith fit models,accordingto resolution:modelswith 1-4
spatialunits and10 min time intervals; modelswith 4-7 spatialunits and5 min time intervals;
andmodelswith 7-10spatialunitsand2 min time intervals. Thenthemodelsin eachsub-setare
groupedaccordingto fitness,in binsof 10units(e.g.thosewith afitnessbetween15and25,those
with afitnessbetween25 and35 etc.).For themodelsin theresultinggroups,theaverageparam-
eterrangesof all theparametersin eachtransitionmatrix arecalculated.Figure5.5 shows these
relationships.It appearsthat theparameterrangesof thepartitioningandinternalstatematrices
arerelatedto fitnessespeciallyat thecoarsestresolutions,while thetransportmatrixshows hardly
any relationandmoreover constitutesthe largestpart of parameteruncertainty. An explanation
for thedifferencesbetweenthebehaviour in thetransitionmatricescouldbethattheindependent
variablesthatwereallowedin thekernelfunctionsaresimplybettersuitedfor thekernelfunctions
in thepartitioningmatrixandinternalstatematrix thanthetransportmatrices.Theuseof overland
flow depth,durationandvelocityasindependentvariablesto decreasetheparameterrangesof the
transportmatrix hasbeenevaluated,but thatdid not resultin any improvements.

Resolution and parameter -ric hness

The total numberof parametersin a model is influencedby both the numberof parametersin
eachdistinctkernelfunctionandthenumberof spatialelements.An interestingrelationis found
betweenthe total numberof parameters,the averagenumberof parametersper kernelfunction,
and the numberof spatialelementsof the fittest models. It appearsthat whenmoving from a
coarseto afinerspatialresolutionthetotalnumberof parametersin thefittestmodelsstaysalmost
constant(seeFigure5.6). Fromthis it follows that for modelswith a finer resolution,thekernel
functionscontainon averagelessparameters.Figure5.6shows this trendfor thekernelfunctions
of thethreeseparatetransitionmatrices.Thereappearto besomesubtledifferencesbetweenthe
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at threedifferentresolutions.Valuesfor fit modelswith 1-4spatialunitsandtemporal
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( M�M ), andmodelswith 7-10spatialunitsandtemporalunitsof 2 minutes( N�N�N ).

kernel functionsof the different transitionmatrices: the numberof parametersin the transport
matrix decreasesfasterand at a distinct rateas comparedto the partitioning and internal state
matrices.Thesimilarity betweenthekernelfunctionsof the latter two matricesis noteworthy, it
indicatesthatthepartitioningmatrixandinternalstatematrix arenotessentiallydifferent.

If a problemof similar dimensionsasthe template(10 units for soil surfaceand10 for sub-
surface)would be representedby the combinedkinematicwave and Richardsequationsas in
Equations5.5and5.6, in total 70 parameterswould beusedif theparametersareallowedto vary
for eachspatialunit. In this respectthenumberof parametersin theidentifiedmodels(around50)
is low, especiallywhenconsideringthefact that theidentifiedmodelsarestochastic(a stochastic
modelof thecombinedkinematicwaveandRichardsequationswould requireextraparametersto
specifyhigher-ordermomentsor boundson eachof the parameters).This meansthat the com-
binedkinematicwaveandRichardsequationsarenotveryefficientrepresentationsof ahydrologic
systemof theproposeddimensions(spatialunitsof 10meters)from anidentificationviewpoint.
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Resolution and kernel functions

The kernel functionsrelatea coefficient in oneof the matricesAk, Bk or Ck to an independent
variable. In this study total soil moistureandrain, both for a unit l aswell asfor an upstream
areal Q , areconsideredasindependentvariablesin thekernelfunctions(thatis wk H 1J l , wk H 1 J l R , pk J l
and pk J l R ). Quite interestingly, all four independentvariablesareencounteredin thesetof fittest
models,howeveratdistincttemporalandspatialresolutions.It appearsthatamongthefittestmod-
els,at coarsetemporalandspatialresolutionsprecipitationon a unit (pk J l ) is generallythemost
suitableindependentvariable,andwhenmoving to a finer spatialresolutionprecipitationof the
whole upstreamareafor a unit (pk J l R ) becomesmoresuitable. Whenconsideringfine temporal
resolutions,total soil moistureis thebestindependentvariablein themodel,with atcoarsespatial
resolutionstheunit itself (wk H 1 J l ) andat finer resolutionstheupstreamareaasspatialcomponent
(wk H 1J l R ). Thesepatternsaremoreor lessequalin the threetransitionmatrices,i.e. roughly the
sameindependentvariableis usedin thefittestmodelsat oneresolution.In Figure5.7 thedom-
inant independentvariablefor thefittestmodelsis shown over thespace-timedomain.Averaged
kernelfunctionsfor the10 fittestmodelsat onespecificresolution,describingthefractionparti-
tionedto infiltration excessandsaturationexcessoverlandflow, aredisplayed(in thisway leading
to anaveragekernelfunctionwith muchmorenodesthaneachsinglekernelfunctionwould con-
tain). Thefigure illustratesthatat coarsespatialresolutionsshifts from paritioningto infiltration
excesstowardspartitioningto saturationexcessoverlandflow (or viceversa),whereasatfine res-
olution shiftsareabrupt.In otherwords: themeaningor definitionof processeslike ’infiltration’
or ’saturation’is dependentonthespatialscaleunderconsideration.Thesamepatternis observed
in theinternal-statematrix: theshift from non-mobilesoil waterto returnflow is gradualatcoarse
resolutionsandabruptat fine resolutions.The kernel functionsin the transportmatrix undergo
lesssignificantchangesasthosein thepartitioningandinternalstatematrices.

Kernel functions and under standing hillslope hydr ology

A closerlook at thekernelfunctionsin thetransportmatrix revealsthatthoseatcoarseresolutions
aredouble-peaked,whereasthekernelfunctionsat fine resolutionsaresingle-peaked. Character-
istic formsfor thedifferentresolutionsareshown in Figure5.8. Double-peakednesspointsat the
occurrenceof paralleltransportprocesseswith differentcharacteristicvelocities.On basisof this
observation themodeltemplatemaybeadaptedby relaxingtheassumptionthat lateraltransport
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Figure5.7:Typicalformsof averagekernelfunctions.Thesolidlinesgivethekernelfunctionsthat
give the fractionspartitionedto overlandflow due to infiltration excess,the dashed
lines the kernel functionsof the fractionspartitionedto overlandflow by saturation
excess(bothin thepartitioningmatrix A).

of watertakesplaceonly over thesoil surface,asshown in AppendixB. Whenidentifyingmodels
with thisnew templatewhichallows lateraltransportthroughthesubsurface,singlepeakedkernel
functionsareindeedobtainedat all resolutionsanda clearreductionof theparameteruncertainty
in thetransportmatrix is achieved.However, only at thecostof parameteruncertaintyin theother
kernelfunctions(in theA andC matrices).Theoveralleffectof this is afitnessincreaseatcoarser
spatialresolutionsanda decreaseat finer resolutions(seeFigure5.8). Sinceboth surfaceand
subsurfacelateralflow do take placeat any resolution(it doessoin thefinite elementmodelused
to generateourdata)andmodelsatafineresolutioncorrespondbetterto thefinite elementmodel,
it is paradoxicalthatmodelsatacoarserresolutiondorepresenttheprocessesof thefinite element
modelbetter. It canbeexplainedby consideringtheincreasedindeterminacy of theproblemdue
to theincreasednumberof parametersby theassumptionof bothsurfaceandsubsurfacetransport.
Correct(i.e. assumingboth surfaceandsubsurfacetransport)andfit modelsat finer resolutions
canonly be obtainedif extra observationsof subsurfaceflow areusedto conditionthe problem
better.

5.6 Discussion

Accurateandatall resolutionscorrectexperimentaldataof rainpartitioningwouldhavebeenideal
for thepurposeof thisstudy. Unfortunatelyasetwith thedesiredpropertieswasnotavailableand
doesprobablynot exist. For this reasonwe hadto resideto the generationof syntheticdatato
testour identificationprocedure.Thishastheadvantagethattheidentificationprocedurecouldbe
evaluatedefficiently (dueto a ’truth’ without error). A disadvantageof theuseof syntheticdata
is thedifficulty to transfertheresultsfrom this studyto otherhydrologicproblemsdueto thefact
that our ’truth’ is generatedby a numericalmodel,which may not be a gooddescriptionitself
for a real-life hydrologicsituation. In additionwe useanunrealistichigh dataresolution(all the
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Figure5.8:Typicalkernelfunctionswhenoneor two lateralflow paths(topaxes,solidanddashed
lines respectively) areallowed,andthechangein fitnesswhentwo lateralflow paths
areallowedin steadof only one(grayscalefigure).

outputfrom thefinite elementmodel,averagedover theappropriateunits,is used)while real-life
hydrologicproblemsarefarmoreindeterminate.However thisaspectwasmaintainedonpurpose,
in ordernot to obscurethe relationshipswe intendedto highlight. The casewherea sampleis
taken from the available dataandwhereartificial measurementerrorsare introduced,so that a
morerealisticidentificationproblemresults,is anext stepin this investigation.

Theexampleto illustratethe identificationmethodwasin thefirst placemeantto clarify the
theoreticaldescriptionof the algorithm. At the sametime it showed that the methodis ableto
find the ’true’ temporalandspatialresolutionsaswell askernel functionsof a systemwith un-
known structureandparameters.Due to thecorrespondenceof theoriginal modelusedfor data
generationand the templateusedin the identificationmethodsucha comparisonwaspossible.
Theidentificationmethodwastestedin thismanneronnumerouscasesnot reportedhere,andwas
generallyable to identify the correctmodel. This allows the assumptionthat the identification
methodbehavedasintended.

When identifying hydrologicsystemsnormality and independenceof variouserrorscannot
be assumed,dueto anisotropy in soil andterrainpropertiesaswell asthe non-linearityof flow
processesandthe correlationsbetweenmeasurementerror andsystemstate. The consequences
of thesepropertiesare that they precludethe useof the commonlyusedstochastictechniques
andlimit the possiblesolutiontechniqueto someiterative searchthroughthe setof modelsand
parameters(Jakemanet al., 1994;BrasandRodriguez-Iturbe,1984).Thealgorithmsusedin this
studyacknowledgethis limitation andwork entirelywith randomsearchesandtheassumptionof
unknown-but-boundederrors.Thesolutiontechniquehasmany resemblanceswith someexisting
techniques(BevenandBinley, 1992),with asaddedvaluetheintegral searchthroughbothmodel
andparametersetsin steadof only a parameterset.Also modelresolutionwasnot fixeda priori,
but optimizedby usinga geneticalgorithm. This approachhasbeenprovedsuccessfulin similar
spatio-temporalproblems(Meyer et al., 1989;Richardset al., 1990). In comparisonwith other
genericmodellingtechniquessuchase.g.neuralnets,mainadvantagesof theaproachin thisstudy
arethatconservationof massis imposedandthatkernelfunctionscanbeinterpretedin aphysical
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sense.
Althoughthisstudyhasshown somestrengthsof thetechnique,suchasits generalapplicabil-

ity asdiscussedabove, thepossibility to evaluatea large setof candidatemodels,andthepossi-
bility to interpretthe identifiedmodelsin a physicalsense,we feel that therearecertainlysome
weaknessesaswell. In thefirst place,the resultingmodelsmayberelatively complex, which is
a logical consequenceof theway the templateandkernelfunctionsareformulated(andwithout
it thewholemethodcouldnot function),but which imposesproblemswhenit comesto theanal-
ysisof the resultingmodels.Secondlythemethodis computationallyintensive. And finally the
resultingmodelshave a relative poorfit ascomparedto methodswith morestrict assumptionson
errors(likemaximum-likelihoodestimation,assumingGaussiandata).In testswith Gaussiandata
it wasfoundthatmaximum-likelihoodsolutionsusinga 2a norm(least-squaressolution)leadto
fitnesseswhich were20%higherthanwhenusingan∞ a norm(correspondingto theunknown-
but-boundederrorsusedin this study),for the modelsof this study. Again, this last aspectis a
logical consequenceof choicesmadeearlier, whichcannotbechangedwithout lossof generality.
As a consequenceof theseweaknessesthemethodis mainly suitableto identify a limited setof
candidatemodels,thatcanbefurtheroptimizedwith morerigorousidentificationtechniques(e.g.
Norton,1986;Ljung, 1987;YoungandBeven,1994). The trade-off betweentheuseof a robust
errorcriterionandoverall modelperformancedependson resolutionandmodelformulationand
is thereforerathercomplex. It will bea rewardingtopic of futureresearch.

By applyingtheproposedidentificationtechniquesto adetaileddatasetof hillslopehydrology
we obtain resultsthat reconfirmthe hypothesesof other studies: 1) variousdifferent rainfall-
runoff modelsareidentifiableat thehillslopescale,2) qualitatively differentmodelsmayshow the
samebehaviour (Graysonet al., 1992b). In additionwe hypothesizethat: 3) themostsuccessful
(fittest)modelsareencounteredat a narrow rangein thespace-timedomain(Figure5.4) thetotal
parameteruncertaintyis relatedto overall modelsuccess(Figure5.5) the total numberof model
parametersof the most successfulmodelsdoeshardly changefor different resolutions(Figure
5.6) thefittestmodelsarequalitatively different,with respectto form aswell asthe independent
variablesin thekernelfunctions,at differentresolutions(Figures5.7 and5.8). However mostof
theabove hypothesesareprobablynot new, thereis still disagreementamonghydrologistsabout
theirvalidity (BlöschlandSivapalan,1995;Refsgaardetal.,1996).Onbasisof thissinglecase,we
cannotmorethancontributemarginally to thisdebate.Wethink thereforethatnot theresultsfrom
thecasestudy, but rathertheframework explainedin thisstudymaycontributeto alargerextent. It
providesuswith atool for thesystematicandrepeatedinvestigationof thesamehypothesesunder
diversecircumstances(e.g. differentmodeltypes,datasets,spaceandtime scales).In particular
the differentdependenciesbetweenresolutionandindependentvariablesmay be unraveled(see
Figures5.6and5.7),or desirablemodelstructureandresolutionmaybedeterminedfor aspecific
problem(seeFigures5.7and5.8). In addition,asillustratedin Figure5.8, theanalysisof kernel
functionsover a rangeof resolutionsmayleadto insight in thehydrologicalprocessesandat the
sametime pointat shortcomingsin theobservations.

5.7 Conc lusions

In this studythe main objective wasto introducea new methodfor identifying scaledependent
modelsin a hydrologicalcontext. Themethodhasbeenexplainedandappliedto a hypothetical
caseat the hillslope scale. Somestrengthsand weaknesseshave beenhighlighted. The main
strengthsbeinggeneralapplicability (regardlesserror structureor non-linearity),the possibility
to evaluatea largesetof candidatemodels,to interpretthe identifiedmodelsin a physicalsense,
andcomputationalsimplicity. Weaknessesaretherelatively complex modelsthatmayresult,the
computationtime required,andtherelative poorfit of modelsascomparedto methodswith more
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strict assumptionson errors. The methodis thereforemainly suitedto identify a limited setof
candidatemodels,thatcanbefurtheroptimizedwith morerigorousidentificationtechniquessuch
asmaximumlikelihoodestimation.

The additionalobjective to explore relationsbetweenmodelstructure,resolutionanduncer-
tainty (i.e. the inverseof fitness)whenpredictingoverlandflow at thehillslopescaleresultedin
thefinding thatthethreefactorsareclearlylinked. In particularit wasfoundthatin thespectrum
of temporalandspatialresolutionsthefittestmodelsarefoundin anarrow range,andhaveasmall
total parameteruncertainty, a constantnumberof parameters,andstructuralmodeldifferencesat
differentresolutions.
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6 Identification of scale dependent models: the
case of catc hment scale overland flo w

6.1 Intr oduction

For the caseof overlandflow at the hillslope scale,it was found in Chapter5 that uncertainty,
resolutionandscaledependentmodelstructurearecloselyrelated.Oneof thequestionsarising
from this theoreticalstudyis whethertheserelationsalsoexist at thecatchmentscalewhenusing
field observations(opposedto usingsynthetichillslope-scaledataas in Chapter5). This issue
is investigatedherefor the caseof overlandflow, usingthe datafrom Kaibo andHorizontesas
describedin Chapter2. More precisely, themain objective of this chapteris to identify a setof
overlandflow modelson thebasisof theavailablefield datafor Kaibo andHorizontesandrelate
thestructureof theseoverlandflow modelsto predictive uncertaintyandmodelresolution.When
dealingwith field observations,the collectionof enoughinformative observations- to calibrate
or identify any usefulhydrologicalmodelat all - is not trivial (Guptaet al., 1998). This is partly
due to the limited observability of hydrologicsystemsin general,but also to the limited tools
availablefor measurementoptimization.Measurementoptimizationdoesfor that reasondeserve
someattentionin relationto modelidentification.But sinceit is beyondthescopeof this chapter
to dealwith this issue,thereaderis referredto vanLoon andKeesman(2001).As will beshown
later, it is possibleto identify a setof modelsthataresuitablefor overlandflow predictionon the
basisof theavailableobservations,andthis is taken asthe startingpoint for the questionsto be
investigatedhere.

This chapteris structuredasfollows. A brief descriptionof themodelandmethodusedfor
catchment-scaleidentificationis givenin Section6.2. In Section6.3theoptimalensemblesizefor
simulationwith themodelsetis established.In Section6.4 theidentifiedmodelsarevalidatedby
comparingdischarge andoverlandflow predictionswith observations.Overlandflow patternsin
spaceandtime areanalyzedin Section6.5. Then,thesetswith behavioural modelsarecharacter-
izedin Section6.6. This is followedby ananalysisof thekernelfunctionsin thevariousmodels
in Section6.7.Finally theresultsarediscussedandconclusionsdrawn in Sections6.8and6.9.

6.2 Description of the model template

Thediscretestatespacemodeldescribedby Equations5.1to 5.3 is appliedto theKaiboandHor-
izontesdata.Thestructureof themodeltemplateis asfollows. It describesoverlandflow during
and just after rain in a catchment,whereevapotranspirationlossesareneglected. Precipitation
(pk b l ) is the only input underconsiderationandthemodelstatevariablesareinfiltration into the
soil (sk b l ), overlandflow dueto infiltration excess(rk b l ) andoverlandflow dueto saturationexcess
(tk b l ) - all expressedasdepthin mm (seeAppendixB for a detailedexplanation).Total soil mois-
ture(wk b l ) is calculatedon thebasisof cumulative infiltration. All statevariablesareexpressedas
depthin mm. Thesubdivision in time is regularandmodelsmayoperateat time stepsof 5, 10,
15, 20, 25 and30 minutes. In spacea subdivision of 1 to 18 elementsis allowed in Kaibo and
a subdivision of 1 to 24 elementsin Horizontes.Theshapeof thespatialunits is limited to bea
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(combinationof a) soil unit, vegetationunit, zoneof equalupslopearea,and(in thecaseof Hor-
izontes)theboundaryof oneof thesix sub-catchments.Thespatialdistribution of upstreamarea
wasshown in Figures2.1 and2.7 andtheboundariesof thesix sub-catchmentsof Horizontesin
Figure2.13.Only onesubdivision in upstreamareais allowedin Horizontes,andtwo areallowed
in Kaibo so that for Horizontesa maximumof 24 spatialunits is obtainedon the basisof these
rules(6 soil-vegetationclassesc 2 sub-catchmentsc 2 zonesof upstream/downstreamarea),as-
sumingthat in eachsub-catchmenteachsoil-vegetationclassoccurs;and in Kaibo a maximum
of 18 (6 soil-vegetationclassesc 3 zonesof upstream/downstreamarea).This subdivision was
found to performrelatively well by trial anderror. Also subdivisionson the basisof many (up
to 20) iso-linesof upstreamareaandtopographicindex wereevaluated,but thesedid not yield
behavioural or fit models.

After identifying an initial setof modelsat the thecoarsestspatialresolution(i.e. theentire
catchmentis oneunit) usingthemethodoutlinedin Section5.4, thespatialunitsareestablished
asfollows.

1. Thecatchmentis subdividedinto severalsub-unitsaccordingto randomcombinationsof the
soil andvegetationclasses.This startsat coarseresolutionswhereaftertheunitsarefurther
subdivideduntil nomodelimprovementis seenanymore.

2. Thecatchmentis furthersubdividedaccordingto aniso-lineof upstreamarea.Thisstartsat
aoneextreme,i.e. azonewith thesmallestpossibleupstreamareaof 400m2 complemented
by anotherzoneof theremainingupstreamarea.

3. Theiso-lineof upstreamareais shiftedsystematicallywith stepsof 400m2 until theentire
rangeof upstreamareais covered.

4. For Kaiboasecondiso-lineof upstreamareais evaluatedasin steps2 and3. For Horizontes
acatchmentboundaryis addedby randomselection.

5. Spatialsub-unitsarejoinedrandomlyandthis is repeated103 times.

In eachof theabovestepssetsof fit modelsareestablishedby retainingthefittestmodelsobtained
until then.Theresultingunitsareirregularin shapeandnotorderedaccordingto a toposequence.
This implies that the connectivity(i.e. the estimatedquantity of flow from one spatialunit to
anotheron thebasisof topography)cannotbecalculatedin astraightforwardmanner. A choiceis
madeto determinetheconnectivity betweentwo spatialunits i and j on thebasisof theD8-flow
directionmapwhichis definedona20 c 20mgrid (seeChapter2), usingthefollowing expression

ci b j d kegf f low f romi reaching j af terktimeinstants
total f low f romi not reaching j af terktimeinstants

f or k f 1h�i�i�ijh 10

which is calculatedasfollows

ci b j d kekf m jCkmi

mT
i Ckmi

(6.1)

whereci b j d k e is the connectivity betweenspatialunits i and j (i.e. estimatedflow from i to j)
for time instantk, m j is a (1h L e vectorwith onesandzeroes,indicatingwhethera grid cell is
part of spatialunit j, C is the d L h L e connectivity matrix of the 20c 20 m DEM (i.e. a different
representationof the D8 flow directionmap),mi is a d L h 1e vectorwith onesandzeroesin the
diagonal,indicating whethera grid cell is part of spatialunit i. Considerf.i. the simplecase
of flow along a straightslopeof threesegmentsfor which the connectivity matrix is given by

C f 0 0 0
1 0 0
0 1 0

, andthetwo upstreamsegmentsbelongto aspatialunit i, while thedownstream
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segmentbelongsto spatialunit j. Now m j f 0 0 1 andmi f 1 1 0
T
. For these

valuestheresultof Equation6.1 is 2.
EvaluatingEquation6.1 for a rangeof valuesk f 1h 2h�i�i�i�h 10 yieldsa distribution of ci b j over

k. Themodeof this distribution givesthemostprobablevalueof k, which canbe interpretedas
the characteristicdurationof transportfor flow from i to j. This valuewill be indicatedaski b j .
Themeanvalueof ci b j over thetotal rangeof time instantsk f 1h 2h�i�i�ilh 10 will bedenotedby ci b j .
Thesetwo entitiescanbedefinedmorepreciselyby equations6.2and6.3:

ki b j f maxd ci b j d ke�e (6.2)

ci b j f E m ci b j d ke>n (6.3)

Theindependentvariablesallowedto determinethecoefficientsin thetransitionmatricesare:
pk b l , pk b l o , wk p 1 b l , wk p 1b l o , wherel q refersto theareaupstreamof unit l . Thesevariablesarechosen
on thebasisof theresultsobtainedin Chapter5. Theidentificationalgorithmoutlinedin Chapter
5 (SeealsoFigure5.1) is appliedto thecalibrationdataof boththeKaibo andHorizontescatch-
ments,(seeTables2.1,2.2 and2.3). Theschemedescribedin Section5.4 is applied,using75%
of thecalibrationdatain step3 and25%in step5.

Model predictionsandpredictionerrorsarebasedon the averagedresultsfrom a numberof
randomlychosenmodelsfrom thefinal setof fit models.Theprobabilitythata modelis selected
from thesetis proportionalto its fitness,which implies thata modelmaybeselectedmorethan
once. The predictionerror (expressedasRRMSE)is determinedon basisof the validationdata
(seeTables2.1,2.2and2.3),andit is calculatedaccordingto Equation2.1, i.e. in thesameway
asin Chapters3 and4. Thereasonfor simulatingwith amodelensembleis basedonthe- initially
unexpected- finding that the predictionerror decreaseswith ensemblesizesdown to a certain
limit. Therequiredensemblesizesfor this studyaredeterminedin Section6.3.

6.3 Determination of the required ensemb le size

Theresultsof theidentificationalgorithmis asetwith 312behavioural modelsfor Kaiboand503
modelsfor Horizontes.Theoptimalensemblesizefor predictingwith thesemodelsis soughtby
determiningtheRRMSEof dischargeandoverlandflow predictionson thebasisof thevalidation
datafor a rangeof differentensemblesizes.In thiscasetheRRMSE-valuesareaveragedover the
catchmentandthe entiresimulationperiod. The resultsof this experimentareshown in Figure
6.1.Thefigureshows thatfor increasingensemblesizesthepredictionerrordecreases.This trend
continuesup to ensemblesizesof approximately800 for Kaibo andalmost1000for Horizontes.
Thereareslight differencesin theserelationshipsfor dischargeandoverlandflow. Largerensem-
ble sizesappearto leadto thesameminimumpredictionerrors.Theexplanationfor this relation
betweenensemblesizeandpredictionerroris therelativeheterogeneityof themodelset.In ahet-
erogeneoussetof models,theeffectof ensemblesizeis expectedto belargewhereasin arelatively
homogeneoussetit is expectedto besmall.Thisexplanationsuggeststhatthemodelsderivedfor
Kaiboaremoreheterogeneousthanthosefor Horizontes.Figure6.1possiblycontainsotheruseful
informationto characterizethemodelsets,but sincethereis notheoreticalframework availableto
dosowerefrainfrom that.On thebasisof theresultsshown in Figure6.1theensemblesizeto be
usedin theremainderof this chapteris setto 1000membersfor bothKaiboandHorizontes.

6.4 Model validation

Thefactthatlargesetsof behaviouralmodelswerefoundfor bothHorizontesandKaibois in itself
alreadyanindicationthat,giventhemodeltemplate,theidentificationmethodcanwork with field
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Figure6.1:Theeffect of ensemblesizeon the total predictive uncertaintyof discharge andover-
landflow for Kaibo (solid lines)andHorizontes(dottedlines).

observationsat the catchmentscale.The closenessof the observed andpredicteddischargesby
the behavioural modelsduring both the calibrationandvalidationstageis shown in Figure6.2.
The figure shows that the deviation is moreor lessequalyfor all discharges. Thereis a slight
overpredictionat low discharges,especiallyfor Horizontes.Thestructureof thepredictionerror
for thevalidationdatais similar to that for thecalibrationdata.This indicatesthatthecalibration
andvalidationsetcover thesametypeof system-behaviour, andthat thebehavioural modelsare
not over-parameterized.If theseconditionswerenot met, thepredictionsfor thevalidationdata
wouldbemuchworse.Figure6.3shows thatthepredictionerrorsseemto bestationaryover time.

Theability of thebehavioural modelsto predictoverlandflow ratiosis analyzedby compar-
ing observed andpredictedoverlandflow ratios for differentspatialunits, in this casethe soil-
vegetationunitsandtheentirecatchment(similar to theanalysisin Figure4.3). Figure6.4shows
theresults.Theobservationsin thisgrapharederivedby averagingthedifferentobservationsover
thespatialunits. Interestingly, thefit doesnotdiffer for thedifferentresolutionsasit did with the
modelin Chapter4 wherea bettercorrespondencebetweenobservedandpredictedwasfoundat
thecatchmentscale.A possibleexplanationfor thisphenomenonis thatmodelsatdifferentspatial
resolutionscontainapproximatelyan equalnumberof parameters,which leadseventuallyto an
equalpredictive uncertaintyat thedifferentresolutions(given that thesystemis representedcor-
rectly at thevariousresolutions).By astraightforwardapplicationof ensemble-prediction,coarse
aswell asfine-resolutionmodelswith a similar fitnesshave anequalchanceof selection,leading
to a predictabilitywhich is similar over all resolutions.This explanationimplies that theuseof
finer-scalemodelsfor predictionat thefiner resolutions(the figuresat the left) andcoarsescale
modelsfor predictionatcoarserresolutions(figuresat theright) shouldleadto betterresults.This
is testedby usingthefittestmodelsat resolutionsof 10 to 20 spatialunits to predicttheoverland
flow ratio for predictionat the resolutionof soil-vegetationunits,andusingthefittest modelsat
resolutionsof 1 to 5 spatialunitsto predictoverlandflow depthat thecatchmentscale.In Figure
6.5theresultsareshown. WhencomparingFigures6.4and6.5 theexpectedpatternoccurs,i.e. a
betterfit in thelatter.

6.5 Overland flo w patterns in space and time

Thespatialpredictionof theoverlandflow ratioby thebehaviouralmodelsis shown in Figures6.6
and6.7,wherethepredictionsarein factaveragesof theensemblepredictionsby 1000randomly
selectedmodels. Similar to the resultsin Chapters3 and4, Figures6.8 and6.9 presentpredic-
tionsof seasonalaverageoverlandflow ratiosaswell asfor subdivision accordingto seasonand
rain intensity. Whencomparingtheseresultswith thosein theprevious chapters,several aspect
standout. The first is that the RRMSEof the predictionis higherthanfor predictionswith the
regressionmodel,but on averagelower thanfor predictionswith thedistributedmodel.Secondly,
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Figure6.2: Observed versuspredicteddischarge ratios(event totalsof discharge as fraction of
total eventrain) at theoutletsof Kaibo andHorizontesfor thecalibration( r ) andval-
idation( s ) data.Thepredictionsareaveragesfrom anensembleprediction(n=1000)
with thesetof fit models.

theRRMSEis distributedmoreevenly over space.Furthermore,it turnsout that thepatternsof
overlandflow occurrenceareratherdifferent,again,from thosepredictedby previousmodels.

6.6 Characterizing the sets with behavioural models

Models for the entire season

An overview over the setswith behavioural modelsis given in Table6.1. The tablelists model
propertiessuchasthenumberof spatialelements,thesizeof thetemporalunitsandthenumberof
parametersperspatialelement.An intercomparisonof themodelsderivedfor Kaibowith thosefor
Horizonteslearnsthatthemostsuccessfulmodelsfeaturea largernumberof spatialelementsand
a finer temporalresolutionfor theHorizontescatchment.By alsolisting the 10% fittest models
in theset,it is in additionshown that thespatialandtemporalresolutionaswell asthefitnessare
coupledfor bothcatchments.Thispatterncorrespondswith therelationsshown in Figures5.4and
5.6. Thetotal numberof parametersperspatialelementis low for bothcatchments,comparedto
theresultsin Section5.5(Figure5.6). This is notablesincethereis no super-imposedmechanism
in the identificationalgorithm which leadsto a minimization of the numberof parameters.It
is thereforea propertyof the systemunderstudy(constrainedby theavailableobservationsand
the minimum numberof parametersrequiredby the template).The numberof spatialelements
obtainedin thefit modelsis half to onefourth of thepossiblenumberof spatialelementsdefined
in the template. This meansthat somespatialunits have beenlumpedand are consideredas
homogeneouswith regardto their hydrologicalresponse.A way to quantify theseeffects is by
relatingthepossiblespatialsubdivision (asspecifiedin themodeltemplate)to theactualspatial
subdivision (aslaid down in aspecificmodelin thesetof fit models)via thefollowing index.

dh f l posth
l prih

whereh is an index indicatingwhich factoris considered(topographic,vegetationor soil), dh is
calledrelativedissection, l prih (in m) is thetotal lengthof all vectorsdissectingtheunitsdefined
for factorh in the template,and is l posth (in m) is the total lengthof all vectorsdissectingthe
unitsdefinedfor factorh in thesetof fit models.Therelativedissectionfor thefactorstopography,
vegetationandsoil of Kaibo andHorizontesis given in Table6.2. The relative dissectionis a
measurefor the relative homogeneityof a factorwith regardto theoccurrenceof overlandflow.
A small relative dissectionmeansin this context that the factor is relatively homogeneousand
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Figure6.3: The differenceof observed andpredicteddischarge ratiosover time for Horizontes
andKaibo.

doesas a consequencenot needto be taken into accountin the template. It turns out that for
Kaibo especiallylanduseandsoil canbeconsideredashomogeneousunitswhile for Horizontes
especiallytopographycanbeconsideredashomogeneouswith regardto overlandflow occurrence.

Anotherissueof interestis theactualvalueof theupstreamareaiso-linesin thefit modelsfor
Kaibo andHorizontes,which follow from theprocedureoutlinedin Section6.2. Thedistribution
of thesevaluesareshown Figure6.10in theform of normalizedfrequency distributions.TheFig-
ureshows thattwo iso-linesoccurfrequentlyin Kaibo andonein Horizontes.Thesmallpeaksat
theleft-handsidein thegraphs(upstreamarea= 0) exist becausea few modelsdonot usetheup-
streamareafor spatialsub-division. Theprobabilitydistributionshave averagesof approximately
1.3and4.2hain Kaiboand3.7hain Horizontes.Especiallyfor Kaibo thedistribution of iso-line
valuesis quitepeaked.Apparently, quitelimited optionsfor spatialsubdivisionareallowedby the
system,leadingto this particularpattern.Thespatiallyaveragedlocationsof theiso-linesin both
KaiboandHorizontesareshown in Figure6.11.

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

As hasbeenshown in the precedingchaptersandSection6.5, therearemarked seasonaldiffer-
encesin soil andvegetationdevelopmentfor bothcatchmentsandalsomarkeddifferencesfor low
andhigh rain intensities.Thereforethequestionariseswhethera singlesetof fit modelsis really
applicableover theentireseasonandfor all typesof eventsin bothcatchments.And if different
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Figure6.4:Observedversuspredictedoverlandflow ratio persoil-vegetationunit andcatchment,
wherethe predictionsarebasedon ensembleprediction(n=1000)with the setof fit
models.

modelsare indeedidentified for thosedifferentconditions,the questionis what canbe learned
aboutthehydrologicsystemon thebasisof thesedifferences.As before,theeffect of seasonality
is investigatedby applyingthe identificationalgorithmto 20 eventsthatoccurredin thefirst two
monthsandlast two monthsof theKaibo andHorizontescatchmentsrespectively. And theques-
tion whetherthe(rain) characteristicsof aneventareimportantis investigatedby considering20
eventswith a rain intensitylower than5 mmht 1 and20eventswith a rain intensityhigherthan20
mmht 1 for identification.Again,75%of thedatais usedfor calibrationand25%for validation.

Thecharacteristicsof themodels,derivedon thebasisof thedifferentsub-setsof thedata,are
listed in Tables6.3 and6.4. Sincethe datasetsfor low andhigh rain intensityaswell asearly
andlate seasonarelessdiscriminatingthanthe entiresetof fit models,larger setsof fit models
areexpectedfor eachof thesecases.Interestingly, this is indeedthe casewhendistinguishing
betweenseason(it resultsin larger setsof fit modelsfor either season,with a higher average
fitness),but not whendistinguishingbetweenlow andhigh rain intensities(smallersetswith fit
modelsarederived,with afitnesssimilar to thatwhenconsideringtheentirerangeof intensities).
Thespatialdiscretizationof thecatchmentsturnsout to displayaninterestingshift in thecaseof
seasonaldifferentiation.Whentakingthefirst two monthsof theseasonthemarkedeffect of soil
is observedin bothcatchments(it is hardlydissected),whereasat theendof theseasonit is land-
use/vegetationwhich is the leastdissected.Thedifferentiationaccordingto rain intensityseems
to have no profoundeffects(seeTable6.5). On the basisof theseresultsthe conclusionis that
for bothcatchmentsbettermodelscanbederivedby distinguishingbetweenearlyandlateseason,
but not by distinguishingbetweenlight and intenserain. This is intuitively expectedbecause
vegetationandland surfacechangesarenot taken into accountinto the modelparameterization
whereasrain (depthaswell asintensity)is.
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Figure6.5: Observedversuspredictedoverlandflow ratiopersoil-vegetationunit andcatchment,
wherethepredictionsarebasedonensembles(n=1000)thatareparticularlysuitedfor
theresolutionof theobservations.

6.7 Characterizing the Kernel functions

Themodelsidentifiedin theprevioussectionsare,becauseof themany parametersthey contain,
difficult to usefor understandingthedynamicsof thehydrologicalsystems.Yet, thestructureof
themodelsis conceptuallysimpleandnotessentiallydifferentfrom thosedescribedin Chapters3
and4. Theregressionmodelof Chapter3 aswell asthedistributedmodelformulatedin Chapter
4 could e.g. alsobe formulatedin the state-spaceform of Equations5.1 and5.2. A statistical
analysisof the variousmodelcomponentsmay provide further insight,but presentlythereis no
leadavailableasto which techniquescould be usedfor that purpose.Anotherpossibility to get
hold of the informationcontainedin themodelsis to replacethekernelfunctionsby continuous
functionswith much lessparametersso that thesecan more easily be interpretedor relatedto
physicalentities.Thelasttechniquehasbeenappliedhere.

It wasstatedin Section6.2 that theindependentvariablesallowed in thekernelfunctionsare
pk u l , pk u l v , wk t 1u l , wk t 1u l v , (wherel w refersto the areaupstreamof unit l ). Someof the resulting
kernel functionsfor eachof theseindependentvariablesare shown for the different transition
matricesin AppendixE (FiguresE.1to E.3).Thefiguresdisplayarandomselectionof 5 outof the
totalnumberof kernelfunctions.As hasbeendemonstratedbefore,kernelfunctionshavealimited
region of applicability in theentirespace-timedomainof thesetwith fit models.In Table6.6 the
main regionsof occurrenceof the variouskernel functionsin the space-timedomainarelisted.
Thetableshows thatnotevery independentvariableis equallyrelevantfor bothcatchments(i.e. is
dominantin a largenumberof models),andthatcertaintypesof kernelfunctionsaredominantat
slightly differentresolutionsin thetwo catchments.Especiallythevariablespk u l andpk u l v , which
aregenerallydominantat coarserscales(seealsoSection5.6), occurat finer resolutionsin the
Horizontescatchment.Thissuggeststhattheflow processis generallyfasterin thecaseof Kaibo.

For eachof the ’K erneltypes’ listed in Table6.6 ananalyticexpressionis sought.Relation-
shipsthatapply reasonablywell arethe rectangularhyperbolafor kernelfunctionsin Ak andCk
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Figure6.6:Predictedaverageoverlandflow ratio andRRMSEover theentireseasonfor Kaibo.
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Figure6.7:Predictedaverageoverlandflow ratio andRRMSE over the entireseasonfor Hori-
zontes.

andthegammadistribution (thederivateof theincompletegammafunction)for kernelfunctions
in Bk. Therectangularhyperbolais givenby oneof thefollowing equations.

f d xekf xn

xn s an (6.4)

f d xegf 1 a xn

xn s an f an

an s xn (6.5)

f d xegf d xmax a xe nd xmax a xe n s an (6.6)

f d xegf an

an s d xmax a xe n (6.7)

wherea (> 0) is a factordeterminingthe locationof x where f d xe reacheshalf of its maximum
value,xmax is the maximumvaluethat x may take, andn a coefficient determiningthe point of
inflectionof thecurve. In practiceequation6.5appliesto theparametersdetermininginfiltration
(declining f d xe for increasingvaluesof wk b l andpk b l ), andequation6.7 appliesto theparameters
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Figure6.8:Predictedaverageoverlandflow ratio andRRMSEfor low/high rain intensitiesand
early/lateseason,Kaibo.

determiningsaturationexcessrunoff andreturnflow (increasingfor increasingvaluesof wk b l and
pk b l ). Thescaledversionof thegammadistribution is givenby

f d xekf m x
xmax

x
a p 1y

ep d m x
xmax e

Γ d ae (6.8)

wherea ( z 1) is a shapefactor, which maychangethefrom of thedistribution from exponential
(a f 1) to Gaussian(a f ∞), m is a scalefactor, and xmax is the maximumvalue that x may
take. The parametera in this equationis given by the productof an averagea-value(aavg) and
characteristictimeki j definedin Equation6.2: a f ki jaavg andm is defenedasanaveragem-value
(mavg) multiplied by theaverageconnectivity definedin Equation6.3: m f ci jmavg. This reduces
thenumberof parametersto befitted to only two for thisequation,i.e. aavg andmavg.

Througheachof thegroupswith typicalkernelfunctionsanappropriateexpression(either6.4,
6.5,6.6,6.7or 6.8) is fitted. Theresultingparametervaluesaregiven in Tables6.7and6.8. The
functionsareareplottedin AppendixE (FiguresE.4andE.5).

Thekernelfunctionscanbeinterpretedin a probablisticsense.Thekernelfunctionthenpro-
videsanestimateof a transportor partitioningparameterξ (i.e. ξ : f ak b l ; bk b l orck b l e , conditional
on thevaluethattheindepententvariablein thekernelfunctiontakes(takinge.g.thekernelfunc-
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Figure6.9:Predictedaverageoverlandflow ratio andRRMSEfor low/high rain intensitiesand
early/lateseason,Horizontes.

tion of Equation6.4with pk b l abbreviatedasp):

E m ξ { xn|f pn

pn s an (6.9)

Theformalismby Jaynes(Jaynes,1963,1982)thenstatesthatthebestestimateof theconditional
probabilitydistibution f d ξ { xe is givenby

f d ξ { xekf ep λµ

C d λ e (6.10)

in which C d λ e representsthe kernel function, e.g. xn

xn } an , which shouldequalthe integral of a
negative exponentialfunction:

C d λ e~f�� ∞

0
ep λµdµ f 1

λ
(6.11)

CombiningEquations6.9,6.10and6.11leadsto

f d ξ { xekf xn s an

xn ep x xn
xn � an y µ (6.12)

If for instancetheprobabilitydistribution for x, f d xe , is known, thejoint probability f d ξ h xe canbe
calculatedastheproductof thetwo distributions,assumingthey areindependent.Theconditional
aswell asjoint probabilitiescanbe usedin probablisticmodelsasthoseintroducedandapplied
by e.g.HoskingsandClarke (1990);Milly (1993)andRodriguez-Iturbeet al. (1999).
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Table6.1:Characteristicsof behavioural modelsetsfor KaiboandHorizontes.Thenumbersgive
themeanvalueswhile therangesbetweenbracketsgive theextremevaluesoccuringin
theset.

Kaibo Horizontes
all models numberof modelsin set 312 503

average(min. - max.)of:
spatialelements(nr) 5 (1-7) 11 (4-14)
temporalunit (min) 17 (5-30) 12 (5-20)

pars.perspatialelement(nr) 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:

spatialelements(nr) 6 (4-7) 13 (4-9)
temporalunit (min) 14 (5-20) 7 (5-15)

pars.perspatialelement(nr) 2.2(2-4) 2.3(2-4)
fitness(-) 0.8(0.6-0.9) 0.8(0.7-0.9)

Table6.2:Therelative dissectiondh of thetopographic,vegetationandsoil factorsfor Kaibo and
Horizontesfor theentiremodelsetandthe10%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 studyshows that in spiteof somemarked differencesbetweenKaibo andHorizontes,there
aremany similaritiesbetweenthemodelsetsdescribingthesecatchments.In the first placethe
samemodel templatewasusedfor both catchments.The relationbetweenproblemresolution,
availability of observationsandfitnessseemsto apply to both catchments.Also the shift in the
independentvariablesfrom soil moistureat fine temporalresolutionsto rain at coarsetemporal
resolutionsis applicableto bothKaibo andHorizontes.Thecatchmentsdiffer with regardto the
exact form of thekernelfunctionsandthemodelresolutionsto which differentkernelfunctions
apply. This canbeexplainedby thedifferencein topography- Kaibo haslongerslopesandless
relief - andthe limited spatialdiscretizationof the modelsfor the Kaibo catchment(Table6.6).
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Figure6.10:Thenormalizedfrequency distribution of theupstreamareaiso-linesin thefit models
for KaiboandHorizontes.
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Kaibo Horizontes

Figure6.11:The spatiallyaveragedlocationof the iso-linesfor Kaibo andHorizontes.The two
patchesin Kaibo indicatedby thearrows areoutsidebothupstreamareaiso-lines.

This last factor may have beencausedby the relatively few distributed observationsin Kaibo.
It is notablethat the sameshifts in the useof independentvariablesare found for the real data
setsat thecatchmentscaleaswith thesyntheticdatasetat thehillslopescale(seeChapter5). It
suggeststhat thesource-driven systembehaviour at coarseresolutionsandsink-drivenbehaviour
at fine resolutionsis a propertyof the hydrologic systemsat both scales. The size of spatio-
temporalunits to which ’coarse’ or ’fine’ refer dependson the heterogeneityof rain, soil and
terraincharacteristics(inputsandmainmodeldeterminants),anddiffersfor differentareas.At the
point wheremodelsareidentifiedas’fit’ for a specificresolutionit is perhapsirrelevant to bother
abouttheseheterogeneities.However, for the characterizationandintercomparisonof different
catchmentsa quantificationof this ’functional heterogeneity’might be of interest. As donein
this chapter, modelformscanbeanalyzedover a rangeof space-timeresolutions,leadingto the
demarcationof kernel-shifts. Comparingthe locationof thesekernel-shiftsfor Horizontesand
Kaibo leadsto theobservation that theshift from sourceto sink-limitedsystembehaviour occurs
at a spatialresolutionof approximately7 units for theHorizontescatchmentand5 units for the
Kaibo catchment.Theseresolutionscorrespondto physicaldimensionsof (on average)300m in
Horizontesand220m in Kaibo.

Relatingthesedimensionswith thespatialcorrelationstructureof therain,soil andvegetation
characteristicsindicatesthat especiallythe spatialstructureof the rain (with auto-correlations
droppingsharplyat 350and200m for HorizontesandKaibo respectively) couldgive riseto this
pattern.Thespatialheterogeneitiesof soil andvegetationcharacteristicsareapproximatelytwice
aslarge.Thisobservationgivesriseto thehypothesisthatin thetwo studycatchmentsthestructure
of araineventis themostimportantdeterminantfor overlandflow patterns,insteadof topography
or thepre-eventsoil moisturedistribution.

Applying theidentificationprocedureto differentsub-setsof thedata,leadsto very interesting
results. In the first place, it shows that rain intensity doesnot influencethe parameterization
whereasseasonality(the time after start of the wet season)does. This meansthat the nature
of the hydrologicsystemchangesover the rainy season.It hasbeenexplainedbefore(Section
4.7) that this changeis causedby variousstronglycorrelatedprocesses:swelling andshrinking
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Table6.3:Characteristicsof behavioural modelsetsfor KaiboandHorizontes,identifiedusing10
low-intensityand10 high-intensityevents

Kaibo Horizontes
low intenisty numberof modelsin set 214 351

average(min. - max.)of:
spatialelements(nr) 5 (1-7) 11 (4-14)
temporalunit (min) 17 (5-30) 12 (5-20)

pars.perspatialelement(nr) 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:

spatialelements(nr) 6 (4-7) 13 (4-9)
temporalunit (min) 12 (5-15) 7 (5-15)

parametersperspatialelement(nr) 2.2(2-4) 2.3(2-4)
fitness(-) 0.7(0.4-0.8) 0.7(0.3-0.8)

Table6.4:Characteristicsof behavioural modelsetsfor KaiboandHorizontes,identifiedusing10
eventsfrom thefirst two and10 from thelasttwo monthsof therainy season.

Kaibo Horizontes
first two months numberof modelsin set 453 768

average(min. - max.)of:
spatialelements(nr) 4 (1-6) 7 (4-9)
temporalunit (min) 21(10-25) 14 (5-20)

parametersperspatialelement(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:

spatialelements(nr) 5 (3-7) 8 (4-10)
temporalunit (min) 14 (5-20) 11 (5-15)

parametersperspatialelement(nr) 2.3(2-4) 2.2(2-4)
fitness(-) 0.8(0.6-0.9) 0.9(0.7-0.9)

of clays,vegetative developement,changingsoil roughnessdue to the impactof rain, animals,
tillage andsoil macrofauna. A considerableheterogeneitywithin the modelsetderived on the
basisof average-seasonalconditions,couldbeexplainedby shifts in thesefactors.However, the
limited size of the dataset, especiallywith regard to theseseasonalfactors,did not allow the
parameterizationof thevariousmodelswith thesenewly identifiedfactors.

For bothcatchmentsthekernelfunctionsfor partitioningcouldbeestimatedby a rectangular
hyperbola,andthekernelfunctionsfor transportby gamma-distributions. As hasbeenexplained
in Section6.7, the functionscan be interpretedin a probablisticsense. leadingto data-based
conditionalandjoint probabilitydistributionsof hydrologicalvariables.Theapplicabilityof these
distributionsfor practicalpurposesstill needsto betested.

6.9 Conc lusions

Theapplicationof theidentificationprocedurepresentedin Chapter5 to thedataof Chapter2 led
to resultsthat correspondedcloselywith thoseobtainedusingthe syntheticdataset in Chapter

104



Table6.5:Therelative dissectiondh of thetopographic,vegetationandsoil factorsfor Kaibo and
Horizontes,identifiedwith 10 eventsin thefirst 2 months/ last2 monthsof the rainy
season(’early/lateseason’in thetable)and10 low-intensity/ high-intensityevents.

early/ lateseason low / high rain intensity
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:Overview of the(square)regionsin thespace-timedomainwherethedifferenttypesof
kernelfunctionsarepresentin morethan50%/ 90%of thefit models.

Transition Kernel Indep. Kaibo Horizontes
matrix type var. time (min) space(nr) time (min) space(nr)

Ak 1 pk b l 20-30/ 20-25 1-4 / 1-3 15-30/ 15-25 3-8 / 2-4
2 pk b l o 20-30/ 20-25 2-5 / 3-5 15-25/ 15-25 4-9 / 3-6
3 wk p 1 b l 15-25/ 15-20 4-7 / 5-7 10-20/ 15-20 4-14/ 9-14

Bk 1 pk b l 20-25/ 20-25 2-6 / 2-4 20-30/ 20-25 4-10/ 4-9
2 pk b l o 15-30/ 20-25 1-4 / 2-4 15-30/ 20-30 4-9 / 4-8
3 wk p 1 b l 15-20/ 15-20 3-7 / 4-5 15-30/ 15-25 6-12/ 8-12
4 wk p 1 b l o 15-25/ 15-20 5-7 / 6-7 10-20/ 10-15 5-16/ 9-15

Ck 1 pk b l 20-30/ 20-25 1-5 / 1-4 15-25/ 20-25 5-11/ 6-9
2 pk b l o 15-30/ 15-20 3-5 / 4-5 10-25/ 15-25 4-9 / 4-8
3 wk p 1 b l 10-20/ 10-15 3-7 / 5-7 10-20/ 15-20 5-14/ 8-14

5. Therewith the conclusionsof Chapter5 arereinforced. Although the Kaibo andHorizontes
catchmentsaredifferentwith respectto vegetation,soil, topographyandthe availability of dis-
tributedobservations(seeChapter2), quite similar modelstructuresareidentifiedasfit for both
catchments.Thefit modelscorrespondwith regardto theindependentvariablesusedat different
resolutionsand the sizeof the spatialand temporalunits. Differencesare formed by different
discretizationsandparametervalues(theform of kernelfunctions).

Fromtheresultsin this Chaptertherearevariousoptionsfor further research,which will not
furtherbeexploredin thisdissertation.In relationto theshapeof kernelfunctionsapossibilityis to
re-calibratethemodelswith thecontinuouskernelfunctionsandcomparethere-calibratedmodels
(again)with thedata-basedmodels.Anotherline of inquiry maybeto searchfor othercontinuous
kernelfunctions,having a bettertheoreticalunderpinningthanthosepresentedhere. In relation
to the spatialdiscretizationit canbe rewarding to apply the methoddemonstratedhereto less
complex catchmentsor evensyntheticcatchment-datato analyzein detailwhetherthemethodcan
recover importantshiftsin boundaryconditionsor media-propertiesof relevancein thesecasesas
well.
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Table6.7:Parametervaluesfor Equations6.5 and6.7 asfitted to eachof the groupsof typical
kernelfunctionsin FiguresE.1andE.3for Kaibo / Horizontes.

Transition Kernel Parameters
matrix type a (unit) xmax (unit) n (-)

for infiltration excessoverlandflow parametersrk b l , Equation6.4
Ak 1 14 / 23 - 1 / 1

2 23 / 16 - 3 / 2
3 19 / 21 - 4 / 3

for saturationexcessoverlandflow parameterstk � l , Equation6.7
Ak 1 18 / 21 42 / 45 4 / 2

2 16 / 25 52 / 63 4 / 3
3 9 / 5 35 / 32 2 / 2

for returnflow parametersck � l , 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:Parametervaluesfor equation6.8 asfitted to eachof the typical kernel functionsin
FigureE.2for KaiboandHorizontes.

Kernel Kaibo Horizontes
type(B) mavg aavg mavg aavg

1 20 0.8 14 0.9
2 24 0.9 18 0.9
3 40 0.9 17 0.7
4 34 0.8 19 0.6
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7 Prediction thr ough parameter and state
regularization

7.1 Intr oduction

The problemof modelstructureidentificationasit hasbeendealtwith in the previous chapters
focuseson a singlecatchmentanda limited observationperiod.For a hydrologicalmodelto bea
usefultool in planning,it shouldbepossibleto apply thatsamemodelto otherlocationsor time
periodswithout redoingthestructureidentificationor having to collect largeamountsof observa-
tions.Anotherreasonfor not changingthemodelstructureatdifferentsituationsis to keepmodel
resultscompatiblewith earlierresultsandtherewith reasonablystraightforward to interpret. On
theotherhand,it hasbecomeclearfrom numerousstudiesthata certainamountof re-calibration
is alwaysrequiredin catchmentmodelling(Duanet al., 1992;Sorooshian,1991;Sorooshianand
Gupta,1985). Thequestionremainshowever, which parametersin themodelarebestsuitedfor
thispurpose,how theparametervaluescanbedeterminedandatwhichresolutionthere-calibrated
modelshouldbedefined.In view of previouswork on model(re-)calibration,especiallythe last
questionis interestingsincethechoicefor the resolutionat which a hydrologicalproblemis de-
finedis oftennot discussednor explained.Commonly, resolutionis eithersetequalto thatof the
mostdetailedinput dataavailable,or thehighestpossibleresolutionis chosenwithin theopera-
tional limits. In surfacehydrologythis implies that spatialresolutionis often chosenin relation
to theterrainrepresentationandtemporalresolutionin relationto therain or dischargedata.Data
thatarenotavailableat theappropriateresolutionarecalculatedatthecorrespondingelementsand
time instantsby aggregation,disaggregationor interpolation.Thedirectconsequencesof apartic-
ularchoiceof theresolutionfor thepredictivepowerandtheuncertaintyin parameterestimatesare
oftenoverlooked. In theeightiesandnineties’scaleproblems’have receivedconsiderableatten-
tion in thehydrologicdiscipline(BlöschlandSivapalan,1995).Theemphasisin thesestudieswas
on thetranslationof knowledgefrom oneresolutionto anotherby aggregationor disaggregation
andon waysto dealwith the discrepancy betweenintegrationvolumeor time of measurements
andthe sizeof modelunits. The effect of model resolutionon predictionerror andparametric
uncertaintyhas,however, received scantattention. A notableexceptionis the relationbetween
grid-DEM resolutionandcertaintopographicalindiceswhich play animportantrole in many hy-
drologicalmodels(Walker andWillgoose,1999).But alsoin thiscasetheeffect of resolutionhas
not beeninvestigatedsystematicallyin relationto generalmodelperformance.This is a remark-
ablesituation,sincea simplecountof variablesin any realistichydrologicproblemshows that
theavailableobservationsalonecannotcontainsufficient informationto determinea distributed-
parametermodel to a reasonabledegree,even not if the problemis limited to the re-calibration
of a few parameters.Theproblemis saidto be ill-posed (seeSection1.5). Even if enoughdata
seemto beavailableto uniquelydefinea hydrologicproblem(in ’ less-distributed’ models),it of-
tenappearsthat solutionsarevery sensitive to perturbationsin theboundaryconditionsor input
data.This is normallydueto thestiffness(i.e. thepresenceof interactingslow andfastprocesses)
of hydrologicmodels. This problemis alsocalled ill-posed. Whenseekinga way to calibrate
a modelin faceof ill-posedness,a commonapproachin many engineeringdisciplinesis thede-
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velopmentof an alternative modelstructure,with fewer degreesof freedomanda moresuitable
parameterization.However, aspointedout above, in hydrologicalproblemsthechangeof model
structureis oftenundesirablesinceit wouldrenderthemodelincompatiblewith otherapplications
or make themodelresultsdifficult to interpret.Thereforetheproblemis usuallyhandledby using
additionalinformation,in theform of assumptionsaboutparametervaluesandrelationsbetween
parameters.Theseassumptions,or the dataon which assumptionsarebased,areunfortunately
hardly ever madeexplicit, which impedesthe possibility to compareandgeneralizemodelsor
modelresults(Graysonet al., 1992b).This limited ability to compareandgeneralizedistributed
parametermodelshasleadto thequestioninganddiscussingthe usefulnessof suchmodels,see
thediscussionsin e.g.Beven(1995)andLoague(1990).To date,a follow-up from thispoint,e.g.
throughaninvestigationto thedegreein whichhydrologicmodelsareill-posedandhow thesecan
beconditionedwith additionaldata,is lacking. Heretheaim is now to provide sucha follow-up
by consideringa regularizationapproachto combinea setof calibratedcatchmentscalemodels
of overlandflow with additionalobservations.First, a techniqueis presentedto solve thecalibra-
tion problemfor a generalclassof ill-posedtime-varyinglinearmodelsof overlandflow. Thenin
Section7.3 thetechniqueis appliedto differentsetsof modelsandobservations.This is followed
by aninter-comparisonof variouswaysto re-calibratemodelsin Section7.4. Theimplicationsof
theresultsarediscussedandconclusionsaredrawn in Section7.5.

7.2 Calibrating an ill-posed hydr ological system thr ough
regularization

Conversion into standar d linear time varying form

It hasbeenshown in Chapters5 and6 thata large classof hydrologicalsystems,which vary in
time andspaceand areoften non-linear, canbe representedby linear time-varying state-space
modelaccordingto Equations5.1and5.2,whichwill berepeatedherefor convenience:

xk f AkBkCkxk p 1 s Akuk

yk f Hkxk s ek

wherexk containsM statevariablesfor eachof theL spatialunitsandtheinputvectoruk contains
at leastL elementsat time instantk (but uk may be larger, dependingon the structureof Ak

andtheamountof input variables).The structuredmatricesAk, Bk andCk (transitionmatrices)
containtime-varyingcoefficientsθk whicharestochasticfunctionsof xk p 1 or uk andcanonly take
valuesbetweenzeroandone(0 � θk f f d xk p 1 e	� 1). Examplesof statevariablesareoverland
flow, infiltration andtotal soil moisture. Examplesof inputsarerain, actualevapotranspiration
andinflow from an upstreamarea. The vectoryk containsP observationsandthe matrix Hk is
an observation matrix which relatesthe statevariablesto the observations,andthe outputerror
vectorek containsmodellingaswell asobservationerrors.Thespecificmodelusedherehasbeen
describedin detail in Chapter5.

In what follows, the focus is on either on-line estimatingthe unknown coefficients in the
transitionmatricesor estimatingthestatevariablesat time instantk from observationsavailableat
time instantk (parameterandstateestimationrespectively). Hencebothestimationtechniquesare
recursive andrely on theassumptionthattheparametervectors� θk h θk} 1 h�i�i�i;� areindependent.

To applytheestimationtechniquestheaboveequationsareconvertedto thefollowing standard
form

yk f Dkmk s ek (7.1)
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whereyk is a vectorwith known values,Dk a matrix with known values,mk a vectorwith values
to be estimated,andek a vectorwith errors. The way in which Equations5.1 and5.2 have to
be transformedto obtainequation7.1 dependson whetherwe would like to considerparameter
estimationor stateestimation. In thecaseof parameterestimationtheaim is to estimatetheco-
efficientsin the transitionmatrices.This requiresthe reorderingof the parametersinto a vector
mk andthe orderingof the statevariablesinto a matrix Dk. In the caseof stateestimation, the
parametersareunchangedbut thestatevectorxk is estimated,so thetime-varying transitionma-
tricesareput in Dk andthestatevectorin mk. In spiteof thesedifferencesit is a priori unclear
to whatextentbothapproacheswill yield differentresults.Thereforebothapproachesaretested
here,first theconversioninto standardform for thecaseof parameterestimationwill beworked
out,andthereaftertheconversionfor thecaseof stateestimation.

For parameterestimationwe substituteequation5.1 into 5.2.Hence,

yk f�mHkAkBkCkn xk p 1 s�mHkAkn uk s ek (7.2)

wherexk p 1 canbesubstitutedby its estimatexk p 1. If Hk is invertible theestimatecanbe found
from

xk p 1 f H p 1
k yk

However, in what follows thegeneralcaseis consideredso that xk p 1 is estimatedfrom equation
5.1:

xk p 1 f Ak p 1Bk p 1Ck p 1xk p 2 s Ak p 1uk p 1 (7.3)

Themodelparametersin thetransitionmatricescanbeestimatedby θk f f d xk p 1 e . Clearly, for this
methodto work, x0 mustbeknown or mustbeincludedin theestimationproblemby augmenting
θk. In this studyx0 is assumedto beknown andnot includedin θk.

Next, the known vectorsxk p 1 anduk areput into the datamatrix Dk, andall the unknown
parameters(Ak, Bk andCk) areput in theparametervectormk. A detailedderivation is given in
AppendixC. Now equation7.2 canberewritten asequation7.1. Recallthat theelementsof the
vectoryk f yk d 1e yk d 2e�i�i�i yk d Pe T

act asobservationsandthe matrix D actsas’design
matrix’ which embodiesthe geometryas well as inputs to the system,the elementsin mk f

mk d 1e mk d 2e�i�i�i mk d Qe T
are the model parameters.In addition to the P observations

therearesomeadditionalconstraints.Thesearisefrom thefact that thecolumnsof thetransition
matricesin theoriginal model(equation5.1) sumto unity. Theseconstraintsform anadditional
linearequation

yconsb k f Dconsb kmconsk (7.4)

In orderto relatemconsb k to mk it is multiplied with thematrix Hk (seeAppendixC). Notice that
theconstraintsin equation7.4 arehardconstraintswhich may not be violated. Even with these
additionalconstraintsthereare,for any realisticdistributedhydrologicalproblem,relatively few
observationsavailablecomparedto thenumberof modelparameters,sothatinformationis lacking
to determineuniquelyall themodelparameters.In additionit appearsthatsolutionsaregenerally
sensitive to perturbations.Theparameterestimationproblemis thusill-posed.

Whenconsideringstateestimationweproposeto rewrite Equations5.1and5.2is asfollows.

yk a�mHkAkn uk f�mHkAkBkCkn xk p 1 s ek (7.5)

whichwill bewritten for easeof notationinto a regressionform

y qk f D qkm qk s ek (7.6)

In this new formulationtheelementsof thevectorm qk f�m xk p 1 d 1e!i�i�i xk p 1 d 4L e>n areconsidered
to beadjustable,i.e. they actasthemodelparametersthathave to beestimated.To Equation7.6
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thesamehardconstraints(7.4) apply asto equation7.1. But now theseareimposeddirectly on
themodelstates,expressedasa globalmassbalance(i.e. a massbalanceat eachtime instantfor
thetotal catchment),i.e.

L

∑
l � 1
d sk b l s rk b l s tk � l a pk b l e~f 0 � k f 1h�i�i�i�h K (7.7)

whichcanbewritten in vectorform as

v m xk p 1 a xk p 2 s Ak p 1uk p 1n|f 0 (7.8)

with
v f 1d 1e�i�i�i 1d 3L e 0d 1e�i�i�i 0d L e

Note that the vector v, comprisinga d 1h 3L e sub-vector with onesanda d 1h L e sub-vector with
zeros,simply sumsthefirst threevariables(eachdefinedat L spatialunits)of x, viz. s, r, andt.
By definingD qcons f�a a andy qcons f a mAk p 1uk p 1 a xk p 2n , Equation7.8canbewritten in thesame
wayasequation7.4.

Observer theoryconventionallyconsidersthefollowing form of stateestimation

xk � k f xk � k p 1 s Kk yk a Hkxk � k p 1 (7.9)

wherexk � k} 1 f AkBkCkxk p 1 s Akuk. In this framework thedesignandupdatingof thegainmatrix
Kk playsa centralrole. The reasonsfor not usingthis techniquefor stateestimationhereis to
avoid the tuning of the gain matrix, which is a laboroustaskfor the setof modelsunderstudy.
It is notablethat in theestimationprocedureproposedhereyk is usedto estimatexk p 1, whereas
observer theory(Equation7.9) conventionallyusesyk andxk p 1 to estimatexk. At a laterstageit
maybe interestingto comparethetechiqueproposedherewith theconventionalobserver theory
(e.g. the ExtendedKalmanfilter or EnsembleKalmanfilter), especiallybecausethat hasnever
beenappliedto theproblemat handandalsoallows theeasyincorporationof globalconstraints
(Equation7.4).

Discrete inverse theor y

Thesolutionof equation7.1 and7.6 requiresan inversion. Sincebothequationsaremathemati-
cally equal,only equation7.1will beconsideredin whatfollows. Theconceptof thegeneralized
inverse(G, alsocalledpseudo-inverse)is usedto find a solutionto equation7.1 (RaoandMitra,
1971).Theexactform of thegeneralizedinversedependsontheproblemathand.Somefrequently
usedgeneralizedinversesareG f DTD p 1 DT (leastsquaressolution)or G f DT DDT p 1

(min-
imumlengthsolution).Noticethatthegeneralizedinverseis notamatrix inversein theusualsense
(like D p 1); it is notsquareandneitherGD nor DG needsto beequalto theidentitymatrixaswill
beshown later. For a givengeneralizedinverse,themodelparametersat eachtime instantk can
beestimatedfrom

m f Gy (7.10)

wherethesubscriptk is omittedfor easeof notation.
Therelationbetweentheestimatedandthetruemodelparameters(mtrue) follows from insert-

ing equation7.1 in 7.10:
m f GDmtrue s Ge (7.11)

wheretheQ c Q matrix GD d�� R e is anorthogonalprojectionmatrix, which is oftenreferredto
asmodelresolutionmatrix. In a statisticalframework, thevectorRmtrue is theexpectationof m,
i.e. E d m e�f Rmtrue if G is deterministicandE d e e|f 0. SinceE d m e+�f mtrue, exceptwhenm is the
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leastsquaressolutionsothatGD f I, it follows thatit is likely to bebiased.Equation7.11canbe
easilyinterpretedby rewriting it into

m f mtrue s d GD a I e mtrue s Ge (7.12)

which shows that the estimatedparametervector is a function of the true parametervector, the
deviationof themodelresolutionmatrix from theidentitymatrix,andsomemappingof theoutput
error. In equation7.12themodelresolutionmatrix shows how elementsof theestimatedparam-
etervectorare linear combinationsof the true parameters.In the ideal case,wheneachmodel
parametercanberesolved,theresolutionmatrixequalsanidentity matrix.

Similarly, theestimatedmodelparametersm maybeusedto evaluatehow well predictionsby
themodelcorrespondto theobserveddatathrough

y f Dm (7.13)

wherey is thepredictedoutputy. By substitutingequation7.10into 7.13andapplyingthesame
orderingasin equation7.12thefollowing expressionis obtained

y f y s d DG a I e y s e (7.14)

HeretheP c P matrixDG d�� N e is calledthedatainformationmatrix. Thismatrixdescribeshow
well thepredictionsmatchtheoriginal data,apartfrom theobservationerrorsin e. Thediagonal
elementsin theinformationmatrix indicatehow muchweightadatumhasin its own prediction.It
is interestingto noticethatboththemodelresolutionanddatainformationmatricesarenotdirectly
relatedto theobservations(y). This meansthat for certaincaseswherethepseudo-inverseG can
bederivedin advance,R andN canbeestablishedbeforecollectingtheexperimentaldata.

Anothermeasurefor modelquality is thecovarianceof theestimatedmodelparameters.The
(co)variancesof the modelparametersprovide a measurefor the modelpredictionuncertainty,
anddependson thecovariancestructureof thedata,thecovarianceof theprior modelparameters
andtheway in which theerroris mappedfrom datato modelparameters.Hereit is assumedthat
thecovariancematrix of boththedata d Cy e andtheprior modelparametersd Cm e areknown. The
covarianceof theestimatedmodelparametersis thengivenby

C �m f GCyGT s d R a I e Cm d R a I e T (7.15)

The resolutionmatrix, informationmatrix andmodelcovariancematrix areusefulto define
thecriteriaof agoodinverseandthusimplicitly goodmeasuresof themodelquality (Backusand
Gilbert,1968;Jackson,1972):

1. The estimatedparametervector is ascloseto the true parametervectoraspossible.This
impliesthat theresolutionmatrix shouldbecloseto theidentity matrix, i.e. � R a I � F is as

smallaspossible(where � X � F f ∑i ∑ j m xi b j n 2 0 � 5
, theso-calledFrobeniusnorm)

2. Theestimatedparametervectorshouldgiveagoodfit to thedata(i.e. modelfit). Thismeans
that � N a I � F is assmallaspossible.

3. Theuncertaintiesin theestimatedparameters(e.g.expressedin termsof variances)should
notbelarge.This meansthattraced C �m e is assmallaspossible.

The threecriteria cannot all be met in an ill-posedinverseproblem,sincethereexists a trade-
off betweeneachpair of them, i.e. one can equally well optimize betweenmodel resolution
and variance,data information and resolution,or data information and variance. Eachof the
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resultingtrade-off curves have beenapplied in the past (Hansen,1992; Menke, 1989). Other
techniquesto determinetheso-calledoptimalrateof regularizationin aninverseproblemarebased
onentropy, or somesortof cross-validation(Pressetal., 1992;Tarantola,1987).A ratherpopular
technique,dueto its robustnessandtheavoidanceof usingthecovariancematrix (equation7.15),
is generalizedcross-validation (Golub et al., 1979; Hansen,1998;Wahba,1977). Generalized
crossvalidationamountsto theminimizationof thegeneralizedcrossvalidationfunction

fgcv f � y a Dm � 22d traced DG a I e�e 2 (7.16)

whereG is theparameterto bechosen.It is basedon thephilosophythat if anarbitraryelement
yi is left out, thecorrespondingsolutionshouldpredictthis observationwell; andthat thechoice
of thesolutionshouldbeindependentof anorthogonaltransformationof y (Hansen,1998).This
function fgcv will beusedin whatfollows to find apropergeneralizedinverseG

Solution method

ThegeneralizedinverseG for our ill-posedproblemcanonly beformedby includingprior infor-
mationto reconstructlost informationand/orregularization(dampening)factorsto reduceinsta-
bilities. Thereforeasetof parameterconstraintsis addedto equation7.1:

y
ρmpri

f D
ρI

m s e
epri

(7.17)

whereI is a Q c Q identity matrix andρ is a so-calledregularizationparameterthat will be ex-
plainedlater.

At thispointdifferencesarisebetweentheapproachof parameterversusstateestimationsolu-
tion (Equations7.1and7.6respectively). In thecaseof parameterestimationweusetheaverages
of thestochasticparametersin theinitially uncalibratedmodel(equation5.1)asprior information
(mpri), whereasin the caseof stateestimationwe useprior estimatesat a previous time instant
(m qk p 1). It is noteworthy thatin thecaseof stateestimationit is possibleto useadditionalobserva-
tions,not includedin yk, asextraconstraints.Thiscanbeachievedby usingtheweightedaverage
of prior estimatesandadditionalobservations(theweightedaverageis namedm qpri herefor con-
venience).More precisely, m qpri b k canbe determinedby the weightedsumof the estimatesat a
previoustimeinstant(m qk p 1) andadditionalobservations(mo

k) accordingto thefollowing equation

m qpri b k f d 1 a ok e Km qk p 1 s d ok e Lmo
k (7.18)

whereK andL arecross-correlationmatricesfor m at a previoustime instantandat distantloca-
tionsrespectively. ok is zerofor time instantswhereno observationsareavailable,andhasafixed
valuewhenobservationsareavailable. In order to keepthe comparisonof parameterandstate
estimationon equalfooting, this extendedway of estimatingm qpri b k is not appliedhere. Details
aboutthisapproachcanbefoundin vanLoonandTroch(2002).

In both cases(parameteras well as stateestimation)addingtheseadditionalconstraintsto
Equation7.1, gives a problemthat can be solved in a least-squaressense. Dependingon the
regularizationparameterρ in Equation7.17,thesolutionto Equation7.17will vary betweenthe
minimum lengthsolution(i.e. the solutionbasedon prior information in the caseof parameter
estimation,or additionalobservationsin thecaseof stateestimation)or theleastsquaressolution
in theobservation space.As notedabove, generalizedcross-validationis usedhereto determine
thedesiredvalueof ρ. Thegeneralizedinversethereforegetsof thefollowing form

G f DTD s ρI
p 1

DT (7.19)
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Thesolutionis foundby applyingthe following steps.Themathematicaloperationsinvolved in
eachstepat eachtime instantk aregivenin AppendixD.

1. A singularvaluedecompositionof Dconsb k is usedto solve Equation7.4, leadingto a setof
admissiblevaluesfor mk.

2. A rangeof regularizationvaluesρk is defined.

3. For eachregularizationvaluethesolutionof step1 is substitutedin Equation7.17andby
usingasingularvaluedecompositionthisequationis solvedaswell.

4. Eachsolutionof step3 is substitutedin Equation7.16andthe minimum fgcv is selected.
Theρk , Gk andmk leadingto thisminimumform thedesiredsolution.

SinceEquation7.2variesover time,ateachtime instant(k) adifferentsolutionis obtained.

7.3 Description and use of models and data sets

Theregularizationalgorithmdescribedin Section7.2requiresa prior modelin combinationwith
adataset.In thisstudythedatafor theHorizontesandHoricajocatchmentsareused.Themodels
identifiedfor Horizontesin Chapter6 areusedasprior models.Subsequentlythesetwith prior
modelsis usedfor predictingdischargein theentireHorizontescatchmentfor two differentcases:
1) by usingthe discharge datafor Horizontesfor regularization,and2) by usingthe discharge,
overlandflow and soil moisturedatafrom the Horicajo sub-catchmentfor regularization. The
predictionperiodfor the HorizontesandHoricajo catchmentscovers15 events. Both datasets
containobservationson rain,overlandflow, soil properties,vegetationpropertiesandtopography
(notdischarge). In addition,theHoricajodatasetincludessoil moistureobservations(seeChapter
2). Theoverlandflow andsoil moistureobservationsareincludedin theoutputvectory (Equation
7.17). The soil-vegetationclassesareusedto extrapolatethe observationsfrom the observation
unitsto theentireHorizontescatchmentin thesamewayasdescribedin Section3.4(’Extrapolat-
ing overlandflow anddischargeobservations’). Predictionwith theHorizontesdatasetrepresents
a situationwhererelatively few observationsareavailable over the appropriateareafor which
predictionsarerequired,whereaspredictionusingthe Horicajo datasetrepresentsthe situation
with relatively muchobservationsoverasub-areafrom wherepredictionshave to beextrapolated.
Predictionsfor thethetwo casesaremadein threedifferentways:1) in openloop form (i.e. only
usingtherequiredmodelinputs),2) by applyingparameterregularization,and3) by applyingstate
regularization.Theregularizationalgorithmproceedsby first rewriting theprior modelsin thefor-
matof Equations7.2 and7.5andsubsequentlyapplyingthealgorithmsfor parameterestimation
andstateestimationto eachof themodelsandeachevent. In total five predictionrunsresult,the
characteristicsof which aresummarizedin Table7.1. Thepredictionruns2 to 5 do not make use
of all theavailabledata,but usesubsetsof varioussizes.Thelargestsubsetonly contains75%of
thedata,while theremaining25%is usedfor validationpurposes.Theninesubsetsareestablished
by a latin-hypercubesamplingscheme,where25,50and75%of theobservationtime instantsare
combinedwith 25,50 and75%of theobservation locations(thusyielding 9 combinations).In all
cases25%of theobservation time instantsandlocationsareusedfor validation. Thenamingof
the subsetsis shown in Table7.2. The relative root meansquarederror (RRMSE,seeEquation
2.1)of thedischargepredictionis consideredfor modelsat variousresolutionsandfor thevarious
sub-sets.
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Table7.1: An overview over the different predictionruns, note that the rainfall inputs for all
predictionrunsarefor HorizontesandHoricajo.

predictionrun stateobservationsfrom regularizationof
1 - -
2 Horizontes parameters
3 Horicajo parameters
4 Horizontes states
5 Horicajo states

Table7.2:Namingof ninesub-setsthatresultfrom combining25,50 and75%of theobservation
timeswith 25,50and75%of theobservationlocationsin thecompletedataset;afixed
portionof 25%of thedatais usedfor validation.

coverage coveragein space
in time 25% 50% 75%

25% 1.1 1.2 1.3
50% 2.1 2.2 2.3
75% 3.1 3.2 3.3

7.4 Results

Overall model perf ormance

In Table7.3 the characteristicsof the set with prior modelsare listed. The modelshave been
identifiedon thebasisof theHorizontesdata(seeChapter6). This tableshows thata wide range
of different modelsdoesperform reasonably, sincethe 10% fittest models(bottom half of the
table)displayawide varietyof grid sizes,temporalunitsandparametersperspatialelement.The
variability of thefittestmodelsapproachesin factthevariability of thetotal modelset(upperhalf
of thetable).A closercomparisonof theupperandlowerhalf of thetableshowsthatthosemodels
performingbest,have slightly finer spatialaswell astemporalresolutions.The locationof this
optimumis theresultof thecomplex interplaybetweenthespace-timedistribution of rainfall, the
spatialdistribution of soil types,topography(averageslopelength,choiceof spatialunitsrelative
to topographicfeatures),anddensityof observations. However, hereit is merelyestablishedon
thebasisof validation,andtheavailabledatasetis not big enoughto find a relationshipbetween
thesefactorsandoptimal resolution. The resultsfor the open-loopapplicationof the model to

Table7.3:Characteristicsof setswith prior modelsfor theHorizontescatchment.
all models numberof modelsin set 503

average(min. - max.)of:
spatialelements(nr) 7 (4-14)
temporalunit (min) 12 (5-20)

parametersperspatialelement(nr) 3.1(2-5)
fitness(-) 0.7(0.4-0.9)

10%fittestmodels numberof modelsin set 50
average(min. - max.)of:

spatialelements(nr) 8 (4-9)
temporalunit (min) 7 (5-15)

parametersperspatialelement(nr) 2.3(2-4)
fitness(-) 0.8(0.7-0.9)
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theHorizontesdataareshown in Figure7.1. Thefigureshows thetime-averagedRRMSEof the
dischargepredictionfor Horizontesasfunctionof upstreamarea,for differentmodelresolutions.
In thesamefigure,alsotheRRMSEof thedischargepredictionfor thecalibrationperiodis shown.
In both the calibrationandthe predictionperiodsthe RRMSEappearsto declinefor increasing
catchmentsize. In addition,the RRMSEfor the calibrationperiodis considerablysmallerthan
that in thepredictionperiod. The fact thata largerRRMSEis foundwhenconsideringa smaller
area,implies that theheterogeneityof thesmall areais not representedwell by themodel. This
may have two causes:1) the modelunits are too coarseto capturethe systemheterogeneityat
this scale,or 2) the model is over-parameterized.Consideringthat the methodusedfor system
identificationaims at avoiding over-parameterization(seeChapters5 and 6), and that over all
resolutionsmodelperformanceis quiteequal,thefirst is themostlikely explanationfor thebad
predictionsover smallareas.
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Figure7.1:Time-averagedRRMSE of discharge predictionin Horizontesat six different mea-
surementlocationseachwith varyingcatchmentsize(seeFigure2.12),for open-loop
modelsover thecalibration( r ) andtheprediction( c ) periods

Performance for varying data density

In Figure7.2 thetime-averagedRRMSEof thedischarge predictionis shown for bothparameter
andstateregularization,whenusingsub-set1.1 of Horizontes(seeTable7.2). It shows that the
RRMSEfor thesesituationsis considerablylower thanthatin thecaseof anopen-loopprediction,
at all resolutionsbut especiallyat the finer resolutions.Stateregularizationleadsmostoften to
betterpredictionsasparameterregularization.Figure7.3shows thesamegraphsthenusingsub-
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set1.1of Horicajo. HerealsotheRRMSEof thedischargepredictionis reduced,but on average
lessaswhenusingthe Horizontesdata. As may be expected,the RRMSEfor themeasurement
locationsin theHoricajocatchment(thetwo catchmentareas)areparticularlylow.

0

5

10

15

20
12−15

5−
10

 m
in

8−11 4−7

0

5

10

15

20

10
−

15
 m

in

0 1 2
0

5

10

15

20

15
−

20
 m

in

0 1 2 0 1 2

R
R

M
S

E
 (

%
)

catchment size (km2)

si
ze

 ti
m

e 
in

st
an

ts
:

number of spatial units:

Figure7.2:Time-averagedRRMSE of discharge predictionin Horizontesat different measure-
mentlocations(i.e. varyingupstreamarea),for modelswith parameter(+) andstate
(o) regularizationusingdatafor Horizontesover thepredictionperiod.As areference,
theRRMSEof thepredictionsover thecalibrationperiodareincluded( r , seeFigure
7.1).

In whatfollows theRRMSEof thepredictionswill beaveragedfor thedifferentmeasurement
locations,i.e. thesix valuesfor parameterregularizationin eachof theninegraphsin e.g.Figure
7.2 will beaveragedto onevalue. This allows to studythe relationbetweentheamountof data
usedfor conditioning,themodelresolutionwheretheminimumRRMSEis found,andthevalueof
theRRMSEitself. In Figure7.4theRRMSEis shown for differentobservationdensities(usingthe
Horizontesdataandparameterregularization).TheaverageRRMSEvaluesof eachplot in Figure
7.2correspondto thevaluesin theupperleft cornersof thenineplotsin Figure7.4(+ in Figure7.2)
andFigure7.5(o in Figure7.2). Theaxes(or cells)in eachof theninesub-plotsof thefiguresare
definedby Table7.2, i.e. thelowestobservationdensityis in theupperleft cornerandthehighest
observationdensityis in thelowerright corner. It appearsthatfor increasingobservationdensities
in generaltheRRMSEdecreases,andin additiontheoptimumRRMSEis foundat themedium
space-timeresolutions.Figure7.5 shows the sameinformationwhenapplyingstateestimation.
Herethe minimum RRMSEvalue is slightly smallerthanthat for parameterregularization,but
only at high observation densitiesandat finer resolutions.Theplotsof RRMSEwhenusingthe
Horicajoobservationsshow averysimilarpattern,but with RRMSEvaluesthatareslightly higher
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Figure7.3:Time-averagedRRMSE of discharge predictionin Horizontesat different measure-
mentlocations(i.e. varying upstreamarea),for modelswith parameter(+) andstate
(o) regularizationusingdatafor Horicajoover thepredictionperiod. As a reference,
theRRMSEof thepredictionsover thecalibrationperiodareincluded( r , seeFigure
7.1).

for parameterregularizationandlowerfor stateregularization(seeFigures7.6and7.7). In general,
stateregularizationleadsto betterpredictionsat finer resolutionsthanparameterregularization,
andparameterregularizationto betterperformanceat coarseresolutions.

7.5 Discussion and Conc lusions

This studyappliesso-calledTikhonov regularizationto theproblemof combiningmodelresults
with observations,in this way leadingto predictionsthatarefar betterthantheopen-looppredic-
tionswith thesamemodels.An objective andstructuredweightingof bothcomponentshasbeen
achievedthroughgeneralizedcross-validation.Anotherwayof seeingregularizationis asastruc-
turedwayof combiningprior information(or assumptions)with anill-posedhydrologicalproblem
to convert it into a well-posedproblem.Two regularizationstrategieswerecompared:regulariza-
tion of themodelparameters,andregularizationof themodelstatevariables.It wasshown that
bothtechniquesleadto similarresults,whichdiffer in somedetails.Parameterregularizationleads
to betterresultsat low dataavailability, whereasstateregularizationleadsto betterresultsat high
dataavailability. This resultis consistentwith thefact that therearefewer parametersthanstates
to beestimated(seeChapter6). Stateregularizationrealizesits bestpredictionsatfinerresolutions
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Figure7.4:RRMSEof dischargepredictionsusingHorizontesdataandparameterregularization,
for differentresolutionsandobservationdensities(seeTable7.2for themeaningof the
observationdensities).

thanparameterregularization.This canbeexplainedfrom the fact thatparameterregularization
maintainsthe relativestructureof the kernelfunctionsover differentspatialunits,andis in that
waylessflexible thanstateregularization.Thecomparative advantageof thisflexibility appearsat
higherdataavailability andfiner resolutions.

This studydoesnot comparetheregularizationapproach,which updatesstates/parametersat
eachtime instant,to thatof (static)re-calibration.However, in a studywheresimilar techniques
have beenappliedit hasbeenshown thatre-calibrationleadsto considerablyhigherRRMSEand
morestructuredpredictionerrorsthenregularization(vanLoon andTroch,2002).A comparison
of the open-looppredictionsover the calibrationperiod itself with the reguralizedpredictions
(Figures7.2and7.3)alsoshowsthateventhebestcalibrationfeasiblewill notnearlyapproachthe
resultsof usingaregularizationapproach.Againstthisbackgroundit is notworthwhileto consider
thisasanalternative to regularization.Moreover re-calibrationis undesirablefor practicalreasons
asexplainedin Section7.1.

It is importantto notethat the methodologyemployed in this chaptercanrelatively easybe
adaptedto differentmodelsor observations. If a hydrologicmodelcanbewritten in statespace
form (accordingto Equations5.1 and5.2), thesolutionalgorithm(Section7.2 andAppendixC)
canbe appliedwithout any adjustments.This is an importantassetsinceit meansthat different
parameterdistributeddynamicmodelscanbe evaluatedwith the sameor differentdatafor reg-
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Figure7.5:RRMSEof discharge predictionsusingHorizontesdataandstateregularization,for
different resolutionsandobservation densities(seeTable7.2 for the meaningof the
observationdensities).

ularizationrelatively easy, without the requirementto includeexactly thesamestatevariablesin
the modeldynamics. This point hasbeendemonstratedin this studyby usinga setof models
insteadof a singlemodelin orderto generatea prediction.Characteristicfor the techniqueused
in this studyis thatit only requiresthesolutionof (many) constrainedlinearregressionproblems
of moderatesize,for which therearenumerousefficient solutionalgorithmsavailable.

A line of investigationwhichmaybepursuedis theintegrationof thetechniquespresentedin
this studywith thedataassimilationapproachesdevelopedin theatmosphericandoceanographic
disciplines(seeBennett,1992;Daley, 1991;McLaughlin,1995,e.g.).Until now theregularization
approachhasnotbeenusedfor dataassimilation,andhereits utility for hydrologicalproblemshas
beendemonstrated.Consideringtheeasewith which regularizationcanalsobe integratedin the
Kalmanfilter andKalmansmoother(Boutayebet al., 1997;Reif et al., 1998),and the relative
successof the EnsembleKalmanfilter to problemsof a realisticsize (Evensen,1992;Evensen
andvanLeeuwen,1996;HoutekamerandMitchell, 1997),a very fruitful enterprisemight bethe
combinationof thetwo techniques.
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Figure7.6:RRMSE of discharge predictionsusing Horicajo dataand parameterregularization,
for different resolutionsandobservation densities(seeTable7.2 for the meaningof
theobservationdensities).
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Figure7.7:RRMSEof dischargepredictionsusingHoricajodataandstateregularization,for dif-
ferentresolutionsandobservation densities(seeTable7.2 for themeaningof theob-
servationdensities).
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8 Epilogue

8.1 Putting the par ts tog ether

Threemainideashave led to this research.Thefirst wastheexperiencefrom earlierfield work in
thetropicsthatdepth,extentanddurationof overlandflow areamongtheeasiestobservationsto
collectover largeareas- if thereis theopportunity(andwillingness)to work in therain. Overland
flow is namelyoneof thefew hydrologicphenomenathat is visible, leavestraces(evenwhenno
tracersareapplied)andoccursonly over a limited periodof time. Thesecondideawasto pursue
the techniquesto establishparametersetsof equallikelihoodby Fedra(1983);Keesman(1989)
andBeven andBinley (1992)a bit further towardsestablishingmodelsetsof equallikelihood.
The third ideawasto establishtechniquesto evaluatethe consequencesof the resolutionof pa-
rameterdistributedmodelsfor predictive andparametricuncertaintyin thosemodels.The latter
wasmotivatedby the observation that the choiceto definea hydrologicalproblemat a certain
resolutionis often not discussednor explained. On thecontrary, modelresolutionis commonly
chosenratherad-hocby eithermakingit equalto that of the mostdetailedinput dataavailable,
or the highestpossibleresolutionis chosenwithin the operationallimits. In surfacehydrology
this implies that spatialresolutionis oftenchosento equalthe terrainrepresentationandtempo-
ral resolutionto equaltherain or discharge data.Datawhich arenot availableat theappropriate
resolutionareestimatedat thecorrespondingelementsandtimeinstantsby aggregation,disaggre-
gationor interpolation,in thisway introducinga considerableobservationuncertainty. Thedirect
consequencesof choosinga particularresolutionfor the predictive power andtheuncertaintyin
parameterestimatesareoftenignoredor overlooked.

All threeideashavebeenworkedout in somedetailandhavebeenappliedin thisdissertation.
But not until now, afteranalyzingtheobservationsandtestingtheclassicalmodelingapproaches
for overlandflow predictionaswell asthenewly developedscale-dependentmodels,it is appro-
priateto evaluatethoseinitial ideas. Herewe seekto answerthe questionhow usefuloverland
flow observationsandscaledependentmodelsappearto bein relationto theavailablealternatives.
Implicitly, thequestionwhethertheappropriateresolutioncanbeestablishedfor thescaledepen-
dentmodelis enclosedtherein.Thequestionsof dataandmodelutility areverymuchintertwined
andwill beansweredhereby first analyzingthestrengthsandweaknessesof thedifferentmodels
for identificationpurposes,thenby comparingthedifferentmodelswith regardto their predictive
uncertaintiesandsubsequentlyby quantifyingtheeffectsof omitting observationsduringmodel
identificationandcalibrationrespectively.

Identification

Thereexist no rigid quantitative measuresto determinetheutility of a certainmodelstructurefor
systemidentification. Identificationnamelyimplies that part of thesystemis unknown andthat
via aseriesof automatedor manualanalysestherequiredmathematicalrelationshipsto determine
the systemcompletelyareestablished.For eachmodelstructurethe analysesdiffer aswell as
thecomplexity of theunknown structuresto beestablished,which makesit difficult to compare
modelsin this respect.Still anattemptis madehereto do so.Thethreemodellingapproachesare
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evaluatedwith respectto two criteria: 1) theeasewith which their structurecanbedeterminedin
thetwo studycatchments,and2) theflexibility to changethemodelstructurein responseto new
insightsfrom theidentificationprocedureor theavailability of new observations.

Fromanidentificationviewpoint theregressionapproachto describecatchmentscaleoverland
flow, asappliedin Chapter3, is themostsimpleandstraightforwardapproachthatcanbeapplied.
Theonly prior decisionsrequiredto determinethemodelstructureare: 1) thespatialdiscretiza-
tion of the catchmentandthe temporalsub-division of the studyperiod; and2) the form of the
measurementequations,relatingthevariousobservationsto thesingleobservableto beestimated
(averageoverlandflow heightin thiscase).Sincewe dealwith astaticsystembothstepsarevery
easilymadeandre-madeif necessary. Theothersideof thecoin is that thereis not muchto be
learnedfrom this identificationexercise. In the first placeit is not possibleto includeprocess
dynamicsin themodelstructure,andsecondlythespatialandtemporalsubdivision is determined
a priori andcannotbeestablishedby themodelitself or derivedin someiterative wayfrom model
identificationresults.

Thedistributedmodeloutlinedin Chapter4 is with regardto thefirst criterion theopposite.
It is extremely complex to even identify small partsof the dynamicmodel becauseof its size
and its non-lineardynamics. Thereforeparameterizationssuchas the infiltration equationand
theparameterzonationhave essentiallyto beassumeda priori . Theseparameterizationsarenot
changedeasilybecausethereis a considerableeffort requiredin calibratingthedistributedmodel
andtherearenotmuchalternativesavailablefrom theliterature.If differentparameterizationsand
parameterzonationsarecomparedthis canleadto a lot of insight. It is however importantto no-
tice thattheseinsightsareoftenrelatedto very specificconditionsandcanthereforenot easilybe
generalized.An exampleof thetypeof knowledgethatmaybeobtainedfrom identificationwith
the distributedmodel is the pre-event wetnessindex that wasfound to determinean infiltration
parameter. Thereareno examplesavailablein the literaturewherea numberof possibleparam-
eterizationsor zonationsareevaluatedin a structuredway to identify a distributedhydrological
model.In combinationwith thenotionthatmany studiestake placewith thehelpof similar types
of distributedmodelsasusedhere,it indicatesthatthereis notmuchpotentialfor thesemodelsin
anidentificationcontext.

The scale-dependentmodelsasappliedin Chapters5 and6 are,in contrast,specificallyde-
signedto enablesystemidentificationfor this classof problems.Althoughthecomplexity of the
several calculationstepsto identify thesemodelsis muchlarger thanwith the regressionmodel,
not to mentionthe computationaleffort, it is clearly feasible. In termsof what canbe learned
from theidentificationprocedureall theresultsfrom Section5.6canbetakenasanexample.Sta-
tistical analysesindicatedthe interrelationshipsbetweenmodelresolution,thenumberof model
parametersandthedominanceof several independentvariables.In general,thenumberof model
parametersis constantover thedifferentresolutions,implying that therequirednumberof model
parametersis mainly a functionof the informationcontentof theobservations,andnot somuch
of the processresolution,which is logical becausethe identificationmethodis to a large extent
data-based.Consideringtheuseof ’standarddata’,i.e. rainfall andcatchmentdischargeatasingle
point,variousstatementshave beenmadeaboutthepermissiblemodelcomplexity. Beven(1989)
commentedthatthreeto fiveparametersshouldbesufficient to reproducemostof theinformation,
and Jakemanand Hornberger (1993) found that around6 parametersis the maximumnumber
permitted. In addition,several studiescameto theconclusionthat morecomplex models(10 to
20 parameters)did worsethansimplemodels(5 to 15 parameters)(Ganet al., 1997;Hornberger
et al., 1985;LoagueandFreeze,1985).In this studyinternalstatedata,suchasdischargeof sub-
catchments,overlandflow andsoil moisture,have beenusedin additionto thestandardrain and
catchmentdischargedata.As aresultmodelswith moreparametershavebeenidentifiedhere,viz.
30 - 40 parametersin Chapter5 and40 - 60 in Chapter6. It is not easyto generalizetheseresults
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becausethenumberof parameterscanbereducedby a factortwo to threeoncethemodelshave
beenidentifiedwithout losingmuchinformation,asillustratedin Section6.7. With regardto the
independentvariablesin theoverlandflow modelstheresultfoundfor thesyntheticdataaswell as
theKaibo andHorizontescatchmentsis that in modelsdefinedat fine resolutionssoil moistureis
mostsuitableasadriving statevariable,whereasin modelsdefinedatcoarseresolutionsrain is the
key variable. It suggeststhat thesource-driven systembehaviour at coarseresolutionsandsink-
driven behaviour at fine resolutionsis a propertyof thehydrologicsystemsat both thehillslope
andcatchmentscales.Thesizeof spatio-temporalunits to which ’coarse’or ’fine’ referdepends
ontheheterogeneityof rain,soil andterraincharacteristics(inputsandmainmodeldeterminants),
anddiffers for differentareas.Most of the resultsfrom the identificationprocedureappliedin
Chapters5 and6 areof a global nature,i.e. the detailsof singlemodelsarenot highlighted. It
remainsto be investigatedwhetherconsideringthe singlemodelsin moredetail providesinfor-
mationthatcanbeusedfor furthermodelstructure.It alsoremainsto beseenif andhow lessons
learnedvia thisclassof scaledependentmodelscanbeusedeffectively in distributedmodels.

Prediction

Therearemany quantitative criteriaavailableto evaluatetheability of modelsto makepredictions
(seee.g. Table4.6). In this overview we limit ourselves, again,to the RRMSEby combining
resultspresentedin theprecedingchapters.Thequestionis to whatdegreea model’s prediction
canbe trustedandhow the threemodelsdiffer in this respect. For eachof the soil-vegetation
classesthe RRMSE for predictionover the averageseasonis given in Table8.1. In this table
the vegetationclassesfor ’shallow’ arecombinedsinceshallow 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 aresmallerthanfor Horizontes.This wasunexpectedsinceless
observationswerecollectedin Kaibo. Fromthisit followsthatthemodelsusedarelesssuitablefor
Horizontes,possiblybecausetheareaismoreheterogeneous.Secondly, thepredictionerrorsof the
regresionandscaledependentmodelsshow alargecorrespondence,with regardto boththerelative
differencesbetweenthesoil-vegetationclassesandthedifferencesbetweenKaiboandHorizontes.
Thedistributedmodelappearsto have largepredictionerrorsespeciallyfor Horizontes.

It shouldbenotedthat theregressionmodelrequiresthedirectobservation of thestatesover
the predictionperiod,which implies that muchmoreinformation is usedthanin the open-loop
predictionsasappliedin Chapters4 and6. In this respecttheregressionmodelis comparableto
themethodappliedin Chapter7.

Obser vation

Thedifferencesbetweenthevariousmodelscanonly be seenin perspective whenrelatedto the
effect of the observations. The utility of different typesof overlandflow observationswill here
be determinedby assessingthe relative effect that the omissionof a singleobservation type has
on modelperformance,theso-calleddrop-efficiency. Drop-efficiency is determinedfor omitting
eachdistincttypeof observationfrom thecalibrationaswell asvalidationset.Obviously, thiswill
only give indicative results,sincefor eachcatchmentdifferentobservationdensitiesareavailable
andsomeobservations(oc ands) areabsentin Kaibo. The drop efficiency is only analyzedin
termsof RRMSE,andwith respectto calibrationover theentireseason(seealsoTable4.6). It is
notablethattheRRMSEvaluesrepresentaminimaloutput,sincethedeterminationof eachdrop-
efficiency valueleadsto a modelwith differentparametervaluesthatcanin principle reproduce
thetypeof outputpresentedChapters3, 4 and6. Theresultsaredisplayedin Table8.2. There-
markablepatterndisplayedin Table8.2is thatfor all threemodelsthedifferentdatahaveasimilar
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Table8.1:A comparisonof the predictionerrorsfor overlandflow by the threemodels,asmea-
suredby theRRMSE.

modeltype
regression distributed scaledependent

soil-vegetation
type

Kaibo Horiz. Kaibo Horiz. Kaibo Horiz.

deep,vertic
non-trees/ arable

0.11 0.15 0.24 0.23 0.10 0.13

deep,vertic
trees/ shrub

0.12 0.18 0.29 0.29 0.10 0.20

deep,nonvertic
non-trees/ arable

0.14 0.20 0.11 0.52 0.18 0.20

deep,nonvertic
trees/ shrub

0.14 0.27 0.20 0.45 0.14 0.28

shallow 0.10 0.17 0.12 0.38 0.12 0.20
catchmentavg. 0.13 0.20 0.16 0.42 0.15 0.21

effect, leadingto theimportantconclusionthatin theendit is not themodelthatneedsto beeval-
uatedcritically but the(sub)optimalityof theavailabledata.Especiallythenegative valuesof the
dischargefrom runoff plotsin Kaibo(qp) seemstrangein this table,thenegativity impliesthatthe
resultsfrom theseplotsarein conflict with theotherinformationfrom thecatchment.Apparently
this conflict could not be resolved by differently parameterizingor calibratingthe models,and
thereforeinclusionof theseobservationsled to worseresults.Note that theseobservationswere
alsousedfor (cross-)validation.Thetablemakesalsoclearthatthedirectobservationof overland
flow (especiallyoh, oc andop jointly) is of greatimportancefor themodelresults,especiallywhen
consideringthefactthattheseobservationscoveronly afew events,whereasthedischargeandsoil
moistureobservationscover many. In thebottomtwo rows of Table8.2alsotheeffectof omitting
oneor two locationsfor rainfall observationsfrom thecalibrationandvalidationsetsis presented.
In thesecasesthe observationsof the remainingpointswere usedto estimatearealrainfall by
linear interpolation. It wasalreadyclearfrom theanalysesin Chapter2 that rain hasvery short
correlationlengthsin thetwo researchareas.In combinationwith theconclusionin Chapter6 that
thespace-timestructureof rain is a dominantfactordeterminingoverlandflow patterns,thelarge
effectof omitting therainobservationsis notsurprising.

Anotherpatternthatmaybereadfrom thetableis that theutility of outputobservationswith
a large spatialsupport(i.e. covering a large areaof 500 m2 or more) outweighthat of point-
scaleobservationssuchasdischargefrom smallplots,overlandflow collectedin smallcollectors,
groundwater as measuredby piezometersand soil moistureobservations. In addition to this
the observation of catchmentdischarge in combinationwith a densespatialrain observation is
indispensableunderall circumstances.

General conc lusions

Thecombinationof thethreeanalyseson identification,predictionandobservationsprovidesthe
necessaryinformation to get back to the objective of this dissertationwhich is to develop new
techniquesto identify modelsfor catchmentscaleoverlandflow prediction,andapply thesefor
prediction. Otherimportantaimswereto collect both qualitative andquantitative overlandflow
observationsin differentcatchmentsandto useasetof modelstructuresratherthanasinglemodel
structurewith bothqualitative andquantitative observations.Whereaswe canbriefly statethatall
of thesegoalshave beenmetwith somesuccess,theconclusionsdeserve somenuancingon the
basisof whatis presentedin theprevioussections.Firstof all, thescale-dependentmodelappears
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Table8.2:The drop efficiency (relative increasein RRMSEfor overlandflow prediction)when
omitting differentdatatypesin differentmodelsduringcalibration,for Horizontesand
Kaibo.

model: regression distributed scale-dep.
omitteddata Kaibo Horiz. Kaibo Horiz. Kaibo Horiz
qc (outlet) 0.43 0.51 0.66 0.47 0.32 0.58

qc (sub-catchments) - 0.12 - 0.23 - 0.24
qp -0.11 0.04 -0.34 0.12 -0.12 0.13

oh, oc andop 1.17 1.31 0.92 1.03 0.73 0.94
oh 0.21 0.32 0.24 0.33 0.36 0.47
oc - 0.22 - 0.15 - 0.25
op 0.14 0.24 0.19 0.23 0.13 0.31
s - 0.07 - 0.09 - 0.13
w 0.02 0.41 0.12 0.21 0.05 0.18

p (onelocation) 0.54 0.31 0.42 0.27 0.56 0.23
p (two locations) - 0.56 - 0.34 - 0.47

to offer especiallynew opportunitiesfor modelidentification.For predictionnotsomuchprogress
is expectedby the proposedtechnique,becauseof the large dependenceof its performanceon
the available data(viz. Table 8.2). In the secondplace, the collectedoverlandflow data, in
combinationwith all theotherhydrologicandgeophysicaldata,did turn out to bevery valuable
throughouttheentirestudy. And thefactthatsimilar observationswerecollectedin two different
catchmentsdid considerablyaddto theirutility. Finally, theuseof modelsetswasanintegral and
indispensablepart of the identificationprocedure.For predictionit did, somewhat surprisingly,
alsoplayasignificantroleastheuseof modelensemblesloweredpredictionerrors.

8.2 Is the problem solved?

To the endof identifying andcalibratingmodels,andusethesefor predictionthis researchhas
solvedsomemodestlydemarcatedproblems.But matchingthesesolutionswith therequirements
from engineeringandscientificproblemsin thisarea,i.e. thelargescalecollection,interpretation
andprocessingof overlandflow data,changesperspective dramatically. In this light thevarious
techniquesthatwerepresentedandevaluatedarerathermakeshiftmeasuresto combatsymptoms
of the real problem: absolutedatascarcity. This studyhasonly indirectly andmarginally con-
tributedto asolutionfor thisproblem:by demonstratingtheutility of directlyobservingoverland
flow coverage.The key-role that this observation canplay wasunderlinedby the resultsin Ta-
ble 8.2. This finding may help to stimulatethe developmentof RemoteSensingtechnologyto
specificallymonitor surfacewater. To datesurfacewatercanalreadybe observed from various
satellite-basedor Airborne sensors(e.g.Koblinsky et al., 1993;MassonnetandRabaute,1993;
Smithetal., 1993;Smith,1997).Thespatialresolutionaswell asthetemporalfrequency of these
observationsarehowever still too low to beof any valuefor overlandflow monitoring,andthere
areno new techniquesforeseenthatmayfill this gap. Theoverlandflow predictionsby thedis-
tribuedmodelusedin this studyappearsto be relatively uncertain(seeChapter4). Considering
the relative similarity betweenthe modelusedhereandthe many othersfound in the literature,
predictingoverlandflow with distributedmodelsseemsto be of little usein general.Note that
this is not to answerthequestionwhetherdistributedmodelscanbeusefulfor hydrologicresearch
(gainingunderstanding,generatingsyntheticdatasetsfor benchmarking,evaluatinglaboratory
experimentsetc.) - they can! It alsosaysnot muchaboutthe potentialof thosemodelswhen
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usedin combinationwith stateobservations(like discharge) in steadof theopen-loopform asin
Chapter4. It wasshown in Chapter7, in this casewith scale-dependentmodels,that thereare
appropriatetechniquesfor on-linestateor parameterestimationthatconsiderablyenhancemodel
performance.

A lesser-problemwill beaddressedin this context aswell. It is thecontinuingdebateabout
the questionwhethermodelparameterscanbe determinedmoreobjectively, i.e. with lesscali-
bration, if definedat finer spatialresolutions.In preambleto studiesthat identify or evaluatea
certainhydrologicalmodelit is commonto put thepresentedmodelin perspective by placingit
somewhereon a scalebetweendistributed-parameter modelson oneendandlumpedmodelson
theotherBlöschlandSivapalan(1995);O’Connell (1991). This habit is partof a goodscientific
practiceto specifythe purposeof a modelandthe conditions(including scale)whereit may be
applied. Interestingly, thespectrumof models(from distributed-parameter to lumped)itself has
becomesubjectof discussionin the argumentasto what extent the resolutionis a reflectionof
differentmodelingphilosophiesBeven(1996);Refsgaardet al. (1996). Oneview is that thereis
no essentialdifferencewhich canmerelybe attributed to the numberof parametersin a model
(andin proportionto that theresolutionat which a modelapplies)whereastheotherview is that
thenatureof theparametersis differentatdifferentresolutionssuchthatin distributedmodelsless
calibration-per-parameterhasto take place.In otherwords:oneview doesnot attributeany but a
documentaryvalueto thefact thata modelis moreor lessdistributed-in-the parameters,whereas
theotherusesit asa criteriumto calibrateandvalidatethemodelsdifferently. Thediscussionis
of interestwhenthe predictionof rain partitioning in a catchmentis requiredat morethanone
resolution. The first view would suggestthat differentmodelsshouldbe usedat differentreso-
lutions,whereasthesecondview couldsupportthe ideato identify a modelat themostdetailed
resolutionrequiredandderive modelsat coarserresolutionsby aggregation. In this dissertation
theproblemwasapproachedwith thefirst view asa null hypothesis,andon basisof thefindings
thatat differentresolutionsqualitatively differentmodelsappearto be thefittest (seeChapters5
and6), thereis no reasonto take a differentpoint of view. This resultcanhopefullyhelp to end
thedebateandfocusthescientificattentionto a morerewardingtopic, relatedto theobservation
problemdescribedabove. Eachmodelresolution(ratherthaneachmodelparameterization)has
specificrequirementswith regardto both quantity (number)andquality (type) of observations.
The questionis how to systematizetheserelations. This is an issuethat hashardly beeninves-
tigatedbut seemsto be mostrewardingandmoreover achievable in the light of recentresearch
results(vanLoonandKeesman,2001).

8.3 Left-o vers

Theinvestigationsin this studyhave answereda few questionsbut by doingsoraisedmany new
ones,which in someway seemsperhapsdisappointingbut is from a scientificviewpoint in fact
encouraging.Being ableto formulaterelevant researchquestionsnamelyimplies that thereare
handlesto investigateandthusfurtherunderstandasystemor problem.In thisfinal section,some
of thosenew questionsarisingfrom this researchareformulated.

Two relatedquestionswith regard to the useof model ensemblesappearasa result of the
findingsin Section4.4(Table4.8)andSection6.3(Figure6.1): 1) why exactlydoestheprediction
with parameterensembles(Section4.4)or modelensembles(Section6.3)leadto betterprediction
statistics,and 2) what can be learnedaboutthe modelor parameterset by analyzingrelations
like thoseshown in Figure6.1. The factsthat very few studieshave investigatedtheseissuesin
the earth-sciencedisciplinesand that the resultsareso far not conclusive (Krishnamurtiet al.,
1999;Doblas-Reyeset al., 2000)addto therelevanceof thesequestions.In weatherforecaststhe
useof modelensemblesis quitecommon(e.g.HoutekamerandDerome,1994;Houtekamerand
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Lefaivre, 1997),the way in which ensemblesareusedthereby applyingvariationto the model
statesor sometimesparametersto track statedivergence,often in a recursive stateestimation
framework, is however differentfrom theway it hasbeenappliedhere.

More fundamentalquestionsrelatespecifically to the scale-dependentmodels: 1) whether
the transitionmatricescanbe usedto formulatedata-basedprobability densityfunctionsof the
transportandpartitioningprocess(assuggestedin Section6.7);and2) whetherthesecanbeused
in probabilistichydrologicalmodelsor becomparedwith thecommonlyassumeddistributionsin
hydrologicmodellinglike gamma,Weibull or Poisson.If certain(setsof) distribution functions
are found to be valid for certainstormsor storm characteristics,thesecan perhapsthrow new
light on thestructureof successfulmodels.Furthermoresuchdistribution functionswould form
excellentsummarymodelsfor practicaluse,provided that they give acceptableresults. In this
respectit is interestingto noticethattheuseof distribution functionsis commonin thehydrologic
disciplinesbut thefunctionsusedarenormallyspecifieda priory to enableananalyticaltreatiseof
aparticularhydrologicalproblemasin MooreandClarke(e.g.1981)andEntekhabiandEagleson
(1989).

This study hasshown that it is possibleto derive representative relationshipsthat describe
overlandflow at thescaleof a catchmenton thebasisof point scaleobservations.A vital stepin
establishingthevariationat a coarsescaleis to link thepoint observationswith easilyobservable
indicatordata,whichcanbeobservedatahighdensityor coarserresolutions.In thiswayonecan
merge’soft’ informationwith conditionalprior multivariateprobabilitydensityfunctionsof coarse
resolutionoverlandflow functionsderivedfrom a limited amountof ’hard’ measurements.In this
studysoil, vegetationandtopographyhave beenusedassuchsoft datain a very simpleway. A
moreelaborateandperhapsmoreeffective methodmight beto useremotelysensedobservations
(asindicative for vegetationandsoil moisture)assoft-data.Theseobservationshave thedistinct
advantagethat the needto first interpolatethe scatteredinformation to a grid is removed. The
MSG andENVISAT satellites,which areto be launchedin 2002mayoffer new opportunitiesto
performsuchastudy.

With regardto overlandflow thisstudyhasemphasizedtheimportanceof appropriateobserva-
tionsaswell asthepossibilityto usecoveragedatafor thispurpose.Thesenotionsmayhelpin the
designof new observation technologybut beforesuchanenterprisecantake placeit is necessary
to first explore the possibilitiesin detail in an experimentalfield or laboratorysetup. In small-
scaleexperimentsit is possibleto utilize visible light or infra-readimagesfor observingoverland
flow. This typeof imagerydatawill at thesametime confrontthemodellingtechniquesusedin
this studywith morerealisticdatasets.A laboratorystudywill have anadditionaladvantageof
bringingthestudydomaincloserto thescaleatwhichthemoreestablishedhydrologicmodelsare
defined.Thisconsiderablyeasesthecomparisonof thescale-dependentmodelsusedin thisstudy
andthephysicallybasedmodelscommonlyencounteredin thisdiscipline.

In the faceof all thesenew questionsandleadsfor further researchit is clearly time to stop
writing andstartdoing.
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Appendix A: Summar y of the data used

This appendixgives a brief summaryof the event totals of rain, discharge and overlandflow
observationscollectedin Kaibo, HorizontesandHoricajo. The total event rainfall is basedon a
spatialinterpolationof the observed rainfall at eachobservation time. The discharge valuesare
for thecatchmentoutlet only. Thevaluesfor thedifferentrunoff plots (six in Kaibo andfour in
Horicajo) areaveraged.Only the eventsarelisted whereoverlandflow observationshave been
collectedaswell. All valuesaregivenaseventtotalsin mm. Theoverlandflow observationswith
collectorsandpathsareconvertedto depthin mmby therelationslistedin Tables(seealsoFigures
3.1and3.2).

TableA.1: Relationsusedto convert theobservationsonmaximumoverlandflow extentduringan
eventto total eventoverlandflow heightin mm, percatchmentandvegetationclass.

Catchment Vegetationtype overland f lowheight �
Kaibo arable 26� 2 � maxextent �

shrub 39� 9 � maxextent �
Horizontes grass 28� 0 � maxextent � 0 � 6

trees 25� 7 � maxextent �
TableA.2: Relationsusedto convert theobservationsonfractionof full collectorsduringanevent

to totaleventoverlandflow heightin mm, pervegetationclass(notethatcollectorswere
only usedin HorizontesandHoricajo).

Vegetationtype overland f lowheight �
grass 25� 9 � f ract � f ull � 0 � 7
trees 17� 8 � f ract � f ull � 0 � 5
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TableA.3: Averagerain,dischargeandoverlandflow datafor theeventsin Kaibo,Horizontesand
Horicajowhereoverlandflow observationswereavailable. All valuesareevent totals
in mm.

discharge 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 28.4
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 27.3 19.6
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: Deriv ation of state-space model

Deriv ation

In our classof modelswe considerat time instantk andspatialunit l only oneinput, theprecip-
itation pk � l ; andthreestatevariables:theamountof waterstoredin thesoil sk � l , andtheamount
of overlandflow dueto infiltration excess,rk � l or due to saturationexcess,tk � l . Initially lateral
watermovementis only allowed over thesoil surfacefor clarity, this restrictionis relaxed later.
With theseconventionsa representationof thehydrologicalsystem,describingthepartitioningof
precipitationinto waterat thesurfaceandwaterin thesoil for each� k� l � , canbeformulatedin a
balanceequationas

rk � l � sk � l � tk � l � ϕ1pk � m;l � n � �@�@� � ϕm� npk � l (B.1)

EquationB.1 statesthat a componentof the waterbalance,measuredfor a time instantk anda
location l , mayoriginatefrom precipitationup to m intervals backandfrom n distinct locations
(someof theϕsmaybezero).Thecumulative amountof storagein unit l , wk � l , is definedas

wk � l ��� 1 � ck � wk � 1� l � sk � 1 � l � with w0� l � w0l (B.2)

whereck is the fraction of storagewhich returnsto the soil surface(exfiltrates),andw0l is the
initial amountof soil water.

Theright-handsideof anerrorfreebalanceequation(equationB.1) canalsobeexpressedin
termsof the sumof actualprecipitationandsurfacerunoff with subsurfaceflow (replacingthe
effectof precipitationonprevioustimeinstantsanddistinctlocations).First thesumof subsurface
andsurfacerunoff, denotedby ik, is definedas

ik   C1kwk � 1 � rk � 1 � tk � 1 (B.3)

wherewk � 1, rk � 1andtk � 1arevectorswith theelementswk � 1� l , rk � 1 � l andtk � 1 � l respectively, and
C1k is a diagonalmatrix with elementsthatgive thechanceof wk � 1 � l subjectto exfiltration. All
vectorshave dimensionL. Secondly, to accountfor transportationvector ik is multiplied with a
transportmatrixandaddedto theprecipitationat instantk:

jk   B1kik � pk (B.4)

wherepk is avectorwith theelementspk � l andB1k is an � L � L � matrixwith theelementsbi j , which
denotethechancethatwateris transportedover thesoil surfacefrom thespatialunit j to unit i.

The partitioningof rain betweenstorage(s), surfacerunoff (r) andsubsurfacerunoff (t) is
givenby:

sk � A1kjk (B.5)

rk � A2kjk (B.6)

tk � jk � sk � rk ��� I � A1 � A2� jk (B.7)

wheresk, rk andtk arevectors,eachwith L elements(sk � l , rk � l andtk � l respectively); A1k is an � L � L �
diagonalmatrixwith elementsdenotingthechancethatwaterentersthesoil overaunit � k� l � ; and
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A2k is an � L � L � diagonalmatrix with elementsdenotingthe chancethat rain rateis higherthan
infiltration capacity. EquationB.2 canbeput in vectorform as:

wk ��� I � C1k � wk � 1 � sk � 1 (B.8)

whereI is an � L � L � identitymatrix.
By combiningEquationsB.3 andB.4 weobtain

jk   B1k � C1kwk � 1 � rk � 1 � tk � 1 � � pk (B.9)

And EquationsB.5 to B.8 canbecombinedto

s
r
t
w

� A1 0
A2 0

I � A1 � A2 0
0 I

jk� I � C1k � wk � 1 � sk � 1
(B.10)

Now B.9 andB.10 canbecombinedandrearrangedinto a matrix equationthatdescribesthe
stateof the system(storageand runoff) asa linear combinationof input and its stateone time
instantbefore:

s
r
t
w

� A1 0
A2 0

I � A1 � A2 0
0 I

B1 0
0 I

0 I
I 0
I 0

C1 I � C1

T
s
r
t
w

k � 1

� p
0

(B.11)

whereall vectorsandmatricesarespecifiedfor time interval k, unlesslabelledotherwise,andthe
vectorsandmatricesarenamedasfollows:

xk � s
r
t
w

k

; uk � p
0

k

; Ak � A1 0
A2 0

I � A1 � A2 0
0 I

;

Bk � B1 0
0 I

k

; Ck � 0 I I C1
I 0 0 I � C1

k

It is now easilyseenthatEquationB.11equalsequation5.1. With respectto Ck it is important
to noticethat in this particularsituationthecolumnssumto unity, which meansthatno drainage
outof theuppersoil layertakesplace(thehillslopeconsidered,hasanimpermeableunderground).

Now we can relax the restrictionthat lateral water transporttakes only placeover the soil
surfaceby replacingtheidentity matrix in thetransportmatrix,Bk, which thenreadsasfollows

Bk � B1 0
0 B2

k

whereB2 is a is an � L � L � matrixwith elementsbi j thatdenotethechancethatwateris transported
thoughthesoil from aunit j to unit i.
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Example models

For theexamplein Section5.2(Figure5.2)amodelwith thefollowing elementswasused.
The vectorwith statevariables,x � sk rk wk

T
so that M � 3; the vectorwith inputs

u � pk 0
T
; thespatialsubdivision of L � 4; thetemporalsubdivision of T � 5 minutes;and

threekernelfunctionsfor thepartitioningmatrix ak � l ; the transportmatrix bk � l �m; andthe internal
statematrixck � l aregivenby:

ak � l � � wk � 1 � l � 10� 2� wk � 1� l � 10� 2 � 100
(B.12)

bk � l �m � rk � 1 � l
m

m� 1 e� � rk¡ 1 ¢ l £ m�
Γ � m� (B.13)

ck � l � 0 f or wk � 1 � l ¤ 25
ck � l � 0� 4wk � 1 � l f or wk � 1 � l ¥ 25

(B.14)

aspreviousk � 1��������� K denotesa time instant,andl � 1�������P� L aspatialelement.
Thesemodelelementscanbewritten in the form of a statespacemodelasgive by equation

5.1.

sk

rk

wk

� A1k 0
I � A1k 0

0 I

B1k 0
0 I

0 I C1k

I 0 I � C1k

sk � 1

rk � 1

wk � 1

� pk

0
(B.15)

sk � sk � 1 sk � 2 sk � 3 sk � 4 T

rk � rk � 1 ¦�¦�¦ rk � 4 T

wk � wk � 1 ¦�¦�¦ wk � 4 T

pk � pk 1 1 1 1
T

A1k � ak � 1 � 1
ak � 1 � 2

ak � 1 � 3
ak � 1 � 4

B1k � bk � 1 � 1 � 1
bk � 1 � 2 � 2 bk � 1 � 2 � 1
bk � 1 � 3 � 3 bk � 1 � 3 � 2 bk � 1 � 3� 1
bk � 1 � 4 � 4 bk � 1 � 4 � 3 bk � 1 � 4� 2 bk � 1� 4 � 1

C1k � ck � 1 � 1
ck � 1 � 2

ck � 1 � 3
ck � 1 � 4
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Appendix C: Reform ulation of discrete time
state-space models

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

yk � Dkmk � ek (C.1)

wheretheelementsof the(P� 1) vectoryk areconsideredobservationsandthematrix Dk is called
adesignmatrix. Theelementsin the(Q� 1) vectormk arethemodelparameters.Thevectorsxk � 1

anduk areput into thematrixDk, andtheunknown elementsin thematricesHkAkBkCk andHkAk

areput into thevectormk in thefollowing way:

Dk � xT
k � 1 uT

k
. . . . ..

xT
k � 1 uT

k

(C.2)

mk �
� HkAkBkCk � T1 � :

...� HkAkBkCk � TP� :� HkAk � T1 � :

...� HkAk � TP� :
(C.3)

where� HkAkBkCk � Tp � : denotesthetransposeof thepth row of thematrix. NotethatHk is aP § ML
matrixandthatDk hasP rows andQ��� MPL � PL� columns.

Theadditionalconstraints,arisingfrom thefact that thecolumnsof thetransitionmatricesin
theoriginalmodel(equation5.1)sumto unity, aregivenby

ycons� k � Dcons� kmcons� k (C.4)

In vector-matix form:

ycons � z1 z2
T

Dcons �
z1 � 1�

. . .
z1 � LM �

z2 � 1�
. ..

z2 � L �
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mcons� k �
� AkBkCk � : � 1

...� AkBkCk � : � LM� Ak � : � 1

...� Ak � : � L
wherethevectorsz1 andz2 aregivenby

z1 � 1� 1� 1� 2������� 1� LM �
z2 � 1� 1� 1� 2������� 1� L �

andwhereDcons is anS § S2 matrix (S � ML � L) and � AkBkCk � : � j denotesthe jth columnof the
matrix � AkBkCk � . mk canbe obtainedby first multiplying mcons� k with an outputmatrix Hcons

which is givenby

Hcons � Hk � 1�
. . .

Hk � S�
Theresultis avector

mk �
� HkAkBkCk � : � 1

...� HkAkBkCk � : � LM� HkAk � : � 1

...� HkAk � : � L
To obtainvectormk, vectormk is reformattedby placingeachith elementof the jth columnin
thematrixHkAkBkCk from elementi � P� j � 1� in vectormk into elementj � LM � i � 1� in vector
mk; andeachith elementof the jth columnin thematrix HkAk from elementPLM � i � P� j � 1�
in vectormk into elementPLM � j � L � i � 1� in vectormk.
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Appendix D: Algorithm to calculate
regularization via Singular Value Decomposition

In thisappendixthemathematicaloperationsaregivenfor thestepsbriefly listedin section8.2.

1. Solveequation7.4by asingularvaluedecompositionof Dcons

Dcons � UΛVT � Up U0
Λp 0
0 0

Vp V0
T � UpΛpVT

p (D.1)

whereU is anS § Smatrix thatspansthedataspace,andV is anS2 § S2 matrix thatspans
themodelparameterspace.Thematrix Λ is anS § S2 matrix, comprisinga submatrixΛp

with p non-zerosingularvalues(λ1 ����� λp) in thediagonalandzeromatricesat theright and
bottom. Up andVp consistof the first p columnsof U andV respectively. The general
solutionof equation7.4(with m � Hconsmcons) is then

m � HconsVpΛ � 1
p UT

pycons � HconsV0q (D.2)

whereHconsVpΛ � 1
p UT

pyconsis aparticularsolution,andHconsV0q (asumoverthenull eigen-
vectors)asits null solution,seeWunschandMinster(1982);Menke (1989).

2. Generate200 logarithmicallydistributedvaluesof ρ betweentwo properlychosenparam-
etersρ andρ (ρ andρ have to be locatedsuchthat theminimumof thegeneralizedcross-
validationfunction fgcv is within this range). In this study the valuesareρ � 3� 6 ¦ 10� 15

andρ � max λp; ρλ1 , whereλp andλ1 arerespectively thesmallestandlargestsingular

valuesin Λp.

3. EquationD.2 is substitutedinto 7.17,whichafterrearranging,gives

y
ρmpri

� D
ρI

HconsVpΛ � 1
p UT

pycons � D
ρI

HconsV0q � e
epri

(D.3)

which in short-handnotationcanberewritten as

yq � Dqq � e (D.4)

with unknown vectorq, which is estimatedby

q � DT
q Dq

� 1
DT

q yq (D.5)

EquationD.5 is solvednumericallythroughthesingularvaluedecompositionof thematrix
Dq � UqΛqVT

q andsubsequentsubstitutioninto equationD.5, to yield

q � VqΛ � 1
q UT

q yq (D.6)

Thevectorq canthenbeinsertedin equationD.2 to give m. Stepthreeis repeatedfor each
valueof r, generatedin step2.
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4. This laststepcomprisesthecalculationof N � DG � UqΛqVT
q VqΛ � 1

q UT
q � UqUT

q and
thesubstitutionof N andm in equation7.16for eachρ, andsubsequentlytheselectionof
thesolutionthatgivesthesmallestfgcv.
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Appendix E: Shape of kernel functions

In thisAppendixcontinuousfunctionsarefittedthroughthepiecewiselinearkernelfunctions.For
eachof the ’K erneltypes’ listed in Table6.6 an analyticexpressionis fitted. An impressionof
theshapeof thedifferentkernelfunctionsis given by FiguresE.1, E.2 andE.3. In thesefigures
theaveragekernelparametervalues(i.e. themiddlefrom theparameterrange,seeFigure5.3)are
displayed.Thefive kernelfunctionsdisplayedin eachgraphareobtainedby five timesrandomly
drawing therespective kernelfunctionfrom themodelset.
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FigureE.1:Formof kernel-functionsof thepartitioningmatrix (A) for differentindependentvari-
ablesfor Kaibo andHorizontes.Thesolid lines representtheparametersk � l , andthe
dashedlinestheparametertk � l .

As explainedin Section6.7 functionsthat apply reasonablywell are the rectangularhyper-
bola for kernelfunctionsin A andC andthegammadistribution (thederivateof the incomplete
gammafunction)for kernelfunctionsin B. For clarity thesearelistedhereagain.Therectangular
hyperbolais givenby oneof thefollowing equations.

f � x�k� xn

xn � an (E.1)
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FigureE.2:Form of kernel-functionsof the transportmatrix (B) for different independentvari-
ablesfor KaiboandHorizontes.

f � x�g� 1 � xn

xn � an � an

an � xn (E.2)

f � x�k� � xmax � x� n� xmax � x� n � an (E.3)

f � x�k� an

an � � xmax � x� n (E.4)

wherea (> 0) is a factordeterminingthe locationof x where f � x� reacheshalf of its maximum
value,xmax is the maximumvaluethat x may take, andn a coefficient determiningthe point of
inflection of the curve. In practiceequation6.5 appliesto infiltration (declining for increasing
valuesof wk � l andpk � l ), andequation6.7appliesto saturation(excess)andreturnflow (increasing
for increasingvaluesof wk � l andpk � l ). Thescaledversionof thegammadistribution is givenby

f � x�k� m x
xmax

a � 1
e� � m x

xmax �
Γ � a� (E.5)

wherea (> 1) is a shapefactor, which maychangethe from of thedistribution from exponential
(a � 1) to Gaussian(a � ∞), m is a scalefactor, andxmax is themaximumvaluethatx maytake.
Througheachof thegroupswith typical kernelfunctionsanappropriateequation(either6.4,6.5,
6.6,6.7or 6.8)is fitted. Theresultingequationsareplottedin FiguresE.4andE.5.Theparameters
of eachfunctionarespecifiedin Chapter6, Tables6.7and6.8.
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FigureE.3:Form of kernel-functionsof the internal statematrix (C) for different independent
variablesfor KaiboandHorizontes.
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FigureE.4:Fittedcurvesfor thekernel-functionsof thepartitioningandinternalstatematrices(A
andC resp.) for differentindependentvariablesfor Kaibo andHorizontesThedash-
dottedlinesrepresenttheparametersk � l , thedashedlinestheparametertk � l , thedotted
linestheparameterrk � l , andthesolid line ck � l
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FigureE.5:Fittedcurvesfor thekernel-functionsof thetransportmatrix (B) for differentindepen-
dentvariablesfor KaiboandHorizontes
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Summar y

Thegoalof this studyis to collectandanalyzeoverlandflow dataat thecatchmentscaleandto
improve thetechniquesto identify catchmentscaleoverlandflow modelsfor predictive purposes.
The legitimacy of this goal is outlinedin Chapter1 wherethe history andthe stateof the art of
overlandflow modelingis described.Theremainderof thedissertationis subdividedin two main
parts. The first part, covering Chapters2 to 4, comprisesan interpretationof the overlandflow
observationsin two experimentalcatchmentsandthe effectivenessof commonlyusedoverland
flow models. In this part the specificproblemswhenusingthe existing techniquesfor overland
flow predictionareoutlined.Thesecondpart,Chapters5 to 7, presentsnew approachesfor scale-
dependentoverlandflow prediction.In Chapter8 theresultsof thisstudyareplacedin perspective
andanoutlookis givenfor furtherresearch.

Overlandflow is thatpartof thesurfacewaterthatmovesover thesoil surface,while notbeing
concentratedin rills or channelsof a givensize(thenit is calledchannelflow). Thepoint where
overlandflow endsandchannelflow starts,spatiallyaswell astemporally, canonly be defined
subjectively andapproximately. Overlandflow may originatefrom saturationof the soil either
from above or below. Whensaturatedfrom above, thequantityof rain andwaterfrom upstream
areasexceedsthe soil’s infiltration capacityandwhensaturatedfrom below the matrix pressure
of thesoil is positive dueto pressurefrom soil water in situ or from upstreamsoil volumes.On
naturalsurfacesoverlandflow is veryheterogeneousandunsteady, with flow depthsrangingfrom
1 to 100 mmandflow velocitiesbetween0.01and1 ms� 1 within a small area.Theknowledge
of overlandflow is importantbecauseit is themaindeterminantfor sedimenttransportby water,
the transportandfateof nutrientsand(agro)chemicalswhich resideon thesoil surface,andthe
sizeand the shapeof flood peaks. Nearly all surfaceflow startsasoverlandflow in the upper
reachesof acatchmentandtravelssomedistancebeforereachinga rill or channel.In spiteof this
importantrole thatoverlandflow playsin variousinstances,it hashardlyever beenobservedover
areaslargerthana few hectaresthroughdirectquantitative or qualitative measurements.
Thenatureof overlandflow in two experimentalcatchmentsis describedin Chapter2. Thefirst
catchment,Kaibo, is locatedin Burkina Faso(WestAfrica) at 44̈ 11© N and0̈ 56© E (310-325
m.a.s.l.)in theriver valley of theNakambé(theWhite Volta) andcoversanareaof 1.2km2. The
catchmenthasasemi-aridtropicalclimatewith anaverageprecipitationof 880mmy� 1, minimum
andmaximumtemperaturesof 19and32̈ C respectively andapotentialevapotranspirationof 2580
mmy� 1. Theactualevapotranspirationin theareais approximately620mm(70%of therain),per-
colationto deeperlayersis approximately80mm(10%of therain)anddischargeis approximately
180 mm (20% of the rain). The averagerainy seasonlast from May till Octoberanddisplaysa
large inter- aswell asintra-seasonheterogeneitywith regardto total rain depthaswell astheoc-
currenceof dry spells.Thenaturalvegetationis savanna-woodlandandtheareais now partlyused
for arablecropsandextensive grazing. The secondcatchment,Horizontes, is locatedin Costa
Rica (CentralAmerica)at 10̈ 43© N and � 85̈ 36© E (160-190m.a.s.l.),insidethepark ’Estacion
ExperimentalForestalHorizontes’(partof theregionalnatureconservationagency, ACG). It is 2
km2 in sizeandhasa sub-humidtropicalclimate.Theaveragerainfall is 1450mmy� 1, minimum
andmaximumtemperaturesare22 and29̈ C respectively andthepotentialevapotranspirationis
2230mmy� 1. The actualevapotranspirationin the areais approximately870 mm (60% of the
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rain),percolationto deeperlayersis approximately220mm(15%of therain)anddischargeis ap-
proximately360mm(25%of therain). Theaveragerainy seasonlastsfrom May till Octoberand
displaysespeciallya large intra-seasonheterogeneitywith regardto total rain depth.Thenatural
vegetationof Horizontesis tropicaldry forest,which is presentlyin anearlystageof regeneration,
startingfrom completelyopengrasslandin 1989.
In Kaibo observationswerecollectedover theperiodApril 1994- August1998.Over this period
weathervariablesweremeasuredwith anautomaticweatherstationatasinglelocation.Rainwas
observedatvariouslocationswith tippingbucketsfrom 1996onwardsanddischargewasobserved
at thecatchmentoutletwith apressuretransducer. Soil moisturewasmeasuredwith aTDR device
in plasticaccess-tubesat 10 locationsonceevery 14 days,andthe runoff from six runoff plots
(threepairsof 5 § 10, 10 § 25 and50 § 100 m in size)wasmeasuredusingflumes. In addition,
variousobservationshave beencollectedin theperiodJune-September1998. In this periodwa-
ter tabledepthwasmeasuredmanuallyalongthreetransectswith piezometersfor 3 events. The
structureof thesubsurfacewasdeterminedby geo-electricmeasurements.In thisperiodoverland
flow wasobserved duringrain in two events.This wasdoneby measuringwaterlevelsandflow
velocitiesrepeatedlyat several pointsalonga transect.In additionoverlandflow patternswere
mappedjust after rain for thesetwo eventsalongthe transect.An accurateDTM of the terrain
wasconstructedon thebasisof observationswith adifferentialkinematicGPSsystem,andvisual
assessmentsweremadein subsequentsurveys. Severalothersurveys wereconductedto mapthe
soil, geologyandlandusein thearea.
In Horizontesobservationswerecollectedover the periodApril 1996- August1998. Over this
periodweathervariablesweremeasuredwith an automaticweatherstationat a single location,
rain wasobserved at 6 locationswith tipping bucketsanddischarge wasobserved at 6 locations
in themaingully with pressuretransducers.In theperiodJune1997- December1997post-event
flow patternswereobserved along two transects.Along thesetransectsoverlandflow wasob-
servedwith 24collectors.A DTM wasconstructedonthebasisof observationswith adifferential
kinematicGPStechniquein combinationwith a conventionalground-basedsurvey. Severalother
surveyswereconductedtomapthesoil,geologyandvegetationin thearea.A 44hasub-catchment
of Horizontes,which is namedHoricajo,hasbeenstudiedin greaterdetail. Theobservationsin
HoricajoweremadeduringtheperiodperiodJuly1997till December1997.At four locationsrain
hasbeenmeasuredusingtipping bucketsandat two locationsdischargehasbeenmeasuredusing
v-crestweirs. For 7 eventswatertabledepthhasbeenobserved manuallyin 20 piezometersat
hourly instantsduringandjust afterrain,anddaily betweenrain events.Post-eventoverlandflow
patternswereobserved for 5 events,andoverlandflow heightaswell asvelocity wereobserved
during 9 eventsalong4 transects.During the period20 July - 4 October1997,volumetricsoil
moisturehasbeenmeasuredat 40 locationsonceevery 4 days,andduringtheperiod4 October-
21 December1997at 60 locationsonceevery 2 days.For thesoil moisturemeasurementsa TDR
systemwith plasticaccesstubeshasbeenused,enablingthemeasurementof soil moistureover20
cm layersdown to 80 cm. Terrainandsoil have beenmappedin detailandin additionthegeom-
etry of small rills anddrainagechannelshave beenmapped.Soil colour, structure,depth,organic
mattercontent,andtexturehave beendeterminedat 90 locations,andtheinfiltration capacityhas
beendeterminedat 30 of theselocations,usinga Guelphpermeameter. In additionsoil colour,
structureandtexture(field-determined)have beenobservedat a regularspacingof 20 § 20m.
ForKaiboaswell asHorizontesthedatafrom 60rainfall eventsareusedfor calibrationandvalida-
tion in thisstudy. Thesetof 60eventsfor Horizontesincludesthe31eventsfor whichobservations
in Horicajoareavailable.
Threeaspectsof theobservationsareinvestigatedin somedetail: themeasurementuncertainty, the
relationbetweenoverlandflow extent andheight,andautocorrelationof overlandflow in space
andtime. Themeasurementuncertaintyis estimatedonthebasisof repetition,split-samplevalida-
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tion andcross-validationfor thevariousobservations.Thetotal measurementuncertaintyresults
from threesources:randomerrorsproducedby the instrumentduring the observation process,
conversionerrorsresultingfrom theconversionof observed quantitiesto desirablequantitiesus-
ing anempiricalrelationship,andinterpolationerrorsthatresultfrom theintegrationof observed
quantitiesto thedesiredspatio-temporalunits. It appearsthatespeciallyinterpolationerrorscon-
tribute to the total measurementuncertaintyand that, whenconsideringthe combinedeffect of
theerrorsources,overlandflow observationson thebasisof visual inspection,groundwaterob-
servations(Horizontes)andsoil moistureobservations(Kaibo) are relatively uncertainwith an
unknown stochasticerror structure. Thereforean unknown-but-bounded (UBB) error structure
is usedto for their characterization.The overlandflow extent appearsto be relatedto overland
flow heightin anon-linearway. Thereexist significantdifferencesfor theserelationshipsbetween
Kaibo andHorizontesaswell asthedifferentsoil andvegetationtypes. Tresholdsthat occurin
theextent-depthrelationscanberelatedto averagerill depth.Theanisotropy of theoverlandflow
distribution in spaceaswell astime is illustratedwith correlogramsin which correlationlengths
varyfrom 10to 80m for contourandslopedirectionsrespectively, and25to morethan60minutes
for intensive andnon-intensive rain respectively.

A first analysisof the datais provided via a regressionmodel for overlandflow in Chapter
3. The regressionmethodties up differentkinds of observationssuchasoverlandflow heights,
overlandflow in collectorsandcatchmentdischarge,via a two stepapproach:1) by usinglinear
andnon-linearmeasurementequationsto relateeachobservedquantityto thetotal-eventoverland
flow height,and2) by usingthis overlandflow height in that linear regressionequation.Given
thedatawith UBB observationerrors,a uniquesolutionto this problemhasbeenfoundby using
a mini-max criterion. The methodappearsto be computationallyvery simple,which allows its
applicationto large datasetsandthe calculationof the modelperformancevia cross-validation.
After calibrationtheoverlandflow predictionsfor soil-vegetationunitswith theregressionmodel
appearto be rathergood,especiallywhendistinguishingbetweenearly andlate seasonor high
andlow intensityrain. With asplit-catchmentapproach,usingtheHorizontesdata,thepossibility
to usethemodelfor predictive purposesin an un-calibratedcatchmentis investigated.It shows
that the predictionof discharge waspossiblebut that overlandflow cannot be predictedwith a
satisfactoryaccuracy.

In Chapter4, theobservationsareanalyzedwith an archetypicalparameterdistributedover-
landflow model.Thethreefoldaimof this analysisis to investigate:1) whetherthemodelcanbe
calibrated,in thesensethat a setof nearlyoptimal parametersis derived which canbe usedfor
predictive purposes;2) how theproposedmodelcomparesto thealternative regressionapproach
outlinedin Chapter3; and3) whetherthemodeldoesreproducesomeof thespatialheterogeneity
of overlandflow. In two aspectsthemodeldiffersfrom mostotheroverlandflow models:1) it has
relatively few parameters;and2) it is event-basedbut explicitly andin a simpleway incorporates
the pre-event wetnessin its parameterizationof infiltration. To calibratethe modela similarity
index hasbeenusedto matchobservationswith modelvariablesat distantlocationsbut with sup-
posedlysimilar featuresdueto a correspondencein upstreamarea,soil typeandvegetationtype.
This calibrationprocedurehasproven to performquite well. After modelcalibrationthe model
is testedon the basisof discharge andoverlandflow observations. From thesetestsit appears
that the modelcanindeedbe calibrated.The distributedmodelappearsto be a worsepredictor
of bothdischargeandoverlandflow in comparisonto theregressionmodel.Theobservedhetero-
geneityof overlandflow is not reproducedby themodelat the grid resolutionbut is reasonably
well predictedat theresolutionof soil-vegetationunits.Accordingto themodelpredictionsKaibo
andHorizontesarequitedissimilarwith respectto their overlandflow patterns.In Kaibo soil and
vegetationfactorsaremoreimportantin determiningtheoccurrenceof overlandflow, whereasin
Horizontesit aremainly topographicalfactors.Theseeffectscanhowever not beseparatedcom-
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pletelysincethereis a strongspatialcorrelationbetweensoil, vegetationandtopography. Kaibo
andHorizonteshave catchmentdischarge/rainratiosof respectively ª 0.1and ª 0.2. Both values
appearto becloseto what is expectedin theseenvironments.Also strongseasonaltrendsappear
to exist, with increasinglevelsof overlandflow towardstheendof theseason.For Horizontesthe
trendcanbestbeexplainedby thecracksin verticsoilsunderdry conditions,andfor Kaiboanad-
ditionalexplanationis theadecreasingsoil roughnessof thearablelandover theseason.In Kaibo
thedifferencesbetweenearlyandlateseasonaremostpronounced.In spiteof thequalitative na-
tureof theobservationsandmodelpredictionspresented,theseasonaltrendsaresoobvious that
thesehave to betaken into accountin overlandflow modelling.Therearetwo optionsto do this:
1) by usingall seasonalfactorsfor parameterization(i.e. useseasonalfactorsasmodelinputs);
or 2) parameterizea model for a periodbrief enoughso that all parameterscanbe considered
constant.Both approacheshave beentestedin this study. Thedistinctionbetweensoilswith ver-
tic andnon-vertic propertiesdealswith soil changes,anddistinctionsbetweengrassversustrees
(Horizontes)or grassversusarableland(Kaibo) dealwith differencesin vegetative development
andland husbandry. In additionthe pre-event wetnessindex partially reproducesa seasonalef-
fect. Re-calibrationon morerestricteddatasets(earlyseasonversuslateseasonandlow intensity
versushigh rain intensity)wasalsodonebut did not leadto improvedmodelpredictions,possibly
becausethedatasetsweretoosmallfor thatpurpose.

A framework for identifying scale-dependenthydrologicalmodelsis describedin Chapter
5. Themethodworkswith a so-calledmodeltemplatein which thestatevariables,independent
variables,therangeof allowedspaceandtimeresolutionsandtheallowedminimumandmaximum
numberof parametersarespecified.On thebasisof thetemplatea geneticalgorithmsearchesfor
optimalmodelstructures,whicharecalibratedwith aMonteCarloprocedureusingtheUBB error
data.Specialfeaturesof themethodarethefactsthatthespatialelementsin theresultingmodels
mayvary in sizeandthemodelsareof a stochasticnaturebecauseparameterrangesratherthan
parametervaluesaredefined. In addition, the resultingmodels,which comprisea partitioning
matrix,a transportmatrixandaninternalstatematrix,canbeinterpretedin aphysicalsensesince
thesematricesdenotedifferent flow process.The methodhasbeenappliedto a syntheticdata
set,generatedwith a coupledoverlandflow and2D Richardsmodelat the hillslope scale(100
m in lengthanda 1 m soil depth)anda rainfall generator. The identificationmethodgeneratesa
largesetof fit (well-behaving) modelsthatdiffer in parameterizationandresolution.An analysis
of the fittest modelsleadsto a numberof interestinginsights. The fittest modelsare found at
a narrow rangeof space-timeresolutions,rangingfrom 4 min with 10 units to 18 min with 4
units.Thefittestmodelsconstituteanorganizationthatstrivesto equallysizedelements,especially
at finer resolutions.The parameterrangesof the partitioningand internalstatematricesin the
modelsarerelatedto fitnessespeciallyat thecoarsestresolutions(smallerparameterrangeslead
to higherfitness),while thetransportmatrix shows hardlyany relationandmoreover constitutes
thelargestpartof parameteruncertainty. Whenmoving from a coarseto a finer spatialresolution
thetotalnumberof parametersin thefittestmodelsremainsalmostconstant.Thefittestmodelsare
qualitatively differentat differentresolutions,with respectto form aswell asto the independent
variablesin thekernelfunctions.Soil moistureis thestatevariablethatinfluencesmodeldynamics
mostly in modelswith a fine temporalresolutionwhereasrainfall is the most importantdriving
forcein modelsat coarsetemporalresolutions.Themainstrengthsof themethodareits general
applicability (regardlesserror structureor non-linearity), the possibility to evaluatea large set
of candidatemodels,to interpret the identified modelsin a physicalsense,and computational
simplicity. Weaknessesaretherelatively complex modelsthatmayresultfrom the identification
procedure,the computationtime required,and, in this particularcasewith UBB error data,the
relative poor fit of modelsas comparedto methodswith more detailedassumptionson errors.
Themethodis thereforemainly suitableto identify a limited setof candidatemodels,thatcanbe
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furtheroptimizedwith morerigorousidentificationtechniques.

In Chapter6 the framework presentedin Chapter5 is appliedto the Kaibo andHorizontes
datawith theobjective to identify a setof overlandflow modelsandrelatethestructureof these
to predictive uncertaintyandmodelresolution.It wasnot cleara priori whethertheidentification
proceduredoeswork for thecatchments,giventhatit hasonly beentestedwith synthetichillslope-
scaledata,but it turnsout that themethodgenerateslarge setsof fit modelsfor bothKaibo and
Horizontes.It is investigatedhow themodelsetscaneffectively beusedfor prediction.A choiceis
madeto useensemblesimulationwhereanumberof modelsaredrawn randomlyfrom thesetand
thefinal predictionis theaverageoverthedifferentmodels.It appearsthatfor increasingensemble
sizesthepredictionerrordecreases.This trendcontinuesup to ensemblesizesof approximately
800for Kaibo andalmost1000for Horizontes.Thereareslight differencesin theserelationships
for discharge and overlandflow. The explanationfor this relation betweenensemblesize and
predictionerror is therelative heterogeneityof themodelset. A choiceis madeto simulatewith
ensemblesof 1000membersin theremainderof this study. Theensemblepredictionsshow good
performanceon thevalidationdatawith a slight over-predictionof low catchmentdischarges,es-
pecially for Horizontes.Thestructureof thepredictionerror for thevalidationdatais similar to
that for the calibrationdata. The ability of the identifiedmodelsto predictoverlandflow ratios
is analyzedby comparingobserved andpredictedoverlandflow ratiosfor differentspatialunits,
in this casethesoil-vegetationunit andtheentirecatchment.Interestingly, thefit doesnot differ
for thedifferentresolutionsasit doeswith thedistributedmodel,wherea bettercorrespondence
betweenobserved andpredictedwas found at the catchmentscale. A possibleexplanationfor
thisphenomenonis thatmodelsatdifferentresolutionscontainapproximatelyanequalnumberof
parameters,which leadseventuallyto anequalpredictive uncertaintyat thedifferentresolutions.
By a straightforwardapplicationof ensemble-prediction, coarseaswell asfine-resolutionmodels
with asimilarfitnesshaveanequalchanceof selection,leadingto apredictabilitywhich is similar
over all resolutions.This explanationimplies that theuseof finer-scalemodelsfor predictionat
thefiner resolutionsandcoarsescalemodelsfor predictionat coarserresolutionsshouldleadto
betterresults.A testconfirmsthis hypothesis.In spiteof themarkeddifferencesbetweenKaibo
andHorizontes,therearemany similaritiesbetweenthemodelsetsdescribingthesecatchments:
1) thesamemodeltemplatewasusedfor bothcatchments,2) therelationbetweenproblemresolu-
tion, availability of observationsandfitnessseemsto applyto bothcatchments,and3) theshift in
theindependentvariablesfrom soil moistureatfinetemporalresolutionsto rainatcoarsetemporal
resolutionsis applicableto bothKaibo andHorizontes.Thecatchmentsdiffer with regardto the
exact form of thekernelfunctionsandthemodelresolutionsto which differentkernelfunctions
apply. This canbeexplainedby thedifferencein topography- Kaibo haslongerslopesandless
relief - andthe limited spatialdiscretizationof the modelsfor Kaibo. This last factormay have
beencausedby the relatively few distributedobservationsin Kaibo. It is notablethat the same
shiftsin theuseof independentvariablesarefoundfor therealdatasetsat thecatchmentscaleas
with thesyntheticdatasetat thehillslopescale(in Chapter5). It suggeststhat thesource-driven
systembehaviour at coarseresolutionsandsink-drivenbehaviour at fine resolutionsis a property
of thehydrologicsystemsatbothscales.Themodelformsareanalyzedoverarangeof space-time
resolutions,leadingto thedemarcationof kernel-shifts.Comparingthe locationof thesekernel-
shiftsfor HorizontesandKaibo leadsto theobservation that theshift from sourceto sink-limited
systembehaviour occursataspatialresolutionof approximately7 unitsfor Horizontesand5 units
for theKaibo. Theseresolutionscorrespondto physicaldimensionsof (onaverage)300m in Hor-
izontesand220 m in Kaibo. Relatingthesedimensionswith the spatialcorrelationstructureof
therain,soil andvegetationcharacteristicsindicatesthatespeciallythespatialstructureof therain
(with auto-correlationsdroppingsharplyat300and200m for HorizontesandKaiborespectively)
couldgive riseto thispattern.Thespatialheterogeneitiesof soil andvegetationcharacteristicsare
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approximatelytwice aslarge. This observation givesrise to thehypothesisthat in the two study
catchmentsthestructureof a rain event is themostimportantdeterminantfor overlandflow pat-
terns,insteadof topographyor thepre-eventsoil moisturedistribution. Applying theidentification
methodto differentsub-setsof thedata,leadsto very interestingresults.In thefirst place,it shows
thatrain intensitydoesnot influencetheparameterizationwhereasseasonality(thetimeafterstart
of the wet season)does. This meansthat the natureof the hydrologicsystemchangesover the
rainy season.It hasbeenexplainedbeforethatthischangeis causedby variousstronglycorrelated
processes:swellingandshrinkingof clays,vegetative developement,soil roughnesschanges(due
to theimpactof rain,animalsandsoil tillage) andbiologic activity. A considerableheterogeneity
within themodelsetderivedonthebasisof average-seasonalconditions,canbeexplainedby shifts
in thesefactors.However, thelimited sizeof thedataset,especiallywith regardto theseseasonal
factors,doesnotallow theparameterizationof thevariousmodelswith thesenewly identifiedfac-
tors. For bothcatchmentsthekernelfunctionsfor partitioningcanbeestimatedby a rectangular
hyperbola,andthe kernelfunctionsfor transportby gamma-distributions. The functionscanbe
interpretedin a probabilisticsense,leadingto data-basedconditionalandjoint probabilitydistri-
butionsof hydrologicalvariables.The applicability of thesedistributions for practicalpurposes
still needsto betested.

In Chapter7 theproblemof overlandflow predictionis studiedfor caseswhereobservations
areavailablein combinationwith asetof calibratedmodels.Thetechniqueusedto combineprior
modelsresultswith observationsis known asTikhonov regularization.Within this regularization
framework generalizedcross-validationis usedto obtaindesirableweightsbetweenprior model
predictionsandobservations. Two regularizationstrategiesarecompared:regularizationof the
modelparameters,andregularizationof themodelstatevariables.It is shown thatbothtechniques
leadto similar results,whichdiffer in somedetails.Parameterregularizationleadsto betterresults
at low dataavailability, whereasstateregularizationleadsto betterresultsathighdataavailability,
which is consistentwith thefact that therearefewer parametersthanstatesto beestimated.The
fact that stateregularizationrealizesits bestpredictionsat finer resolutionsthanparameterreg-
ularizationcanbe explainedby consideringthat parameterregularizationmaintainsthe relative
structureof the kernel functionsover differentspatialunits, andcanin this way lessefficiently
exploit the additionaldegreesof freedomofferedby a finer resolution.The comparative advan-
tageof this flexibility appearsat higherdataavailability andfiner resolutions.A comparisonof
theopen-looppredictionsover thecalibrationperioditself with thereguralizedpredictionsshows
thateventhebestcalibrationfeasiblewill notnearlyapproachtheresultsby usingaregularization
approach.Against this backgroundit is not worthwhile to considermodel re-calibrationasan
alternative to regularization.Theregularizationmethodologyemployedherecanrelatively easily
beadaptedto differentmodelsor observations.This point hasbeendemonstratedin this studyby
usinga setof modelsinsteadof a singlemodelin orderto generatea prediction.Consideringthe
easewith which regularizationcanalsobe integratedin theKalmanfilter andKalmansmoother
andtherelativesuccessof theEnsembleKalmanfilter to problemsof arealisticsize,averyfruitful
enterprisemight betheintegrationof regularizationin theEnsembleKalmanfilter aswell.

Chapter8 concludesthedissertationby combiningsomeof the informationpresentedearlier
with new informationaboutthe relative valueof observations. The effectivenessof eachof the
threemodellingapproaches,theregressionmodel,thedistributedmodelandthescale-dependent
modelsfor identificationandpredictionis reviewed first. It is concludedthat while clearly the
scale-dependentmodelshavedistinctadvantagesfor modelidentification,for predictionthemodel
differencesarelessclear. By comparingtheeffect of omitting eachof theobservation types(e.g.
dischargeobservationsor overlandflow observations)duringmodelcalibration,therelative value
of theobservationsis determined.It turnsout thattheeffect of omitting nearlyeachof theobser-
vation typesleadsto changesin predictionerrorsthatarelarger thanthe intra-modeldifferences
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with regardto thosepredictionerror. Theconclusionis thatmodeldifferencesarerelatively unim-
portant,andthattheemphasisfor this typeof researchshouldin any casebeondatacollectionand
analysis.Unfortunatelytheconclusionsdonot solve theproblemof improving overlandflow pre-
diction becausethedesiredobservation techniquesarenot availablenow or in thenearfuturefor
largescaleapplications.An outlookon furtherresearchinto thisareathereforemainly focuseson
theoreticalissuessuchasthepossibilityto investigatethescale-dependentmodelsin moredepth,
establishprobabilisticmodelson thebasisof thescale-dependentmodelsandcomparethescale-
dependentmodelsonceagainwith bothadistributedmodelandlaboratory-scaleexperiments.
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Samenvatting

Hetdoelvandezestudieis gegevensover oppervlakte-stroming(overlandflow) te verzamelenen
te analyserenen om methodente ontwikkelenvoor de identificatievan voorspellendemodellen
voor oppervlakte-stroming op stroomgebied-schaal.De verantwoordingvoor dit onderzoeksdoel
wordt in Hoodstuk1 gegeven,waartevensdehistorieendehuidigemodelleringvanoppervlakte-
stromingis beschreven.De restvandedissertatieis onderverdeeldin tweedelen.Heteerstedeel,
dathoofdstukken 2 tot enmet4 beslaat,bestaatuit eeninterpretatievandeverzameldegegevens
over oppervlakte-stromingin tweeexperimentelestroomgebiedenen de effectiviteit van veelge-
bruikte modellenin het beschrijven van de oppervlakte-stroming. In dit deelwordende speci-
fieke problemenbeschreven die optredenbij de bestaandemodelleertechnieken. In het tweede
deel,bestaanduit hoofdstukken5 tot enmet7, wordennieuwetechniekengepresenteerdvoor het
schaal-afhankelijk modellerenvan oppervlakte-stroming. In Hoofdstuk8 wordende resultaten
vandezestudiein perspectiefgeplaatstenwordteenaanzetgegevenvoor verderonderzoek.

Oppervlakte-stromingis hetdeelvanhetoppervlaktewaterdatover degrondstroomtenzich
nognietheeftgeconcentreerdin rillen of bekenvaneengegevengrootte- danwordthet“c hannel
flow” genoemd.Het punt waaroppervlakte-stroming stopten “c hannelflow” begint, in ruimte
zowel als tijd, kanenkel subjectiefenbij benaderingaangegevenworden.Oppervlakte-stroming
kanontstaandoorverzadigingvandebodemzowel vanbenedenuit alsvanbovenaf.Bij verzadig-
ing vanbovenafoverschreidtdehoeveelheidregenenwatervanhetbovenstroomsegebieddein-
filtratiecapaciteit,bij verzadigingvanonderuitis dematrixpotentiaalvandebodempositiefdoor
druk van bodemvocht ter plekke of in het bovenstroomsebodemvolume. In natuurlijk terrein
is oppervlakte-stromingzeerheterogeenen niet-stationair, met waterdieptesvan 1 tot 100 mm
en stroomsnelhedenvan 0.01 tot 1 ms� 1 binneneenklein gebied. De kennisvan oppervlakte-
stromingis belangrijkomdathetdebelangrijkstefactoris voor sedimenttransportdoorwater, het
transporten het lot van (landbouw)chemicaliënop de grond, en de vorm alsmedegroottevan
afvoerpieken. Bijna al hetoppervlaktewaterbegint alsoppervakte-stromingin hetbovenstrooms
gebiedvaneenstroomgebiedenverplaatstzichenigeafstandvoordatheteenril of beektebereikt.
Ondankshet belangvan oppervlakte-stroming, is het nauwelijksbestudeerdover gebiedenvan
meerdanenkelehectarendoordirektekwantitatieve of kwalitatieve metingen.

De oppervlakte-stromingzoalsdie voorkomt in tweeexperimentelestroomgebiedenwordt in
Hoofdstuk2 beschreven. Het eerstestroomgebied,Kaibo, ligt in BurkinaFaso(WestAfrika) op
44̈ 11© N en 0̈ 56© O (310-325m.a.s.l.) in het stroomgebiedvan de Nakambé(de Witte Volta),
enbeslaateengebiedvan 1.2 km2. Het stroomgebiedheefteensemi-aridetropischklimaat met
eengemiddeldejaarlijkseneerslagvan 880 mmy� 1, minimum andmaximumtemperaturenvan
respectievelijk 19 and 32̈ C en eenpotentiëleevapotranspiratievan 2580 mmy� 1. De actuele
evapotranspiratieis ongeveer620 mm( 70% van de regen),percolatienaardieperebodemlagen
is ongeveer80 mm(10% vande regen)en afvoer is ongeveer180mm(20% van de regen). Het
gemiddelderegenseizoenduurtvanmei tot oktoberenis zeerheterogeenzowel binnenalsbuiten
het seizoenmet betrekkingtot regenhoeveelheiden de duur van drogeperioden. De natuurlijk
vegetatieis savanne.Het gebiedwordt nu voor hetgrootstegedeeltegebruiktvoor akkerbouwen
extensievebeweiding.Het tweedestroomgebied,Horizontes, bevindt zich in CostaRica(Centraal
Amerika)op 10̈ 43© N en � 85̈ 36© O (160-190m.a.s.l.),binnenhetnatuurpark’EstacionExper-
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imentalForestalHorizontes’(onderdeelvan de regionaleorganisatieACG). Het is 2 km2 groot
en heefteensub-humidetropischklimaat. De gemiddelderegenval is 1450mmy� 1, minimum
andmaximumtemperaturenzijn respectievelijk 22 and29̈ C endepotentiëleevapotranspiratieis
2230mmy� 1. De actueleevapotranspiratieis ongeveer870 mm (60% van de regen),percolatie
naardieperebodemlagenis ongeveer220mm(15%vanderegen)enafvoer is 360mm(25%van
de regen). Het gemiddelderegenseizoenduurt van mei tot oktoberen laat eengrotevariatie in
regenhoeveelheidzientussendeseizoenen.De natuurlijke vegetatiein Horizontesis eengedeel-
telijk bladverliezendtropischbos. Vanuit eensituatiemet opengraslandin 1989 verkeert het
gebiedmedio’90 in eenvroeg stadiumvanregeneratie.
In Kaibo zijn gegevensverzameldgedurendede periodeapril 1994 - augustus1998. Weers-
gegevenszijn verzameldmeteenautomatischweerstationopéénlocatie,regenis gemetenopver-
schillendelocatiesmetautomatischeregenmeters(z.g. “tipping buckets”) vanaf1996enafvoeris
gemetenmeteendruksensorin derivierbedding.Bodemvochtis bepaaldmeteenTDR-instrument
in plasticbuizenop10plaatsenelke 14dagen,enafvoervanzesafstromings-percelen(drieparen
met afmetingenvan 5 § 10, 10 § 25 en 50 § 100 m ) is gemetenmet meetgoten(waarin ook
druksensoren).Daarnaastzijn er ook verschillendeanderewaarnemingengedaanin de periode
juni 1998- september1998. De schijn-grondwaterspiegelis in dezeperiodegemetenlangsdrie
raaienmet peilbuizen voor drie buien en de structuurvan de ondergrond is bepaaldmet geo-
electrischemetingen,oppervlakte-stroming is waargenomengedurendetweebuien.Dit is gedaan
doorwaterhoogteensnelheidherhaaldelijkop verschillendepuntenlangstweeraaiente bepalen,
endaarnaaststromingspatronenvanoppervlaktewaterin kaarttebrengendirectnadezebuienvoor
diezelfderaaien. Eennauwkeurig digitaal terreinmodel(DTM) is gemaaktop basisvan metin-
genmeteendifferentiëlekinematischeGPS-techniek.Laterzijn visuelecontrolesvanstroomge-
biedsgrenzenen lokalehoogtenen laagtenin het veld gemaakt.Diverseanderecampagneszijn
uitgevoerdom bodem,geologieenlandgebruikin hetgebiedin kaartte brengen.
In Horizonteszijn gegevensverzameldgedurendedeperiodeapril 1996- augustus1998.Weers-
gegevenszijn gemetenmeteenautomatischweerstationop éénlocatie,regenis gemetenop zes
plaatsenmetautomatischeregenmetersenafvoer is gemetenop zesplaatsenin de rivierbedding
met druksensoren.In de periodejuni 1997- december1997zijn de stromingspatronenna drie
buien bepaaldlangstwee raaien. Langsdezelfderaaienis ook oppervlakte-stroming gemeten
in 24 kleine collectoren.EenDTM is gemaaktmet eendifferentiëlekinematischeGPS-tecniek
in combinatiemetconventionelegeodetischemetingen.Diverseanderemeetcampagneszijn uit-
gevoerdom bodem,geologieenvegetatiein kaartte brengen.Een44 ha deel-stroomgebiedvan
Horizontes,Horicajogenaamd,is in meerdetail bestudeerd.De waarnemingenin Horicajozijn
verzameldgedurendede periodejuli 1997- december1997. Op vier plaatsenis regengemeten
metautomatischeregenmetersenop tweeplaatsenis afvoergemetenmetv-vormigeoverlatenen
druksensoren.Voor zeven buien is de hoogtevan de grondwaterspiegel iederuur waargenomen
met de handin 20 stijgbuizen tijdens en direkt na de buien, en dagelijkstussende buien. De
stromingspatronenna eenbui zijn bepaaldvoor vijf buien, en de waterhoogteen snelheidzijn
gemetenvoor negenbuienlangsvier raaien.Gedurendedeperiode20 juli 1997- 4 oktober1997
is het volumetrischvochtgehaltebepaaldop 40 locatieseensin de vier dagen,en gedurendede
periode4 oktober- 21 decemberop 60 lokatieseensin de tweedagen.Voor dezevochtmeting
is eenTDR-systeemin plasticbuizengebruikt,waarmeeper laagvan 20 cm gemetenis tot een
dieptevan80 cm. Terreinenbodemzijn gedetailleerdin kaartgebrachtsamenmetdegeometrie
van rillen en geulen. De kleur, structuur, diepte,textuur en het organischestof gehaltevan de
bodemzijn bepaaldop 90 plaatsen,en de infiltratiecapaciteitis bepaaldop 30 van dezepaatsen
meteenGuelphpermeameter. Daarnaastzijn kleur, structuurentextuur vandebodemin hetveld
gemetenop eenregelmatiggrid van20 § 20m.
Voor zowel Kaibo als Horizonteszijn de gegevensvan 60 buien gebruiktvoor calibratieen val-
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idatie doeleindenin laterehoofdstukken. Tot de 60 buien behorenook 31 buien waarvoor ook
gegevensvanHoricajobeschikbaarzijn.
Drie aspectenvan de waarnemingenzijn in detail onderzocht:de meetonzekerheid, de relatie
tussende bedekkingsgraaden waterhoogtebij oppervlakte-stroming,en de autocorrelatievan
oppervlaktestromingin ruimte en tijd. De meetonzekerheidwordt geschatop basisvan herhal-
ing, opsplitsingvandedatasetenkruis-validatie. De totalemeetonzekerheidis deresultantevan
drie bronnen:willekeurigefoutendie door het meetinstrumentof de meettechniekwordenge-
produceerd,conversiefoutendie ontstaandoor de omrekeningvan geobserveerdeeenhedennaar
wenselijke eenheden,eninterpolatiefoutendieontstaandooreenhedenomte zettennaarwenseli-
jke tijds- enruimte-eenheden.Hetblijkt datvooralinterpolatiefoutenaanzienlijkbijdragenaande
totalemeetonzekerheidendat,alshetgecombineerdeeffect vandefoutbronnenin beschouwing
wordtgenomen,metnameoppervlakte-stromingop basisvanvisuelewaarnemingen,grondwater
waarnemingen(Horizontes)en bodemvocht waarnemingen(Kaibo) relatief onzeker zijn en een
onbekendefoutstructuurhebben.Daaromwordt een“unknown-but-bounded” (UBB) foutstruc-
tuur gebruiktalskarakteriseringvandemeetonzekerheid. De bedekkingsgraadvanoppervlakte-
stromingblijkt niet-lineairetezijn gerelateerdaandegemiddeldediepteervan.Erzijn aanzienlijke
verschillentussendezerelatiesvoor Kaibo en Horizontesen verschillendebodem-en vegetati-
etypen. De knikpuntenin de relatiesgeven drempelwaardenaanen kunnenwordengerelateerd
aangemiddelderildiepte. De anisotropievan de oppervlakte-stromingin zowel ruimte als tijd
wordtgeïllustreerdmetcorrelogrammen,waarindecorrelatielengtesvariërenvan10tot 80mvoor
respectievelijk contour- en hellingrichting, en 25 tot meerdan60 minutenvoor respectievelijk
intensieve enniet-intensieve neerslag.

Eeneersteanalysevandewaarnemingenwordtgemaaktmeteenregressiemodelin Hoofdstuk
3. De regressiemethodecombineertdeverschillendesoortenwaarneminenzoalswaterhoogtevan
oppervlakte-stroming,opgevangenoppervlakte-stromingin collectorenen stroomgebiedsafvoer
via eentwee-stapsbenadering:1) door lineaireen niet-lineairemeetvergelijkingente gebruiken
om iederewaargenomeneenheidnaartotale-bui oppervlakte-stromingshoogte om te zetten,en
2) door dezetotale-bui oppervlakte-stromingshoogte in eenlineaire regressievergelijking te ge-
bruiken. Op basisvan de waarnemingenmet UBB foutstructuur, is er eenunieke oplossingvan
dit probleemgevondenmethetmini-maxcriterium.Demethodeblijkt rekentechnischerg simpel,
wathettoelaatgrotehoeveelhedengegevensteanalyserenendekwaliteit vanhetmodelmetkruis-
validatiete evalueren.Na calibratieblijken de door het regressiemodelvoorspeldeoppervlakte-
stromingshoogtengoedovereente komenmet de waarnemingen,vooral wanneeronderscheid
gemaaktwordt tussenhet voor- en naseizoenof lageen hogeregenintensiteit.Door eenmodel
op het Horicajo deel-stroomgebiedte calibrerenen op Horizontestoe te passen,wordt de mo-
gelijkheid onderzochtom het model te gebruiken voor voorspellingenop eenandersoortgelijk
stroomgebiedzonderhercalibratie.Het laat zien dat op die maniergoedeafvoervoorspellingen
van het totalestroomgebiedmogelijk zijn, maardat oppervlakte-stromingzich op dezemanier
nieterg nauwkeuriglaatvoorspellen.

In hoofdstuk4 wordendeobservatiesgeanalyseerdmeteenkarakteristiekruimtelijk verdeeld
oppervlakte-stromingsmodel. Het drievoudigedoelvandezeanalyseis om te onderzoeken: 1) of
het model gecalibreerdkan worden, in de zin dat eenset bijna-optimaleparameterskan wor-
den bepaalddie te gebruiken zijn voor modelvoorspellingen,2) hoe de modelvoorspellingen
zich verhoudentot de resultatenvan de alternatieve regressiemethodeuit Hoofdstuk3; en 3)
of het modelde ruimtelijke heterogeniteitvan oppervlakte-stromingenigzinsreproduceert.Het
gebruiktemodel verschilt in twee opzichtenvan de meesteandereruimtelijk verdeeldeopper-
vlakte-stromingsmodellen: 1) hetbevat relatiefweinig parameters,en2) hetbetrektook op een-
voudigewijze denatheidvandebodemvoorafgaandaaneenbui in deberekeningvan infiltratie
(via eenz.g. vochtigheidsindex). Om hetmodelte calibrerenis eenzogenaamde“similarity in-
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dex” gedefinieerdomwaarnemingenaanmodelvariabelentekoppelendiewel overeenkomenqua
bovenstroomsgebied,bodem-en vegetatietypemaarnaareenandereplaatsin het stroomgebied
verwijzen. Dezecalibratieprocedureblijkt tamelijk goedte werken. Na modelcalibratiewordt
het model gevalideerdmet afvoer en oppervlakte-stromings waarnemingen.Uit dezetestsbli-
jkt dathetmodelinderdaadredelijk gecalibreerdis, hoewel hetruimtelijk verdeeldemodelzowel
afvoeralsoppervlakte-stromingduidelijkmindergoedvoorspeltdanhetregressiemodel.Degeob-
serveerdeheterogeniteitvan oppervlaktestromingwordt niet gereproduceerddoor hetmodelop
de grid-resolutiemaarwordt redelijk voorspeldop de resolutievan bodem-vegetatieeenheden.
Uit devoorspellingenvoor Kaibo enHorizonteskanafgeleidwordendatdestroomgebiedenno-
galverschillenmetbetrekkingtot depatronenvanoppervlakte-stroming.In Kaiboblijkenbodem-
en vegetatiefactorentamelijk belangrijk in het bepalenvan oppervlakte-stroming, terwijl het in
Horizontesmeerdetopografischefactorenzijn. Dezeeffectenkunnenechternietgeheelgeschei-
denwordenomdatereensterkecorrelatiebestaattussenbodem,vegetatieentopografie.Kaiboen
Horizonteshebbenstroomgebiedsafvoer/regenval fractiesvanrespectievelijk ª 0� 1 en ª 0� 2. Beide
waardenkomenovereenmetdeverwachttewaardenvoordezetypenvanterreinenklimaat.Er bli-
jkenooksterke seizoentrendstezijn, waarinoppervlakte-stromingtoeneemtnaarmatehetseizoen
vordert.VoorHorizonteskandetrendhetbestverklaardwordendoordescheurenin devertische
grondonderdrogecondities,envoorKaibokaneenaanvullendeverklaringgevondenwordenin de
afnemenderuwheidvanhetakkerlandover hetseizoen.In Kaibo zijn deverschillentussenvoor-
ennaseizoenhetmeestuitgesproken.Ondanksdekwalitatieveaardvandewaarnemingenenmod-
eluitkomstenzijn de seizoentrendszo duidelijk dat dezein achtmoetenwordengenomenbij de
modelleringvanoppervlakte-stroming.Er zijn tweemogelijkhedenom dit te bewerkstelligen:1)
doorhetmeenemenvanderelevantefactorenin deparameterisatie,of 2) hetparameteriserenvan
eenmodelvooreenkortereperiodezodatdeparameterswel alsconstantbeschouwdkunnenwor-
den.Beidemogelijkhedenzijn gedeeltelijkgetestin dezestudie.Het onderscheidtussenbodems
met vertischeen niet-vertischeeigenschappenparameteriseerteventuelebodem-veranderingen,
enhetonderscheidtussengrasversusbomen(Horizontes)of grasversusakkers(Kaibo) parame-
teriseertdeverschillentussenvegetatieveontwikkelingenlandgebruik.Daarnaastreproduceertde
vochtigheids-index hetseizoenseffect tendele. Hercalibratiemetmeerspecifieke datasets(voor-
seizoenversusnaseizoenen lageregenintensiteitversushogeintensiteit)is ook toegepast,maar
leidt niet tot beteremodelvoorspellingen omdatde datasetsdoordeopsplitsingwaarschijnlijkte
klein zijn geworden.

In Hoofdstuk5 wordt eenraamwerkom schaal-afhankelijke hydrologischemodellente iden-
tificerengepresenteerd.De methodewerkt meteenzogenaamdmodelsjabloonwaarmeede toe-
standsvariabelen,inputvariabelen,het bereikvan toegestaneruimte- en tijdsresoluties,alsmede
de toegestaneminimaleen maximaleaantallenparameterswordenvastgelegd. Op basisvan het
sjabloonzoekteengenetischalgorithmenaaroptimalemodelstructurendie wordengecalibreerd
meteenMonteCarloprocedure,gebruikmakendvandewaarnemingenmetUBB-foutstructuren.
Bijzondereeigenschappenvandezetechniekzijn datderuimtelijkeelementenvanderesulterende
modellenkunnenvariërenin grootteendatdemodellenin wezenstochastischvanaardzijn omdat
parameterverzamelingenin plaatsvan éénduidigeparameterwaardenzijn vastgelegd. Daarnaast
zijn de modellenopgebouwduit fysisch interpreteerbareeenheden- eenpartitioneringsmatrix,
eentransportmatrixen eeninterne-toestandsmatrix - die gekoppeldkunnenwordenaanspeci-
fieke stromingsprocessen.De identificatiemethodeis toegepastop eenkunstmatigedataset,die
is gegenereerdmet een1D oppervlakte-stromingsmodel gekoppeldaaneen2D Richardsmodel
op hellingschaal(100m lengteen 1m diepte)en eenneerslagmodel.De identificatiemethode
genereerteengrotesetmet geschikte modellen(fit models) die verschillenin parameterisatieen
resolutie,waarbijgeschiktheidslaatopdematewaarindemodelvoorspellingenbinnenhetvooraf
gedefinieerdegebiedvanwaarnemingen+ UBB foutenblijft. Eenanalysevandegeschikstemod-

158



ellen leidt tot eenaantalinteressanteinzichten. De meestgeschiktemodellenkomenvoor langs
eennauwebandvanruimte-tijdsresoluties, variërendvan4 min met10 eenhedentot 18 min met
4 eenheden.De meestgeschiktemodellenstreven naareenstructuurmet ruimtelijke eenheden
van gelijke grootte,vooral bij fijne resoluties. Het parameterbereikvan de partitionerings-en
interne-toestandsmatrices in de modellenis, vooral bij de grofsteresoluties,gerelateerdaande
modelgeschiktheid(eenkleiner parameter-bereik is gerelateerdaanhogeremodelgeschiktheid),
terwijl de transportmatrixnauwelijkseenrelatiete ziengeeftenbovendienhet leeuwendeelvan
deparameteronzekerheid herbergt. Voor verschillenderesolutiesis dehoeveelheidparametersin
de meestgeschiktemodellenconstant.De geschiktstemodellenzijn kwalitatief verschillendbij
verschillenderesolutiesmetbetrekkingtot zowel devorm alsdeonafhankelijke parametersin de
kern-functies.Bodemvocht is de toestandsvariabeledie demodeldynamiekhetmeestbeinvloedt
in modellenmet eenfijne tijdsresolutieterwijl regenval de belangrijkstedrijvendekracht is in
modellendie gedefinieerdzijn op grove tijdsresoluties.De sterkstepuntenvan de methodezijn
dealgemenetoepasbaarheid(ongeachtfout-structuurof niet-lineariteit),demogelijkheideengrote
verzamelingkandidaatmodellenteevalueren,degeidentificeerdemodellenfysischteinterpreteren
enderekentechischeeenvoud. Zwakke puntenzijn derelatief ingewikkeldemodellendie kunnen
ontstaanna de identificatie,de benodigderekentijd, en - in dit specifieke geval met gegevens
metUBB-fouten- derelatieve slechtefit vandemodellenin vergelijking tot methodenmetmeer
gedetailleerdeaannamenover fouten. De methodeis daaromvooral geschiktom eenbeperkte
verzamelingkandidaatmodellente identificerenwelke vervolgensverdergeoptimaliseerdkunnen
wordenmetmeerrigide identificatietechnieken.

In Hoofdstuk6 wordt het raamwerkvan Hoofdstuk5 toegepastop de Kaibo en Horizontes
gegevensmet het doel om eenverzamelingoppervlakte-stromingsmodellen te identificerenen
de stuctuurervan te relaterenaanvoorspellingsonzekerheid en modelresolutie.Het is a priori
nietduidelijk of deidentificatieprocedure wel werktvoordebeidestroomgebieden,aangezienhet
alleenmetkunstmatigegegevensophellingsschaalis getest.Hetblijkt datookvoordestroomge-
biedsgegevensde methodeleidt tot eengrote verzamelingvan geschiktemodellenvoor zowel
Kaibo als Horizontes. Eerstwordt onderzochthoede modelverzamelingeffectief gebruiktkan
wordenvoor voorspelling.Er is eenkeusgemaaktvoor groeps-voorspellingen(ensemblepredic-
tions) waarbij eenaantalmodellenwillekeurig getrokken wordenuit de geïdentificeerdeverza-
melingendeuiteindelijke voorspellinghetgemiddeldeis vandeverschillendemodelvoorspellin-
gen.Hetblijkt datvoor toenemendegroeps-groottedevoorspelfoutafneemt.Dezetrendzetdoor
tot eengroeps-groottevan ongeveer 800 voor Kaibo en 1000 voor Horizontes. Er zijn kleine
verschillenin dezerelatievoor afvoer en oppervlakte-stroming. De verklaringvoor dezerelatie
tussengroeps-grootteenvoorspelfoutis derelatieveheterogeniteitvandemodelverzameling.Een
keuzeis gemaaktom met groepenvan 1000 modellente werken in de rest van de studie. De
groeps-voorspellingen reproducerende validatiegegevensvan afvoer goed,met eenlichte over-
schattingvan de lageafvoeren,vooral voor Horizontes. De structuurvan de voorspelfoutover
tijd is vergelijkbaarmet die bij de calibratiegegevens. De geschiktheidvan de geïdentificeerde
modellenom oppervlakte-stromingte voorspellenis getoetstmetvalidatiegegevensvoor bodem-
vegetatieeenhedenenhetgehelestroomgebied.Interessantis datdeafwijking vanvoorspellingen
en observatiesniet afneemtbij eengrovere resolutiezoalsbij het gedistribueerdemodel. Een
mogelijke verklaringhiervoor is dat modellenbij verschillenderesolutieswel eengelijk aantal
parametershebben,wat uiteindelijk leidt tot eengelijke voorspelfout.Door hetrechttoe-rechtaan
toepassenvan ensemblevoorspellinghebbenmodellenmet zowel grove als fijne resolutiesmet
eenzelfdegeschikheiddezelfdekansgeselecteerdte worden.Dezeverklaringimpliceertdathet
gebruikvanfijne-resolutiemodellenvoor voorspellingenop fijne schaalengrove resolutiesvoor
voorspellingenbij grove schaaltot betereresultatenleidt. Een test bevestigt dit. Ondanksde
duidelijke verschillentussenKaibo en Horizontes,zijn er veel overeenkomstentussende mod-
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elverzamelingendie destroomgebiedenbeschrijven: 1) hetzelfdemodelsjabloonkanwordenge-
bruikt voor beidestoomgebieden,2) derelatietussenresolutie,debeschikbaarheidvangegevens
en de modelgeschiktheidis toepasbaarop beidestroomgebieden,en 3) de verschuiving in on-
afhankelijke variabelenvanbodemvocht bij fijne resolutiesnaarregenbij grove resolutiestreedt
op in zowel Kaibo als Horizontes.De stroomgebiedenverschillenmet betrekkingtot de exacte
vorm vandekern-functiesenderesolutieswaaropdekern-functiesvantoepassingzijn. Dit kan
wordenverklaarddoor de topografie- Kaibo heeft langerehellingenen minder relief - en de
beperkteruimtelijke discretisatievan de modellenvoor Kaibo. Dit laatstekan zijn veroorzaakt
door de weinigeruimtelijk verdeeldewaarnemingenin Kaibo. Het is opmerkelijk dat dezelfde
veranderingenin onafhankelijke variabelenvandekern-functiesoptredenbij deechtedatasetop
stroomgebiedschaalals bij de kunstmatigedatasetop hellingschaal(in Hoofdstuk5). Het sug-
gereertdathetbron-gedrevensysteemgedragbij grove resolutiesenhetbestemming-gedreven bij
fijne resolutieseeneigenschapvan het hydrologischesysteemop beideschalenis. Modelvor-
menkunnenwordengeanalyseerdover eenbereikvanruimte-tijdsresoluties om veranderingenin
kern-functiesaantegegeven.Bij vergelijking vandelocatievandezeveranderingin kern-functies
voorHorizontesenKaiboblijkt datdeverschuiving vanbron-gedrevennaarbestemming-gedreven
systeemgedragoptreedtbij resolutiesvan 7 eenhedenbij Horizontesen 5 eenhedenbij Kaibo.
Dezeresolutieskomenovereenmet gemiddeldefysischedimensiesvan 300m in Horizontesen
220m in Kaibo. Als dezedimensiesgerelateerdwordenaanderuimtelijke correlatiestructuurvan
regen-,bodem-envegetatiekarakteristiekenblijkt datvooralregen(metautocorrelatiesdiescherp
afnemenbij 300 en 200m) tot dit patroonkan leiden. De ruimtelijke heterogeniteitvan zowel
bodemals vegetatiekarakteristiekenis bijna twee maal zo hoog. Dezevaststellingleidt tot de
hypothesedat in de tweestudiegebiedendestructuurvan regenbuien debelangrijkstebepalende
factoris voor oppervlakte-stromingspatronen op stroomgebiedschaal,in plaatsvan topografieof
denatheidvandebodemvoorafgaandaaneenbui. Toepassingvandeidentificatiemethodeopver-
schillendedeel-verzamelingenvan dewaarnemingen,leidt tot interessanteresultaten.Allereerst
toonthetaandatregenintensiteitdeparameterisatienietbeinvloedt,terwijl seizoensinvloeden(de
tijd verstreken nahetbegin vanhetnatteseizoen)datwel doen.Dit betekentdatdeaardvanhet
hydrologischessyteemverandertover het regenseizoen.Zoalseerderverklaard,wordt dezeve-
randeringveroorzaaktdoorverschillendesterkgecorreleerdeprocessen:hetzwellenenkrimpen
vankleigrond,vegetatieve ontwikkeling,bodemruwheidsveranderingen(onderinvloedvanregen,
dierenen grondbewerking) en biologischeactiviteit in de bodem. Een aanzienlijke heterogen-
iteit binnendemodelverzamelingop basisvandegemiddeldeseizoenconditieskanwordenverk-
laarddoorverschuivingenin dezefactoren.Desondankskandoordebeperktegroottevandeset
waarnemingendemodelverzamelingnietopnieuwgeparameteriseerdwordenmetdeseizoensfac-
toren.Voorbeidestroomgebiedenkunnendekern-functiesvoorpartitioneringbeschrevenworden
dooreenrechthoekige-hyperbool endekern-functiesvoor transportmetgamma-verdelingen.De
functieskunnenprobablistischwordengeinterpreteerd,watleidt tot waarneming-gebaseerde voor-
waardelijke engecombineerdekansdichthedenvanhydrologischevariabelen.De toepasbaarheid
vandezeverdelingenvoor praktischedoeleindenmoetnoggetoetstworden.

In Hoofdstuk7 wordt hetprobleembestudeerdvandevoorspellingvanoppervlakte-stroming
wanneerzowel modelinvoer alswaarnemingenvantoestandsvariabelenbeschikbaarzijn in com-
binatiemeteengecalibreerdemodelverzameling.De techniekdiehierwordtgebruiktoma priori
modeluitkomstenmetwaarnemingenzo te combineren,datverbeterdeposteriorimodelresultaten
wordenverkregen, staatbekend als Tikhonov regularisatie. Binnen dit regularisatie-raamwerk
wordt algemene-kruisvalidatie (generalized cross-validation) gebruikt om de gewensteweging
tussenmodelvoorpsellingenen waarnemingente vinden. Twee regularisatiestrategiën worden
vergeleken: regularisatievandemodelparametersenregularisatievandemodeltoestandsvariabe-
len. Er wordt aangetoonddat beidetechnieken tot gelijkaardigeresultatenleidendie in enkele
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detailsverschillen. Parameter-regularisatieleidt tot betereresultatenbij de beschikbaarheidvan
weinig gegevens,terwijl toestand-regularisatie tot betereresultatenleidt bij de beschikbaarheid
vanveelgegevens.Dit is in overeenstemmingmethet feit dater mindertoestandenzijn danpa-
rametersomteschatten.Het feit datdebestevoorspellingendoortoestand-regularisatie bij fijnere
resolutiesoptredendandoor parameter-regularisatie kan wordenverklaarddoor te beschouwen
dat parameter-regularisatie de relatieve structuurvan de kern-functieshandhaafttussende ver-
schillenderuimtelijke eenheden,waardoorhet de extra vrijheidsgradenbij eenfijnere resolutie
niet kanbenutten.Het relatieve voordeelvandezeflexibiliteiet wordt duidelijk bij grotebeschik-
baarheidvan waarnemingenen fijnere resoluties. Een vergelijking van de “open-loop” voor-
spellingenoverdecalibratieperiodezelf metdegeregulariseerdevoorspellingenlaatziendatzelfs
debestmogelijkecalibratiederesultatenvandegeregulariseerdevoorspellingnietbenadert.Door
dit resultaatis hetoverbodighercalibratiealseenalternatiefvoor regularisatiete bestuderen.De
hier toegepasteregularisatietechniekkan relatief eenvoudig wordenaangepastaanverschillende
modellenof waarnemingen.Dit puntis gedemonstreerdin dezestudiedoorgebruiktemakenvan
eenverzamelingmodellenin plaatsvaneenenkel model.Hetgemakwaarmeeregularisatiein het
Kalmanfilter endeKalmansmootherkanwordentoegepastin combinatiemethetsuccesvande
EnsembleKalmanfilter voorproblemenvanrealistischegrootte,suggereertdatdetoepassingvan
regularisatiein hetEnsembleKalmanfilter ooknuttig kanzijn.

Hoofdstuk8 besluitde dissertatiedoor het combinerenvan enkele gegevensdie eerderzijn
gepresenteerdmetaanvullendeinformatieover derelatieve waardevanobservaties. Voor het re-
gressiemodel,hetgedistribueerdemodelendeschaal-afhankelijke modellenwordteerstbekeken
watdeeffectiviteit vooridentificatieenvoorspellingis. Deconclusieluidt datdeschaal-afhankelijke
modellenduidelijke voordelenhebbenin de modelidentificatiestap, terwijl voor voorspelling
de verschillentussende modellenminderduidelijk zijn. Door voorspellingente vergelijken bij
weglating van eenobservatietype(bijvoorbeeldde waarnemingenvan stroomgebiedsafvoer of
oppervlakte-stroming)tijdensmodel-calibratie,wordt de relatieve waardevan de waarnemingen
vastgesteld.Het blijkt dat het effect van het weglatenvan bijna ieder type waarnemingtot ve-
randeringenin devoorspellingsfouten leidt die groterzijn dandeverschillenin voorspellingsfout
tussende modellenonderling. De conlusieop basishiervan is dat modelverschillenrelatief on-
belangrijkzijn, endatdenadrukvoor dit typeonderzoekin elk geval op gegevensverzamelingen
analysemoetliggen.Helaasleidendezeconclusiesniet tot eenverbeteringin hetvoorspellenvan
oppervlakte-stromingomdatdevereistewaarnemingstechnieken nu enin denabijetoekomstniet
beschikbaarzijn voorgrootschaligetoepassing.Daaromconcentreertdebeschouwingvoorverder
onderzoekzich vooral op theoretischevragenzoalsde mogelijkheidom de schaal-afhankelijke
modellenin meerdetailteonderzoeken,omprobablistischemodellenteontwikkelenopbasisvan
deschaal-afhankelijke modellen,endeschaal-afhankelijke modellenopnieuwte vergelijken met
zowel eenruimtelijk verdeeldmodelalsexperimentenop laboratorium-schaal.
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