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Figurel: DEM of the Juralake system((©SwissfederalOffice of Topography)

the periods1833-1884and 1963-1972by the con-
truction of channels. Different regulation water
works have beenbuilt, in orderto reducethe risks
of inundationand to transformthe former unpro-
ductive areadnto fertile arableland.

In thebeginningof this projectthehydrologicalsys-
tem hasto be analysedor the presentimesanda
rainfall-runoff modelwill beappliedin orderto cal-
culatefuture scenariosubsequentlyThe mostim-
portantinflow to the Juralake systemcomesfrom
the Aare River (approximately70%) and it drains
an areaof 5128 km? up to the station Hagneck,
wheretheriver flows in thelake of Bienne(seeFig-
ure 1). The hydrological systemis influencedby
variouscomponentsik e glaciers artificial andreg-
ulatednaturallakes,which makeit difficult to apply
a more physically basedmodel. Furthermorethe
essentiakontribution of the snav-melt have to be
takeninto consideration.Thussomepreprocessing
of the dataare necessarywhich will be explained
in thenext chapter Afterwardsthe DBM modelling
approachwill be describedn more detail and the
preliminaryresultswill beshavn anddiscussed.

2 PREPROCESSING THE DATA

The obseneddischage seriesof the Aareriver are
mostly superpose@ndalteredby variousdifferent
impacts(e.g. hydro power stationmanagemerdnd
regulation of lakes), which can be interpretedas
noise. For the hydrological modelling it will be

necessaryo remove this noiseandto selectrunoff
gaugeswherethe dischage seriesaremoreor less
noise-free. The WaveShrink methodologydevel-
opedby Donoho[1995] for estimatinganunknown
signal from data has beenappliedto remove the
noisefrom the dischage series. The advantageof
this procedurewhich is basedon Wavelettransfor
mations, is that the peaksare presered, whereas
traditionalnoisereductionmethodssuchassplines
or kernelsmoothersvould resultin somesmooth-
ing of the spikes. In particular the non-decimated
discreteWavelet transformationhas beenusedin
shrinkingthe Wavelet coeficient towardszero, be-
causeit leadsto both better predictionand fewer
artifacts (e.g. Nasonand Sapatinag2002]). Ap-
plying the WaveShrinkalgorithmto threedifferent
dischageserienbsenedatgaugesatthe Aareriver
(shavnin Figure?2) indicateghatthe gaugdocated
atBernwill bebestsuitedfor furtheranalysis.The
residuals(=noise)of this dataseriesaremuchless
in comparisonto the seriesobsened at Hagneck
(downstream)and Brienzwiler (upstream),which
are highly influencedby hydro power production.
Thusthe catchmenbf Bernis choserrepresenting
approximatel\2/3 of the Aarecatchmenarea(2969
km?).

To improve modelling capabilities, rainfall series
aremodifiedhereto accountfor snonfall andsnaw-
melt, producingseriesof daily equivalentrainfall,
which will be the input for rainfall-runoff mod-
elling. Theprocesslsoaccountdor the orographic
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Figure 2: Signalandnoiseseparatiorof daily dis-
chage series(1996-1999)by the use of Wavelet
transformations

enhancemendf rainfall, calculatingthe equivalent
rainfall for different elevation bandsbefore aver-
aging theseseriesfor the whole catchment(see
Figure 3). The degree-dayapproacho snov-melt
modelling provides a simple methodologyfor the
satishctory calculation of snav-melt, relying on
daily averageair temperaturdo representhe ma-
jor heatfluxesin operation. As found in an in-
ternationalcomparisonof snov-melt runoff mod-
els WMO [1986], the degree-daymethodhas an
accurag comparabléo morecomplex enegy bud-
getformulations(RangoandMartinec[1995]). The
mostwidely useddegree-daymodelwasdeveloped
by Martinecetal. [1983] andis centeredn thefor-
mula

M = k(T - T) (1)

whereM is daily snav-meltrunoff (mm), T is daily
meantemperature° C), T; is a basetemperature
(usually0° C), andk is the degree-dayor melt fac-
tor (mm/° C/day).As well astheability to optimise
both T, andthe degree-dayfactork, thereis poten-
tial for modificationof the basicformulato include
factorssuchasalbedo(for examplebasedntheage
of thesnowvpack).

With the availability of detailedtopographicdata
from Digital Elevation Models (DEMSs), the possi-
bility of consideringseparatelevationbandswithin
a catchmentlsoprovidesopportunityfor improve-
ment. The main difficulty encounteredwith the

no data
500-800
801-1500
1501-2500
>2501

OommOd

—
k

,_1; (Jur}gvaujcch l,,,//

Figure 3: Elevation bandsof the Bern catchment
and locationsof the temperaturgecordinggauges
(©SwissfederalOffice of Topography)

degree-daymethodis the variability of the degree-
dayfactor Work by Schreidertal. [1997] shoved
the ability of a degree-daytype model, usedto-
getherwith IHACRES (Jakemanand Hornbeger
[1993]), to modelsnon-affectedcatchmentsn the
Australianalpine region to the sameefficiency as
shaov-free basins.Although the modelof Schreider
et al. [1997] wasinitially developedfor usein the
southernhemispherejts successwith IHACRES,
degree-daymethodologybasisandincorporatiorof
topographicdatamadeit a suitablestarting point
in the snovmelt modellingprocess.lts relianceon
daily temperatur@ndprecipitationdatamake it ex-
tremelyusefulfor modellingsnowv processef re-
gionswith a lack of regular snowv obsenations,or
historicalperiodswith limited data.
Thereareseveral partsof themodelwhich hasbeen
alteredby Steel[1999]andhave beenappliedin this
study Somechangesverestructuralsuchaschang-
ing the datesusedfor the startandendof the snav
season(and albedofactor) to be suitable for the
northernhemisphereand changedo the grid cell
system.Otherchangesequiredparametevalueop-
timisation,notablywherevalueshadbeenbasedon
empiricalobsenations(for examplethe degree-day
factorusedandalbedofactor). The daydegreefac-
tor hasbeenestimatedby Monte Carlo simulations
usingdifferentvaluesfor k rangingfrom 0.3to 10.
Theresultof the calculationof theequivalentrain-
fall is shovnin Figure4 with k = 4.4.
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Figure 4: Comparisonof obsened and calculated
equivalentdaily rainfall (1996-1999)

3 DATA-BASED MECHANISTIC
MODELLING

The DBM philosophy (Young and Lees [1994])

and its application are discussedfully in Young
[1993], Young and Beven [1994], Young et al.

[1997], Young [1998], Beven [2001] and the ref-

erencegsherein. The first stepof the DBM mod-
elling approachnvolvesthestatisticalidentification
andestimationof a modelrepresentinghe stochas-
tic, dynamicsystem. The prior assumptiongbout
the structureare kept at a minimum. The general
DBM modelfor a singleinput (e.g. effective rain-

fall) takestheform:

(DBM)

B(z71)
Y = mut—é + & (2)
wherethetransferfunctionpolynomialsaredefined
as:

Az™Y) = 14az "+, . +apz !

B(Z_l) = b0+b12’_1+...+bm2_1 3)

and z is a backward shift operator(i.e. z %y, =
yi—i). y(t) is the measuredunoff; u(t) is the ob-
sened input, which is in our casethe equialent
rainfall; ¢ is a time delayand¢; is the stochastic
noise. The orderof the associatedransferfunction
modelis definedby thetriad[n, m, §]. Theresiduals

& aredefinedasfollows,

s _ B(z‘l)
&=yt A(z*l)

Ut (4)

whereA(z~1) and B(z~1) arethe estimatesn (3)
and represenmeasurementoise and unmeasured
effects.

3.1 Model structur eidentification

Thefollowing identificationandoptimisationmeth-
ods are implementedin the CAPTAIN Matlad©
Toolbox?. More informationaboutthis toolboxcan
befoundat http://www.es.lancs.ac.uk/cres/captain.
Appropriate model structuresidentification, i.e.
finding the bestvaluesof [n,m,d] andthe corre-
spondingcoeficients,will be doneby a procesof
objective statisticalinference. Thusin a first step
the input-outputdatawill be analysedand the pa-
rametersin a constantparametetransferfunction
model will be estimatedbasedon optimal Instru-
mentalVariable(1V) algorithm (seeYoung[1984]
andYoungandBeven[1994]). Thiswill oftenresult
in afirst or secondordermodel(seeFigure5). The
evaluationof the identified model structurecanbe
doneby applyingdifferentcriteriafor the goodness
of fit like thecoeficientof determination{R?), YIC
and AIC, which are definedin Young and Beven
[1994]. Comparingthe two modelswith different
input (obsened and equialent rainfall) indicates
thatthe applicationof the snav-meltmodelin front
of thetransferfunctionmodelimprovesthe simula-
tion resultsignificantly(seeTablel).

Table1: Criteria of goodnesf fit for 2 different
[1,1,2]models
Model-Criteria| YIC R? AIC
obseredrainfall | -7.462 | 0.492| 0.998
equialentrainfall | -8.727 | 0.740| 0.329

3.2 Non-linear model estimation

If standard statistical tests indicate some non-
linearity the fixedinterval smoothing(FIS) method
will be usedto obtainnon-parametri¢cime variable
parameterestimates(Young and Beven [1994]).
Consideringhe caseof a singleinput variable(e.g.
rainfall) a nonlinearmodelcanbe approximatedy

Lthanksto Prof. PeterC. Young, Departmentof Environmen-
tal Science LancastetUniversity LancasterLA1l 4YQ, United
Kingdomfor makingthe CAPTAIN toolboxavailable






