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Abstract: Over the last decade neuralnetworks-basedood forecastsystemshave beenincreasinglyused
in hydrologicalstudies.Usually, input dataof the network arecomposedy pastmeasurementsf o ws and
rainfalls, without providing a descriptionof the saturatiorstateof the basin,whichin contrastplaysakey role
in therainfall-runoff process.Here,we adopta fuzzy approachn orderto provide a descriptionof the basin
saturationstate;the basinstateis classi ed as belongingwith differentdegreesof membershipo different
saturatiorclassesstartingfrom the analysisof the cumulatedainfall information. A differentneuralpredictor
is specializedo mimick the rainfall-runoff relationshipwhich pertainsto eachdifferentsaturationclass. The
forecastis obtainedweightingthe outputsof the specializecheuralpredictors the weightsbeinggivenby the
currentmembershipsf the basinstateto the differentsaturatiorclassesTheframevork hasbeentestedon an

Italian catchmentvhereit overperformsa classicaheuralnetworks.
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1 INTRODUCTION

An efcient ood alarm systemmay signi cantly

improve public safety and mitigate economical
damagesausedoy inundations.Flood forecasting
is undoubtedlyachallengingeld of operationahy-

drology, anda hugeliteraturehasbeendevelopedn

years;in particular the rainfall-runoff relationship
hasbeenrecognizedo benonlinear. Althoughcon-

ceptualmodelsallow a deepunderstandingf the

hydrologicalprocessegheir calibrationrequiresto

collecta greatamountof informationregardingthe

physical propertiesof the watershedunder study

which may be expensve andvery time consuming.
Since ood warningsystemsionotaimatproviding

anexplicit knowledgeof therainfall-runoff process,
blackbox modelsarelargely usedbesideghetradi-

tional physically-base@nes. Over the lastdecade,
arti cial neuralnetworks (ANN) have beenincreas-
ingly usedin hydrologicalforecasting(see,for in-

stancedViaier andDandy[2000], wheretensof pa-

per on the topic are quoted). Furthermore their

computationakpeedin simulatingand forecasting
is very welcomedn realtime operations.

A well known issueis thatthe catchmentresponse
to rainfall impulsesmay strongly changedepend-

ing on the saturationstateof the basin. Piecavise
approachegKachrooandNatale[1992]) have been
proposedto representhe effects of basin satura-
tion on the rainfall runoff relationshipand usually
antecedenprecipitationsare usedas a proxy for
the saturatiorstate.A greatdrawbackof piecavise
approachess however the abruptmodel switching
which occursacrosghe x edthresholds.

In this work, we adopta proxy constitutedby the

cumulatedrainfall measuredn the dayspreceding
the predictiontime. Startingfrom suchaninforma-
tion, the basinstateis evaluatedn afuzzy manner
i.e. generatinga setof membershipghaving uni-

tary sum)with referenceo the differentsaturation
classes.

Assuming that each saturationclassresultsin a
different non linear rainfall-runoff relationship,a
different neural network is trainedto mimick the
rainfall-runoff dynamicwhich takesplaceon a spe-
ci ¢ saturationclass. In orderto be specializedo
a certainstateof the basin, the neuralnetwork is
trainedminimizing a weightedleastsquarebjec-
tive function, thustakinginto greaterconsideration
therainfall-runoff obsenationstakenin correspon-
denceof a basinstateof interest. Using a Takagi
Sugenoapproach(Takagiand Sugeng1985]), the



returnedforecastis obtainedweightingthe outputs
of the differentneuralnetworks, the weightsbeing
givenby thecurrentmembershipsf thebasinstate.
Therefore a smoothlyincreasinghighercon dence
is givento a certainmodelonthe nal predictionas
thebasinconditionsbecomegloserto thatusedfor
its calibration.

The paperis organizedasfollows: we rst describe
the methodologicaframework, i.e. the neuralnet-

work model of the rainfall runoff relationship,the

fuzzy representationf the basinstate,andthe cal-

ibration procedureadopted.Then,we comparethe

forecastccuray of thesystemwith aclassicaheu-

ral network approactfor ariverbasinlocatedin the

Northernitaly.

2 NEURAL NETWORK MODELLING OF THE
RAINFALL RUNOFF RELATIONSHIP

Theproposedorecassystemns basedaccordingo
atypical hydrologicalapproachpn the availability
of rain gaugedistributedwithin or nearthe water
shed.Theforecastsareissuedafterthearrival of the
rainfall events;sincerainfall-runoff responsdimes
areof the orderof few hoursfor smallandmedium
sizedbasingi.e. underor aboutl000km?), thisis a
naturalboundontheforecastieadtimes.In arecent
work Kim andBarros[2001], leadtimeshave been
successfullyncreasedip to 24 hoursevenon small
basins,acquiringdatafrom radar radiosondesnd
satellite,thusmonitoringon a wide areathe synop-
tic evolution of the atmosphericonditions. How-
ever, suchanadwancedandexpensve instrumenta-
tionis rarelyavailable:in fact,mostcatchmentsre
simply gaugedvith muchcheapehydrometersand
rain-gaugesasis in the casestudypresentedn the

paper

The basic modelling unit of our framework is a
feedforward neuralnetwork with onehiddenlayer,
having the waterlevel y(t + k) astarget variable
to be predicted,k beingthe forecasthorizon. We
train the networks as direct predictors, i.e. to re-
turnthek-stepsaheadoredictionavoiding theinter-
mediatestepswhich characterizeecursve forecast
approachesn fact,undermild assumptionsglirect
predictorscan be demonstratedo provide higher
performanceghan recursie (Atiya et al. [1999]).
The variablesnput setcomprisessomeautoregres-
siveterms(i.e., pastwaterlevel measurementsynd
severalrainfall variables associateavith the avail-
able rain gauges. Rainfall inputs are delayedby
time lags in orderto take into accountthe travel
timestook by the rainfall to join the river running

onthelandsurface.
Theproposednodellingframenork usesh different

neuralnetworks, eachtargetedto a differentbasin
saturatiorclass.

3 BASIN SATURATION ISSUES
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Figurel: Sampleof membershigunctionsusedto
fuzzify thebasinsaturatiorstate.Herethreesatura-
tion classesreconsidered.

Let us denoteas R( ;t) the rainfall cumulated
on the whole basin area over the time window
[t ; t]; it canbe estimatedvia an interpolation
method,suchas Thiessenpolygons,startingfrom
themeasuresakenattheindividualgaugesThein-
formationis obtainedelaboratingrainfall measures
which are alreadyavailable, and doesnot involve
ary signi cant computationabverload.

We rst identify a setof centroidgCy; Cy; :::Ch]
on the time seriesof R( ;t) by meansof the C-
meandgfuzzy clusteringalgorithm (Bezdek[1981]).
C,, indicatorof alow cumulatedainfall condition,
is thoughtto represent dry basincondition,while
on the otherhandCs,,...C;, correspondo increas-
ing levels of the basinsaturation;a basin satura-
tion classis thereforeassociatedo eachcentroid
of cumulatedrainfall. At this point, fuzzy logic is
usedto map eachpoint of the cumu‘j,altedralnfall
domainto a setof scalarvalues ; ([ J o jl=

1), called membeships Dependingon the mem-
bershipsa cumulatedrainfall valuecorresponds$o
several basinsaturatiorclassest differentextents.
Membershipsreobtainedasoutputof theso-called
membershifunctions;in particular we usetriangu-
lar (intermediateclasseshndtrapezoidak rst and
lastclass)unctions.A sampleis providedin Figure
1.



4 DATA PRE-PROCESSING

According to the split sampleapproach(Bishop
[1995]), we divide the availabledatainto threedif-
ferentsubsetsensuringasfar aspossiblethe simi-
larity of statisticalpropertiehetweerthem:

atraining setT, with cardinalityN , usedin
theparameter&denti cation;

avalidationsetV, with cardinalityM , usedto
implementearly stopping(Bishop[1995]): at
eachiterationthe training objective function
is evaluatedon both training and validation
set,andthetrainingis stoppedncetheobjec-
tivefunctiononthevalidationsetbeginstoin-
creaseTheunionof T andV correspond$o
thewhole calibrationset,in thatthe two sets
arejointly exploitedin the predictorchoice;

atestingsetS, usedto assesshe modelper
formanceon previously unuseddata,andto
getanestimateof its generalizatiorcapabili-
ties.

Datahave beenstandardizedh orderto ensurethe
robustnesf the training algorithmandto have a
fastercorvergence.

5 SPECIALIZED NEURAL NETWORKS IDENTI-
FICATION

Neuralnetworks are usuallytrainedaccordingto a
leastsquaregriterion, andthusthe parameteesti-
matetendsto representhe averagesituationin the
dataset. However, we are interestedherein spe-
cializing the neuralnetwork on datawhich corre-
spondto a certainbasinsaturationcondition, and
thiscanbeaccomplishedxploiting aweightedeast
square<riterion during the training. In particular
theweightedeastsquare®bjective functionfor the
network specializedon the basinsaturationclassj

canbewritten as:

" #
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where¥; (t + k) denoteshe k-stepaheadforecast
computedby neuralnetwork j. We remarkthatthe
network will not considerthosehydrologicalsitua-
tionswhicharetoofarfrom its own saturatiorclass,
sinceif ;(t) = 0, theerrorattimet doesnotaffect

the objectve function of the j -th predictor A reg-
ularizationterm (weightdecay proportionalto the
norm of the weightsis alsoaddedto the objective
functionto improve the generalizatiorcapability of
the model. The function to be minimized on the
trainingdatais nally de nedas:

i()= j()+Dkk )

where is the parametersvector and D is the

weight decay coefcient. We implementedthe

weightedleastsquared evembeg Marquardtalgo-

rithm (Pressetal. [1988]) startingfrom the standard
leastsquaresmplementatiorprovidedin theNeural
Network BasedSystemldenti cation Toolbox for

Matlab (Norgaardet al. [2000]).

For eachbasinsaturationclass,the network archi-
tecture shaving the best generalization(i.e., the
lowest value of the unregularizedcriterion ()
on the validationset)is selectedvia trial anderror.
Eachnetwork architecturas trained20 timesin or-
derto avoid local minimaestimates.

5.1 Forecastcomputation

In orderto computethe forecast,all the h neural
networksaresimulateditheir outputsarethencom-
binedin afuzzy mannerin orderto obtainthe nal
prediction. In particular their outputsare linearly
weighted the weightsbeinggivenfrom the current
membershipsf thefuzzi ed basinstate:

X
gt+ k)=

j=1

i (O (t+ k) ®)

Suchan approachallows to smoothly give higher
con denceto acertainmodelonthe nal prediction
asthe basinconditionsbecomecloserto the corre-
spondingsaturatiorclass.

6 RESULTS

Several indicators of forecasteffectivenesshave
been proposed besides the classical measures
ofpt root mean square error (RMSE =

Ni [y ¥]?) and correlation betweenpre-

1Availableat
www.iau.dtu.dk/research/control/nnsysid.




dictedandreal ows. For instancethe model ef-
ciency R?, de ned as:

Fo F
Fo

R? = (4)

whqf,e Fo is the variance of water levels
Ni [y yJ*> andF is the meansquareerror
L [y 91, is widely used. The “prediction”
of theaveragevalue,which canbeconsideredsthe
predictionavailableevenin theworstcasehasthen
anefciency of 0. An ef ciency valueof 90%indi-
catesavery satishctorymodelperformancevhile a
valuein therange80 90%indicatesafairly good

model(Shamseldiretal. [1997]).

Besidestheseindicators, which assesghe mean
performance®n the whole datasetthe application
claimsfor a specializednvestigationof high o ws
situations.We de ne a“high o ws errorrate” hf ,
whichgivesanideaof therelative erroronthe o ws
dataexceedingthe averagevaluey plus twice the
squaredeviation y:

1 X y
hf = = } — ®)
y>(y+2 y)

<

whereK is thenumberof o wsdataexceedingy +
2 y (about2 5% of the time seriesin our case
study).

Castellanza

Figure2: Map of the Olonacatchment

We applied the approachpresentedabove to the
caseof theriver Olona(Figure2), locatedin Lom-

bardia, Northern Italy. Its average ow is about
2:5m3=se¢ while themaximumexpectedo w over
atime periodof 10 yearsis about100m3=sec The
areaat the consideredlosingsection(Castellanza)
sizesabout200km?, andthe basinis divided into
two parts: the upperone,mountainousandweakly
anthropized,and the lower one, at and strongly
urbanized.BesidesCastellanzaydrometerwhich
measuresvater levels, threerain gaugesare avail-
ableonthebasin.They arelocatedin:

Arcisate,in themountainougartof thebasin;
Vareseatthebeginningof theurbanizedirea;

Vedanojn theurbanizedarea.

Datareferto 13 events(with an overall length of
about1100hourly steps)ccurredwithin the period
1999-2001training,validationandtestingsetscon-
tain respectirely about540,400, 140 patterns.Due
to the lack of the waterlevel/ ow relationship,we
adoptedhe Castellanzavaterlevel asvariableto be
predicted We will evaluatethemodelperformances
onathreehoursforecasthorizon,judgedassuitable
by Civil Protectiontechnicians. Two experiments
have beenperformed,usingassaturatiorproxy the
cumulatedainfall computedon 2 and5 days.

In orderto provide a term of comparisonfor the
performancesf thefuzzy framework, weidenti ed
alsoa traditionalfeedforward neuralnetwork pre-
dictor, having hyperbolictangentactivation func-
tion in the hiddenlayer neuronsand linear activa-
tion functionin the outputlayer The optimal net-
work architecturénasbeenfoundvia trial anderror,
training20times,by usingearlystoppingeachcan-
didatearchitecture.

6.1 Forecastperformances

We presentheresutsobtainedusingtwo saturation
classessinceusingthreeor more classesloesnot

leadin our experimentdo a performancegnprove-

ment. Similar ndings arereportedalsoin (Xiong

etal. [2001]), wherea fuzzy combinationof hydro-
logicalmodelshasbeentested.Centroidshave been
identi ed at 25 and 100 mm on the 2-dayscumu-
latedrainfall, andat 31 and 114 mm on the 5-days
cumulatedainfall.

In Tablel we shav the optimal numberof neurons
in the hiddenlayer found for eachneuralnetwork.
It is worth noticing that the networks trained on



Model

| hiddennodes]

| ann I 3 |
fuzzy (= 5days)
networkl (“ dry basirt ) 3
network2 (“ wetbasirt) 9
fuzzy (= 2days)
networkl (“dry basin®) 3
network2 (“wet basin®) 9

Table 1: Models architecturedound via trial and
error

Model testing
R? RMSE hf
ann .853 933 .030 .294
fuzzy( = 5days) || .879 .948 .027 .286
fuzzy( = 2days) || .857 .941 .029 .319

Table2: 3-hoursaheadorecastperformances.

the secondsaturationclasscontainmuchmorehid-
den nodesthan thosetrainedon dryer conditions.
It appearghusthatthe rainfall runoff relationship
requiresan higher degree of model compleity as
the basintendstowardssaturation For the classical
ANN however, alow numberof neuronshasbeen
found; an explanationof suchresultsmay be per
hapsthesigni cant prevalenceof membershipper
tainingto the rst saturatiorclassin thetime series.

Table 2 shavs the modelsperformancesver the
testingset,wheremodelsrun againspreviously un-
seendata.Remarkablytheframavork basecon the
5-dayscumulatedainfall allows the highestperfor
mancen all theindicators. Advantagesaremore
evident on averageindicators, rather than on the
peaksindicator

Figure 3 presentsa simulationsampletaken from
the testingset, usingthe 5-dayscumulatedrainfall
information.

7 CONCLUSIONS

The proposediramenorks fuzzi es the cumulated
rainfall informationin orderto evaluatethe basin
saturationstate. Specializedneuralnetworks pre-
dictorsare setup, in orderto mimick the rainfall-

runoff relationshipwhich holds over the different
basin saturationclasses. To this end, a weighted
least squaresvariant of the LevemberMarquardt
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(a) Upper plot: instant ows and rainfall on the basin (re-
versedy axis). Lower ®gure: fuzzy memberships

~ 4 i &”."’,
§ § Or / '\\\\ il
= SR FUzzy SIMULATION “\r|

) w w s w .
340 350 360 370 380 390
Simulation steps (hours)
s i I"%%
§ § Or J \WMM_"_
= bw® FUZZY VS, CLASSICAL ANN

|
()

340 350 360 370 380 390
Simulation steps (hours)

(b) Upperplot: fuzzy simulation. The bold line represents
the obsered values, the dottedlines the predictionsof the
specializedmodels,and the light solid line the ®nal fuzzy
forecasts.Lower plot: obsered values(bold), classicalann
predictiong(dashedpndfuzzy predictiongsolid, light).

Figure 3: 3-hourspredictionsamplegtestingset).
As , increasedecausef rainfall, the prediction
becomesloserto thatof the secondpredictor

trainingalgorithmhasbeenimplemented Thefore-
castis obtainedcombiningthe outputof the differ-
ent specializedneuralpredictors,accordingto the
current basin state. Predictionperformancesm-
prove in our casestudy by a 1-10% dependingon
theindicatorconsideredwith referencedo a classi-



cal neuralnetwork approach.

The complity addedin the modelis not negligi-

ble, sincethe proposedramework is signi cantly

more parametrizedhan a unique neural network.

However, sucha compleity appeardo effectively
increasethe generalizatiorof the model. With ref-

erenceto the computationabverload,we notethat
it involvesin practicejust the modelidenti cation

step,which is however performedonly once. Dur-

ing the operationaluse of the forecastingsystem,
thereis no real speeddifferencebetweensimulat-
ing aneuralnetwork or afew of them.Remarkably
the cumulatedrainfall additionalinput comesat no

costanddoesnotrequiretheinstallationof any nen

equipment.Finally, the casestudyconsiderechere
may be consideredunfavorable since a large por-

tion of the catchments anthropizedandtherefore
almostimpervious,i.e. not sensitve to saturation
issues.Onecanrealisticallyexpectlargerimprove-

mentswhendealingwith lessanthropizedasins.
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