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Abstract: Over the last decade,neuralnetworks-based�ood forecastsystemshave beenincreasinglyused
in hydrologicalstudies.Usually, input dataof thenetwork arecomposedby pastmeasurementsof �o ws and
rainfalls,without providing a descriptionof thesaturationstateof thebasin,which in contrastplaysa key role
in therainfall-runoff process.Here,we adopta fuzzy approachin orderto provide a descriptionof thebasin
saturationstate;the basinstateis classi�ed asbelongingwith differentdegreesof membershipto different
saturationclasses,startingfrom theanalysisof thecumulatedrainfall information.A differentneuralpredictor
is specializedto mimick therainfall-runoff relationshipwhich pertainsto eachdifferentsaturationclass.The
forecastis obtainedweightingtheoutputsof thespecializedneuralpredictors,theweightsbeinggivenby the
currentmembershipsof thebasinstateto thedifferentsaturationclasses.Theframework hasbeentestedonan
Italiancatchmentwhereit overperformsa classicalneuralnetworks.
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1 I NTRODUCTI ON

An ef�cient �ood alarm systemmay signi�cantly
improve public safety, and mitigate economical
damagescausedby inundations.Flood forecasting
is undoubtedlyachallenging�eld of operationalhy-
drology, andahugeliteraturehasbeendevelopedin
years;in particular, the rainfall-runoff relationship
hasbeenrecognizedto benonlinear. Althoughcon-
ceptualmodelsallow a deepunderstandingof the
hydrologicalprocesses,their calibrationrequiresto
collecta greatamountof informationregardingthe
physical propertiesof the watershedunder study,
which maybeexpensive andvery time consuming.
Since�ood warningsystemsdonotaimatproviding
anexplicit knowledgeof therainfall-runoff process,
blackboxmodelsarelargelyusedbesidesthetradi-
tional physically-basedones.Over the lastdecade,
arti�cial neuralnetworks(ANN) havebeenincreas-
ingly usedin hydrologicalforecasting(see,for in-
stancesMaier andDandy[2000],wheretensof pa-
per on the topic are quoted). Furthermore,their
computationalspeedin simulatingand forecasting
is verywelcomedin realtimeoperations.

A well known issueis that thecatchmentresponse
to rainfall impulsesmay strongly changedepend-

ing on the saturationstateof the basin. Piecewise
approaches(KachrooandNatale[1992]) havebeen
proposedto representthe effects of basin satura-
tion on the rainfall runoff relationshipandusually
antecedentprecipitationsare usedas a proxy for
thesaturationstate.A greatdrawbackof piecewise
approachesis however the abruptmodelswitching
whichoccursacrossthe�x edthresholds.

In this work, we adopta proxy constitutedby the
cumulatedrainfall measuredin the dayspreceding
thepredictiontime. Startingfrom suchaninforma-
tion, thebasinstateis evaluatedin a fuzzy manner,
i.e. generatinga setof memberships(having uni-
tary sum)with referenceto thedifferentsaturation
classes.

Assuming that each saturationclass results in a
different non linear rainfall-runoff relationship,a
different neuralnetwork is trained to mimick the
rainfall-runoff dynamicwhich takesplaceona spe-
ci�c saturationclass. In order to be specializedto
a certainstateof the basin, the neuralnetwork is
trainedminimizing a weightedleastsquaresobjec-
tive function,thustaking into greaterconsideration
therainfall-runoff observationstaken in correspon-
denceof a basinstateof interest. Using a Takagi
Sugenoapproach(TakagiandSugeno[1985]), the



returnedforecastis obtainedweightingtheoutputs
of the differentneuralnetworks, theweightsbeing
givenby thecurrentmembershipsof thebasinstate.
Therefore,a smoothlyincreasinghighercon�dence
is givento a certainmodelon the�nal predictionas
thebasinconditionsbecomescloserto thatusedfor
its calibration.

Thepaperis organizedasfollows: we �rst describe
the methodologicalframework, i.e. theneuralnet-
work modelof the rainfall runoff relationship,the
fuzzy representationof thebasinstate,andthecal-
ibrationprocedureadopted.Then,we comparethe
forecastaccuracy of thesystemwith aclassicalneu-
ral network approachfor a riverbasinlocatedin the
NorthernItaly.

2 NEURAL NETWORK M ODEL L I NG OF THE

RAI NFAL L RUNOFF REL ATI ONSHI P

Theproposedforecastsystemis based,accordingto
a typical hydrologicalapproach,on theavailability
of rain gaugesdistributedwithin or nearthewater-
shed.Theforecastsareissuedafterthearrival of the
rainfall events;sincerainfall-runoff responsetimes
areof theorderof few hoursfor smallandmedium
sizedbasins(i.e. underor about1000km2), thisis a
naturalboundontheforecastleadtimes.In arecent
work Kim andBarros[2001], leadtimeshave been
successfullyincreasedup to 24hoursevenonsmall
basins,acquiringdatafrom radar, radiosondesand
satellite,thusmonitoringon a wide areathesynop-
tic evolution of the atmosphericconditions. How-
ever, suchanadvancedandexpensive instrumenta-
tion is rarelyavailable:in fact,mostcatchmentsare
simplygaugedwith muchcheaperhydrometersand
rain-gauges,asis in thecasestudypresentedin the
paper.

The basic modelling unit of our framework is a
feedforwardneuralnetwork with onehiddenlayer,
having the water level y(t + k) as target variable
to be predicted,k being the forecasthorizon. We
train the networks as direct predictors, i.e. to re-
turn thek-stepsaheadpredictionavoiding theinter-
mediatestepswhich characterizerecursive forecast
approaches;in fact,undermild assumptions,direct
predictorscan be demonstratedto provide higher
performancesthan recursive (Atiya et al. [1999]).
Thevariablesinput setcomprisessomeautoregres-
siveterms(i.e.,pastwaterlevel measurements),and
several rainfall variables,associatedwith theavail-
able rain gauges. Rainfall inputs are delayedby
time lags in order to take into accountthe travel
times took by the rainfall to join the river running

on thelandsurface.

Theproposedmodellingframework usesh different
neuralnetworks, eachtargetedto a differentbasin
saturationclass.

3 BASI N SATURATI ON I SSUES
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Figure1: Sampleof membershipfunctionsusedto
fuzzify thebasinsaturationstate.Herethreesatura-
tion classesareconsidered.

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
themeasurestakenat theindividualgauges.Thein-
formationis obtainedelaboratingrainfall measures
which are alreadyavailable, and doesnot involve
any signi�cant computationaloverload.

We �rst identify a setof centroids[C1; C2; : : : Ch ]
on the time seriesof R(	 ; t) by meansof the C-
meansfuzzy clusteringalgorithm(Bezdek[1981]).
C1, indicatorof a low cumulatedrainfall condition,
is thoughtto representa dry basincondition,while
on theotherhandC2,. . .Ch correspondto increas-
ing levels of the basinsaturation;a basinsatura-
tion classis thereforeassociatedto eachcentroid
of cumulatedrainfall. At this point, fuzzy logic is
usedto map eachpoint of the cumulatedrainfall
domainto a setof scalarvalues� j ([

P j = h
j =1 � j ] =

1), called memberships. Dependingon the mem-
berships,a cumulatedrainfall valuecorrespondsto
severalbasinsaturationclassesat differentextents.
Membershipsareobtainedasoutputof theso-called
membershipfunctions;in particular, weusetriangu-
lar (intermediateclasses)andtrapezoidal(�rst and
lastclass)functions.A sampleis providedin Figure
1.



4 DATA PRE-PROCESSI NG

According to the split sampleapproach(Bishop
[1995]), we divide theavailabledatainto threedif-
ferentsubsets,ensuringasfar aspossiblethesimi-
larity of statisticalpropertiesbetweenthem:

� a training setT , with cardinalityN , usedin
theparametersidenti�cation;

� avalidationsetV, with cardinalityM , usedto
implementearlystopping(Bishop[1995]): at
eachiterationthe training objective function
is evaluatedon both training and validation
set,andthetrainingisstoppedoncetheobjec-
tivefunctiononthevalidationsetbeginsto in-
crease.Theunionof T andV correspondsto
thewholecalibrationset,in that the two sets
arejointly exploitedin thepredictorchoice;

� a testingsetS, usedto assessthemodelper-
formanceson previously unuseddata,andto
getanestimateof its generalizationcapabili-
ties.

Datahave beenstandardizedin orderto ensurethe
robustnessof the training algorithmandto have a
fasterconvergence.

5 SPECI AL I ZED NEURAL NETWORK S I DENTI -
FI CATI ON

Neuralnetworks areusuallytrainedaccordingto a
leastsquarescriterion,andthustheparameteresti-
matetendsto representtheaveragesituationin the
dataset. However, we are interestedhere in spe-
cializing the neuralnetwork on datawhich corre-
spondto a certainbasinsaturationcondition, and
thiscanbeaccomplishedexploitingaweightedleast
squarescriterion during the training. In particular,
theweightedleastsquaresobjectivefunctionfor the
network specializedon the basinsaturationclassj
canbewrittenas:

� j (� ) =

"
X

t 2T

� j (t)[y(t + k) � ŷj (t + k; � )]2

#

(1)

whereŷj (t + k) denotesthe k-stepaheadforecast
computedby neuralnetwork j. We remarkthat the
network will not considerthosehydrologicalsitua-
tionswhicharetoofarfrom its own saturationclass,
sinceif � j (t) = 0, theerrorat time t doesnotaffect

the objective functionof the j -th predictor. A reg-
ularizationterm (weightdecay) proportionalto the
norm of the weightsis alsoaddedto the objective
functionto improvethegeneralizationcapabilityof
the model. The function to be minimized on the
trainingdatais �nally de�ned as:

� j (� ) = � j (� ) + D k� k (2)

where � is the parametersvector, and D is the
weight decay coef�cient. We implementedthe
weightedleastsquaresLevemberg Marquardtalgo-
rithm (Pressetal. [1988])startingfrom thestandard
leastsquaresimplementationprovidedin theNeural
Network BasedSystemIdenti�cation Toolbox for
Matlab(Norgaardet al. [2000])1.

For eachbasinsaturationclass,the network archi-
tecture showing the best generalization(i.e., the
lowest value of the unregularizedcriterion � j (� )
on thevalidationset)is selectedvia trial anderror.
Eachnetwork architectureis trained20 timesin or-
derto avoid localminimaestimates.

5.1 Forecastcomputation

In order to computethe forecast,all the h neural
networksaresimulated;their outputsarethencom-
binedin a fuzzy mannerin orderto obtainthe �nal
prediction. In particular, their outputsare linearly
weighted,theweightsbeinggivenfrom thecurrent
membershipsof thefuzzi�ed basinstate:

ŷ(t + k) =
hX

j =1

� j (t)ŷj (t + k) (3)

Suchan approachallows to smoothlygive higher
con�denceto acertainmodelonthe�nal prediction
asthebasinconditionsbecomecloserto thecorre-
spondingsaturationclass.

6 RESULTS

Several indicators of forecast effectivenesshave
been proposed besides the classical measures
of the root mean square error (RM SE =
1
N

p P
[y � ŷ]2) and correlation � betweenpre-

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



dictedandreal �o ws. For instance,the modelef-
�ciency R2, de�ned as:

R2 =
F0 � F

F0
(4)

where F0 is the variance of water levels�
1
N

P
[y � y]2

�
and F is the mean squareerror�

1
N

P
[y � ŷ]2

�
, is widely used. The “prediction”

of theaveragevalue,whichcanbeconsideredasthe
predictionavailableevenin theworstcase,hasthen
anef�ciency of 0. An ef�ciency valueof 90%indi-
catesaverysatisfactorymodelperformancewhile a
valuein therange80� 90%indicatesa fairly good
model(Shamseldinetal. [1997]).

Besidestheseindicators, which assessthe mean
performanceson thewholedataset,theapplication
claimsfor a specializedinvestigationof high �o ws
situations.We de�ne a “high �o ws error rate” hf ,
whichgivesanideaof therelativeerroronthe�o ws
dataexceedingthe averagevaluey plus twice the
squaredeviation � y :

hf =
1
K

X

y> (y+2 � y )

�
�
�
�
y � ŷ

y

�
�
�
� (5)

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

Figure2: Mapof theOlonacatchment

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

bardia, Northern Italy. Its average�o w is about
2:5m3=sec, while themaximumexpected�o w over
a time periodof 10yearsis about100m3=sec. The
areaat theconsideredclosingsection(Castellanza)
sizesabout200km2, andthe basinis divided into
two parts: theupperone,mountainousandweakly
anthropized,and the lower one, �at and strongly
urbanized.BesidesCastellanzahydrometer, which
measureswater levels, threerain gaugesareavail-
ableon thebasin.They arelocatedin:

� Arcisate,in themountainouspartof thebasin;

� Varese,atthebeginningof theurbanizedarea;

� Vedano,in theurbanizedarea.

Data refer to 13 events(with an overall length of
about1100hourlysteps)occurredwithin theperiod
1999-2001;training,validationandtestingsetscon-
tain respectively about540,400,140patterns.Due
to the lack of the water level/�o w relationship,we
adoptedtheCastellanzawaterlevel asvariableto be
predicted.Wewill evaluatethemodelperformances
onathreehoursforecasthorizon,judgedassuitable
by Civil Protectiontechnicians.Two experiments
have beenperformed,usingassaturationproxy the
cumulatedrainfall computedon2 and5 days.

In order to provide a term of comparisonfor the
performancesof thefuzzyframework,weidenti�ed
alsoa traditionalfeedforwardneuralnetwork pre-
dictor, having hyperbolic tangentactivation func-
tion in the hiddenlayer neuronsand linear activa-
tion function in the output layer. The optimal net-
work architecturehasbeenfoundvia trial anderror,
training20times,by usingearlystopping,eachcan-
didatearchitecture.

6.1 Forecastperformances

We presenttheresutsobtainedusingtwo saturation
classes,sinceusingthreeor moreclassesdoesnot
leadin ourexperimentsto aperformancesimprove-
ment. Similar �ndings arereportedalsoin (Xiong
et al. [2001]),wherea fuzzy combinationof hydro-
logicalmodelshasbeentested.Centroidshavebeen
identi�ed at 25 and100 mm on the 2-dayscumu-
latedrainfall, andat 31 and114mm on the5-days
cumulatedrainfall.

In Table1 we show theoptimalnumberof neurons
in the hiddenlayer found for eachneuralnetwork.
It is worth noticing that the networks trained on



Model hiddennodes

ann 3
fuzzy (	 = 5days)
network1 (“ dry basin“ ) 3
network2 (“ wetbasin“ ) 9

fuzzy (	 = 2days)
network1 (“dry basin“) 3
network2 (“wet basin“) 9

Table 1: Models architecturesfound via trial and
error

Model testing
R2 � RMSE hf

ann .853 .933 .030 .294
fuzzy(	 = 5days) .879 .948 .027 .286
fuzzy(	 = 2days) .857 .941 .029 .319

Table2: 3-hoursaheadforecastperformances.

thesecondsaturationclasscontainmuchmorehid-
den nodesthan thosetrainedon dryer conditions.
It appearsthus that the rainfall runoff relationship
requiresan higher degreeof model complexity as
thebasintendstowardssaturation.For theclassical
ANN however, a low numberof neuronshasbeen
found; an explanationof suchresultsmay be per-
hapsthesigni�cant prevalenceof membershipsper-
tainingto the�rst saturationclassin thetimeseries.

Table 2 shows the modelsperformancesover the
testingset,wheremodelsrunagainstpreviouslyun-
seendata.Remarkably, theframework basedon the
5-dayscumulatedrainfall allows thehighestperfor-
manceson all the indicators.Advantagesaremore
evident on averageindicators, rather than on the
peaksindicator.

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

7 CONCL USI ONS

The proposedframeworks fuzzi�es the cumulated
rainfall information in order to evaluatethe basin
saturationstate. Specializedneuralnetworks pre-
dictorsaresetup, in order to mimick the rainfall-
runoff relationshipwhich holds over the different
basinsaturationclasses. To this end, a weighted
least squaresvariant of the LevemberMarquardt
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(b) Upperplot: fuzzy simulation. The bold line represents
the observed values,the dottedlines the predictionsof the
specializedmodels,and the light solid line the ®nal fuzzy
forecasts.Lower plot: observedvalues(bold), classicalann
predictions(dashed)andfuzzypredictions(solid, light).

Figure3: 3-hourspredictionsamples(testingset).
As � 2 increasesbecauseof rainfall, the prediction
becomescloserto thatof thesecondpredictor.

trainingalgorithmhasbeenimplemented.Thefore-
castis obtainedcombiningtheoutputof thediffer-
ent specializedneuralpredictors,accordingto the
current basin state. Predictionperformancesim-
prove in our casestudyby a 1-10%dependingon
the indicatorconsidered,with referenceto a classi-



cal neuralnetwork approach.

The complexity addedin the model is not negligi-
ble, sincethe proposedframework is signi�cantly
more parametrizedthan a uniqueneuralnetwork.
However, sucha complexity appearsto effectively
increasethegeneralizationof themodel. With ref-
erenceto thecomputationaloverload,we notethat
it involvesin practicejust the model identi�cation
step,which is however performedonly once. Dur-
ing the operationaluseof the forecastingsystem,
thereis no real speeddifferencebetweensimulat-
ing aneuralnetwork or a few of them.Remarkably,
thecumulatedrainfall additionalinput comesat no
costanddoesnot requiretheinstallationof any new
equipment.Finally, thecasestudyconsideredhere
may be consideredunfavorablesincea large por-
tion of the catchmentis anthropizedandtherefore
almostimpervious,i.e. not sensitive to saturation
issues.Onecanrealisticallyexpectlargerimprove-
mentswhendealingwith lessanthropizedbasins.
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