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Abstract

We propose the application of pruning in the design of nenealvorks
for hydrological prediction. The basic idea of pruning altfons, which
have not been used in water resources problems yet, is tdrstar a net-
work which is larger than necessary, and then remove thenedeas that are
less influential one at atime, designing a much more pararpatsimonious
model. We compare pruned and complete predictors on twe different
Italian catchments. Remarkably, pruned models may prdsédier general-
ization than fully connected ones, thus improving the dqualf the forecast.

Besides the performances issues, pruning is useful to geoamn evi-
dence of inputs relevance, removing measuring statiortifteshas redun-
dant (30-40% in our case studies) from the input set. Thisdgssarable
property in the system exercise since data may be not alailalextreme
situations such as floods; the smaller the set of measuiatigrss the model
depends on, the lower the probability of system downtimestdumnissing
data.

Furthermore, the Authority in charge of the forecast systeay decide
to link for real time operations just the gauges of the prupediictor, thus
considerably saving costs, a critical issue in developmgntries.

keywords: pruning, feed-forward neural networks, optimal brain sur-
geon, time series prediction, flood forecast

Introduction

An efficient flood alarm system may significantly improve pakkfety, and mit-
igate economical damages caused by inundations. Floodastiag is undoubt-
edly a challenging field of operational hydrology, and a hligeature has been
developed in years; in particular, the rainfall-runoffatenship has been recog-
nized to be non linear.

Since the flood warning system does not aim at providing aficixinowl-
edge of the rainfall-runoff process, black box models haxenbwidely used be-
sides the traditional physically-based models, whichudela great number of
parameters and require a fine-grained physical descripfithre area under study.
In particular, over the last decade, artificial neural nek@ANN) have been
increasingly used in the hydrological forecasting prac{®ee, for instances [1],
where tens of paper on the topic are quoted) and they wergmexsa to be able
to provide more accurate flow predictions than traditionabeis ([2, 3]). Fur-
thermore they are very fast in simulating and forecastiageguired for real time
operations.

However, as well known, finding the optimal network architee for a given
problem is not a trivial task. Modelers usually work by tréadd error, starting
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from an initial hypothesis about input variables, and thrgimg to determine the
best network architecture for the current choice of inpagsessing the fitness of
many different model prototypes. Afterwards, they modifyrehow the input
set and restart searching for the architecture, until sfsatory degree of model
performances is attained. Such kind of procedure is oftae tonsuming and
requires a great amount of experience and guesswork.

A second drawback of this procedure is that only fully coteéarchitectures
can be taken into account, since testing also partially ectad models would lead
to a combinatorial explosion of the number of trials need®d. the contrary, it
is quite likely that some of the many weights, that translagerelations between
inputs and outputs inside the network, are less relevanta Wstter of fact, fully
connected networks are not parsimonious: for example ydolthnected network
with an input set of 10 variables may contain few hundredarmpaters, even if it
has only an output variable.

In this paper, we address the two criticisms mentioned albgveneans of
pruning algorithms. Although they constitute a recognireskarch field in the
theoretical neural networks area (see [4] for a review)y e still not widely
used for applications. However, they have been exploitdeids different from
water resources, such as in chemical processes identfic&], predictive mi-
crobiology [6] and near infrared spectroscopy [7]. The badea of pruning al-
gorithms is to start from a fully connected network, consedelarge enough to
capture the desired input-output relationship. Then, tteegpute some measure
of the contribution of each parameter to the problem sahtémd consequently
prune the less influential one from the network, to generatevapartially con-
nected model, containing one parameter less. In this waighigeand neurons
considered redundant are eliminated, thus significantiyciing the amount of
guesswork needed for the model selection. Network ardhites selected by
pruning are very parsimonious because they may contain raee of magnitude
less parameters than the initial one, and are highly opéid&nce they retain the
representation power of the fully connected models.

Although pruning algorithms address computational issuestificial neural
networks, they have also a biological plausibility. Durithg learning process,
functional modifications occur in the existing neural castiens within the brain
[8]. The modelling counterpart of such functional modifioas is constituted,
for artificial neural networks, by training algorithms, whiadjust weights and
biases during the calibration, keeping the network archite unchanged. How-
ever, besides modifying the existing connections, thenpaiines some of them.
In particular, according to thestlectionist' approach [9, 10], brain development
comprises an initial period of over-production of neuronsl @onnections, fol-
lowed by a more prolonged period of eliminations of redundares. Indeed,



pruning algorithms implement selectionism in artificialna networks.

In the hydrological forecasting practice, pruned pred&toay lead to relevant
advantages over those designed by trial and error.

Let us defingg as the set of the measuring gauges in the basiopmplete
predictor” is a model whose input variables set includes some termsdafti e
gauge ing. If the basin is instrumented through rain gaugeand B, network
inputs at time may for example be constituted by past water lelgls), y(t—1)]
and rainfall measurements, (), ra(t — 1), rg(t), rg(t — 1)]. If, for example,
all the weights related to4 (¢t — 1) are pruned from the network, such a variable
is no longer required by the predictor. If both(¢) andr4(¢ — 1) are removed,
gauge A does not contribute to the representation of theqgghenon given by the
model. If the pruned predictor removes a sulsef measuring stations without
decreasing the forecast accuracy, we can state that thenative content o is
equivalent to that of§ — ¢). Two main practical consequences follow from such
a statement.

It is known that, especially during floods, gauges may expee measure-
ment or transmission problems. A pruned predictor, whiabvigies the same
forecast accuracy of the complete one requiring to poll allemset of gauges,
could have a definite advantage, in that it would be less stitgadowntimes due
to missing data, thus increasing the forecast availability

Additionally, pruning may allow to reduce network managetmsts if they
are a critical issue: provided that long enough time seniesagailable, and that
the exercise costs of the forecast system grows up with theoauof the linked
gauges (for example, because of the fee required to acaedatih of the measur-
ing network, or of transmission lines installation), thetarity in charge of the
forecast system can first analyze off line all the availal@@gdand then connect
only the stations retained in the pruned predictor, with asaterable saving in
costs.The situation is in fact quite common and such an agprmay be particu-
larly welcomed in developing countries; an example of a lsingituation can be
found in the upper Bangladesh [13].

In this paper we first recall how ANN can be used to properly ehtioe rain-
fall runoff process, presenting also the pruning algoritrsad. Then, we compare
the performances and forecast availabilities of predscti@signed through prun-
ing and trial and error on two quite different Italian rivexdins.

lIn [8] it is also pointed out that, among neuroscientistshsapproach is currently adversed
by “constructivis [11], which describes the brain development as an increagber than a
decrease, in the number of synapses. Constructive neuvebiks algorithms (see for instance
[12]), which start with a small network and grow the networkila satisfactory is found, may be
interpreted as implementing constructivism in artificialnal networks.



Neural network modelling of the rainfall runoff rela-
tionship

The proposed forecast system is based, according to a tyyideological mod-
elling approach, on rainfall runoff models which require @wailability of rain
gauges distributed within or near the watershed. The fetear@ issued after the
arrival of the rainfall events; since rainfall-runoff resypse times are in order of
few hours for small and medium sized basins (i.e. under outaltn0 km?), this
is a natural bound on the forecast lead times. In a recent [ddtklead times have
been successfully increased up to 24 hours even on smatisyasiquiring data
from radar, radiosondes and satellite and hence monittagynoptic evolution
of the atmospheric conditions on a wide area. It should bearked, however,
that just in few cases such an advanced and expensive iresttation is avail-
able: in fact, most catchments are gauged simply with muehpér hydrometers
and rain-gauges, as is in the case studies presented ingée pa

We model the rainfall-runoff process througtieeed forwardneural network
with one hidden layer. The water level is the variablo be predicted, but the
approach would be exactly the same using flow rates, if waterls$-flows rates
relationships were available.

The model input set comprises antoregressivgart of orderp (i.e., p past
water level measurement taken at the hydrometer), andadeagnfall variables,
associated with the: available rain gauges, -, ...,r,, . Itis evident that the
number of rainfall terms used in the model may differ from g@aige to the
other, but we assume here an equal numbef terms, to simplify the notation.
Such rainfall inputs are delayed by time lags, . .. 7,,, respectively, in order
to take into account the travel times from the rain gaugebkeaiter. Hence, the
exogenousart of input contains the variables (t — ), (t—m —1),...,r(t—
n—n+1),...,rm(t —Tn),,rm(t — Tm — n + 1)], and the network input layer
comprisesp + m = n) variables. We define as the vector containing all such
input variables.

Figure 1 shows a sample neural network structure witlodes in the hidden
layer, in the case = n = 2, m = 3. The model is a one-step-ahead predictor;
thus, its output at timeis the water level estimatg¢ + 1). In order to issue the
forecasts: steps ahead, one has to apply recursively the model, using sbthe
forecasts obtained at previous steps as autoregressivesjigmd updating of one
unit at each step the time window spanned by the rainfall. datee maximum
reachable forecast horizdn+ k,,...) is limited by the time delays configuration



andis given by, = (min,, (71, 72, ..., 7, )+1); forecasting on farther temporal
horizons would in fact require to know rainfall values after

At forecast time, all the data in the input layer are sent theaaode in the
hidden layer. As is well known, each node treats all the ingayér data in the
same manner, i.e. computing first a weighted sum of them asmd phocessing
the result through its activation function. For example&, jtth node weights the
input layer data as follows:

k=p+m*n

’
k=1

Wherew;j is the weight of input.;,, ando; is the neuron bias. The computed
signal z; is the argument of the activation function (namely, hypé&dxangent)

of thej-th neuron:
2

N =1— 2
Then, the outputs of all the hidden neurons are sent to thpridlatyer, which con-

tains a unique node. Here, the outputs of the hidden layexeighted, returning
the forecast:

gt +1) = > w; f(z) — o (3)

wJ is the weight of the output of thieth hidden neuron at the output neuron,
ando, represents thbiasassociated to the output neuron.

Time delays configuration

Rainfall time delays have to be carefully configured, givegitinfluence on the
maximum reachable forecast horizon, as previously expthiand their impor-
tance on the rainfall-runoff modelling. The interactiorttwRiver Authorities is
an important step in order to establish the minimum forebasizon useful for
alarm purposes and hence to put some constraints on minirmardelays to be
taken into account. From a hydrological point of view, theed@ination of travel
times is a very difficult task, since they may vary heavily eleging on the sat-
uration state of the basin: intuitively, the rainfall reaskhquicker the river as the
basin becomes wetter and the rainfall infiltration process Effective. Existing
empirical hydrological formulas allow a rough estimate loé travel times, pro-
viding an idea of their order of magnitude in standard situes; however they are
not really useful in flood forecasting.

Analyzing time delays by trial and error would lead to a venye consuming
process, if one would try exhaustively all the possible toleéays combinations



on all the available rain gauges, optimizing in each expeninthe network archi-
tecture and the parameters estimate.

A possible approach is to calculate the cross correlatiehsden rainfalls and
water level and then to configure the delays corresponditigetoorrelation peaks
[15]. Using a more data driven approach, we chose to sefaetdelays on linear
ARX models, and use them as starting point for the neural oxéteonfiguration.
Thanks to the speed of their calibration, such linear moaltdsy in fact to analyze
exhaustively all the feasible values of the delays vegter |y, 7o, ..., 7] -

The complete procedure took a few minutes on a standard P@asdccom-
plished using the Matlab System Identification Toolbox [16]

Split sample approach

It is common knowledge that ANN can suffer from either undiniy or over-
fitting: a not sufficiently complex network can fail to detéle relationships in
complicated data sets, leading to underfitting; a too cormpétwork may lead
on the contrary to overfitting, representing also the naisthe calibration data.
To tackle these problems, we adopted the split sample agipf@d, 18], dividing
the available data into three different subsets, and amgas far as possible the
similarity of statistical properties (mean, variance, imaxmn) between them:

e atraining setS,, with cardinalityV, used to estimate the parameters of the
neural networks architectures;

e a validation sefSy;, with cardinality M/, used to compare the architecture
performances, and hence to select the optimal one. The whiSn,. and
Sy corresponds to the whole calibration set, in that the twe @&t jointly
exploited in the predictor choice;

e atesting sebr., with cardinality, used to assess the model performances
on previously unused data. Running the model on this setvalto get a
unbiased estimate of its generalization error.

Since data standardization makes the training algorithmarically robust and
leads to a faster convergence [19], means and varianceasmihty time series are

used to standardize the three data sets, according to t&adhformular,;;, =
x;—p(x)

o(z)

Training objective function

We adopt a regularized objective function to be minimizedrdythe training:
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where a termyeight decay proportional to the norm of the weight#|| is
added to the mean squared error criterion, to improve thergémation capability
of the model [20]. A convenient value of the weight decay dadd has to be
selected through trial and error.

The Levenberg-Marquardt training algorithm, recognizeguaitable, both for
speed and robustness, in the estimate of small and mediwmstworks, i.e.
containing some hundreds of weights, has been used to nzmittme objective in

eq. (4).

Architecture selection

Although the optimal architecture selection task is in pipte combinatorial, it
is usually accomplished by trial and error, varying the neaméf nodes in the
model; however, as already anticipated, this kind of seeacimot address partial
connectivity, because of computational unfeasibility.

We use instead a pruning algorithm to select the neural nktarchitecture.
The basic idea of pruning algorithms is to start from a fulpnoected, over-
parametrized network and then removing non useful conmexti Weights are
eliminated one at a time, and thus the pruning algorithminaes generating par-
tially connected networks, the latter containing one patamiess than the former
A key issue of such algorithms is clearly the criterion whagtermines which
weights should be eliminated from the network and how theaieing weights
should be adjusted for best performances. Several apm@esaecim be followed to
this purpose. The simplest techniques are based on weilgigsvanalysis: for ex-
ample,magnitude-basegruning [21] assumes that small weights are irrelevant.
More complex algorithms try to quantify the relevance of aapaeter through
its influence on the performance function. Optimal Brain g OBD) [22]
estimates the increase on the training error resulting filoenremoval of each
parameterfgarameter saliengy and removes that with the lowest saliency.

In this paper, we exploit the Optimal Brain Surge@BQ algorithm, which
Is a variant of OBD and which has been demonstrated to ber hette both OBD
and magnitude-based approaches, thanks to a far moreleed@iency estimate
[23].

In the following, we describe the algorithm assuming, fa flake of simplic-
ity, to adopt the non-regularized training functiéh. = ﬁ Zf\ésw(yi — ;)% the
generalization for the regularized case can be found in [24]



The training error function is approximated by means of @sdorder Taylor
series expansion around the current parameter estéimate

Ei(0) = E.(0) + VE.,.(0)660 + %59)2 (5)

WhereVEtr(_H) is the gradient of the objective function evaluateddjrand
H is its Hessian, i.e H = agfgr. Assuming the network is already trained, the
gradient term may be neglected sicepresents a minimum fdt,,. Therefore,
we can estimate the error surface arodrdoking just at the quadratic term; the

change inFE,, is given by:

aEm« == Em«(e) - Em«(Q_) = 5¢9Tg5¢9 (6)

The weight whose elimination leads to the minimum error éase can be
identified finding the value off which minimizesoFE;,, subject to constraint
el'60 + 0; = 0, wheree; is a unit vector in the weight space parallel to theaxis.
According to such a constrain, the only allowed adjustmieniss the deletion of
a unique weigh®,;. The problem can be solved by means of Lagrange multipliers
and returns the following estimate of the error increasee,tduhe elimination of
the j-th weight:

1 62
8Etr(]) = 5 [H_Jl]

(7)
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where[H 1], is the(j, j) element of the inverse of the Hessian matrix. For-
mula (7) is actually the saliency estimate for theth parameter. The consequent
change to be applied to the weights vector is given by:

0;
[H,;

27

00 = —

H_lej . (8)
The overall architecture selection task can be automatéallagss:

1. training of the initial fully connected architecture ¢nder to run the prun-
ing algorithm, the initial network which has to be “large egb” to capture
the input-output relationship; thus, a convenient stgrpinint for the algo-
rithm is a slightly over-parametrized network);

2. ranking of parameters on the base of their saliences.

3. elimination of the weight with the lowest saliency and g&ation of a new
architecture;



4. re-training of the obtained network (in principle, rairing could not be
necessary, since formula (8) already provides an updadotd; however,
since the parameters update is based on the series expés)siors recom-
mended to retrain the network every time a weight or a smatlgfahem
(3-5%) has been eliminated), and evaluation of its perfoiecea on training
and validation set;

5. back to step until there are parameters left.

Given the non linearity of the problem, the estimation ofweeghts and their
saliences may vary significantly depending on the weighteefnitial fully con-
nected network. In order to reduce the probability that figerthm falls into a
local minimum, it is required to train several times theialihetwork and to run a
pruning session for every different set of weights. Figush@ws a sample of the
error function behavior during adBSsession; the algorithm starts from an over-
parametrized, fully connected network at the very righthaf figure and moves
to the left eliminating the parameters one at a tilig. shows, from right to left,
a monotonically increasing behavior, whereas the valitadirror £,,; shows a
roughly convex behavior.

Finally, the optimal model architecture is selected takimg account both
training and validation performances, according to thi¥ahg criterion:

- % (yi — 9:)° + ﬁ > (v —0:)* )

1E€Str Z'esval

J

Though such a criterion contains also a training error tengh @may hence
seem optimistically biased, selecting the architectusé gm the base of the val-
idation performances, as usually recommended [24], leagmor architecture
choices in our experiments. Since network performancesassessed during
pruning by means of the 1-step prediction error, architestminimizing the val-
idation error contained usually just the very first autoesgive terny(t). Indeed,
using justy(t) as input can lead to satisfactory resultg(ifr1) has to be predicted:
rainfall takes some time ("concentration time" in hydratogerms) to affect the
flow values. However, the aim of the system is to provide aiptiesh of the flood
behavior over several time steps. As the forecast horizoarhes farther, rainfall
increases its influence the flow trend.

One could in principle set up different models (possiblyirey on different
input sets), each targeted to a specific forecast hoifizonmnimizing the valida-
tion error on theh-steps prediction. However, such an approach involves eanmuc
greater modelling effort, requiring to configure many difiet predictors. Our
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findings show that including a training error term (whichdaeomplex architec-
tures, since it is a decreasing function of the number ofrpatars) in the model
selection criterion is quite effective in optimizing thengealization of models
over multi-step ahead forecasts. We cannot however pravitheoretical proof
of such an empirical evidence.

The architecture selected at the end of the procedure osntary few param-
eters (75% to 95% less than the initial one) and is thereforeonger prone to
overfitting.

Usually, validation data cannot be used directly to imprtwe parameters
estimate: they are in fact somewhat "wasted" just to pregeaetfitting. On the
contrary, one can take advantage of the parameter parsiofgeryined models,
retraining the selected optimal architecture on the megrginboth training and
validation sets, without using early stopping. Such a pdace allows to improve
the generalization of the networks, whose statisticalggarances increases of
some points on the testing set.

Neural networks have been implemented, calibrated andegrthrough the
Neural Network Based System Identification Toolbox for Mat]25F; computa-
tion time required by a pruning session is about few minutea BC.

Results

Two different Italian catchments have been consideredderao compare pruned
and fully connected neural networks. We used hourly timesgcontaining those
episodes showing a water level increase higher t9@f; within a 24-hourstime
window.

In order to run the pruning algorithm, we developed for eaahirb an ini-
tial oversized completely connected network, able to pigpepresent the basin
specific rainfall-runoff relationship. We trained severales such initial network
and, after each training, we ran the OBS algorithm many tjiveeying the weight
decay factor betweeih 0001 and1. At the end, we chose the network which min-
imizes the generalization criteriohand retrained it.

Judging the effectiveness of a flood forecasting system isi@ gomplex
task. In principle, a correct measure would be a cost-beaedilysis, including
the damages from an incorrect forecast (a false or a missamgmp However,
one has always to resort to statistical evaluations sinoefiie and costs also
depends upon a number of external factors such as the wayftmenation is dis-
tributed and how people reacts to it. Several indicators®farecast effectiveness
have been proposed besides the classical measures of theeao square error

°The toolbox is freely available on the Internet:
http://www.iau.dtu.dk/research/control/nnsysid.html
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(RMSB and correlation between predicted and real flows. The model efficiency
R?, defined as:

, - F
Fo

where F} is the variance of water levels;(y; — u(y))? and F is the mean
square erroiy;(y; — ;)% is largely adopted. The “prediction” of the average
value, which can be considered as the prediction availalade & the worst case,
has then an efficiency 6f An efficiency value 0§0% indicates a very satisfactory
model performance while a value in the rargfje— 90% indicates a fairly good
model [3].

Clearly, flood forecasting applications claim for carefuNestigation of the
model reliability in very high flows situations; indexes bdson the error rate
between observed and predicted peak are often used [2&ighhiney do not
take into consideration the delays of the predictions, Wwhiay be of critical
relevance. Furthermore, such indicators take into accouniyt peaks data, and
their estimate may be biased given the small dataset. Wetediapmore general
“high flows error rate” criteriorh f, computed taking into account only the K flows
data exceeding the average value plus twice the squardideviduch data cover
about2 — 5% of the whole time series, thus allowing a more reliable esténThe
indicator provides an idea about the average relative esteron high flows:

h= X

Yi >p+20

R

Yi — Ui
Yi

Olona River

The first case study refers to the basin of river Olona (seer€&ig), located
in Lombardia, Northern Italy. The average flow is ab@utm?/sec, while the
maximum expected flow over a time period of 10 years is abogitn? /sec [27].
The area sizes aboR00 km? at the closing section (Castellanza) , and the basin
is divided into two parts: the upper one, mountainous anckiyesnthropized,
and the lower one, flat and strongly urbanized. The cros®letions between
water levels and rainfalls are 30% lower compared to othsingdocated in the
same region [28]; this is due to many artificial inflows whitle triver receives
in the lower part of the basin and to a series of small reses\@iith an overall
capacity of abou208 * 10® mc), built in order to mitigate flood events, which alter
the natural behavior of the basin.

Besides Castellanza hydrometer, which measures watés |@wee rain gauges
are available on the basin (Fig. 3). They are located in:
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e Arcisate, in the mountainous part of the basin;
e Varese, at the beginning of the urbanized area;

e \edano, in the urbanized area.

Data refer to 13 events (with an overall length of about 1100rly steps) oc-
curred within the period 1999-2001; training, validatiordaesting sets contain
respectively about 500, 200, 400 patterns. Water levebaes over training, val-
idation and testing sets are respectively3, 89.6, 83.2 cm; ratios between water
levels averages and standard deviations are respeciively.2, 2.3.

We will evaluate the model performances on a three hoursé#stehorizon,
judged as suitable by Civil Protection technicians.

Models

We started selecting the time delays on the ARX models, azites previ-
ously in the paper. In order to provide the forecast on a tiorézbn of at least 3
hours, we had to take into account only time delays equalgirdrithar2 hours.
The ARX model which minimizes the criteriohpresents an identical two-hours
time delay for all the rain gauges.

Then, we trained many different neural networks, fixing stircie delays and
looking for the optimal complexity by trial and error, as ay done in the liter-
ature. In this case we exploit the early stopping technid¢ ih order to avoid
overfitting, evaluating the objective function at eachatam on training and val-
idation sets, and stopping the training in correspondentietive minimum vali-
dation error. Finally, we chose the network architecturectviminimizes the cali-
bration objective/. The selected model (Fig. 4a) hiasodes in the hidden layer;
its input variables have ordé&rfor an overall input set comprisint2 elements.
Such a model will constitute the term of comparison for thened predictor.

In order to initialize the pruning algorithm, we provided @ntpletely con-
nected network, slightly oversized both in the input anchiem hidden layer with
respect to the optimal predictor previously found. The moptineural network
selected through pruning is presented in Fig.4b. The maedmitially connected
and contains only 10 parameters, compared to the al®ubf the initial archi-
tecture and to thé¢3 of the completely connected predictor.

The structure of the pruned predictor does not contain argnpeter related
to Varese rainfall gauge (network inpuy in figure 4b), and requires to acquire
real time data just from Arcisate and Vedano rain gaugesrand €astellanza hy-
drometer. Varese is highly cross-correlated with both gatg and Vedano, since
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it is located between them; on the other hand, Arcisate addne, located at the
opposite sides of the basin, show a lower cross-correlatidence, correlation
analysis suggests that the information content of Varesge# mostly redun-
dant, as demonstrated by pruning results.

The “autoregressive memory” of the basin appears to be @rdrdsince the
model retains only one term, namelt), out of five initially provided. However,
such an autoregressive term has a great modelling relevanisethe very last
input removed from the network before pruning algorithmseag.

The two predictors show the same forecast efficiency on gtateset, which
is the most significant for performances evaluation. Reatak the pruned model
overperforms the connected one on the high-flow indicalbms showing the ef-
fectiveness of the re-training on the extended dataset.

Sample plots of observed vers@shours ahead forecasted water level are
shown in Fig. (5a) and (5b) for training and testing respetyi while Fig. (5c¢)
and (5d) present the scatter plots on the whole time series.

Forecast availability

Since a predictor cannot issue the forecast if any of itstimptiables is missing,
we investigate in this section in which way the number of gauigcluded in a
model affects the forecast availability. To this purpose,used the whole avail-
able time series, containing data recorded continuouslglbout one and a half
year (8040 time steps).

Models using a single gauge have a forecast availabilitypofi894% on av-
erage, while the models with two or three gauges aBéit and86.5%. If mal-
functioning events were actually statistically indepertdéorecast availabilities
of models with two or three gauges would € = 88% and94® = 83% re-
spectively. It hence appears that forecast availabiléreshigher than they would
be in the case of pure statistical independence. This isigdilysexplainable for
the small area of the basin, which increases the statisteg@@ndence (and hence
the temporal overlap) between malfunctioning episodesffareint gauges. One
could roughly conclude that polling one gauge less in rea¢toperations results
in an improvement betweeh5 — 5% in the forecast availability. Such an im-
provement may actually be underestimated, since it is cospon a continuous
time series, containing hence many low flow periods, whigeftirecast system
is expected to work in more difficult situations, which sgrése transmission and
measuring system, thus increasing the probability of mgsdata.

Although the pruned predictor allows a higher availabitgn the complete
one, it should be completed by a set of of “emergency predittohich, using
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for example just a single gauge as input data, would allovesae the forecast,
with a lower degree of accuracy, until at least one gauge @basin is reachable.
Within this framework, the pruned predictor would still ram preferable to the
complete one, allowing to decrease the need for emergeedygpors.

Tagliamento River

The second case study refers to the basin of river Tagliamdntated in
Friuli, North-East of Italy (Fig. 6). The average flow is ab®0 m?/sec, while
the maximum flood peak over the last decades rea¢b@@hn?/sec in 1966.

The basin closed at Venzone measures abgs km?; the monitoring sys-
tem comprises the Venzone hydrometer, at the end of the mioudistrict, and
five rain gauges (Paularo, Ampezzo, Pesariis, Resia and ipgaach located
in a different subbasin. The dataset comprises 20 flood s\waturred over the
years 1978-1996, for an overall length of 2000 hourly tinegpst Training, vali-
dation and testing sets contain respectively about 1000),41D time steps; water
level average values on the same setd ater, 109.8, 134 cm respectively, while
ratios between water level averages and standard de\satren.5, 2.3, 2.2.

A feed forward neural network for flood forecasting has bdexady proposed
in [15]. Such network is completely connected, and its iauitables set includes
all the gauges on the basin. The model architecture congpii@aodes in the
hidden layer and contains 5 autoregressive terms and 15 ferraach rain gauge
in the input layer. The model is built to directly forecastkatime steps ahead
(direct predicto). The same paper also states that a forecast horizérhotirs
in advance can be considered satisfactory on this basirthahdo seasonality is
clearly detectable in the available data. We will use sushilte as reference in
the evaluation of the proposed pruned predictor.

Using initially the results of ARX models analysis, timealgs of8, 14, 10, 11, 6
hours have been finally set, for the rain gauges located ate&my Moggio,
Paularo, Pesariis and Resia respectively. Then, we ranrtiveng algorithm,
starting from a network witl30 input variable { autoregressive an@lterms for
each rain gauge) anib nodes in the hidden layer. The optimal pruned predictor
is presented in Fig.7. It contaidd parameters, compared to the about 500 of the
initial architecture, and to the abogo in [15].
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In this case, it is difficult to explain pruning results armhg rainfall data
through cross-correlation (Tab. 3). It should be pointet) bawever, that cor-
relation coefficients provide information about linearatednships between two
variables, while here we are interested in comparing thermétive content of
different sets of variables: a quite different matter. Atfegidence is that, since
gauges are spread on a much wider basin than Olona, the awstations are
significantly lower. Moggio and Paularo gauges are pruneah fihe model, even
if they do not show high cross correlations coefficients wh#nother stations, and
hence they would seem to provide a valuable fresh inforreatntent. Further-
more, Ampezzo and Pesariis gauges are retained into the jatileugh they are
the most cross correlated ones. The correlations betwetan lggels and rainfall
data are around.5 for all the gauges, and hence do not allow to discriminate the
gauges relevance on the variable to be predicted. In thestbaspruned network,
thanks to its non linearity, captures an informative recgunay between the rain
gauges data which the correlation analysis, able to detdgtioear relationships,
does not recognize. The autoregressive memory of the bgéass to be of order
D.

The results on thé-hours-ahead forecast for the completely connected model
and the pruned one are compared in Tab.4. The two models saowclose
performances on both training and testing set. SimilartheoOlona case study,
an improvement of about 1-2% of the testing performancesbleas obtained
retraining the network on the merging of training and vaimasets.

Plots of observed versushours ahead forecasted water level are shown in
Fig. (8a) and (8b) for training and testing respectivelyjlavirig. (8c) and (d)
present the scatter plots on the whole time series.

Data on the reliability of the gauges on the Tagliamentornvere not avail-
able and this prevents any quantitative evaluation of thgavement in the fore-
cast availability between the complete and the pruned gi@diHowever, advan-
tages may be expected to be higher than in the Olona case, w&prune here
two gauges instead of one, and because the higher distagivesdm the gauges
certainly increases the statistical independence of théun@ioning events at
different gauges.

Conclusions

Designing a neural network through pruning instead of &iad error allows to
lower the number of parameters of about one order of magajtadercoming
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overfitting problems. Furthermore, pruned models delivelear evidence of in-
put variables relevance, removing redundant inputs; ichdeeour case studies
they required to poll just a limited part (60-70%) of the dahble rain gauges on
the basins. Though relying on less information, their fagt@ccuracy is equiv-
alent to fully connected models containing many more pataraend linked to
each available rain gauge on the basin. Remarkably, prurcetelsr may also
generalize better than fully connected networks, takingaathge of a final re-
training on the merge of training and validation data, n@knrequiring to waste
precious data for early stopping purposes. Using a redusteaf sainfall gauges
can be very convenient in real time operations, making tstesy less subject to
downtimes due to missing data. A rough estimate for the Obasan shows that
the removal of a single gauge leads to a forecast availabiiprovement which
ranges betweef, 5% and5%. These values are expected to increase on wider
basins, where the statistical dependence of malfunctipemsodes at different
gauges decreases.

To cope with these situations of data insufficiency, one rsastup a set of
emergency models. Such emergency models may use just o of the avail-
able gauges and thus allow to issue a forecast, with a redeceldof accuracy,
until at least some gauge is reachable on the basin. Opgthgrpruned predictor
instead of the complete one provides equivalent perforemand higher reliabil-
ity, reducing the need for the less precise emergency maadsthus increasing
the average accuracy of the overall system.

Pruning results may be important also for cost reductionsviged that long
enough time series are available, and that the exercisg @bi$te forecast system
grows up with the number of the linked gauges (for exampleabse of the fee
required to access the data of the measuring network, oedf@insmission lines
installation), the Authority in charge of the forecast gystcan link just the sta-
tions retained in predictor designed by pruning, with cleduction of the budget.

Explaining why certain gauges are pruned from the model iseays pos-
sible through correlation analysis, since it captures éinbar relationships.

A desirable development of the algorithm would be the palsibf removing
groups of parameters instead of a unique one; in this wawpjipgucould actually
be used for feature selection, thus constituting a greatrioeeural network mod-
elling.
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Tables

gauges couple cross-correlation

(Arcisate - Varese) 75
(Arcisate - Vedano) .65
(Varese - Vedano) .69

Table 1: Cross correlations between rainfall data evatbimteorrespondence of
cross-correlograms maxima.

Connected network Pruned network
(3 rain gauges) (2 rain gauges)
Training Testing Training- Testing
Validation

Time series averaged indicators

RMSE 012 046 011 035
R? 92 .84 .89 .85
P 96 92 .94 93

High flows analysis

hf 12 24 19 19

Table 2: Results for th& hours ahead prediction on the Olona basin.

gauges couple Cross - correlation ~ gauges couple  cross etation

(Ampezzo-Moggio) 43 (Moggio-Pesariis) 43
(Ampezzo-Paularo) .55 (Moggio-Resia) 48
(Ampezzo-Pesariis) .69 (Paularo-Pesariis) A48
(Ampezzo-Resia) 42 (Paularo-Resia) .49
(Moggio-Paularo) .46 (Pesariis-Resia) 41

Table 3: Cross-correlations between rainfall data evatliat correspondence of
cross-correlograms maxima.
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Connected network Pruned network
(Campolo et al., 1999) (retrained)
5 rain gauges 3 rain gauges
Time series averaged indicators

Training Testing Training-Validation Testing

RMSE - - 0087 0130
R? 89 .85 87 88
p - - 93 94

High flows analysis

hf - - 26 18

Table 4: Results on the 5-hours-ahead prediction on thearaghto basin. Train-
ing performances of the re-trained network are obtainedchercbncatenation of
training and validation set.
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Figure Captions

Figure 1. Structure of a fully connected neural network.

Figure 2. Values of objectivé (eq. 9) as a function of the number of parameters
during a sample pruning sessions,,,; is the root mean squared error on the
validation set.

Figure 3. The Olona catchments

Figure 4. Neural network architectures for the Olona rimgut variables in group
ar are of autoregressive type, while those in groups-, r3 to the Arcisate,
Varese, Vedano rainfall gauges. Each variable in a growgyseb a specific rela-
tive time instant (t, t-1 etc.).

Figure 5. 3-hours-ahead simulations. The reversed y agist(side) in figures
a,b is an estimate of the average rainfall on the basin.

Figure 6. The Tagliamento catchment

Figure 7. The architecture of the pruned neural predictorefer to autoregres-
sive water level measurements (Venzome), , r3, 74, 75 t0 Ampezzo, Moggio,
Paularo, Pesariis, Resia rainfall measurements.

Figure 8. 5-hours-ahead simulations. The reversed y agist(side) provided in
figures a,b is an estimate of the average rainfall on the basin

23



tanh

~
]
O
£ =
-~ +
55 =
8% (0
N 710\
- 3 7' W\
5 3 VAATIAN
~ 710N
1= TN
55 /0 00
oL,/ AN
S AN AL ERNAN
g0 v
2~/ A B TN
A
[ v
/ \ \
, A N
/ \
/oy, / ! ! \ N
/ , / I | \ \ \

/ , / | | \ \ \
’ / | | \ \
/ / \ \
/ | | \

, / ! 1 | \ \ \
:///// NN NN N I \\\\:

RSNV ,/// :://\::/ \\: ,/\\\::\\\\\:

Hidden Layer
activation function :

Figures

Input Layer

PV KRN R AR X AN T AN LT \\1
I ,/: 7,/7:/ Qi:/,\/,\/\:\/,\,\i&\\, VAN ]
IR «/\4 /\,/\/\/\/\,/\>>\/\v\\\/\\,\ /
/vJ/ KK%/&%M\/AY\K%.\A\
WA , ,/\( R AN o RN & X NT g
X\ KX K}/\/x K\/\\C« K\/ 124
\

|
|
|

N N
| | |
A VNN N AN AN AN NN \</ N |
SR R SO | y:/ ,
\\\/ AN \/N/\/\,f\ /N/\,// /,/ |
|
|

V| ,
\ \ NN AN A A AN
7 ) R
[ "
N1
' £ T

17\,
y
[ \,\:\:\O\::/

(s LN / \
I NevL \\>\, x\\/>\/ ?//f«@//f o\
i \\\\1\ w\x A A ,Q\XZ 73 N\

/<//F// //\ /,\

/ AN
\\\\\\,3\\ \\x/ 17, /i:\\/\/i:\\ /i:x// /i/://// W
% iy 7 S S Saur Sl
Iy My, Wy m N\l My QW N AN
& & & ¥ ¥ % % )
0 0 © 10 = 0 I —
S S S S e B S S
— — —~
— — —
_ =~ ! 2 _ —
& & Q@ e c c =
_ N [ N _ [ | —
g = g = < . >

Figure 1: Structure of a fully connected neural network.
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Figure 6: The Tagliamento catchment

Figure 7: The architecture of the pruned neural predictorefer to autoregres-
sive water level measurements (Venzome) - , r3, r4, r5 t0 Ampezzo, Moggio,
Paularo, Pesariis, Resia rainfall measurements.
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Figure 8: 5-hours-ahead simulations. The reversed y agist(side) provided in
figures a,b is an estimate of the average rainfall on the basin
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