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Abstract We propose the application of pruning in the
design of neural networks for hydrological prediction.
The basic idea of pruning algorithms, which have not
been used in water resources problems yet, is to start
from a network which is larger than necessary, and then
remove the parameters that are less influential one at a
time, designing a much more parameter-parsimonious
model. We compare pruned and complete predictors on
two quite different Italian catchments. Remarkably,
pruned models may provide better generalization than
fully connected ones, thus improving the quality of the
forecast. Besides the performance issues, pruning is use-
ful to provide evidence of inputs relevance, removing
measuring stations identified as redundant (30–40% in
our case studies) from the input set. This is a desirable
property in the system exercise since data may not be
available in extreme situations such as floods; the smaller
the set of measuring stations the model depends on, the
lower the probability of system downtimes due to missing
data. Furthermore, the Authority in charge of the fore-
cast system may decide for real-time operations just to
link the gauges of the pruned predictor, thus saving costs
considerably, a critical issue in developing countries.
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1 Introduction

An efficient flood alarm system may significantly
improve public safety, and mitigate economical damage
caused by inundations. Flood forecasting is undoubtedly

a challenging field of operational hydrology, and a huge
amount of literature has been published over the years;
in particular, the rainfall-runoff relationship has been
recognized to be nonlinear.

Since the flood warning system does not aim at pro-
viding explicit knowledge of the rainfall-runoff process,
black box models have been widely used in addition to
the traditional physically based models, which include a
great number of parameters and require a fine-grained
physical description of the area under study. In partic-
ular, over the last decade, artificial neural networks
(ANN) have been increasingly used in hydrological
forecasting practice (see, for instances of this [1], where
tens of papers on the topic are quoted) and they were
recognized as being able to provide more accurate flow
predictions than traditional models [2, 3]. Furthermore,
they are very fast at simulating and forecasting, as
required for real-time operations.

However, as is well known, finding the optimal net-
work architecture for a given problem is not a trivial
task. Modelers usually work by trial and error, starting
from an initial hypothesis about input variables, and
then trying to determine the best network architecture
for the current choice of inputs, assessing the fitness of
many different model prototypes. Afterwards, they
modify somehow the input set and restart searching for
the architecture until a satisfactory degree of model
performance is attained. Such a procedure is often time
consuming and requires a great amount of experience
and guesswork.

A second drawback of this procedure is that only
fully connected architectures can be taken into account,
since testing even partially connected models would lead
to a combinatorial explosion of the number of trials
needed. In all probability some of the many weights that
translate the relations between inputs and outputs inside
the network are less relevant. As a matter of fact, fully
connected networks are not parsimonious: for example,
a fully connected network with an input set of ten
variables may contain few hundreds parameters, even if
it has only one output variable.
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In this paper, we address the two criticisms men-
tioned above by means of pruning algorithms. Although
they constitute a recognized research field in the theo-
retical neural networks area (see [4] for a review), they
are still not widely used for applications. However, they
have been exploited in fields different from water
resources, such as in chemical processes identification
[5], predictive microbiology [6] and near-infrared spec-
troscopy [7]. The basic idea of pruning algorithms is to
start from a fully connected network, considered large
enough to capture the desired input–output relationship.
Then, they compute some measurements of the contri-
bution made by an individual parameter to the problem
solution, and consequently prune it from the network if
it is the least influential one, to generate a new partially
connected model, containing one parameter less. In this
way, weights and neurons that are considered redundant
are eliminated, thus significantly reducing the amount of
guesswork needed for the model selection. Network
architectures selected by pruning are very parsimonious
because they may contain one order of magnitude fewer
parameters than the initial one, and are highly optimized
since they retain the representation power of the fully
connected models.

Although pruning algorithms address computational
issues in artificial neural networks, they have also a
biological plausibility. During the learning process,
functional modifications occur in the existing neural
connections within the brain [8]. The modeling coun-
terpart of such functional modifications is constituted,
for artificial neural networks, by training algorithms,
which adjust weights and biases during the calibration,
keeping the network architecture unchanged. However,
besides modifying the existing connections, the brain
prunes some of them. In particular, according to the
‘‘selectionist’’ approach [9, 10], brain development
comprises an initial period of over-production of neu-
rons and connections, followed by a more prolonged
period of eliminations of redundant ones. Indeed,
pruning algorithms implement selectionism in artificial
neural networks1.

In hydrological forecasting practice, pruned predic-
tors may lead to relevant advantages over those designed
by trial and error.

Let us define G as the set of the measuring gauges in
the basin; a ‘‘complete predictor’’ is a model whose input
variables set includes some terms for each gauge in G: If
the basin has two rain gauges A and B, network inputs
at time t may for example be constituted by past water
levels [y(t), y(t�1)] and rainfall measurements [rA(t),
rA(t�1), rB(t), rB(t�1)]. If, for example, all the weights
related to rA(t�1) are pruned from the network, such a

variable is no longer required by the predictor. If both
rA(t) and rA(t�1) are removed, gauge A does not con-
tribute to the representation of the phenomenon given
by the model. If the pruned predictor removes a subset g
of measuring stations without decreasing the forecast
accuracy, we can state that the informative content of G
is equivalent to that of ðG� gÞ: Two main practical
consequences follow from such a statement.

It is known that, especially during floods, gauges may
experience measurement or transmission problems. A
pruned predictor, which provides the same forecast
accuracy of the complete one polling a smaller set of
gauges, could have a definite advantage, in that it would
be less subject to downtimes due to missing data, thus
increasing the forecast availability.

Additionally, pruning may allow one to reduce
network management costs if that is a critical issue:
provided that a sufficiently long time series is avail-
able, because operating costs of the forecast system
increase with the number of linked gauges (e.g., the
fee required to access the data of the measuring net-
work, or the cost of transmission line installation), the
Authority in charge of the forecast system can first
analyze all the available data off line, and then con-
nect only the stations retained in the pruned predictor,
with a considerable saving in costs. The situation is in
fact quite common and such an approach may be
particularly welcome in developing countries; an
example of a similar situation can be found in upper
Bangladesh [13].

In this paper, we first recall how ANN can be used to
properly model the rainfall runoff process, and also
present the pruning algorithm used. Then, we compare
the performances and forecast availabilities of predictors
designed through pruning and trial and error on two
quite different Italian river basins.

2 Neural network modeling of the rainfall
runoff relationship

The proposed forecast system is based, according to a
typical hydrological modeling approach, on rainfall
runoff models, which require the availability of rain
gauges distributed within or near the watershed. The
forecast is issued after the arrival of the rainfall events;
since rainfall-runoff response times are of the order of
few hours for small- and medium-sized basins (i.e., up to
about 1,000 km2), this is a natural boundary on the
forecast lead times. In a recent work [14], lead times have
been successfully increased up to 24 h even on small
basins, acquiring data from radar, radiosondes and
satellite and hence monitoring the synoptic evolution of
the atmospheric conditions over a wide area. However,
it should be noted that only in a few cases is such an
advanced and expensive instrumentation available: in
fact, most catchments are gauged simply with much
cheaper hydrometers and rain-gauges, as is in the case
studies presented in the paper.

1In [8] it is also pointed out that, among neuroscientists, such an
approach is currently contradicted by ‘‘constructivism’’ [11], which
describes the brain development as an increase, rather than a de-
crease, in the number of synapses. Constructive neural networks
algorithms (see for instance [12]), which start with a small network
and grow the network until a satisfactory is found, may be inter-
preted as implementing constructivism in artificial neural networks.
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We model the rainfall-runoff process through a feed
forward neural network with one hidden layer. The
water level is the variable y to be predicted, but the
approach would be exactly the same using flow rates, if
water level-flow rate relationships were available.

The model input set comprises an autoregressive
part of order p (i.e., p past water level measurement taken
at the hydrometer), and several rainfall variables asso-
ciated with the m available rain gauges r1,r2,...,rm . It is
evident that the number of rainfall terms used in the
model may differ from one gauge to the other, but we
assume here an equal number n of terms to simplify
the notation. Such rainfall inputs are delayed by time
lags s1,s2,...,sm, respectively, in order to take into
account the travel times from the rain gauges to the
river. Hence, the exogenous part of input contains
the variables [r1(t�s1),r1(t�s1�1),...,r1(t�s1�n+1), ...,
rm(t�sm),...,rm(t�sm�n+1)], and the network input layer
comprises (p+m*n) variables. We define u as the vector
containing all such input variables.

Figure 1 shows a sample neural network structure
with eight nodes in the hidden layer, in the case p=n=2,
m=3. The model is a one-step-ahead predictor; thus,
its output at time t is the water-level estimate ŷðt þ 1Þ:
In order to issue the forecasts of k steps ahead, one
has to apply recursively the model, using some of the
forecasts obtained at previous steps as autoregressive
inputs, and updating of one unit at each step the time
window spanned by the rainfall data. The maximum
reachable forecast horizon (t+kmax) is limited by
the time-delay configuration and is given by kmax=
(minm(s1,s2,...,sm)+1); forecasting on farther temporal
horizons would in fact require to know rainfall values
after t.

At forecast time, all the data in the input layer are
sent to each node in the hidden layer. As is well known,
each node treats all the input layer data in the same

manner, i.e., computing first a weighted sum of them
and then processing the result through its activation
function. For example, the j-th node weights the input
layer data as follows:

zj ¼
Xk¼pþm�n

k¼1
w0kjuk � rj ð1Þ

where wkj¢ is the weight of input uk, and rj is the neuron
bias. The computed signal zj is the argument of the
activation function (namely, hyperbolic tangent) of the
j-th neuron:

f ðzjÞ ¼ 1� 2

exp ð2zjÞ þ 1
ð2Þ

Then, the outputs of all the hidden neurons are sent
to the output layer, which contains a unique node. Here,
the outputs of the hidden layer are weighted, returning
the forecast:

ŷðt þ 1Þ ¼
X

j

w00j f ðzjÞ � rp ð3Þ

where wj
¢¢ is the weight of the output of the j-th hidden

neuron at the output neuron, and rp represents the bias
associated with the output neuron.

2.1 Time-delay configuration

Rainfall time delays have to be carefully configured,
given their influence on the maximum reachable forecast
horizon, as previously explained, and their importance
to the rainfall-runoff modeling. The interaction with
river authorities is an important step in order to estab-
lish the minimum forecast horizon useful for alarm
purposes and hence to put some constraints on mini-
mum time delays to be taken into account. From the

Fig. 1 Structure of a fully
connected neural network
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hydrological point of view, the determination of travel
times is a very difficult task, since they may vary greatly
depending on the saturation state of the basin: intui-
tively, the rainfall reaches the river more rapidly as the
basin becomes wetter and the rainfall infiltration
process less effective. Existing empirical hydrological
formulas allow a rough estimate of the travel times,
providing an idea of their order of magnitude in stan-
dard situations; however, they are not really useful in
flood forecasting.

Analyzing time delays by trial and error is a very
time-consuming process, if one tries all the possible time-
delay combinations on all the available rain gauges,
optimizing in each experiment the network architecture
and the parameters estimate.

A possible approach is to calculate the cross corre-
lations between rainfall and water level and then to
configure the delays corresponding to the correlation
peaks [15]. Using a more data-driven approach, we
chose to select time delays on linear ARX models, and
use them as a starting point for the neural network
configuration. Thanks to the speed of their calibration,
such linear models allow one in fact to analyze exhaus-
tively all the feasible values of the delays vector
�s ¼ ½s1; s2; . . . ; sm�:

The complete procedure took a few minutes on a
standard PC and was accomplished using the Matlab
System Identification Toolbox [16].

2.2 Split sample approach

It is common knowledge that ANN can suffer from
either underfitting or overfitting: an insufficiently com-
plex network can fail to detect the relationships in
complicated data sets, leading to underfitting; a too-
complex network may lead, in contrast, to overfitting,
also representing the noise in the calibration data. To
tackle these problems, we adopted the split sample ap-
proach [17, 18], dividing the available data into three
different subsets, and ensuring, as far as possible, that
the statistical properties (mean, variance, maximum) are
similar:

– A training set STr, with cardinality N, used to estimate
the parameters of the neural networks architectures

– A validation set Sval, with cardinality M, used to
compare the architecture performances, and hence to
select the optimal one. The union of STr and Sval

corresponds to the whole calibration set, in that the
two sets are jointly exploited in the predictor choice

– A testing set STe, with cardinality Q, used to assess the
model performances on previously unused data.
Running the model on this set allows us to get a
unbiased estimate of its generalization error.

Since data standardization makes the training algo-
rithm numerically robust and leads to a faster conver-
gence [19], means and variances of training time series

are used to standardize the three data sets, according to
the classical formula xstd=(xi�l(x))/(r(x)).

2.3 Training objective function

We adopt a regularized objective function to be mini-
mized during the training:

W ðhÞ ¼ 1

2N

XN

i2Tr
½yi � ŷiðhÞ�2 þ

1

2N
Djjhjj ð4Þ

where a term (weight decay) proportional to the norm of
the weights ||h|| is added to the mean-squared error
criterion to improve the generalization capability of the
model [20]. A convenient value of the weight-decay
factor D has to be selected by trial and error.

The Levenberg–Marquardt training algorithm, rec-
ognized as suitable, both for speed and robustness, in the
estimate of small- and medium-size networks, i.e., con-
taining some hundreds of weights, has been used to
minimize the objective in (4).

2.4 Architecture selection

Although the optimal architecture selection task is in
principle combinatorial, it is usually accomplished by
trial and error, varying the number of nodes in the
model; however, as already anticipated, this kind of
search cannot address partial connectivity, because of
computational unfeasibility.

Instead, we use a pruning algorithm to select the
neural network architecture. The basic idea of pruning
algorithms is to start from a fully connected, over-
parametrized network and then remove nonuseful con-
nections. Weights are eliminated one at a time, and thus
the pruning algorithm continues generating partially
connected networks, the latter containing one parameter
fewer than the former. A key issue of such algorithms is
clearly the criterion which determines which weights
should be eliminated from the network and how the
remaining weights should be adjusted for best perfor-
mances. Several approaches can be followed to this
purpose. The simplest techniques are based on weight
values analysis: for example, magnitude-based pruning
[21] assumes that small weights are irrelevant. More
complex algorithms try to quantify the relevance of a
parameter through its influence on the performance
function. Optimal brain damage (OBD) [22] estimates
the increase in the training error resulting from the
removal of each parameter (parameter saliency), and
removes the one with the lowest saliency.

In this paper, we exploit the optimal brain surgeon
(OBS) algorithm, which is a variant of OBD and which
has been demonstrated to be better than both OBD and
magnitude-based approaches, thanks to a far more
reliable saliency estimate [23].
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In the following, we describe the algorithm assuming,
for the sake of simplicity, to adopt the nonregularized
training function Etr ¼ 1=2N

PN
i2STr ðyi � ŷiÞ2; the gener-

alization for the regularized case can be found in [24].
The training error function is approximated by means

of a second-order Taylor series expansion around the
current parameter estimate �h :

Etr ¼ Etrð�hÞ þ rEtrð�hÞdhþ H
2
ðdhÞ2 ð5Þ

where rEtrð�hÞ is the gradient of the objective function
evaluated in �h; and H is its Hessian, i.e., H=(@2Etr/@h

2).
Assuming that the network is already trained, the gra-
dient term may be neglected since �h represents a mini-
mum for Etr. Therefore, we can estimate the error
surface around �h looking just at the quadratic term; the
change in Etr is given by

@Etr ¼ EtrðhÞ � Etrð�hÞ ¼ dhT H
2

dh ð6Þ

The weight whose elimination leads to the minimum
error increase can be identified by finding the value of dh
which minimizes ¶Etr, subject to constraint ei

Tdh+hi=0,
where ei is a unit vector in the weight space parallel to the
wi axis. According to such a constraint, the only
adjustment allowed in h is the deletion of a unique
weight hi. The problem can be solved by means of Lag-
range multipliers and gives the following estimate of the
error increase , due to the elimination of the j-th weight:

@EtrðjÞ ¼
1

2

ĥ2j
½H�1�jj

ð7Þ

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

@h ¼ � hj

½H�1�jj
H�1ej: ð8Þ

The overall architecture selection task can be auto-
mated as follows:

1. Training of the initial fully connected architecture (in
order to run the pruning algorithm, the initial net-
work which has to be ‘‘large enough’’ to capture the
input–output relationship; thus, a convenient starting
point for the algorithm 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 generation of a new architecture.
4. Re-training of the network obtained (in principle,

re-training should not be necessary, since formula
(8) already provides an update rule for h; however,
since the parameters update is based on the
series expansion (5), it is recommended that the
network be retrained every time a weight or a small
part of it (3–5%) has been eliminated), and evalua-
tion of its performance on the training and validation
set.

5. Back to step 2, until there are parameters left.

Given the nonlinearity of the problem, the estimation
of the weights and their saliences may vary significantly
depending on the weights of the initial fully connected
network. In order to reduce the probability that the
algorithm falls into a local minimum, it is necessary to
train the initial network several times and to run a
pruning session for every different set of weights.
Figure 2 shows a sample of the error function behavior
during an OBS session; the algorithm starts from an
over-parametrized, fully connected network at the very
right of the figure and moves to the left eliminating the
parameters one at a time. Etr shows, from right to left, a

Fig. 2 Values of objective J (9)
as a function of the number of
parameters during a sample
pruning sessions. Eval is the
root-mean squared error on the
validation set
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monotonically increasing behavior, whereas the valida-
tion error Eval shows a roughly convex behavior.

Finally, the optimal model architecture is selected
taking into account both training and validation per-
formances, according to the following criterion:

J ¼ 1

2N

X

i2Str

ðyi � ŷiÞ2 þ
1

2M

X

i2Sval

ðyi � ŷiÞ2: ð9Þ

Although such a criterion also contains a training
error term and may hence seem optimistically biased,
selecting the architecture just on the base of the valida-
tion performances, as usually recommended [24], leads
to poor architecture choices in our experiments. Since
network performances are assessed during pruning by
means of the 1-step prediction error, architectures min-
imizing the validation error usually contained just the
very first autoregressive term y(t). Indeed, using just y(t)
as input can lead to satisfactory results if y(t+1) has to
be predicted: rainfall takes some time (‘‘concentration
time’’ in hydrologic terms) to affect the flow values.
However, the aim of the system is to provide a predic-
tion of the flood behavior over several time steps. As the
forecast horizon becomes greater, rainfall increases its
influence on the flow trend.

One could, in principle, set up different models
(possibly relying on different input sets), each targeted to
a specific forecast horizon h, minimizing the validation
error on the h-steps prediction. However, such an ap-
proach involves a much greater modeling effort,
requiring one to configure many different predictors.
Our findings show that including a training error term
(which favors complex architectures, since it is a
decreasing function of the number of parameters) in the
model selection criterion is quite effective in optimizing
the generalization of models over multistep forecasts.
However, we cannot provide a theoretical proof of such
empirical evidence.

The architecture selected at the end of the procedure
contains very few parameters (75–95% fewer than the
initial one) and is therefore no longer prone to overfit-
ting.

Usually, validation data cannot be used directly to
improve the parameters estimate: they are in fact some-
what ‘‘wasted’’ when used just to prevent overfitting. On
the contrary, one can take advantage of the parameter
parsimony of pruned models, retraining the selected
optimal architecture on the merging of both training and
validation sets, without using early stopping. Such a
procedure allows us to improve the generalization of the
networks, whose statistical performances increase of
some percent on the testing set.

Neural networks have been implemented, calibrated
and pruned through the Neural Network Based System
Identification Toolbox for Matlab [25]2 computation

time required by a pruning session is about few minutes
on a PC.

3 Results

Two different Italian catchments were considered in
order to compare pruned and fully connected neural
networks. We used hourly time series, containing those
episodes showing a water-level increase higher than
100% within a 24-h time window.

In order to run the pruning algorithm, we developed
an initial oversized completely connected network for
each basin, each one capable of representing the
basin-specific rainfall-runoff relationship properly. We
trained such an initial network several times and,
after each training, we ran the OBS algorithm
many times, varying the weight decay factor between
0.0001 and 1. At the end, we chose the network
which minimized the generalization criterion J and
retrained it.

Judging the effectiveness of a flood forecasting system
is a quite complex task. In principle, a correct measure
would be a cost-benefit analysis, including the damage
from an incorrect forecast (a false or a missing alarm).
However, one has always to resort to statistical evalua-
tions since benefits and costs also depend upon a number
of external factors such as the way the information
is distributed and how people react to it. Several
indicators of the forecast effectiveness have been pro-
posed in addition to the classical measures of the root
mean-square error (RMSE) and correlation q between
predicted and real flows. The model efficiency R2,
defined as

R2 ¼ F0 � F
F0

where F0 is the variance of water levels
P

i(yi�l(y))2 and
F is the mean-square error

P
i ðyi � ŷiÞ2; is widely

adopted. The ‘‘prediction’’ of the average value, which
can be considered as the prediction available even in the
worst case, then has an efficiency of 0. An efficiency
value of 90% indicates a very satisfactory model per-
formance while a value in the range 80–90% indicates a
fairly good model [3].

Clearly, flood forecasting applications require a
careful investigation of the model reliability in very high
flow situations; indexes based on the error rate between
observed and predicted peak are often used [26], though
they do not take into consideration the delays of the
predictions, which may be of critical relevance. Fur-
thermore, such indicators only take into account peaks
data, and their estimate may be biased given the small
dataset. We adopted a more general ‘‘high-flows-error
rate’’ criterion hf, computed taking into account only the
K flows data exceeding the average value plus twice the
square deviation. Such data cover about 2–5% of the
whole time series, thus allowing a more reliable estimate.

2The toolbox is freely available on the Internet: http://www.iau.
dtu.dk/research/control/nnsysid.html
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The indicator provides an idea of the average relative
error rate on high flows:

hf ¼ 1

K

X

yi>lþ2r

yi � ŷi

yi

����

����

3.1 Olona river

The first case study refers to the basin of river Olona (see
Fig. 3), located in Lombardy, Northern Italy. The
average flow is about 2.5 m3/s, while the maximum
expected flow over a time period of 10 years is about
108 m3/s [27]. The size of the area is about 200 km2 at
the closing section (Castellanza), and the basin is divided
into two parts: the upper one, mountainous and weakly
anthropized, and the lower one, flat and strongly
urbanized. The cross correlations between water levels
and rainfall are 30% lower than those of other basins
located in the same region [28]; this is due to many
artificial inflows that the river receives in the lower part
of the basin and to a series of small reservoirs (with an
overall capacity of about 208·103 m3), built in order to
mitigate flood events, which alter the natural behavior of
the basin.

In addition to the Castellanza hydrometer, which
measures water levels, three rain gauges are available on
the basin (Fig. 3). They are located at:

– Arcisate, in the mountainous part of the basin
– Varese, at the beginning of the urbanized area
– Vedano, in the urbanized area.

Data refer to 13 events (with an overall length of
about 1,100 hourly steps) that occurred within the per-
iod 1999–2001; training, validation and testing sets
contain about 500, 200, 400 patterns, respectively. Water
level averages over training, validation and testing sets

are, respectively, 82.3, 89.6, 83.2 cm; ratios between
water levels averages and standard deviations are,
respectively, 3.1, 2.2, 2.3.

We evaluated the model performances on a
3 h-forecast horizon, judged as suitable by civil protec-
tion technicians.

3.1.1 Models

We started selecting the time delays on the ARX models,
as described previously in the paper. In order to provide
the forecast on a time horizon of at least 3 h, we had
to take into account only time delays equal to or
longer than 2 h. The ARX model which minimizes the
criterion J presents an identical 2-h time delay for all the
rain gauges.

Then, we trained many different neural networks,
fixing such time delays and looking for the optimal
complexity by trial and error, as usually done in the
literature. In this case, we exploited the early stopping
technique [17] in order to avoid overfitting, evaluating
the objective function at each iteration on training and
validation sets, and stopping the training in correspon-
dence with the minimum validation error. Finally, we
chose the network architecture which minimized the
calibration objective J. The selected model (Fig. 4a) had
three nodes in the hidden layer; its input variables had
an order of 3 for an overall input set comprising twelve
elements. Such a model constituted the term of com-
parison for the pruned predictor.

In order to initialize the pruning algorithm, we pro-
vided a completely connected network, slightly oversized
both in the input and in the hidden layer with respect to
the optimal predictor previously found. The optimal
neural network selected through pruning is presented in
Fig. 4b. The model was partially connected and con-
tained only 10 parameters, compared to the about 180 of
the initial architecture and to the 43 of the completely
connected predictor.

The structure of the pruned predictor did not contain
any parameter related to the Varese rainfall gauge
(network input r2 in Fig. 4b), and required us to acquire
real-time data just from the Arcisate and Vedano rain
gauges and from Castellanza hydrometer. Varese was
highly cross correlated with both Arcisate and Vedano,
since it is located between them; on the other hand,
Arcisate and Vedano, located at the opposite sides of the
basin, showed a lower cross correlation. Hence, corre-
lation analysis suggests that the information content of
Varese gauge was mostly redundant, as demonstrated by
pruning results (Table 1).

The ‘‘autoregressive memory’’ of the basin appears to
be of order 1, since the model retained only one term,
namely y(t), out of five initially provided. However, such
an autoregressive term has a great modeling relevance: it
was the very last input removed from the network before
the pruning algorithm was finished.

The two predictors showed the same forecast effi-
ciency on the testing set, which was the most significantFig. 3 The Olona catchment
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for performances evaluation. Remarkably, the pruned
model overperformed the connected one on the high-
flow indicator, thus showing the effectiveness of the
re-training on the extended dataset (Table 2).

Sample plots of observed versus 3-h ahead forecasted
water level are shown in Fig. 5a, b for training and
testing respectively, while Fig. 5c, d presents the scatter
plots on the whole time series.

3.2 Forecast availability

Since a predictor cannot issue the forecast if any of its
input variables is missing, we investigate in this section
in which way the number of gauges included in a model
affects the forecast availability. To this purpose, we used
the whole available time series, containing data recorded

continuously for about one and a half years (8,040 time
steps).

Models using a single gauge have a forecast avail-
ability of about 94% on average, while the models with
two or three gauges have about 89% and 86.5%. If
malfunctioning events were actually statistically inde-
pendent, forecast availabilities of models with two or
three gauges would be 942=88% and 943=83%,
respectively. It therefore appears that forecast avail-
abilities are higher than they would be in the case of pure
statistical independence. This is physically explainable
for the small area of the basin, which increases the sta-
tistical dependence (and hence the temporal overlap)
between malfunctioning episodes at different gauges.
One could roughly conclude that polling one gauge
fewer in real-time operations results in an improvement
between 2.5% and 5% in the forecast availability. Such
an improvement may actually be underestimated, since
it is computed on a continuous time series, therefore
containing many low flow periods, while the forecast
system is expected to work in more difficult situations,
which stress the transmission and measuring system,
thus increasing the probability of missing data.

Although the pruned predictor allows a higher
availability than the complete one, it should be com-
pleted by a set of of ‘‘emergency predictors’’ which,
using for example just a single gauge as input data,
would allow us to issue the forecast, with a lower
degree of accuracy, until at least one gauge on the
basin is reachable. Within this framework, the pruned
predictor would still remain preferable to the complete
one, allowing us to lessen the need for emergency
predictors.

3.3 Tagliamento river

The second case study refers to the basin of river
Tagliamento, located in Friuli, North-East Italy (Fig. 6).
The average flow is about 90 m3/s, while the maximum
flood peak over the last decades reached 4,000 m3/s in
1966.

The basin closed at Venzone measures about
1,950 km2; the monitoring system comprises the

Fig. 4 Neural network architectures for the Olona river. Input
variables in group ar are of autoregressive type, while those in
groups r1, r2 and r3 to the Arcisate, Varese and Vedano rainfall
gauges. Each variable in a group refers to a specific relative time
instant (t, t-1, etc.)

Table 1 Cross correlations between rainfall data evaluated in
correspondence of cross-correlograms maxima

Gauges couple Cross–correlation

(Arcisate–Varese) 0.75
(Arcisate–Vedano) 0.65
(Varese–Vedano) 0.69

Table 2 Results for the 3 h-ahead prediction on the Olona basin

Connected network
(three rain gauges)

Pruned network (two
rain gauges)

Training Testing Training-
validation

Testing

Time series averaged indicators
RMSE 0.012 0.046 0.011 0.035
R2 0.92 0.84 0.89 0.85
q 0.96 0.92 0.94 0.93
High flows analysis
hf 0.12 0.24 0.19 0.19
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Venzone hydrometer, at the end of the mountain dis-
trict, and five rain gauges (Paularo, Ampezzo, Pesariis,
Resia and Moggio), each located in a different subbasin.
The dataset comprises 20 flood events that occurred over
the years 1978–1996 for an overall length of 2,000 hourly
time steps. Training, validation and testing sets contain,
respectively, about 1,000, 600 and 400 time steps; water
level average values on the same sets are 111.7, 109.8 and
134 cm respectively, while ratios between water level
averages and standard deviations are 1.5, 2.3 and 2.2.

A feedforward neural network for flood forecasting
has been already proposed in [15]. Such a network is
completely connected, and its input variables set
includes all the gauges in the basin. The model archi-
tecture comprises ten nodes in the hidden layer and
contains five autoregressive terms and 15 terms for each
rain gauge in the input layer. The model is constructed
to directly forecast at k time steps ahead (direct predic-
tor). The same paper also states that a forecast horizon
of 5 h in advance can be considered satisfactory for this
basin, and that no seasonality is clearly detectable in the
available data. We used such results as a reference in the
evaluation of the proposed pruned predictor.

Initially using the results of ARX models analysis,
time delays of 8, 14, 10, 11 and 6 h were set for the rain
gauges located at Ampezzo, Moggio, Paularo, Pesariis

Fig. 5 Three-hour-ahead simulations. The reversed y-axis (right-
hand side) in a, b is an estimate of the average rainfall on the basin

Fig. 6 The Tagliamento catchment
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and Resia, respectively. Then, we ran the pruning
algorithm, starting from a network with 30 input vari-
ables (five autoregressive and five terms for each rain
gauge) and 15 nodes in the hidden layer. The optimal
pruned predictor is presented in Fig. 7. It contains 44
parameters, compared to about 500 of the initial archi-
tecture, and to about 800 in [15].

In this case, it is difficult to explain pruning results
analyzing rainfall data through cross correlation
(Table 3). However, it should be pointed out that corre-
lation coefficients provide information about linear rela-
tionships between two variables, while here we were
interested in comparing the informative content of dif-
ferent sets of variables: a quite different matter. The first
evidence is that, since gauges were spread on a much
wider basin than Olona, the cross correlations are sig-
nificantly lower.Moggio andPaularo gauges were pruned
from the model, even if they did not show high cross-
correlation coefficients with the other stations, and hence
they seemed to provide a valuable fresh informative
content. Furthermore, Ampezzo and Pesariis gauges were
retained in the model, although they were the most cross
correlated ones. The correlations between water levels
and the rainfall data were around 0.5 for all the gauges,
and hence did not allow us to determine the gauges’
relevance to the variable to be predicted. In this case the
pruned network, thanks to its nonlinearity, captured an

informative redundancy between the rain gauges data
which the correlation analysis, able to detect only linear
relationships, did not recognize. The autoregressive
memory of the basin appeared to be of the order of 5.

The results on the 5-h-ahead forecast for the com-
pletely connected model and the pruned one are com-
pared in Table 4. The two models show very close
performances on both training and testing set. Similarly
to the Olona case study, an improvement of about 1–2%
of the testing performances was obtained retraining the
network on the merging of training and validation sets.

Plots of observed versus 5-h ahead forecasted water
level are shown in Fig. 8a, b for training and testing,
respectively, while Fig. 8c, d presents the scatter plots on
the whole time series.

Data on the reliability of the gauges on the Taglia-
mento river were not available and this prevented any
quantitative evaluation of the improvement in the fore-
cast availability between the complete and the pruned
predictor. However, advantages may be expected to be
higher than in the Olona case, since we pruned two
gauges here instead of one, and because the higher dis-
tances between the gauges certainly increased the sta-
tistical independence of the malfunctioning events at
different gauges.

4 Conclusions

Designing a neural network through pruning instead of
trial and error allows us to lower the number of
parameters by about one order of magnitude, over-
coming overfitting problems. Furthermore, pruned
models deliver a clear evidence of input variables rele-
vance, removing redundant inputs; indeed in our case
studies, we only had to poll just a limited number (60–
70%) of the available rain gauges in the basins.
Although relying on less information, their forecast

Fig. 7 The architecture of the
pruned neural predictor. ar
refers to autoregressive water-
level measurements (Venzone),
r1, r2, r3, r4 and r5 to Ampezzo,
Moggio, Paularo, Pesariis and
Resia rainfall measurements

Table 3 Cross correlations between rainfall data evaluated in cor-
respondence of cross-correlograms maxima

Gauges
couple

Cross
correlation

Gauges
couple

Cross
correlation

(Ampezzo–Moggio) 0.43 (Moggio–Pesariis) 0.43
(Ampezzo–Paularo) 0.55 (Moggio–Resia) 0.48
(Ampezzo–Pesariis) 0.69 (Paularo–Pesariis) 0.48
(Ampezzo–Resia) 0.42 (Paularo–Resia) 0.49
(Moggio–Paularo) 0.46 (Pesariis–Resia) 0.41
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accuracy was equivalent to fully connected models
containing many more parameters and linked to each
available rain gauge on the basin. Remarkably, pruned
models may also generalize better than fully connected
networks, taking advantage of a final retraining on the
merge of training and validation data, no longer
requiring us to waste precious data for early stopping
purposes. Using a reduced set of rainfall gauges can be
very convenient in real-time operations, making the

system less subject to downtimes due to missing data. A
rough estimate for the Olona basin showed that the re-
moval of a single gauge led to a forecast availability
improvement ranging between 2.5% and 5%. These
values are expected to increase on wider basins, where
the statistical dependence of malfunctioning episodes at
different gauges decreases.

To cope with these situations of data insufficiency, one
must set up a set of emergency models. Such emergency
models may use just one or few of the available gauges
and thus allow one to issue a forecast, with a reduced
level of accuracy, until at least some gauge is reachable in
the basin. Operating the pruned predictor instead of the

Table 4 Results on the 5-h-
ahead prediction on the
Tagliamento basin. Training
performances of the re-trained
network are obtained on the
concatenation of training and
validation set

Connected network [15] five
rain gauges

Pruned network (retrained) threes
rain gauges

Training Testing Training-validation Testing

Time series averaged indicators
RMSE – – 0.0087 0.0130
R2 0.89 0.85 0.87 0.88
q – – 0.93 0.94
High flows analysis
hf – – 0.26 0.18

Fig. 8 Five-hour-ahead simulations. The reversed y-axis (right-
hand side) provided in a, b is an estimate of the average rainfall on
the basin
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complete one provides equivalent performances and
higher reliability, reducing the need for the less precise
emergency models, and thus increasing the average
accuracy of the overall system.

Pruning results may be important also for cost
reductions: provided that adequately long time series
are available. Since the operating costs of the forecast
system increase with the number of the linked gauges
(e.g., because of the fee required to access the data of
the measuring network, or the cost of transmission
line installation), the Authority in charge of the fore-
cast system can link just the stations retained in a
predictor designed by pruning, with a clear reduction in
the budget.

Explaining why certain gauges are pruned from the
model is not always possible through correlation anal-
ysis, since it captures only linear relationships.

A desirable development of the algorithm would be
the possibility of removing groups of parameters instead
of a unique one; in this way, pruning could actually be
used for feature selection, thus constituting a great tool
in neural network modeling.
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