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Parameter estimation for rainfall-runoff models in ungauged basins is a challenging task that is receiving
significant attention by the scientific community. In fact, many practical applications suffer from problems
induced by data scarcity, given that hydrological observations are often sparse or unavailable. This study
focuses on regional calibration for a generic rainfall-runoff model. The maximum likelihood function in the
spectral domain proposed by Whittle [40] is approximated in the time domain by maximising the fit of
selected statistics of the river flow process, with the aim to propose a calibration procedure that can be
applied at regional scale. Accordingly, the statistics above are related to the dominant climate and catchment
characteristics, through regional regression relationships. The proposed technique is applied to the case
study of 4 catchments located in central Italy, which are treated as ungauged and are located in a region
where detailed hydrological, as well as geomorphologic and climatic information, is available. The results
obtained with the regional calibration are compared with those provided by a classical least squares
calibration in the time domain. The outcomes of the analysis confirm the potential of the proposed
methodology and show that regional information can be very effective for setting up hydrological models.
.it (S. Castiglioni),
bo.it (E. Toth),
anari@unibo.it (A. Montanari).

l rights reserved.
© 2010 Elsevier Ltd. All rights reserved.
1. Introduction

Calibration of rainfall-runoff (R-R) models in ungauged or scarcely
gauged basins is the subject of increasing attention by the hydrologic
community, especially after the introduction of the Prediction in
Ungauged Basins (PUB) initiative of the International Association of
Hydrological Sciences [30]. Indeed, the emerging need for efficient
water resources assessment and flood frequency estimation makes
the real world application of R-R models an attractive perspective,
with the potential problem that practical applications are almost
always concerned with ungauged or scarcely gauged catchments. This
is the reason why the scientific community recently proposed a
number of innovative approaches for R-R model calibration. Regional
calibration is an interesting option, based on the idea of linking R-R
model parameters to macro-scale properties of the contributing
catchment. So far, the contributions focused on the possibility to
directly estimate R-R model parameters with regional relationships
(see, for instance, [29,18,44,42,27,38,26,1]). This approach requires
the preliminary identification of a suitable hydrological model for the
study area. On the one hand it might be reasonable to assume that a
single R-R model is adequate for approximating the hydrological
regime of a whole region, especially if it is characterised by fairly
similar runoff generation processes. On the other hand, different data
and information availability, as well as different scales, may dictate
the necessity for the end users to consider different models in the
same region, therefore suggesting the need for a more flexible
procedure.

This paper presents a regional approach for the calibration of any
type of R-R model at regional scale. The basic concept underlying our
idea is that the way forward for modelling ungauged catchments is
the integration of any useful information in a parsimonious and
flexible model structure, whose complexity is to be adapted to the
consistency of the available data base. Within this approach regional
information is a valuable opportunity and the flexibility of the model
structure is an essential requirement.

The idea is to derive through regional relationships quantitative
signatures of the river flow regime like, for instance, selected flow
statistics, and then carry out model calibration by searching the
parameter sets that better reproduce the signatures themselves. The
literature proposes several approaches to regional estimation of river
flow statistics (traditional approaches are illustrated for instance in
[32,17,25,13]) and presents applications to different hydrological
problems and contexts such as peak flow estimation (see e.g.,
[12,6,7,20]) or frequency analysis of lowflows (see e.g., [34,15,31,8,19]).

Key research questions are (1) the selection of the signatures and
(2) how to search for the optimal parameter set. To address question
(1), we refer to the maximum likelihood estimation procedure
proposed by [40] in the context of time series models, which appears
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to be a promising tool in the PUB framework [22]. The Whittle's
maximum likelihood is basically based on matching the mean value
and the periodogram of observed and simulated time series (see
Section 2.1). Given that the periodogram can be expressed as a
function of the standard deviation and autocorrelogram of the river
flows [5], we select these statistics, together with the mean value, as
leading signatures for the calibration procedure. The reason for
selecting the above likelihood function is that the related signatures,
under certain assumptions, can be estimated by using regional
information, as we will show below. Moreover, Whittle's likelihood
has valuable statistical properties, namely, under mild assumptions it
provides asymptotically consistent and normally distributed esti-
mates. Even though the latter assumptions are generally not strictly
satisfied for rainfall-runoff models and the PUB context, the estimator
provides good approximations [22] and therefore appears to be a
useful guide for the selection of the above signatures. To address
question (2) above we apply a multiobjective calibration procedure to
simultaneously maximise the fit of the selected signatures.

The proposed approach is applied in validation mode (that is, by
assuming fully ungauged conditions) to 4 catchments located in a
fairly hydrologically homogeneous region of central Italy, for which
enough information is available to estimate the above statistics at the
regional level. The results show that (1) the proposed approach to R-R
model calibration is viable and flexible (i.e., it is not dependent on the
model structure), and (2) the use of the available regional information
enables the user to reduce the uncertainty of R-R models in
applications to ungauged basins.

2. An approximate maximum likelihood procedure for the
parsimonious calibration of rainfall-runoff models

Montanari and Toth [22] remarked that parameter calibration in
the spectral domain can be an interesting opportunity for hydrological
applications. Spectral methods were widely applied in the past for the
statistical analysis of hydrologic data (see, for instance, [4,14]) but
only recently they were considered for hydrological model calibra-
tion, by also focusing on wavelets analysis [28]. Spectral calibration is
particularly interesting for ungauged basins because the statistical
properties of river flows can be robustly inferred in the spectral
domain by using sparse information like fragmented and old river
flow records [22].

It is important to point out that the main difference between
spectral calibration and traditional procedures is not merely the
application in the spectral domain. In fact, Whittle's likelihood can be
translated in the time domain, as the periodogram can be estimated as
a function of river flow statistics. What makes Whittle's likelihood
different is the nature of the above statistics and the weight attributed
to them. Although Whittle's likelihood is conditioned by assumptions
that are difficult to fully meet in the context of PUB (see, for instance,
[11]), we believe it is particularly suitable for this very context in view
of the possibility to regionalise its computation. The purpose of this
paper is to provide a practical demonstration to this end. Within the
present contribution we assume that the input data for the selected R-
R model are available to produce model simulations for trial
parameter sets, whereas no hydrometric observations are used in
the ungauged calibrations.

2.1. The Whittle likelihood measure

The likelihood measure proposed by Whittle [40] for the
parameters of a generic model will be denoted as L(θ), where θ is
the model parameter vector. Note that the likelihood of a parameter
set θ is proportional to the probability of obtaining a correct model
simulation when the model parameter set is θ. For a stationary time
series L(θ) is computed on the spectral density (see, for instance,
[2,21]).
In order to introduce L(θ) for a R-R model, let us first focus on the
gauged basin case, for which N river flow observations are available to
calibrate the model. Once a model simulation of the N observations is
available for a trial parameter set θ, with the same mean value for
observed and simulated records, i.e. a zero mean simulation error
series, the Whittle's likelihood can be computed through the
approximate relationship

L θð Þ = exp − ∑
N =2

j=1
log JMðλj;θÞ + Jeðλj;θÞ

h i
+

JðλjÞ
JMðλj;θÞ + Jeðλj;θÞ

( )( )

ð1Þ

where λj=2πj/N are the Fourier frequencies; J is the periodogram of
the series of the N observed river flows; JM is the periodogram of the
hydrological model output, that depends on the parameter vector θ,
and Je is the periodogram of the simulation error which depends on
the standard deviation of the error itself. Under hypotheses on the
spectral densities [11], Whittle's likelihood provides asymptotically
consistent and normally distributed estimates in both the Gaussian
and non-Gaussian, linear and non-linear cases. However, Eq. (1) is
approximated because the likelihood should be computed on the
spectral densities of the simulation and simulation error rather than
on the periodograms (which are estimates for the corresponding
spectral densities) and, moreover, the periodograms JM and Je are
assumed to be mutually independent. For more details about the
Whittle's likelihood the interested reader may refer to [2] and [11].

Note that maximisation of Eq. (1) is equivalent to minimisation of
the absolute value of the summation at the right hand side. Moreover,
in the ungauged case the spectral density Je of the simulation error is
unknown and therefore it is assumed to be identically null. Therefore,
one has to make sure that the model simulation is unbiased (that is,
the mean value of the river flows is satisfactorily reproduced) and the
following objective function is then minimized in order to apply
Whittle's approximate likelihood [22]:

WðθÞ = ∑
N =2

j=1
log JMðλj;θÞ

h i
+

JðλjÞ
JMðλj;θÞ

( )
ð2Þ

in which the periodogram J(λj) is estimated in the present study by
using other information than the time series of observed flows.
According to this procedure, observed river flows are not needed to
perform themodel calibration, but nevertheless the capability to carry
out model simulations is required and therefore one needs input data
for the model itself. Usually this is not a very limiting requirement
because historical meteorological data (at least at coarse time scale)
and macro-scale information on the catchment are often available in
most parts of the world.

Minimising Eq. (2) implies that model calibration is carried out by
essentially matching the mean value and the periodogram of model
output and river flow. Given that any time series can be decomposed
in a sum of periodic components through a harmonic analysis, the
periodogram describes the variability of the time series that is
explained by each component. It is essential to note that the
periodogram can be derived from the autocovariance function of the
data. Therefore one may say that Whittle's likelihood performs model
calibration by essentially matching mean value and autocovariance
function of model output and observed river flow record.

2.2. Approximating the Whittle likelihood measure in the time domain

In order to apply the proposed calibrating approach in ungauged
basins one needs to estimate the mean value and periodogram in the
absence of observed data. In particular, if one aims to use regional
methods, the periodogram cannot be estimated by directly referring
to the spectral domain, because it would be impossible to infer the
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river flow variability explained by each of the Fourier frequencies.
However, a regional estimation of the periodogram is possible if one
shifts to the time domain and estimates with a regional procedure
mean value, standard deviation and autocorrelogram of the river
flows. There is an extensive literature about regional estimation of
mean value and variability while, to our knowledge, regionalization of
the autocorrelogramwas not inspected so far. A possible solution is to
fit the autocorrelogram with a parametric function and then
regionalise the related parameters. Accordingly, we assumed that
the memory structure of the river flows can be well approximated
with that of an Auto-Regressive first-order stochastic process (AR1,
see [5]). We are aware of the physical limitations of this latter
simplifying assumption, which was introduced for the sake of seeking
a robust estimation of the river flow autocorrelation properties, and
nevertheless it leads to a good fit for the short-term memory
properties. The same does not hold for the long term autocorrelation,
but in view of the uncertainty affecting PUB the approximation is
believed to be acceptable. A more refined regionalization procedure,
considering a two-parameter approximation for the autocorrelogram,
is the subject of on-going work.

Therefore, under the above assumptions model calibration is
equivalent to match the mean value μ(Q), standard deviation σ(Q)
and lag-1 autocorrelation coefficient ρ1(Q) of observed and simulated
streamflows, where the weight attributed to each statistic depends on
the river flowmagnitude.We postulate that the statistics above can be
derived by applying the regional procedure described in Section 5.1.

However, instead of identifying a single optimal solution we
preferred to apply a 3-objective calibration procedure therefore
identifying the full Pareto set of the non-dominated parameter vectors
θn for the R-R model [43], in order to inspect a wider range of
behavioral simulations in the presence of uncertainty in each of the
above statistics. In this way the user might also choose the fitting
accuracy for mean value, variability and persistence properties,
depending on the scopes of the problem at hand and the specific
behaviors of the case study. The envelope of the R-R model outputs
obtained by running the model with all the θn provides an indication
of the simulation uncertainty induced by fitting with different
accuracy the individual patterns of μ(Q) and the periodogram
resembled by σ(Q) and ρ1(Q).

The multiobjective optimisation was carried out by using a
recently developed multimethod evolutionary search, named AMAL-
GAM [36]. AMALGAM (A Multi Algorithm Genetically Adaptive
Method) runs simultaneously, for population evolution, a set of
different optimisation methods (namely NSGA-II, Differential Evolu-
tion, Adaptive Metropolis Search and Particle Swarm Optimisation),
resulting in a combination of the respective strengths by adaptively
updating the weights of these individual methods based on their
reproductive success (for more details see [36] and references
therein). This ensures a fast, reliable and computationally efficient
solution to multiobjective optimisation problems. The self-adaptive
search properties of AMALGAM make it able to quickly adjust to the
specific peculiarities and difficulties of each search problem and, in
addition, it reduces the need for tuning of the algorithmic
parameters.

In detail, we optimise with AMALGAM the following objective
functions:

ϕ1ðθÞ =
μ Q sðθÞ½ �− μ̂ðQÞ

μ̂ðQÞ
� �2

ð3Þ

ϕ2ðθÞ =
σ½Q sðθÞ�−σ̂ðQÞ

σ̂ðQÞ
� �2

ð4Þ

ϕ3ðθÞ =
ρ1 Q sðθÞ½ �−ρ̂1 ðQÞ

ρ̂1 ðQÞ
� �2

ð5Þ
where μ[Qs(θ)], σ[Qs(θ)] and ρ1[Qs(θ)] are the mean, standard
deviation and lag-one autocorrelation coefficient of the simulated
runoff series, and μ(̂Q), σ(̂Q) and ρ1(Q) are the corresponding values
obtained with regional relationships (see Section 5.1).

3. Rainfall-runoff model

The calibration method introduced in Section 2 is in principle
applicable to any R-R model. However, in view of the application to
the ungauged case it is advisable to restrain parameter uncertainty by
using a parsimonious model. In this study we use HYMOD, a five-
parameter lumped and conceptual model that was proposed by [3]
and recently used by [37], [35] and [22] among others. This model
consists of a relatively simple rainfall excess model that is connected
to two series of linear reservoirs. In detail, three identical reservoirs in
series are used to simulate the quick response and a single reservoir is
adopted for the slow response. HYMOD input data are precipitation
and evapotranspiration time series in addition to catchment area. The
five parameters of themodel are themaximumwater storage capacity
of the soil over the catchment, C [mm], a parameter representing the
degree of spatial variability of the water storage capacity itself over
the catchment, b [–], the fraction of rainfall excess that flows
downstream as quick response, a [–], and the fractions of quick, Rq
[–], and slow, Rs [–], reservoirs that empty at each time step.

4. Study area

The study area includes 52 catchments located in northern central
Italy (Fig. 1) for which at least five years of daily series of streamflow
records are available. It was checked that the river flow data are not
significantly affected by water storages and withdrawals. This set of
watersheds covers a wide range of hydrologic conditions. Table 1
reports the minimum, mean and maximum values of all selected
geomorphological and climatic and river network attributes. In detail,
the attributes are: drainage area, A (Km2); percentage of permeable
area, P (%); maximum, mean and minimum elevations, Hmax, Hmean

and Hmin (m above the sea level, m asl); average elevation relative to
Hmin, ΔH=Hmean−Hmin (m); main channel length, L (km); concen-
tration time, tc (h); mean annual precipitation,MAP (m);mean annual
temperature, TAM (C°) (see also [10]). The concentration time, tc (h),
was computed through Giandotti's equation (see [16] and also [10])
As shown in Table 1, mountainous and hilly, as well as pervious and
practically impervious basins are included (see also [8], Table 1 on p.
958 and Section 6.3). The high variability of perviousness can be
ascribed to the different geological units that are present in the study
area, which range from clayey formation (northern portion) to
fractured limestone (southern portion). The catchments are scarcely
urbanized, with the upper part covered by pastures and broad leaved
woods.

For a subset of 4 catchments (Candigliano River at Acqualagna,
Metauro River at Barco di Bellaguardia, Esino River at Moie and
Potenza River at Cannucciaro) simultaneous daily series of stream-
flow, precipitation and evapotranspiration are available with a
minimum continuous record length of three and a half years. The
observation periods are comprised between the years 1951 and 1978.
Mean areal precipitation over the catchment was computed by
applying the Thiessen polygons technique [8]. Daily evapotranspira-
tion series at catchment scale were derived from the Thornthwaite's
[33] equation. The quality of the data was tested and certified by the
former National Hydrographic Service of Italy.

The 4 catchments (see Fig. 1) were selected for testing the
proposed calibration procedure by assuming ungauged conditions.
This means that the related river flow records were only used for
verifying the model performances (see ALUC calibration in
Section 5.3).



Fig. 1. Study area: 52 basins utilized in the regional analysis; 4 study catchments where
the calibration procedure was tested in ungauged mode.
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5. Rainfall-runoff model calibration in ungauged conditions

To optimise the HYMOD parameters a regional analysis was first
developed in order to estimate μ(Q), σ(Q) and ρ1(Q) depending on the
geomorphological and climatic attributes.

5.1. Regional analysis

Three regional predictive models for μ(Q), σ(Q) and ρ1(Q) were
developed. To this aim, the geomorphological and climatic indexes for
the 52 sites, whose ranges of variation are reported in Table 1, were
regressed against the corresponding empirical values of μ(Q), σ(Q)
and ρ1(Q) through a multivariate stepwise regression analysis
[39,8,9].

In detail, we considered linear, logarithmic and exponential
regression relationships that, in this order, can be written as,

γðQÞ = a0 + a1x1 + a2x2 + ::: + anxn ð6Þ

γðQÞ = a0 + a1 logðx1Þ + a2 logðx2Þ + ::: + an logðxnÞ ð7Þ
γðQÞ = a0x

a1
1 xa22 :::xann ð8Þ

where γ(Q) is either μ(Q), σ(Q) or ρ1(Q), xi for i=1, 2,…, n, is the i-th
explanatory variable of themodel (i.e., a selected geomorphological or
climatic index), and ai, for i=0, 1, …, n, is the i-th regression
coefficient. The optimal subset of explanatory variables and the
Table 1
Minimum, mean and maximum values of geomorphological and climatic attributes of the 5

A P Hmax Hmean H
(km2) (%) (m asl) (m asl) (

Minimum 14.4 0.1 279.5 178.0
Average 351.1 49.1 2085.7 959.3
Maximum 3082.0 99.0 2914.0 1950.0 1
coefficients ai were estimated through the stepwise analysis. This
latter is carried out by adding at each step an explanatory variable,
namely the one minimising the Mallows statistic [39]. Then, simpler
regression models are tried by dropping in turn each one of the
explanatory variables that were previously included. The model
minimising the Mallows statistic is retained and then the procedure
adds one more explanatory variable, until no further reductions in
Mallows statistics can be obtained.

The following regression equations were finally identified:

μðQÞ = −3:907 + 0:016A−0:003Hmin +

−0:118L−0:422tc + 5:543MAP;

E = 0:95;Ej = 0:94

ð9Þ

σðQÞ = 0:0167P−0:133ΔH0:289L1:200MAP1:480;

E = 0:65;Ej = 0:51

ð10Þ

ρ1ðQÞ = 0:761 + 10−3ð1:6P−0:03Hmax + 0:04ΔH−69:41MAPÞ;

E = 0:67;Ej = 0:59

ð11Þ

In the relationships above the values of the Nash efficiency [24]
obtained in calibration, E, and in a jack-knife cross-validation, Ej are
indicated. The efficiency varies between −∞ and 1, where 1 indicates
the perfect fit, and 0 stands for amodel that performs as efficiently as a
mean regional value. The jack-knife cross-validation procedure was
carried out as in [8] and [9]. In detail, one catchment is supposed to be
ungauged and therefore the related data set is eliminated. Then,
Eqs. (9), (10) and (11) are recalibrated against the reduced data base.
The obtained regional model is then used to estimate the statistics for
the ungauged site. The procedure is repeated by excluding all stations
in turn, thereby obtaining a set of 52 jack-knifed estimates of each
statistic in ungauged mode. The small differences between E and
corresponding Ej point out a satisfactory robustness for the considered
regional models, which are therefore suitable for application in
ungauged basins (see also [8,9]). The results of the jack-knife
validation exercise are presented in Fig. 2.

5.2. Baseline calibrations

In order to better assess the performances of the calibration
procedure in the ungauged case, we first carried out two baseline
calibrations. The first is a classical calibration of HYMOD to the 4
considered basins by minimising the model residuals through a least
squares procedure. Hereafter wewill call it “classical calibration” (CC).
This exercise aims at obtaining indications about the HYMOD
performances in the considered catchments in gauged conditions.
The second calibrationwas carried out byminimising with AMALGAM
the objective functions (3), (4) and (5), but μ(̂Q), σ(̂Q) and ρ1̂(Q) were
computed by using the observed record instead of the regional
procedure described in Section 5.1. Given that the multiobjective
search leads to the identification of a Pareto set and not to a single
optimal solution, an average simulation was computed by taking at
each time step the mean value of the simulations given by all the non-
2 basins utilized in the regional analysis.

min ΔH L tc MAP TAM
m asl) (m) (km) (h) (m) (C°)

3.0 158.3 5.3 0.9 0.820 8.3
363.8 595.4 36.2 6.4 1.099 11.7
103.1 1543.2 159.9 18.9 1.530 15.3



Fig. 2. Scatter-plots reporting empirical versus regional estimates of μ(Q),σ(Q) and ρ
1
(Q);

regional estimates obtained by multiregression models (9)–(11) are represented as dots
(Multiregressive model), regional estimates obtained through cross-validation are
represented as circles (Jack-knife procedure); empirical and estimated values of the
statistics for the 4 test sites are also shown.
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dominated parameter vectors. Hereafter we will call it “approximate
likelihood direct calibration” (ALDC). This latter exercise aims first to
quantify the approximation introduced by using the approximate
likelihood instead of least squares. Of course a deterioration of the
performances is expected because the long term variability of the
river flow record is not described by neglecting the low frequencies of
the periodogram. Second, a comparison with the ALDC procedure will
allow quantifying the additional uncertainty induced by using
regional statistics instead of those computed on the observed record.
Table 2 reports the Nash efficiencies [24] obtained with the classical
calibration and approximate likelihood direct calibration.
5.3. Approximate likelihood in the ungauged case

We identified the Pareto set of the non-dominated solutions for
the test catchments by using AMALGAM to minimise the differences
computed through (3), (4) and (5) between the statistics of the
simulated data and the corresponding ones estimated through the
regional regression equations. In particular, since we simulated the
ungauged conditions for the four test sites, we used the jack-knife
estimates for the three considered statistics (see Section 5.1).
Therefore we were able to compute the envelope of the simulations
provided by the non-dominated sets as well as an average simulation.
This latter was used to compute the Nash efficiency with respect to
the observed river flow record, which is reported in Table 2. Figs. 3–6
show the scatter-plots of observed river flows versus the average
simulation. Figs. 7 and 8 report the obtained simulation envelopes and
the respective observed records for the Candigliano and Metauro
rivers, for a time window of 150 days around the event characterised
by the highest peak flow during the observation period.
6. Discussion of results

Table 2 shows that a deterioration of the performances is
experienced when using the approximate likelihood (ALDC) instead
of least squares (CC) for all river basins. Nevertheless, keeping in mind
that the approximate likelihood cannot take into account the low
frequency behaviors (long term autocorrelation) of the river flow
process, the results of this preliminary analysis are encouraging,
showing the potential of the proposed approach. Further experiments
are currently in progress, which also consider a more accurate
description of the persistence properties instead of referring to ρ1(Q)
only.

Concerning the calibration in ungauged mode (ALUC), one can see
that a slight decrease of the model reliability is experienced for the
Metauro River, for which the efficiency reduces from 0.58 to 0.51.

For the Candigliano and Esino catchments one notes that the
average simulation in the ungauged case (ALUC) is unexpectedly
characterised by a slightly improved efficiency with respect to the
direct calibration (ALDC). This outcome may be justified by the
presence of a significant model structural uncertainty, as shown by
the efficiencies of HYMOD.When additional uncertainty is introduced
by the ungauged calibration a compensation may occur therefore
hiding the deterioration of the performances.
Table 2
Nash efficiencies obtained with classical calibration (CC), approximate likelihood direct
calibration (ALDC) and approximate likelihood ungauged calibration (ALUC) for the
test catchments.

Basin CC ALDC ALUC

Candigliano 0.71 0.59 0.67
Metauro 0.63 0.58 0.51
Esino 0.61 0.51 0.55
Potenza 0.72 0.71 0.22

image of Fig.�2


Fig. 3. Candigliano River at Acqualagna. Scatterplot of observed versus simulated
(average simulation) river flows obtained with the non-dominated parameter sets
identified by AMALGAM in ungauged conditions (ALUC).

Fig. 5. Esino River at Moie. Scatterplot of observed versus simulated (average
simulation) river flows obtained with the non-dominated parameter sets identified
by AMALGAM in ungauged conditions (ALUC).
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Figs. 3–6 show that the average simulations are fairly unbiased,
with the exception of the Potenza River. For the Candigliano
catchment the simulation of the highest river flows is generally
satisfactory with a few exceptions. For the Metauro case the high
flows are generally underestimated, but the shape of the hydrograph
is overall satisfactorily reproduced, as confirmed by Fig. 8, where one
can see that most of the observations are included in the simulation
envelope. The Esino simulation shows no significant bias but the
presence of some unreliability in the reproduction of low to medium
discharges.

Even if these results point out that the model could be inaccurate
for some practical applications, it is nevertheless interesting to note
the significance of the information provided by the regional
calibration, which could also enable the user to restrict the feasible
space for the parameters.
Fig. 4. Metauro River at Barco di Bellaguardia. Scatterplot of observed versus simulated
(average simulation) river flows obtained with the non-dominated parameter sets
identified by AMALGAM in ungauged conditions (ALUC).
As Table 2 shows, Nash efficiency decreases significantly in the
ALUC experiment for the Potenza River, resulting equal to 0.22. This
deterioration of performance is mainly due to a significant overesti-
mation (see Fig. 6). Given the good ALDC performance for this very
catchment, these poor results are probably to be ascribed to the
regionalization procedure: in particular, a significant discrepancy
between the empirical value and jack-knife estimate of ρ1(Q) should
be noted in Fig. 2.

We believe it is worth discussing the value and the significance of
the simulation envelopes shown in Figs. 7 and 8. As amatter of fact the
terminology related to uncertainty used in the hydrological literature
is not always clear [23]. Therefore it is necessary to stress how each
envelope was obtained, that is, by encompassing all the simulations
provided by the non-dominated (lying on the Pareto front) parameter
sets identified by AMALGAM. Thus, the simulation envelope repre-
sents the uncertainty induced by the impossibility to identify a unique
Fig. 6. Potenza River at Cannucciaro. Scatterplot of observed versus simulated (average
simulation) river flows obtained with the non-dominated parameter sets identified by
AMALGAM in ungauged conditions (ALUC).
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Fig. 7. Candigliano River at Acqualagna. Simulation envelope (in light grey) obtained
with the non-dominated parameter sets identified by AMALGAM in ungauged
conditions (ALUC), along with the observed record (thick line), for the flood event
with the highest peak flow during the observation period.
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solution that optimises all the three calibration objectives adopted in
the study (i.e., μ(Q), σ(Q) and ρ1(Q)). This results in the non existence
of a unique candidate for the maximum likelihood parameter set, but
rather multiple candidates that originate a simulation envelope
instead of one optimal simulation. It follows that the simulation
envelope is not strictly representative of the actual discrepancy one
would expect between themodel output and the observations but just
of the simulation variability one obtains by travelling along the Pareto
front. The global uncertainty (i.e., the actual discrepancy between the
model output and the observations) is expected to be larger, for the
contribution given by additional sources of uncertainty like structural
inadequacy of the model and limited reliability of the regional
estimates. Accordingly, the obtained envelope is likely to represent a
lower limit for the global uncertainty and, in any case, cannot be
associated with an actual probability for an observation to fall within
it.

7. Conclusion

The idea proposed in this paper is to carry out the R-R model
calibration, in ungauged conditions, through an approximate regional
maximum likelihood approach. This latter is obtained by maximising,
through a multiobjective calibration procedure, the fit between the
mean, standard deviation and lag-one autocorrelation coefficient of
Fig. 8. Metauro River at Barco di Bellaguardia. Simulation envelope (in light grey)
obtained with the non-dominated parameter sets identified by AMALGAM in ungauged
conditions (ALUC), along with the observed record (thick line), for the flood event with
the highest peak flow during the observation period.
river flows simulated by the R-R model and the regional estimates of
the same statistics. We tested the proposed procedure with respect to
the case study of a wide geographical region in Italy. Within this
region we selected 4 catchments for which the HYMOD R-R model
was calibrated by assuming that no observations of river flows are
available.

The results show that the regional calibration procedure is
potentially able to convey useful information. In particular, regional
information may be useful for constraining the feasible parameter
space.

It is unlikely that the regional information is enough to calibrate a
rainfall-runoff model with the reliability that is required in real world
applications, especially if one takes into account that it might be
problematic to estimate the global uncertainty affecting the model
simulations. We propose an approach for estimating an envelope for
the model output that provides an idea of simulation uncertainty,
which was derived by encompassing the outputs provided by
different parameter sets lying on the Pareto front. However, this
envelope does not quantitatively estimate the actual discrepancy that
one would expect between model and reality, which might be
impossible to quantify in ungauged conditions.

The regional maximum likelihood may be an important piece of
knowledge to aid model calibration, in view of the idea that in
ungauged conditions the integration of different information is the
way forward to obtain indications to reduce the feasible space for the
model parameters. Indeed, we believe that integrating different types
of soft data, for instance by following the approach recently proposed
by [41], is an attractive perspective for process understanding and
hydrological modelling in ungauged locations. Regional information
could represent an avenue for future research, especially since it can
be exploited through numerous methods hydrologists are familiar
with. The integration of different competencies and skills may be a
compelling and fascinating feature for better understanding and
modelling ungauged basins.
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