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A B S T R A C T

Study region: Karst springs located in Central Apennine ridge (Central Italy), in the Tiber River 
basin.
Study focus: The assessment of water availability is a key issue in a water supply system because of 
increasing drought and water scarcity events. Analysing and predicting the dynamic behaviour of 
groundwater resources is challenging to conceptualize and model, especially in poorly-monitored 
systems. A parsimonious model based on linear regression between the monthly spring discharge 
time series and Standardized Precipitation Index is proposed. The model is conceived for man
agement purposes and suitable for users with a limited background in modelling techniques, who 
can take advantage from an initial knowledge of the aquifers hydrological regime.
New hydrological insights for the region: The model developed for long-term monitored springs is 
used to reconstruct the historical groundwater hydrographs and to make predictions for poorly- 
monitored springs with similar properties, exploiting the “similarity principle”. Results highlight 
the notable performance of this approach, which represents a useful tool for overcoming the 
limitations in spring discharge monitoring networks. Moreover, the tool is used to test forecast 
performance enabling water managers to develop a monthly early-warning system fostering a 
sustainable water resource exploitation and limiting the critical issues of the water supply system, 
especially during drought periods. Results are discussed from the perspective of the water utilities 
entrusted to manage their resources in the study region.

1. Introduction

According to UNESCO (United Nations, 2022) groundwater worldwide accounts for approximately 50 % of the total freshwater 
withdrawals for domestic use and roughly 25 % for irrigation. Due to its unique features (largely insensitive to evaporation, regionally 
ubiquitous, less variable, and generally less prone to develop pathogens under natural conditions with respect to surface waters), 
aquifers can be considered crucial resources, as they constitute “long-term” reservoirs (Gorelick and Zheng, 2015), claiming for a 
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careful management strategy over diverse time horizons, from years to decades.
Among groundwater, karst aquifers, which supply drinking water to 10 % of the world’s population (Olarinoye et al., 2020), play a 

crucial role in several areas of the planet (Apel et al., 2018; Chang et al., 2019; Shamsi et al., 2019; Cheng et al., 2021; Rezaei and 
Saatsaz, 2021; Rahbar et al., 2022). Focusing on the Mediterranean area, numerous studies have recently been carried out to improve 
the understanding of such systems, characterized by complex groundwater circulation and extreme vulnerability to both climate 
change and overexploitation, i.e. Albania (Eftimi et al., 2022), Algeria (Zerouali et al., 2021), Austria (Wunsch et al., 2022), France 
(Serène et al., 2022), Greece (Bekas et al., 2021), Italy (Mazzilli et al., 2019; Sappa et al., 2019; Fiorillo et al., 2020; Torresan et al., 
2020), Lebanon (Doummar et al., 2018; Dubois et al., 2020), Slovenia (Ćuk Đurović et al., 2022), Switzerland (Jeannin et al., 2021).

To characterize the hydrologic and hydrogeological features of karst aquifers, and to quantify spring discharge in relation to meteo- 
climate drivers, one can distinguish between physically-based and empirical (or semi-empirical) approaches (Fiorillo, 2014). The first 
ones allow for considering the internal structure of the systems and rely on equations representing the mass and/or energy water 
balance in a distributed way (Shrestha et al., 2012; Kavouri et al., 2017; Doummar et al., 2018; Dubois et al., 2020; Preziosi et al., 
2022). However such an approach presents some drawbacks limiting its use, especially for management purposes: i) despite recent 
efforts to increase the availability of observations (Olarinoye et al., 2020), often the limited number of discharge data prevent for a 
robust calibration (Nhu et al., 2020; Farzin et al., 2021); ii) the large number of parameters to estimate poses serious uncertainty 
concerns related to over-parametrization (Ebel and Loague, 2006; Shrestha et al., 2012; Kavouri et al., 2017; Chang et al., 2019); iii) in 
a context of participative management, complex models often suffer from issues of acceptability from stakeholders (Brugnach and 
Ingram, 2012; Amadio et al., 2024).

The above-mentioned difficulties have pushed in recent years the increasing interest in data-driven models, which consider the 
aquifer systems as a black-box or a combination of black-boxes (Romano et al., 2013; Zeydalinejad et al., 2020; Cheng et al., 2021; 
Jeannin et al., 2021; Bekas et al., 2021; Wunsch et al., 2022; Cinkus et al., 2023). However, also in this case the large amount of data 
necessary to drive the learning phase (Guyennon et al., 2021), as well as the still limited prediction capability (Zeydalinejad et al., 
2020), prevent from an extensive use of such an approach for management purposes, suggesting that simpler approaches based on 
linear or multi-linear relations are advisable (Apel et al., 2018).

These approaches rely on the estimation of the time-dependent cross-correlation between precipitation or recharge and discharge 
to define the system response (Fiorillo and Doglioni, 2010; Diodato et al., 2014; Sappa et al., 2019; Torresan et al., 2020). These studies 
pointed out the importance of estimating the time-lag between the seasonal variability of the precipitation and the seasonal variability 
of the spring discharge, implicitly accounting for the non-linearity due to the seasonal evapotranspiration, the soil moisture dynamic 
and the deep infiltration through the unsaturated zone. Advantages of such an approach are mainly attributed to the possibility of 
implementing automatic and robust procedures, fostering the use of these models by users with a limited background in modelling 
techniques (Romano et al., 2017, 2018).

We moved from these considerations to propose a parsimonious model for springs discharge reconstruction and forecast for 
drought management. It was conceived to be adopted in a context of participative water management, mainly addressed to water 
utilities and to foster the involvement of different stakeholders. The model addresses some specific needs usually arising in a gover
nance context: i) as management of water systems can be very difficult due to the potential conflict of interests among users (Brugnach 
and Ingram, 2012; Giordano et al., 2017), it is advisable to objectively define specific indicators able to clarify the relationship between 
drought severity and possible impacts (European Environmental Agency, 1999; EU, 2008); ii) early-warning system to forecast 
possible events of water shortage are of overall importance in a management framework: the clear and robust estimation of the 
time-lag between the precipitation variability and the spring discharge variability is a key issue for both emergency management and 
assessment of water supply system vulnerability to water shortage events (Giacomelli et al., 2008; Preziosi et al., 2013). This is even 
more important when developing new approaches to increase the water supply system resilience by diversifying management stra
tegies (e.g. ground and surface water conjunctive use) (Scanlon et al., 2023); iii) availability of data of spring discharge is often limited 
to a few years, preventing a robust statistical analysis and related modelling approaches, which is particularly limiting when coping 
with drought and water scarcity events, with return periods of several years.

The model we propose is based on a simple monthly linear regression of the Standardized Precipitation Index (SPI, McKee et al., 
1993) to the spring discharge, introducing a further degree of freedom accounting for the mean delay time from inflow (precipitation) 
to outflow (spring discharge). The use of the SPI, instead of the precipitation time series as a proxy for discharge estimates, presents 
several advantages: i) it can be directly adopted in a framework of drought events characterization through indexes (Wilhite et al., 
2000, 2007; Pereira et al., 2009; ii) the use of normalized indices, moving from absolute values to the frequency domain in terms of 
past estimated probability of occurrence (i.e., World Meteorological Organization, 2012; Romano and Preziosi, 2013; Colombo et al., 
2022; Colombo et al., 2023), allows for a direct comparison of precipitation time series collected at different locations and possibly 
affected by local and regional factors.

The proposed method is applied to 12 springs located in Central Italy characterized by two main types of karst aquifers: diffuse-type 
karst systems and conduit-type karst systems. The difference lies in the dual-porosity system (matrix vs. conduit), which consists of small 
fractures or large conduits networks, respectively (Kovács et al., 2005; Ghasemizadeh et al., 2012). In a diffuse-type karst system, 
aquifers are characterized by a dominant baseflow regime with high storage capacity; on the contrary, in a conduit-type karst system 
aquifers are characterized by a rapid flow-dominated regime, as they follow preferential pathways (i.e. large and open fractures), which 
result in rapid infiltration but reduced storage capacity (Fiorillo, 2014; Goldscheider, 2015). Such springs are also characterized by a 
bimodal behaviour with a transition from rapid to baseflow regime (Tamburini and Menichetti, 2020).

The analysis focuses on three main points: i) the performance of the model to reconstruct the observed monthly hydrographs, 
paying particular attention to the low-flow discharge interannual variability (occurring in the study area in late summer and autumn); 
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ii) the possibility to take advantage from the “principle of similarity” (Barthel et al., 2021, 2022; Haaf et al., 2023) to transpose in
formation from well monitored springs to scarcely monitored ones; iii) the early-warning ability of the model to correctly forecast low 
discharge events in relation to the actual precipitation regime within a time horizon of some months (see Section 3.3). Results are 
discussed from the perspective of the water utilities entrusted to manage these resources.

Fig. 1. Main hydrogeological complexes (ISPRA, 2013), location of the considered springs and associated recharge area.
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2. Data and methods

2.1. Study area and dataset

The study area focuses on the Apennine carbonate hydro-structure (in Central Italy) which is part of two different geological 
domains: the Latium-Abruzzi platform carbonate ridge and the Umbria-Marche pelagic carbonate ridge. Four springs belonging to the 
Latium-Abruzzi ridge (Acqua Marcia, Peschiera, Simbrivio and Pertuso) and eight springs belonging to the Umbria-Marche ridge 
(Bagnara, Boschetto, Lupa, Rasiglia Alzabove, Rumore, San Giovenale, Scirca and Vaccara) have been considered (Fig. 1). These 
springs are fed by highly fractured and karstified aquifers, that drain groundwater stored in carbonate formations, which are generally 
hydraulically isolated by marly lithotypes (flysch sequences or other non-karstic less permeable rocks) (White, 2002; Fiorillo et al., 
2014). These karst springs represent important resources for drinking water supply in Central Italy. All the springs but Boschetto and 
Alzabove are managed by ACEA SpA, a multiutility company which operates mainly in Central Italy, supplying drinking water to more 
than 9 million users in five Italian regions, including the Umbria region, the city of Rome and a large part of its hinterland (Passaretti 
et al., 2022). Among the analyzed springs, Bagnara, Rumore, San Giovenale, Lupa, Scirca and Vaccara, located in the Umbria-Marche 
ridge, are monitored by the Umbria Environmental Protection Agency (ARPA Umbria); Acqua Marcia, Peschiera, Simbrivio and 
Pertuso, located in the Latium-Abruzzi platform ridge, are managed by ACEA Ato2 SpA (a water utility belonging to the ACEA SpA 
group). The karst springs of Bagnara, San Giovenale and Scirca are the main sources of drinking water supply for twelve municipalities 
in the Umbria region, serving more than 250’000 inhabitants; Rumore and Vaccara karst springs meet civil water needs of roughly 
10’000 users in the north-east of the municipality of Perugia; the karst springs of Lupa, Rasiglia Alzabove and Boschetto supply the 
aqueduct systems in the south-east of the Perugia municipality, serving more than 175’000 users. In reference to the springs located in 
the south-east of the entire study area, the Acqua Marcia and Peschiera karst springs supply about 4 million users, approximately 90 % 
of the water demand of the city of Rome. Finally, the Simbrivio and Pertuso aqueducts represent a fundamental water supply system for 
more than 500’000 users in the south-east of the Roman area.

It is worth stressing that all the analyzed spring hydrographs are not influenced by anthropic actions that may modify their natural 
flow, such as pumping from the aquifer. Therefore, their hydrological regime follows a natural cycle. However, to exclude any possible 
cause of permanent perturbation in the hydrographs, the consistency of the available data series over time was preliminarily assessed.

The hydrogeological complexes of the entire study area are partly calcareous and partly flysch complexes, with traces of marly and 
clay complexes acting as aquicludes.

The Umbria-Marche ridge is mainly composed by marly lithotypes and by an extensive limestone hydrogeological complex, which 
affects the carbonate ridge in the eastern and southern sectors of the domain (from Triassic to Cretaceous in age) (Tamburini and 
Menichetti, 2020). The main complexes are made up of three superimposed carbonatic aquifers, belonging to the Umbria-Marche 
Succession, with high permeability and high storage capacity: the basal aquifer of the Calcare Massiccio complex, the middle 
aquifer of the Maiolica complex and the upper aquifer of the Scaglia complex. The marly-clay complexes (such as the “Marne a Fucoidi” 
formation) represent a regional aquiclude that divides the groundwater circulation of the calcareous complexes (Mastrorillo et al., 
2009). The entire sector of the Umbria-Marche area is represented by the anticline of six hydro-structures, moving from North to South: 
Mt. Cucco, Mt. Maggio-Mt. Penna, Mt. Burella, Mt. Pennino, Mt. Torricello, Mt. Aspra-Mt. Coscerno. These hydro-structures are aligned 
and hydrologically isolated, feeding one or more karst springs with different hydrological regimes (Minissale and Vaselli, 2011). In this 
area, the contact between the limestone and marly formations gives rise to the karst springs. The “Marne a Fucoidi” formation, thanks 
to its low permeability characteristics, forms a threshold that allows groundwater to emerge (Boni et al., 1986, 2005).

The Latium-Abruzzi ridge is composed of highly fractured carbonate aquifers belonging to the carbonate platform domain, ranging 
from Triassic to Paleocene age, overlain by silicoclastic foredeep sediments of Miocene age, where the main tectonic elements in the 
Apennine direction (Northwest–Southwest) are supposed to drive the groundwater flow (Boni et al., 1986; Sani et al., 2004). The 
dolomitic and evaporitic Triassic basement, which outcrops in the eastern sector of the area, represents the aquifer bedrock. The 
northern sector of the Latium-Abruzzi ridge is composed of an intramontane depression bordered by Mt. Reatini and Mt. Nuria car
bonate complexes, locally covered by fluvio-lacustrine and alluvial deposits of the Velino river basin (Petitta, 2009). The south-eastern 
sector includes the Aniene river valley bordered by Mt. Simbruini. The lithological sequence outcropping in the upper valley of the 
Aniene river involves the Latium-Abruzzi carbonate platform. This area is mainly composed of Cretaceous highly permeable and 
deeply fractured carbonate complexes, alternating with less soluble dolomites (Cosentino et al., 2010; Bono and Percopo, 1996).

Groundwater dynamic is mainly dominated by rainfall inputs providing recharge to all aquifers located in the study area, which are 
fed by karst features such as sinkholes, dolines, swallow holes and fractures. As mentioned in Section 1, the hydrological behaviour of 
the selected karst systems shows duality in recharge, infiltration, flow and storage dynamics (Tóth, 1999; Adinolfi Falcone et al., 2008) 
recognising two main types of karst aquifers: diffuse-type karst systems and conduit-type karst systems. However, there are also springs 
with a bimodal behaviour that lie between these two types of karst systems. Therefore, the springs selected in the study area can be 
divided into three categories (see Section 3.2): i) the Peschiera spring is attributable to a diffuse-type karst system with a dominant 
baseflow regime; its hydrograph is characterized by smoothed peaks; ii) the Lupa, San Giovenale, Rasiglia Alzabove, Simbrivio and 
Pertuso springs can be recognized as a conduit-type karst system (Sappa and Ferranti, 2014; Granata et al., 2018; Tamburini and 
Menichetti, 2020; Di Nunno et al., 2021), characterized by rapid flow regime in terms of infiltration and recharge capacities; iii) the 
Acqua Marcia, Scirca, Vaccara, Bagnara and Boschetto springs show a bimodal behaviour: firstly, the aquifer is characterized by a fast 
drainage with many discharge peaks following rainfall events; secondly, the aquifer is dominated by a baseflow regime where drainage 
is controlled by matrix porosity (Cambi et al., 2010; Fiorillo et al., 2014). Despite the limited hydrogeological information available in 
the literature, looking at the hydrograph, Rumore spring seems to share the same behaviour.
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Table 1 summarises the hydrological and climatic characteristics of the selected karst aquifers and related recharge areas.
The sample size refers to the monitoring time span expressed in years. Original data were made available at daily scale for eight 

springs belonging to the Umbria-Marche ridge (Bagnara, Boschetto, Lupa, Rasiglia Alzabove, Rumore, San Giovenale, Scirca and 
Vaccara) and at hourly scale for four springs belonging to the Latium-Abruzzi ridge (Peschiera, Acqua Marcia, Simbrivio and Pertuso). 
The monthly time series (average monthly discharge) have been obtained considering those months having at least 80 % of available 
daily data.

There is a significant range of variability in hydrological characteristics across the considered aquifers. It should be noted that the 
occurrence of the minimum spring discharge is not simultaneous for all aquifers. More specifically, the maximum spring discharge for 
the largest aquifer (i.e. Peschiera) occurs when the others provide the minimum spring discharge. The differences on the hydro
geological features described above are statistically reflected by the coefficient of variation (CV) calculated for the yearly series of 
spring discharge (Q). In particular, except for the Peschiera spring, which presents low variability in the hydrograph with smoothed 
peaks, the CV ranges between 0.2 and 0.7. Regarding the precipitation regime (Romano et al., 2021), the mean annual precipitation 
(Avg P) estimated on each recharge area for the reference period 1990–2020, ranges from roughly 1000 mm/y (i.e. Rasiglia Alzabove) 
to almost 1150 mm/y (i.e. Lupa, Scirca), the rainiest seasons being spring and autumn.

2.2. Precipitation anomaly spring discharge model

The precipitation anomaly spring discharge model (hereinafter SPIQspring) is based on the simple assumption that the monthly 
discharge of a karst spring is linearly related to an anomaly precipitation index, such as the Standardized Precipitation Index (McKee 
et al., 1993), according to the following equation: 

Q∗(mi) = a0(m)+ a1(m) • SPIXm (mi − τm) (1) 

where Q*(mi) is the modelled spring discharge [L3•t− 1] for the month m, year i, and SPIXm (mi- τm) is the SPI computed for the month mi 
- τm on the precipitations cumulated over X months (Xm). The term τm represents the delay time between the occurrence of the 
infiltration process on the ground and the subsequent spring discharge. The coefficients a0(m) and a1(m) [L3•t− 1] represent the 
estimated mean discharge of the month m and a scale factor of the linear relationship between the precipitation anomaly and the 
discharge anomaly Q(mi) - a0(m). These coefficients are calibrated for each month m through the least-square method. The accu
mulation period Xm and the delay τm are selected for each month maximising the Pearson correlation with the spring discharge. In the 
following, we refer as correlation matrix the Pearson correlations calculated along the Xm and τm axis. It is worth stressing that the 
delay time τm represents a forecast time horizon from a management perspective, as the discharge at month m is linearly related to the 
precipitation cumulated over Xm months and observed at month mi - τm.

The SPI time series have been computed considering aggregation periods from 1 to 24 months. Monthly precipitation time series, 
considering ground stations with at least 30 years of data spanning from 1960 to 2023, have been regionalized with an ordinary kriging 
technique and the related SPI time series have been computed considering Gamma distributions calibrated on each resulting node over 
the 1960–1990 baseline. The overall procedure is described in detail in Romano et al. (2021). Hereinafter, we shall refer to those time 
series as “observed SPI”.

The use of standardized indexes instead of height of precipitation as proxy to reconstruct the observed spring discharge, allows 
overcoming issues related to the identification of the recharge areas, as well as to the estimate of the spatial heterogeneity of mete
orological input over such areas (being the anomalies less variable in space than the absolute values of rainfall, Peres et al., 2023). On 
the other hand, it is worth stressing that the use of SPIs could entail the disadvantages of modelling the precipitation series by using a 
unique distribution law chosen, which may be suitable in some areas but not in others. This can be observed mainly in tails of the 

Table 1 
Main hydrological and climatic characteristics for each aquifer: hydro-structures, recharge area extension, sample size of spring discharge time series, 
mean annual precipitation (Avg P), mean annual standard deviation of precipitation (SD P), mean annual spring discharge (Avg Q), coefficient of 
variation of spring discharge (CV Q), annual minimum spring discharge occurrence (Months of Q minima).

Aquifer Hydro-Structures Recharge area 
[km2]

Sample size 
[year]

Avg P 
[mm]

SD P 
[mm]

Avg Q [m3/ 
s]

CV Q 
[-]

Months of Q 
minima

Acqua Marcia Mt. Simbruini 256 23 1089 229 4.56 0.2 Sep – Nov
Bagnara Mt. Pennino 8.58 26 1054 162 0.10 0.7 Sep – Nov
Boschetto Mt. Penna 8.98 17 1070 164 0.19 0.6 Aug-Oct
Lupa Mt. Aspra - Mt. 

Coscerno
87.8 26 1147 265 0.12 0.5 Sep – Nov

Pertuso Mt. Simbruini 44.65 14 1048 205 1.45 0.5 Sep – Nov
Peschiera Mt. Sirente - Velino 595 17 1102 229 17.80 0.08 Jan – Mar
Rasiglia 
Alzabove

Mt. Torricello 19.88 26 996 350 0.27 0.2 Sep – Nov

Rumore Mt. Maggio - 17 1002 209 0.020 0.3 Aug-Oct
San Giovenale Mt. Burella 8.82 26 1009 193 0.38 0.6 Sep – Nov
Scirca Mt. Cucco 11.58 17 1164 218 0.21 0.4 Aug-Oct
Simbrivio Mt. Simbruini 30 25 1052 218 0.36 0.5 Aug-Oct
Vaccara Mt. Maggio 6.5 17 1121 198 0.13 0.5 Aug-Oct

N. Guyennon et al.                                                                                                                                                                                                    Journal of Hydrology: Regional Studies 56 (2024) 102021 

5 



sample distributions, depending on the goodness of fit of the theoretical Gamma distribution (according to the standard approach 
proposed by McKee et al., 1993). In this regard, several studies have shown that the Gamma distribution can be broadly recommended 
over Europe as a default distribution (Lloyd-Hughes and Saunders, 2022; Stagge et al., 2015). More specifically, although other dis
tributions may perform better in some areas, the differences tend to be negligible in terms of SPI spectrum evaluation and drought 
events identification (Moccia et al., 2022). Bearing this in mind, and to keep the computational effort of the model at a level accessible 
to any user, in this work we have calculated the SPI series using the standard approach.

The application of SPIQspring as presented by Eq. (1) and automatically implemented by maximizing the Pearson correlation, can be 
considered fully “unsupervised”. In the following, we present two “supervised” applications of the model, to address (i) over- 
parametrization issues in case of limited available spring discharge observations and (ii) for forecast application. Associated simpli
fied flow chart is presented in Fig. 2.

The unsupervised approach is fully automatic and allows seeking patterns and insights without any explicit operator guidance or 
instruction. In this case, the best correlation and corresponding parameters (Xm, τm) are automatically selected (see Fig. 2a) and the 
procedure can be easily implemented in algorithms that do not need any intervention by the user.

The supervised approaches are user-driven techniques. The first uses a known dataset (“reference spring observed discharge” in 
Fig. 2b) to assign the calculated parameters (Xm, τm) to a target spring (“target spring observed discharge” in Fig. 2b) and make 
predictions (“target spring reconstructed discharge”, Fig. 2b). The second allows to select manually the SPI scale and delay (Eq. 1) 
based on the correlation matrix between SPIs and observed discharge to optimize the advance in forecasting the low-regime outflow 
for planning over a time horizon of few months (Fig. 2c).

2.3. Applying the similarity approach to the SPIQspring model for reconstruction purposes

One of the key issues usually faced by the water managers is the scarcity of available data limiting the possibility to analyze long 
time series of hydrological data. This may also lead to an overparameterization of the proposed SPIQspring. One possible approach to 
address this issue is to exploit the “similarity principle” stating that “similar catchments, exposed to similar weather conditions, will 
generate a similar discharge response at the catchment outlet” (Barthel et al., 2021). Such an approach, extensively adopted in surface 
hydrology especially in ungauged basins (Hrachowitz et al., 2013), was recently extended and applied to groundwater hydrology (Haaf 
and Barthel, 2018; Giese et al., 2020; Barthel et al., 2022; Haaf et al., 2023).

In this work we explore the possibility to take advantage from the similarity approach, reconstructing the hydrographs of a target 
spring with a limited number of data simply applying the parameters Xm and τm of the SPIQspring model calibrated on a reference gauged 
spring, as illustrated in Fig. 2b.

To evaluate the advantage of using such an approach, the following procedure is adopted: 

i. A clustering analysis is performed on the monthly hydrographs of the 12 springs to group them in similar clusters. The analysis is 
performed using the k-means technique (i.e. Sun et al., 2012; Haaf and Barthel, 2018), a clustering method based on the 
minimization of the within-cluster dissimilarity measured by the Euclidean distance. It has successfully been employed in 
groundwater hydrograph clustering (Bloomfield et al., 2015). The choice of the parameter k allows selecting the number of 

Fig. 2. Simplified flow chart of unsupervised application of SPIQspring (a) and two supervised applications to (b) address over-parametrization issues 
(similarity approach) and (c) to extend forecast abilities.
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clusters. In the following, we consider five clusters (a detailed description of the adopted partition is provided in Figure S1 of the 
Supplementary material).

ii. For each spring i, the available discharge time series is split into two or three continuous subsets (depending on the original 
amount of data, to obtain subsets covering 7–8 years each) to simulate a limited amount of data. The SPIQspring is then calibrated 
on a subset, and the estimated parameters are used to reconstruct the monthly discharge of the validation subset (one or two, 
depending on the original length of the time series). We shall refer to this approach as SPIQreduced

spring (SPIQspring applied on a 
reduced number of data).

iii. We identify each possible pair of springs (i,j), using the same split datasets as point 2. The partial hydrograph of the spring i is 
reconstructed by means of the SPIQspring using the Xm and τm parameters calibrated on the spring j entire hydrograph. Here

inafter, we shall refer to these reconstructions as SPIQsimilarity
spring (SPIQspring applied exploiting the similarity approach).

iv. Finally, we compare the performance obtained by the SPIQreduced
spring and the SPIQsimilarity

spring of the validation subset. The underlying 
hypothesis is that the degradation of the model’s performance is less when using coefficients calibrated on springs belonging to 
the same cluster (SPIQsimilarity

spring applied within a cluster) rather than using those calibrated on spring itself using a limited amount 

of data (SPIQreduced
spring ). The proposed procedure able to assess whether, in case of limited number of data (few years) that prevents 

from fully capturing the meteorological and hydrological interannual variability, it is advisable to rely on a few but observed 
data anyway, or it is better to rely on the information grabbed from “similar” hydro-structures. Results from SPIQsimilarity

spring and 

SPIQreduced
spring are compared in terms of correlation coefficient and root mean square error, taking advantage from the Taylor di

agram representation (Taylor, 2001).

2.4. Applying the SPIQspring model for forecast purposes

As presented in Section 2.2, the forecast ability of the proposed model relies on the delay parameter τm, calibrated on the observed 
discharge time series. As illustrated in Fig. 2c, in the forecast application, the user can manually assign the SPI scale and delay based on 
the correlation matrix between SPIs and observed discharge in the two dimensions (Xm, τm) space in order to favour the delay (τm) over 

Fig. 3. Observed and reproduced (SPIQspring) monthly spring discharge for each considered spring.
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the best performance (selected in the unsupervised SPIQspring). Here we assume the perspective of the water managers, who are 
interested in forecasting the low-regime outflow for planning over a time horizon of few months (early-warning). Therefore, to assess 
the forecast performance of the SPIQspring, we considered for each spring a three-month period characterized on average by the 
occurrence of minimum spring flow values (see Table 1).

The forecast is performed for each considered month through a leave-one-out procedure (Hawkins et al., 2003) over the available 
hydrological years. The reliability of the forecast results is then evaluated by classifying the forecasted products as “true” or “false” 
with respect to observations. In particular, we consider the 25th percentile of the outflow observed in the low-regime months (months 
of Q minima in Table 1) as upper threshold to define a “water scarcity event” and we evaluate the ability of the model to correctly 
predict such events. From the four possible outcomes of a forecast: true positive (TP), false positive (FP), false negative (FN) and true 
negative (TN) we calculate the true positive rate (TPR) and the false positive rate (FPR) as: 

TPR =
TP

TP + FN
(2) 

FPR =
FP

FP + TN
(3) 

We use the receiver operating characteristic (ROC) (Wilks, 2019), reporting the forecast performance in the TPR-FPR space, to 
compare the springs model forecast ability to correctly discriminate dry hydrological events during the annual low-flow phase.

3. Results

3.1. Model performance

Fig. 3 presents the observed and reconstructed (SPIQspring) discharge for each considered spring over a common baseline 
(1996–2023).

Fig. 4. Assessment of the unsupervised SPIQspring performance for each spring in term of NMAE (%) during calibration (black lines) and validation 
(red lines). Uncertainty associated with the random sampling is reported as NMAE standard deviation (error bar). The period of seasonal minimum 
is reported for each spring with a shadowed area.
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A general observation is the ability of SPIQspring to reproduce the different hydro-structures’ responses and to capture specific 
drought conditions, despite its simplicity. Let us consider as an example the minimum flow regime simulated for Acqua Marcia and 
Peschiera in 2008 (Figs. 3a and f, respectively) or for Lupa and Rasiglia Alzabove in 2013 (Figs. 3d and g, respectively).

To quantitatively assess the performance of the model for each spring, observed monthly data of discharge are split into two subsets 
of 60 % and 40 % for calibration and validation respectively, using a random sampling stratified over the observed spring discharge. 
Results are presented in Fig. 4 comparing the normalized mean absolute error (NMAE) for each month for both calibration and 
validation. The random sampling procedure is repeated 50 times to assess the associated uncertainty. The resulting standard deviation 

Fig. 5. Supervised SPIQspring for reconstruction purposes. Panel a: k-means clustering of the considered springs. Panel b: simplified conceptual 
scheme to support interpretation of panel c. Panel c: Comparison of model performance for each spring between unsupervised and similarity 
approach applications in terms of standard deviation, correlation coefficient and centred root mean square error.
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of the NMAE is reported as error bar.
The overall mean error is 14.5 % +/- 2.2 (ranging from 3.0 % to 25.3 %) and 23.0 % +/- 6.7 (ranging from 5.9 % to 39.8 %) for 

calibration and validation, respectively. The performance of validation mainly follows the performance of the calibration (ratio be
tween validation and calibration mean NMAE ranging from 1.3 % to 2.0 % with a mean value of 1.6 %) except for Pertuso spring 
(2.5 %), which results strongly over estimated (in absolute values), mainly during April, June and November. Peschiera, Acqua Marcia, 
Rasiglia Alzabove and Rumore present the best performance (mean NMAE ranging from 3.0 % to 11.0 % and 5.9–19.5 % for cali
bration and validation, respectively). It is worth highlighting that these four springs present different hydrogeological characteristics, 
from large diffuse-type karst systems to conduit-type karst systems (see Section 3.2). On the other hand, Boschetto and Bagnara present 
the lowest (mean NMAE of 22.5 % and 25.3 %; 39.8 % and 32.8 % for calibration and validation, respectively). No systematical 
seasonality can be observed in the model performances, but 5 over the 12 considered springs (Bagnara, Boschetto, Scirca, Vaccara and 
Simbrivio) show worse performances during the late autumn, due to the lower ability of the model to represent the fast response of the 
aquifers to rainfall peaks occurring during the low-discharge regime.

More generally, the model tends to perform better during the recession phase toward the spring minima (shadowed area in Fig. 4). 
Such behaviour is particularly useful for drought management. In fact, the overall mean error during the month of minimum discharge 
(Table 1) does not exceed 15 % (7.9 % +/-1.5 and 14.6 % +/- 4.3 for calibration and validation, respectively) despite the contrast 
between the simplicity of the model and the complexity of the considered spring hydrogeological structures.

3.2. Similarity approach

The k-means clustering performed following Haaf and Barthel (2018) is presented in Fig. 5a. The identified clusters mirror the karst 
aquifers’ hydro-structure features. More specifically: 

i. the Peschiera spring is characterized by a diffuse-type karst system, as its karst network is not highly developed or inter
connected, which makes it more responsive to long-term variability of precipitation, that develop over a year or more (Romano 
et al., 2013). The hydrograph for this type of aquifer is characterized by smoothed peaks and a dominant baseflow regime, where 
drainage is controlled by matrix volume porosity, giving the supplied water system considerable resilience in terms of constant 
water availability over the years and high storage capacity (Petitta, 2009; Civita and Fiorucci, 2010; Barbieri et al., 2017);

ii. the Acqua Marcia, Scirca, Vaccara, Bagnara and Boschetto springs show a bimodal behaviour: firstly, the aquifer is charac
terized by a fast drainage with many discharge peaks following rainfall events; secondly, the aquifer is dominated by a baseflow 
regime where drainage is controlled by matrix porosity (Cambi et al., 2010; Fiorillo et al., 2014). Despite the limited hydro
geological information available in the literature, looking at the hydrograph, Rumore spring seems to have the same behaviour. 
More specifically, (Tamburini and Menichetti, 2020), in their analysis of the recession curves, find that Scirca and Bagnara 
springs have a rapid flow-dominated regime and that the transition from rapid- to baseflow regime occurs during dry periods; 
Vaccara and Boschetto springs show the same transition after 30–50 days, indicating that slow drainage is the dominant 
component for most of the years;

iii. the Lupa, San Giovenale, Rasiglia Alzabove, Simbrivio and Pertuso springs can be recognized as a rapid flow system (Sappa and 
Ferranti, 2014; Granata et al., 2018; Tamburini and Menichetti, 2020; Di Nunno et al., 2021), due to a well-developed karst 
network resulting from the karstification processes (Hartmann et al., 2014), which characterizes a conduit-type karst system. 
This type of karst aquifer is characterized by rapid infiltration and recharge capacities controlled by large fractures and open 
conduits network (White, 2002; Hu et al., 2008), resulting in a reduced storage capacity. Indeed, these systems show marked 
peaks in the spring hydrograph because of precipitation events, but some differences can be observed between springs 
belonging to the same cluster. In particular, Simbrivio and Pertuso springs, compared to Lupa, Rasiglia Alzabove and San 
Giovenale springs, although they are all classified as rapid flow-dominated regime, have different degrees of permeability and 
karstification of the carbonate reservoir, resulting in slight differences in the groundwater recharge and transmission processes, 
which are also influenced by the extension of the recharge area.

The three main categories discussed above on the base of hydrogeological considerations correspond to the three main branches 
identified by the cluster analysis (Fig. 5a), except for Acqua Marcia. Such discrepancy can be explained by the large recharge area of 
Acqua Marcia (Table 1), more similar to the Peschiera than the other considered bimodal springs, resulting in a general slower 
response to seasonality, as observed in Fig. 3.

Taylor diagram (Taylor, 2001) is used to evaluate the accuracy of modelling approaches: this polar plot allows to visually evaluate 
the goodness of the modelling results with respect to the observed data. It is based on the geometrical relationship between the 
standard deviation, correlation coefficient and centred root mean square error of both modelled and observed discharge time series. 
SPIQspring, SPIQsimilarity

spring , SPIQreduced
spring applications are represented as singular points: the closer a modelling approach to the observed 

variable, the better its modelling capacity (Abbasi et al., 2019).
Each cluster is identified by a marker, as presented in Fig. 5a. For each subplot in Fig. 5c (referred to each spring), the current spring 

model performance is presented by an empty red marker (SPIQspring applied to the full dataset), the SPIQreduced
spring by two or three red 

crosses and the SPIQsimilarity
spring by two or three full markers (depending on the number of considered sub-period, as detailed in Section 2.3). 

Thus, the full markers using the same symbol as the empty red marker are the SPIQsimilarity
spring applied within the considered spring cluster.
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It is hypothesized that, in case of limited number of data (i.e. SPIQreduced
spring , red cross in Fig. 5b), it is better to rely on the information 

from similar hydro-structures, i.e. SPIQsimilarity
spring applied to springs within the same cluster (full circle in Fig. 5b), without reaching the 

performance obtained by the original SPIQspring applied to the complete dataset (empty red circle in Fig. 5b).

As expected, Fig. 5c shows that for all the considered springs, the SPIQsimilarity
spring applied within the same cluster performs better than 

the SPIQreduced
spring . Moreover, some gain can be observed when applied to a neighbour cluster, as for the Lupa spring for example, where 

better performances than SPIQreduced
spring can be observed with SPIQsimilarity

spring both within the same cluster (full-square) and from the Sim

brivio and Pertuso cluster (small full circles). It is also worth noting that while the SPIQreduced
spring performance strongly depends on the 

considered sub-period (i.e. the red crosses are highly scattered), the applications of SPIQsimilarity
spring are more robust (i.e. the full markers 

are more compact). This indicates that the scale (Xm) and delay (τm) calibration is more sensitive to the lack of data than the regression 
coefficient (a0 and a1).

The presented results point out that when few data (i.e. less than 10 years) are available (as simulated in SPIQreduced
spring ), it is better to 

rely on a similar (i.e. within the same cluster) spring for the scale (Xm) and delay (τm) calibration (i.e. SPIQsimilarity
spring ) following the 

Fig. 6. Supervised SPIQspring for forecast purposes by a water managers perspective: a) correlation matrix between SPI scale (Xm) and delay (τm) to 
select the best combination while accepting a minimum loss in model performance; b) monthly average hydrograph (grey area represent the range 
between the 25th and the 75th percentile of the monthly spring discharge time series) and the predictive ability (black arrows): it is possible to 
continuously follow the evolution of the spring hydrograph in advance, focusing on the recession curve; c) ROC curve to identify the rate of success 
in forecasting critical events; d) Identified best early-warning combinations expressed in terms of start minimum period (x-axis) and “forecast 
horizon” (delay τm, y-axis).
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similarity approach.

3.3. Forecast

The forecast ability of the proposed model relies on the delay parameter τm. Fig. 6a presents a correlation matrix between observed 
discharge and observed SPIs in the (Xm,τm) space (obtained for September for the San Giovenale spring). While in the unsupervised 
procedure, the best correlation and corresponding (Xm,τm) parameters is automatically selected (see Fig. 2a), a manual selection can 
foster the forecast, with a minimum decrease of the model performance, as illustrated by the black arrow in Fig. 6a. This supervised 
step of calibration aims to both increase and simplify the forecast procedure, as illustrated in Fig. 6b for the San Giovenale spring. In 
fact, by manually adjusting the τm it is possible to forecast at a given month (May in the example of Fig. 6b) the spring discharge for the 
months covering the full period of the expected minimum (September, October and November in Fig. 6b). The details of the mean 
monthly hydrograph and the related predictive ability are presented for all the considered springs in Figure S2 of the Supplementary 
material.

Fig. 6c shows the forecast performance for the 12 considered springs (using the same symbol and colour code of Fig. 5a) in terms of 
ability to forecast a critical situation (i.e. a minimum discharge below the 25th percentile estimated over the low-discharge months, as 
detailed in Section 2.4). The forecast performance is expressed in terms of true positive rate and false positive rate (Eqs. 2 and 3). The 
higher is the true positive rate, the greater is the confidence in the model capacity to forecast a critical situation. The lower the false 
positive rate, the less is the probability that a model produces a false alarm. The diagonal line corresponds to a model that predicts a 
critical situation at random. All the forecast model lies above the diagonal, presenting a low false negative rate, and a medium to high 
true positive rate.

Finally, from a water management perspective, the time available to implement interventions aimed at coping with the critical 
event is as important as the forecast performance. Fig. 6d reports (y-axis) for each considered spring the time available between the 
forecast month (i.e. May in Fig. 6b) and the month of expected minimum (reported on the x-axis). Except for Scirca, Simbrivio and 
Bagnara springs, the proposed forecast parametrization (Figure S2 in Supplementary material) gives a “time to react” of three months 
at least.

It is worth noting that the performances of the forecast over the different springs are self-organized by cluster (Fig. 6c). In fact, 
while all springs present a similar false positive rate, the rapid flow (Lupa, San Giovenale, Rasiglia Alzabove, Simbrivio and Pertuso 
springs, Section 3.2 and Fig. 5a) as well as the low drainage (Peschiera and Acqua Marcia, Section 3.2 and Fig. 5a) springs behave 
better (with the exception of Rasiglia Alzabove) than the bimodal ones (Scirca, Vaccara, Bagnara, Rumore e Boschetto, Section 3.2 and 
Fig. 5a) in terms of true positive rate. Such agreement between forecast performance and cluster analysis supports the similarity 
approach also for forecast.

4. Discussions

The SPIQspring model allows for the estimation of a continuous spring discharge time series through a simple but robust procedure 
based on monthly linear regressions that adopt standardized precipitation indexes as proxy. Such a procedure can also be used in the 
case of a lack of further hydrological data required for the application of physically based models. Since it requires only rainfall data 
(SPI) and spring discharge series on a monthly scale as inputs, its use is parsimonious.

The model was designed for operational purposes and is mainly addressed to water utilities: it represents a useful tool to guarantee 
the sustainability of withdrawals and to ensure water management that both satisfies user demands and maintains the optimal 
ecological status of downstream water bodies. To achieve this goal, spring water availability must be monitored and predicted to 
enable water managers to cope in advance with possible variations. Such management ability is closely linked to an adequate un
derstanding of the impacts of short- and long-term climate regime on aquifers. The intrinsic simplicity of SPIQspring model fosters its 
easy sharing also outside the scientific community, as even a non-expert user can understand and interpret the results. The unsu
pervised application encourages the use of the model by users with a limited background, who can gain an initial knowledge of the 
analysed aquifer hydrological regime. Indeed, although indicatively, the model parameters (Xm monthly scales and τm delays) can be 
related to the hydrogeology of the case study, providing a first hint on the recharge dynamic of the aquifer. From this perspective, the 
use of Standardized Precipitation Index as proxy of discharge, as well as the clear identification of the delay between the precipitation 
and discharge signals constitute robust tools for the identification of interventions in emergency and mitigation strategies defining 
specific indicators able to clarify the relation between drought severity and possible impacts (EU, 2008). In addition, using the SPI, 
instead of the precipitation time series as a proxy for discharge estimates, allows for a direct comparison of precipitation time series 
collected at different locations, directly relating the spring outflow to estimated probability of occurrence of a given precipitation’s 
threshold. This is also the rationale underlying the DPSIR (Driving – Pressure – State – Impacts – Responses) approach, (e.g., Borja 
et al., 2006; Apostolaki et al. 2019), recommended by the European Environmental Agency (European Environmental Agency, 1999) 
to cope with environmental problems in general, and more specifically with drought. Finally, the use of standardized indexes to 
represent the precipitations allows using directly scenarios from climate models (such as scenarios collected through the CMIP6 - 
Coupled Model Intercomparison Project Phase 6, i.e. Eyring et al., 2016) avoiding statistical downscaling steps.

Even concerning the use of SPI, which is widely adopted to characterize meteorological drought over a range of time scales, we 
considered also the possibility of using the Standardized Precipitation-Evapotranspiration Index (SPEI, i.e. Vicente-Serrano et al., 
2010) as proxy for spring discharge: unlike SPI-based model, the use of SPEI accounts for the potential reduction in effective pre
cipitation due to both precipitation decrease and potential evapotranspiration increase. Tests performed on the presented case studies 
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showed that in short-term applications the addition of a variable (i.e. temperature) does not significantly increase the model’s per
formance. This is basically due to two reasons: i) the use of normalized indices, moving from absolute values to the frequency domain 
in terms of past estimated probability of occurrence, makes the signal of the two indexes quite similar; ii) the seasonality of the 
temperature on the “effective precipitation” is accounted through the term a1(m) in Eq. 1, representing the mean monthly scale factor 
of the linear relationship between the precipitation anomaly and the discharge. Therefore, in this work we decided to use the SPI to 
support a more parsimonious use of the model.

Limitations on the use of the SPIQspring model basically rely on the intrinsic linear nature of Eq. 1. In fact, such a linearity on the one 
hand allows accounting for possible superposition of different processes through the coefficient a1(m), on the other hand it is not able 
to account for non linear effects of different superimposed processes. More specifically, limitations arise when the hydrogeological 
system responds to different scales (in both space and time) that cannot be captured by a single SPI-Q relation (i.e. when the correlation 
matrix presented in Fig. 6a shows more than one maximum). However, it is worth stressing that based on the analysed correlation 
matrices, such an issue occurs only during the months characterized by high discharge values (spring) and not during the low-regime 
months, which is the main target of the proposed model. It is also important to stress that the SPIQspring model presents strong limi
tations for simulating long-term scenarios (multidecadal). In fact, the underlying hypothesis that parameters of Eq. 1 are stationary (i. 
e. that the interaction between precipitation anomalies and infiltration processes does not change over time), is rather unlikely in the 
long-term considering for example tectonic activity or substantial changes in the vegetation and land use in response to climate change.

Concerning the forecast horizon for management purposes, it is worth stressing that the onset and the duration of the forecast 
period (forecast horizon) depend only on the model parameter τm (Eq. 1) estimated for each month. As the forecast model returns 
average monthly spring discharge values as output, it is not possible to predict the evolution of spring hydrographs at shorter time 
scales. Using a supervised approach, it is possible to anticipate or extend the predictive ability of the model. Indeed, one could change 
the reference parameters of a given month (looking for a greater delay τm in the correlation matrix) while accepting a minimum loss in 
model performance. As a result, it is possible to continuously track the evolution of the spring hydrograph in advance, focusing 
particularly on the recession curve. In the study area, the potential impact of droughts can be particularly severe in late summer and 
autumn, when flow rates are at their lowest. This approach constitutes the main advantage for water managers: the earlier the 
minimum spring flow rate can be predicted, the more time is available to plan interventions to face potential water shortage events and 
to increase the resilience of the water system. If applied consciously, it can be an effective early-warning system that limits the critical 
issues of the water supply system, especially during dry periods, and that allows to promptly flag the need for alternatives.

The implementation of the SPIQspring model in conjunction with the use of the “similarity principle” allows overcoming in some 
cases the scarcity of spring discharge data, a common situation faced by the water managers, which can prevent from a reliable 
development of statistical and/or physically-based model. The SPIQspring approach represents a useful tool for overcoming these 
limitations and transferring the knowledge gained from springs with similar characteristics and more reliable data. Therefore, thanks 
to the proposed simple model, it is possible to reconstruct the historical hydrographs and to forecast discharge values of poorly- 
monitored springs using only monthly precipitation. Of course, in real cases it is not possible for a given spring to assess in 
advance if it is better to rely on few years of observations or to adopt the “similarity principle” exploiting data from a “similar” spring. 
What we did in this work was to artificially consider only part of the available data and compare ex-post the two alternatives (and we 
found that for our case study it is better to exploit the similarity principle rather than rely to short observative time series). In real 
practice, one should make such an assessment continuously, as long as new observed data are available.

The resilience of water supply systems (WSS) can also be measured by their degree of interconnection, i.e. the ability of different 
water supply networks to connect and integrate with each other in order to cope with fluctuations in water availability or user de
mands. Indeed, interconnection in a WSS guarantees several benefits, such as maintaining the quality of the resource, mitigating the 
effects of localized failures (i.e. pipe breaks), optimizing the regulation of pressures in the water distribution network, etc. For these 
reasons, most of the WSSs are generally designed to be multi-resources, possibly interconnected, supplying multi-users. In view of the 
above, it is essential for a water manager to assess the drought vulnerability of both individual water sources and the entire WSS served 
by them, according to the current or future degree of interconnection. In this context, once the topological characteristics of the WSS 
are known, the proposed model applied for a generic interconnection node allows to evaluate the future water availability with respect 
to selected demand scenarios. This, in the aim of optimal water management, could take on a strategic perspective to drive upfront 
interventions to mitigate the upcoming droughts or to plan investments to increase the future resilience of a WSS.

5. Conclusions

The purpose of this study was to identify a simple procedure for the reconstruction of monthly spring discharge time series in a 
context of water supply system management.

A parsimonious model (SPIQspring) based on linear regression between the monthly spring discharge time series and Standardized 
Precipitation Index was proposed and applied to 12 karst springs located in Central Italy.

After assessing the performance of the model, potentialities of the SPIQspring were explored along two lines: i) exploiting the 
“similarity principle” through a k-means clustering analysis to overcome issues related to the scarcity of data in poorly-monitored 
springs; ii) testing the early-warning ability of the model to forecast possible events of water shortage in relation to antecedent dry 
periods. Results highlight the notable performance of the model, applying both: 

• An unsupervised approach: 
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i. Since few variables (precipitation and discharge rate) are required as inputs to the model, it represents a robust tool for 
operational purposes, with a mean uncertainty of 14.5 % over calibration and 23.0 % over validation. In addition, it is readily 
suitable by users with a limited background in modelling techniques, who can take advantage from an initial knowledge of the 
analyzed aquifer hydrological regime.

ii. It can be an objective methodology to clarify the relationship between precipitation variability, related spring discharge regime 
and possible impacts on water supply systems, promoting the involvement of different stakeholders in a shared framework 
especially in case of drought events.

• A supervised approach: 
i. The similarity approach is useful especially in the case of spring having typically less than 10 years of observations. Using the 

similarity procedure, it is possible to transpose information from well monitored springs to scarcely monitored ones relying on 
the information grabbed from “similar” hydro-structures.

ii. The use of SPIQspring as forecast tool can constitute a sound basis for the development of early-warning systems of water shortage 
events, allowing water managers to operate in advance during dry periods, fostering a sustainable water resource exploitation 
and limiting the critical issues of the water supply.

All these applications encourage water managers to use a simple but robust methodology that supports them identifying suitable 
strategies to both satisfy user demands and maintain the optimal ecological status of water bodies. Moreover, the proposed procedure 
represents a useful tool for overcoming limitations in understanding the heterogeneity of the hydrogeological setting due to scarcity of 
data. Future developments will be addressed to extend the proposed approach to water supply systems, multi-resource and multi-users, 
to assess their vulnerability and to plan interventions to increase their resilience.
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