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 A B S T R A C T

This study introduces a methodological framework for calibrating large-scale, high-fidelity integrated surface 
water–groundwater models with the aim of enhancing their reliability for water resource management. Our 
approach synergistically integrates ParFlow-CLM for simulating three-dimensional variably saturated flow, 
local sensitivity analysis to identify relevant model parameters, and Gaussian Process Regression surrogates for 
efficient multi-stage calibration against water table depth and river discharge observations. The framework is 
then exemplified through the analysis of the groundwater flow scenario associated with the Po River District 
(87,000 km2) in northern Italy. The workflow yields the first robustly calibrated high-fidelity model at such 
spatial scale, embedding calibrated values of (i) hydraulic conductivities of the main geomaterials forming 
the internal architecture of the subsurface and (ii) Manning roughness coefficients of the major rivers in 
the domain. Our results highlight conductivity of clay as a dominant parameter driving groundwater table 
dynamics while channel roughness is the most important parameter for river flows. Our large-scale model 
calibration strategy offers a robust conceptual and computational environment for scenario analysis and 
sustainable water planning in the presence of climate- and anthropogenic-related pressures.
1. Introduction

Large-scale integrated, or partially integrated, modeling of surface 
and subsurface water systems has attracted growing interest in recent 
years (e.g., Scanlon et al., 2023; Naz et al., 2023). This is driven by 
the increasing need for reliable and robust physically based model-
ing tools to address concerns over potential impacts of climate and 
anthropogenic drivers on interconnected water systems.

In this context, a variety of regional, supra-regional, continental, 
and even global-scale modeling frameworks have been introduced to 
study surface water and groundwater (SW–GW) systems (e.g., Verkaik 
et al., 2024; Reinecke et al., 2024; Müller Schmied et al., 2021; Condon 
et al., 2021; Gleeson et al., 2021; Reinecke et al., 2019; de Graaf et al., 
2017; Maxwell et al., 2015).

Despite these advances, larger-scale SW–GW modeling efforts re-
main constrained by several factors. A major limitation is the scarcity 
of high-resolution subsurface data. Moreover, the substantial computa-
tional demands of such numerical simulations often require simplified 
parameterizations of the subsurface environment, frequently treating 
groundwater as a static reservoir rather than a dynamic component of 
the hydrological cycle. In this broader context, and considering that 
groundwater is a vital resource for national economies worldwide, 
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constitutes the main source of drinking water for up to two billion peo-
ple (Gleeson et al., 2010), and supports more than half of the world’s 
irrigated agriculture (Famiglietti, 2014), a detailed understanding of its 
dynamics is critical for effective water security planning.

Moreover, while robust parameter calibration techniques are well 
established for GW models at local or sub-regional scales (Janetti et al., 
2021; Siena and Riva, 2020), their use in large-scale SW–GW models 
still remains limited. This is mainly due to the high dimensionality of 
the parameter space and the heavy computational burden associated 
with such models. As a result, SW–GW models frequently rely on highly 
simplified representations of the subsurface environment and related 
processes, frequently neglecting the unsaturated flow regime, subsur-
face spatial heterogeneity, and fully three-dimensional flow dynamics. 
Site-specific parameter calibration is rarely performed. Instead, model 
parameters are typically adjusted from literature values (e.g., Naz et al., 
2023; Maxwell et al., 2015). These elements contribute to notably 
increase predictive uncertainty of integrated SW–GW models, thus 
limiting the reliability of model outputs for long-term forecasting and 
constraining their potential ability to inform sustainable water resource 
management at large spatial scales.
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In this study, we address these challenges by introducing a method-
ological framework for robust calibration of large-scale, high-fidelity, 
fully integrated SW–GW flow models. The key innovation of our ap-
proach lies in integrating diverse streams of research associated with 
the formulation of advanced tools that, to date, have not been jointly 
applied to investigate SW–GW dynamics at large (or supra-regional) 
scales. Our approach explicitly accounts for the three-dimensional sub-
surface heterogeneity and incorporates available (though often incom-
plete) system knowledge from available data.

The proposed framework integrates: (i) a fully coupled, physically 
based model of SW–GW processes with explicit representation of sub-
surface heterogeneity and three-dimensional features of unsaturated–
saturated flow; (ii) a comprehensive sensitivity analysis to identify the 
most influential model parameters based on selected target variables; 
and (iii) a surrogate-model-assisted optimization strategy to sequen-
tially calibrate key parameters using multiple available datasets. This 
integrated approach enables the simulation of current system dynamics 
and the evaluation of future scenarios, thereby strengthening our ability 
to support informed water management decisions under increasing 
environmental and societal pressures.

The proposed methodological approach is then employed on the 
largest groundwater system in Italy, the Po River watershed. The region 
serves as an ideal testbed due to its inherent heterogeneous nature (Pre-
viati et al., 2025; Manzoni et al., 2023) and complex hydrological chal-
lenges, including widespread groundwater contamination (Guadagnini 
et al., 2020; Colombani et al., 2016) and recurring issues of water 
scarcity (Carlson et al., 2025; Dall’Amico et al., 2025; Bozzola and 
Swanson, 2014). Notably, this study yields the first robustly cali-
brated, high fidelity, fully integrated surface water–groundwater large 
scale model. Attaining this goal is possible using the multi-component 
framework developed and implemented in this work.

The remainder of the paper is structured as follows. Section 2 
describes the study area and summarizes previous modeling efforts. 
Section 3 details our modeling framework and parameter calibration 
methodology, together with the available data and the target vari-
ables of interest. Section 4 illustrates the main outcomes of our study. 
Conclusions and key remarks are provided in Section 5.

2. Study area

We apply our methodological framework to the Po River District, 
which spans an area of approximately 87,000 km2 in northern Italy. 
The district, along with its principal watercourse, the Po River, plays 
a critical role in the country’s economy, contributing to nearly 40% 
of the national gross domestic product. It provides water resources 
for approximately 24 million people (Istituto Nazionale di Statistica, 
2020), supports irrigation across 1.6 million hectares of agricultural 
land (Montanari et al., 2023), that yields more than 35% of Italian agri-
cultural production (Carlson et al., 2025), and sustains a broad spec-
trum of industrial activities. Given this strategic significance, a robust 
understanding of the district hydrological functioning is markedly rel-
evant for preserving ecosystems integrity and ensuring socioeconomic 
resilience at both regional and national scales.

As shown in Fig.  1, the district is bounded by the Adige River 
to the northeast, the Adriatic Sea to the east, the Alps to the north 
and west, and the Apennines to the south. It spans 33 provinces 
across seven Italian regions (Aosta Valley, Lombardy, Piedmont, Emilia-
Romagna, Liguria, Veneto, and Trentino-Alto Adige), the Swiss canton 
of Ticino, and parts of the French and Swiss Alps. The Po River 
basin constitutes the main watershed within this district, with a catch-
ment area of approximately 71,000 km2. The basin encompasses di-
verse climatic and geomorphological zones, ranging from high-altitude 
Alpine and Apennine regions (exceeding 3700 m above sea level and 
characterized by steep slopes, ≥75%, and sparse population densi-
ties, ≤1 inhabitant/km2) to flat, low-lying plains with population den-
sity exceeding 2000 inhabitants/km2 (Center For International Earth 
2 
Science Information Network-CIESIN-Columbia University, 2018). Cli-
matic conditions vary considerably across the basin due to differences 
in elevation and geographic position. Alpine areas exhibit distinct 
climatic zones associated with specific ecological characteristics and 
receive precipitation in the form of snow and rain (Agrawala, 2007; 
Elsasser and Bürki, 2002). Lowlands experience a continental temperate 
climate, with annual precipitation ranging from 600 to 900 mm (Grimm 
et al., 2003; Morgan, 1973). The foothill zone (termed Prealpi) experi-
ences the highest annual precipitation (exceeding 2000 mm (Fratianni 
and Acquaotta, 2017; Morgan, 1973)). The Po River is characterized by 
an average discharge of about 1540 m3∕s (monitored at Pontelagoscuro 
flow rate station; see large blue triangle in Fig.  1) and receives inflow 
from more than 140 tributaries (Autorita di Bacino del Fiume Po, 
2021).

The water resources of the Po River District face numerous com-
pounding and interconnected pressures (Montanari et al., 2023). Cli-
mate change is significantly altering precipitation regimes and inten-
sifying hydro-meteorological extremes, leading to seasonal shifts in 
runoff and expected reductions in water availability during spring 
and summer (Spinoni et al., 2018; Coppola et al., 2014; Beniston 
et al., 2007; Christensen and Christensen, 2003). At the same time, 
intensive agricultural, urban, and industrial activities contribute to 
elevated nutrient and pollutant loads, posing critical threats to sur-
face and groundwater quality (Viaroli et al., 2018; Pieri et al., 2011; 
Pettine et al., 1996). Groundwater overexploitation further stresses the 
system, resulting in aquifer depletion and widespread land subsidence 
in sedimentary areas (Carlson et al., 2025; Xanke and Liesch, 2022; 
Stramondo et al., 2007). Coastal areas face additional threats from 
saltwater intrusion from the Adriatic Sea, a factor that undermines 
agricultural productivity and potable water supplies (Luo et al., 2024; 
Antonellini et al., 2008) while driving increased competition among 
users. Collectively, these pressures jeopardize water security, degrade 
ecosystem services, and undermine long-term socioeconomic resilience 
of the Po River District.

Several modeling efforts have previously targeted the Po River 
basin or its sub-catchments, each focusing on specific hydrological 
components and spatial–temporal scales. For example, Coppola et al. 
(2014) evaluate the impacts of climate change on the upper Po River 
discharge using a surface runoff model. Ravazzani et al. (2015) develop 
a hydrological model of the upper Po basin (∼38,000 km2) based 
on coupling a rainfall-runoff model with a two-dimensional saturated 
groundwater flow model to evaluate the effects of climate change 
as well as anthropogenic structures on water availability. In their 
approach, the groundwater system is simplified as two homogeneous 
storage regions (a shallow unconfined aquifer and a deeper confined 
aquifer) separated by an aquitard, SW–GW exchanges being allowed 
only along river channels (as driven through a Cauchy-type boundary 
condition). Vezzoli et al. (2015) evaluate climate-driven impacts on Po 
River discharge combining a distributed runoff model and a basin-scale 
water balance assessment (Liu and Todini, 2002). Cislaghi et al. (2020) 
apply a rainfall-runoff model across 63 mountainous sub-catchments 
of the Po watershed. More recently, Manzoni et al. (2024) conduct 
a steady-state GW modeling study of the Po River valley, simulating 
three-dimensional GW flow while accounting for uncertainties in the 
spatial distributions of geomaterials and incorporating a partial SW–
GW coupling (through a Cauchy boundary condition). Notably, none 
of the above-mentioned studies develops a fully coupled, transient, 
robustly calibrated GW–SW model for the entire area. In our study, sur-
face water and groundwater processes are jointly and simultaneously 
solved. This enables a physically consistent realistic representation of 
dynamic interactions between the two domains across all parts of the 
system that include rivers (and the land surface in general), while 
explicitly representing the natural heterogeneity and three-dimensional 
complexity of the groundwater system.
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Fig. 1. Location and limits of the Po River District. Main rivers within the domain are displayed in blue. The Lombardy region and the Po River Valley are 
shaded in purple and gray, respectively. White circles indicate locations of water table depth (𝑊 𝑇𝐷) observations. Blue triangles denote flow rate measurement 
stations, the large blue triangle corresponding to the Pontelagoscuro station of the Po River.  (For interpretation of the references to color in this figure legend, 
the reader is referred to the web version of this article.)
3. Methodology

3.1. Modeling approach

Integrated surface–subsurface flow is simulated with ParFlow-CLM
(Kollet and Maxwell, 2006), a physically-based numerical model that 
has demonstrated robust performance in reproducing hydrological dy-
namics across diverse hydroclimatic settings and spatial scales (Yang 
et al., 2023; Naz et al., 2023; Jefferson et al., 2017; Maxwell and 
Condon, 2016; Kollet and Maxwell, 2008). The model simulates three-
dimensional variably saturated subsurface flow using the mixed form 
of the Richards’ equation, i.e.,: 

𝑆𝑠𝑆(𝜓)
𝜕𝜓
𝜕𝑡

+ 𝜙
𝜕𝑆(𝜓)
𝜕𝑡

= ∇ ⋅
[

𝐤𝑘𝑟(𝜓)∇ (𝜓 − 𝑧)
]

+ 𝑞𝑠. (1)

Here, 𝑆𝑠 represents specific storage [L−1], 𝜓 is pressure head [L], 𝑡 is 
time [T], 𝜙 is porosity [−], 𝐤 is a tensor denoting saturated hydraulic 
conductivity [LT−1], 𝑧 is depth below terrain surface [L], and 𝑞𝑠 is a 
source/sink term [T−1]. The degree of saturation, 𝑆(𝜓) [−], and relative 
permeability, 𝑘𝑟(𝜓) [−], are evaluated as: 

𝑆(𝜓) =
𝑆sat − 𝑆res

[

1 + (𝛼𝜓)𝑛
]1−1∕𝑛

+ 𝑆res, (2)

𝑘𝑟(𝜓) =

[

1 − (𝛼𝜓)𝑛−1

(1+(𝛼𝜓)𝑛)1−1∕𝑛

]2

[1 + (𝛼𝜓)𝑛]
1−1∕𝑛

2

, (3)

where 𝑆𝑠𝑎𝑡 and 𝑆𝑟𝑒𝑠 respectively denote saturated and residual water 
content [−], 𝛼 [L−1] and 𝑛 [−] being soil parameters associated with 
the Van Genuchten model (Van Genuchten, 1980).

Surface flow is simulated using the depth-averaged Saint-Venant (or 
shallow water) equations, i.e. 
𝜕𝜓𝑠
𝜕𝑡

+ ∇ ⋅ (𝐯𝜓𝑠) = 𝑞𝑟, (4)

where 𝐯 = [𝑣𝑥, 𝑣𝑦] is the two-dimensional depth-averaged velocity 
vector [LT−1], 𝜓𝑠 is the water depth (or surface ponding depth), and 𝑞𝑟
is a source/sink rate term [LT−1] (corresponding, e.g., to rainfall rate). 
Eqs. (1) and (4) are coupled by enforcing continuity of pressure and flux 
at the ground surface. Velocity components are evaluated upon resting 
on the kinematic wave approximation: 

𝑣𝑖 =

√

|𝑆𝑖|𝜓2∕3
𝑠

𝑆𝑖 ,  with 𝑖 = 𝑥, 𝑦, (5)

𝜂 |𝑆𝑖|

3 
where 𝑆𝑥 [−] and 𝑆𝑦 [−] represent topographic slopes in the west–east 
and south–north directions, respectively, and 𝜂 is the Manning surface 
roughness coefficient [TL−1∕3].

Land surface water and energy fluxes are simulated using a modified 
version of the Common Land Model - CLM (Dai et al., 2003), which 
is fully integrated into ParFlow. The land surface is structured across 
discrete units (termed tiles) where key fluxes, such as evaporation, 
transpiration, and infiltration are evaluated. Bare ground evaporation 
is determined from specific humidity, air density, and resistance terms, 
while transpiration is evaluated as a function of leaf and stem area in-
dices, air density, and boundary layer resistance (Jefferson et al., 2017). 
Snow water equivalent is modeled using thermal, vegetation, canopy, 
and snow age processes, which determine the amount of precipitation 
falling as snow. Temporal snow dynamics are simulated through albedo 
decay, snow compaction, sublimation, and melt processes (Ryken et al., 
2020). Detailed formulations of the governing equations and the inte-
gration of surface–subsurface processes in ParFlow-CLM, can be found 
in Kollet and Maxwell (2006) and Maxwell et al. (2024).

3.2. Model setup

3.2.1. Geometry, boundary conditions and hydrogeological parametrization
The numerical model domain (see Fig.  1) extends for 530 km 

and 330 km in the east–west and south–north direction, respectively. 
A uniform horizontal grid resolution of 2 km × 2 km is employed. 
The domain comprises active and inactive grid cells, with the active 
cells encompassing the entire Po River District. Vertically, the domain 
extends to a depth of 225 m, and is discretized into six layers of variable 
thicknesses: 170 m, 40 m, 13 m, 1.4 m, 0.45 m, and 0.15 m (from 
bottom to top). This grid design provides enhanced resolution of near-
surface flow dynamics. A terrain-following grid is employed (Maxwell, 
2013), resulting in a total of 130,536 computational cells (21,756 
active lateral cells across six subsurface layers). A Dirichlet boundary 
condition is imposed at the boundary with the Adriatic Sea, with 
the hydraulic head set to sea level. Zero-flow boundary conditions 
are imposed at the remaining lateral boundaries (coinciding with the 
mountain crests) and at the bottom of the domain.

The spatial distribution of subsurface facies is obtained using two 
complementary datasets, i.e., (i) the three-dimensional probabilistic 
hydrostratigraphic reconstruction developed by Manzoni et al. (2023) 
and (ii) the SoilGrids dataset (Poggio et al., 2021).
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Fig. 2. Average fractional composition of geomaterial types across each model layer for (a) the entire domain and (b) the valley region. (For interpretation of 
the references to color in this figure legend, the reader is referred to the web version of this article.)
The facies reconstruction of Manzoni et al. (2023) is based on a 
neural network algorithm to yield estimates of the spatial distribution 
and associated uncertainty of six main geomaterial types (i.e., gravel, 
sand, silt, clay, permeable rock, and impermeable rock) at a resolution 
of 1 km × 1 km × 1 m. For each voxel, these authors evaluate the 
probability of occurrence of each geomaterial. To estimate the way a 
given geomaterial contributes to the overall composition of each cell 
of our numerical model, we then evaluate the mean fractional con-
tribution of each geomaterial type associated with the voxels residing 
therein. Similarly, fractional contributions of clay, silt, and sand for the 
upper three layers of the domain (corresponding to depths from 0 m to 
2 m) are estimated using data from the SoilGrids dataset (Poggio et al., 
2021). Fig.  2 depicts the resulting average fractional contribution of 
each geomaterial across all layers of the numerical model, with panel 
(a) representing the full domain and panel (b) focusing on the valley 
area (highlighted in dark gray in Fig.  1). A depth-dependent trend is 
evident, whereby deeper layers are characterized by higher fractions 
of less permeable geomaterials.

Values of parameters 𝛼, 𝑛, and 𝜙 for each cell in the numerical model 
are assessed as weighted linear combinations of the corresponding 
values assigned to each geomaterial type, with weights corresponding 
to the fractional contribution of each geomaterial within the cell. 
Similarly, the equivalent saturated hydraulic conductivity (hereinafter 
referred to as conductivity, for simplicity) along the vertical direction 
for each model cell is evaluated through a weighted harmonic mean of 
the conductivity values assigned to each geomaterial type, with weights 
corresponding to their fractional contributions within the cell. This 
approach is based on a conceptual picture according to which most 
subsurface flow takes place in the valley, where geomaterials exhibit a 
predominantly layered structure. In such settings, the harmonic mean is 
typically considered to provide an appropriate operational estimate of 
an equivalent vertical conductivity (Sanchez-Vila et al., 2006; Terzaghi 
et al., 1996). An anisotropy ratio of 100 is applied uniformly across 
all model cells (i.e., horizontal conductivity is assumed to be 100 
times higher than vertical conductivity). This value reflects conditions 
that are typical of sedimentary environments. We also find it to be 
generally consistent with the corresponding ratio between the above 
mentioned estimated vertical equivalent conductivity and an equivalent 
horizontal conductivity value resulting from a weighted linear mean of 
geomaterial conductivities.

A uniform value across the domain is considered for specific storage. 
This is in line with a conceptual picture according to which propaga-
tion of hydraulic head perturbations (governed by the ratio between 
transmissivity and storage) reflects only the spatial heterogeneity of 𝐾. 
Although this streamlined picture neglects possible spatial variability 
in the specific storage of the system, it enables us to clearly isolate 
and analyze the effects of conductivity heterogeneity on groundwater 
dynamics while maintaining model tractability. Moreover, since cali-
bration of hydraulic conductivity is based on steady-state simulations 
4 
(see Section 3.3.3), specific storage does not influence the ensuing 
water table depth distribution rendered by the model once it has 
reached steady-state.

Finally, two distinct values are specified for the Manning rough-
ness coefficients, denoted as 𝜂1 and 𝜂2 for land and channel cells, 
respectively.

3.2.2. Input data
The Shuttle Elevation Derivatives at multiple Scales (HydroSHEDS) 

digital elevation model (Lehner et al., 2021) (See Fig.  3a) is processed 
using the PriorityFlow package (Condon and Maxwell, 2019) to ob-
tain west–east (𝑆𝑥) and south–north (𝑆𝑦) topographic slopes that are 
required in Eq.  (5). HydroSHEDS provides a 30 arcseconds (approxi-
mately corresponding to 900 m at the latitude of our studythe domain 
area) resolution DEM.

Land cover data are obtained from the MODIS MCD12Q1 prod-
uct (Friedl and Sulla-Menashe, 2019), using the IGBP classification. 
Annual maps from 2009 to 2018 with a spatial resolution of 500 m 
are gathered for this study. Land cover in the district shows limited 
interannual variability. Fig.  3b illustrates a simplified version (lumped 
land covers) of the land cover classification for 2009, where similar 
classes are grouped for clarity. Note that all 17 IGBP classes are retained 
in our numerical model.

Meteorological forcing variables (i.e., precipitation, wind speed 
(zonal and meridional components), near-surface temperature, short-
wave and longwave radiation, surface pressure, and specific humidity) 
are obtained from the COSMO-REA6 reanalysis dataset (Bollmeyer 
et al., 2015) at hourly resolution for the period 2009–2018. The native 
spatial resolution of COSMO-REA6 is 0.055◦ (corresponding to approx-
imately 6.1 km at the latitude of the model domain). For illustration 
purposes, Fig.  3c and d depict the spatial distribution of mean annual 
precipitation and temperature fields over the study period.

Evapotranspiration data are obtained from the fifth version of the 
Global Land Surface Satellite (GLASS) evapotranspiration product (Xie 
et al., 2022), available at an 8-day temporal resolution and 1 km spatial 
resolution for the period 2009–2018. Fig.  3e illustrates the average 
annual evapotranspiration across the domain. This dataset is employed 
to estimate potential recharge under steady-state conditions, as further 
discussed in Section 3.3.3.

All datasets are reprojected and resampled to a common 2 km 
× 2 km spatial resolution, to ensure consistency with the numerical 
model resolution. Forcing data are subject to bilinear interpolation 
using the climate data operator (Schulzweida, 2023). Otherwise, the 
digital elevation model and the evapotranspiration data are resampled 
using GIS tools taking the mean value across the tiles overlying each 
cell of the numerical model, while the land cover data being resampled 
using GIS tools taking the most frequent land surface category of such 
tiles.
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Fig. 3. Input datasets used to parameterize and define boundary conditions of the numerical model: (a) elevation (from the HydroSHEDS digital elevation model); 
(b) land cover classification (for 2009 from the MODIS MCD12Q1 product, using the IGBP scheme); (c) mean annual precipitation [mm yr−1], and (d) mean 
annual temperature [◦C], from the COSMO-REA6 reanalysis (2009–2018); (e) mean annual evapotranspiration [mm yr−1], from the GLASS ET dataset; (f) mean 
annual irrigation [mm yr−1] from Dari et al. (2023).  (For interpretation of the references to color in this figure legend, the reader is referred to the web version 
of this article.)
Our model accounts for groundwater abstraction distributed across 
domestic, agricultural, and industrial sectors, amounting to a total of 
6034.6 Mm3 yr−1 .

Domestic water use is estimated using two approaches, depending 
on data availability. In the Lombardy region (purple-shaded area in 
Fig.  1), values are taken directly from local water authority reports. 
For the remaining regions, consumption is estimated as the product of 
per-capita groundwater use (ranging from 5 to 131 m3 yr−1, derived 
from Lombardy data and assigned to the remaining regions based 
on geographical similarity to provinces in Lombardy) and population 
statistics associated with each province from ISTAT (Italian National 
Institute of Statistics) 2024. This approach yields a total domestic 
groundwater use of approximately 1910 Mm3 yr−1, which aligns well 
with national estimates of around 2000 Mm3 yr−1 (Autorita di Bacino 
del Fiume Po, 2012). Well location and screen depth data are available 
5 
for the Lombardy region. Elsewhere, wells are assumed to be uniformly 
distributed across the plains of each province, with filter depths rang-
ing from 150 m to 200 m below ground surface. This assumption is 
consistent with standard engineering practice for drinking water wells, 
which typically target deeper aquifers to minimize contamination risks.

Agricultural groundwater use for irrigation is estimated using re-
gional datasets from Dari et al. (2023), which provide weekly data 
at 1 km spatial resolution for the period 2016–2019. Fig.  3f depicts 
the annual average irrigation rate derived from this dataset. The es-
timated total withdrawal for irrigation use is 16,307 Mm3 yr−1, in 
close agreement with the official figure of 16,500 Mm3 yr−1 reported 
by National authorities (Autorita di Bacino del Fiume Po, 2012). An 
amount corresponding to 17% of this quantity (i.e., 2805 Mm3 yr−1) is 
attributed to groundwater abstractions (Autorita di Bacino del Fiume 
Po, 2012).
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Industrial water use is quantified from the Po River Watershed Au-
thority (Autorita di Bacino del Fiume Po, 2012) data. The latter reports 
a total annual abstraction of 1537 Mm3 yr−1 for industrial activities, 
80% of which (i.e., 1229.6 Mm3 yr−1) is sourced from groundwater.

3.3. Model calibration

This section outlines the procedure employed to estimate hydraulic 
parameters through calibration of the numerical model. First, we de-
scribe the methodology used to identify the parameters with the highest 
influence on model outputs and that are then considered in the context 
of model calibration (Section 3.3.1). We then present the calibration 
dataset (Section 3.3.2) and the overall calibration strategy, includ-
ing the optimization algorithm and the use of (reduced-complexity) 
surrogate models to ensure computational feasibility (Section 3.3.3).

3.3.1. Identification of the most influential model parameters
We rely on a local sensitivity analysis approach to quantify the 

effect of individual model parameters on selected quantities of interest. 
The sensitivity analysis is performed according to a one-at-a-time ap-
proach (Saltelli, 1999). The model  is first executed using a baseline 
parameter set 𝜽𝒐 = (𝑘𝑖, 𝜙𝑖, 𝛼𝑖, 𝑛𝑖, 𝑆𝑠, 𝜂1, 𝜂2), with 𝑖 = 1,… , 6 (𝑖 = 1: 
Gravel, 2: Sand, 3: Silt, 4: Clay, 5: Permeable rock, and 6: Impermeable 
rock). The resulting output is denoted as 𝐲𝐨 = (𝜽𝒐). Each parameter 
is then perturbed one-at-a-time (i.e., with all other parameters held 
constant), first by increasing (yielding 𝐲𝟏+ = (𝜽𝟏+ )) and then by 
decreasing (to obtain 𝐲𝟏− = (𝜽𝟏− )) its value. The mean of the ab-
solute differences between the perturbed and baseline model outputs is 
evaluated. This procedure is repeated for all model parameters. Among 
the latter, parameters associated with the largest average variations are 
identified as the most influential ones and adjusted during the cali-
bration process. The remaining parameters are fixed at their baseline 
value.

Table  1 lists the initial values (corresponding to the baseline param-
eter set, 𝜽𝒐) of the model parameters used in this study. These values 
are informed by previous calibration efforts and analyses of hydraulic 
properties in the area (Previati et al., 2025; Manzoni et al., 2024), 
standard reference tables in hydrogeology (Bear, 2007; Bear et al., 
1968), and parameter values assigned to similar geomaterial types in 
other large-scale modeling studies (Maxwell and Condon, 2016).

Each parameter type is perturbed according to its expected range 
of variability (see Table  2). The initial values of hydraulic conductivity 
and specific storage are increased and decreased by one order of mag-
nitude to account for their typically high variability in natural systems 
(see Table 2.4.1 of Bear and Cheng (2010) and Table 2–14 of Batu 
(1998)). The initial values of the Manning roughness coefficients is 
also perturbed by one order of magnitude. This is consistent with the 
observation that the spatial scale of our model (2 km horizontal resolu-
tion) implies that each grid cell represents a mixture of multiple surface 
types, resulting in high uncertainty in the effective Manning coefficient. 
In contrast, porosity and Van Genuchten parameters typically exhibit 
smaller ranges of variability (see Table 2.4.1 of Bear and Cheng (2010), 
and Table S1 of Maxwell and Condon (2016)). Hence, we subject the 
initial value of these parameters to a milder perturbation compared to 
the other parameters. Specifically, we perturb the initial value of 𝜙 by 
±0.1, 𝛼 by ±0.5 m−1, and 𝑛 by ±0.5.

3.3.2. Calibration dataset
Fig.  1 depicts the locations of the piezometers (white dots) where 

water table depth (𝑊 𝑇𝐷) data are available. The dataset, encom-
passing the period 2012–2018, is sourced from local authorities of 
the three largest regions within the model domain (i.e., Lombardy, 
Piedmont, and Emilia-Romagna) and comprises measurements from 
285 observation wells. Data are processed following the methodology 
described in Manzoni et al. (2024). Of the original dataset, 41 wells 
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are located on channel cells of our model and are excluded from the 
analysis.

In addition, daily discharge data from 31 gauging stations (blue tri-
angles in Fig.  1) are obtained from the EStreams dataset (do Nascimento 
et al., 2024). Stations are selected on the basis of three criteria: (𝑖) a 
drainage area of at least 500 km2, consistent with the large-scale of 
our model and threshold used in comparable studies (Naz et al., 2023); 
(𝑖𝑖) agreement within a 20% tolerance between modeled drainage areas 
and the corresponding area reported in do Nascimento et al. (2024); 
and (𝑖𝑖𝑖) time series completeness, with no more than 30% missing data 
during 2009–2018.

3.3.3. Calibration strategy and techniques
Estimation of (𝑖) conductivity for selected geomaterials and (𝑖𝑖) 

Manning roughness coefficient for channel cells is performed accord-
ing to two sequential phases. Other model parameters are excluded 
from calibration based on the results of the sensitivity analysis (see 
Section 4.1).

In the first phase, geomaterial conductivities are calibrated by com-
paring time-averaged 𝑊 𝑇𝐷 observations from the 244 piezometers 
described in Section 3.3.2 against their model-simulated counterparts 
under constant forcing. The model is forced with a spatially distributed 
(time-averaged) potential recharge field. The latter is evaluated as 
the mean over 2009–2018, combining precipitation, irrigation and 
evapotranspiration data. Although the irrigation dataset covers only 
2016–2019, it is assumed to be representative of the full simulation pe-
riod. Simulations proceed until the maximum annual variation in 𝑊 𝑇𝐷
is less than 1 mm in cells containing the piezometers. At this point, 
annual storage changes are below 1% of potential recharge, consistent 
with standard steady-state convergence criteria (Yang et al., 2023). 
It is noted that calibration of conductivity values using steady-state 
conditions is a broadly adopted and computationally efficient approach 
that captures the dominant hydraulic behavior of the system (Manzoni 
et al., 2024; Anderson et al., 2015).

Estimation of conductivity values is performed upon minimizing the 
root mean squared error (RMSE) between model results and available 
observations. We recall that when model errors (i.e., the differences 
between simulated and observed values) are independent and normally 
distributed with zero mean and measurement error variance is fixed, 
minimization of the RMSE leads to Maximum Likelihood estimates of 
parameter values (Carrera and Neuman, 1986).

Implementation of the model calibration approach requires mul-
tiple evaluations of model outputs across different combinations of 
model parameters 𝜽. For large scale modeling, as in this study, this 
becomes computationally unfeasible. To overcome this limitation, we 
perform model calibration with Gaussian Process Regression (GPR) sur-
rogates of the full numerical model. GPR constitutes a general Bayesian 
regression framework capable of approximating complex functional 
relationships without requiring explicit knowledge of the underlying 
generative process between model inputs (𝜇) and outputs (𝜈).

The estimate of a quantity of interest (𝜈∗) and its associated uncer-
tainty (𝜎2𝜈∗ ) at a new unsampled location (𝜇∗) are evaluated as:

𝜈∗ = 𝐦T𝐌−1𝝂,

𝜎2𝜈∗ = cov
[

𝜈(𝜇∗), 𝜈(𝜇∗)
]

−𝐦T𝐌−1𝐦,
(6)

where 𝐦 =
{

cov
[

𝜈(𝜇∗), 𝜈(𝜇1)
]

,… , cov
[

𝜈(𝜇∗), 𝜈(𝜇𝑁𝑜𝑏𝑠 )
]}

 is the vector 
of covariances between the output at the new unsampled point, 𝜈(𝜇∗), 
and the output at all 𝑁𝑜𝑏𝑠 observation points; 𝐌 is a 𝑁𝑜𝑏𝑠×𝑁𝑜𝑏𝑠 matrix, 
whose entry 𝑀𝑖,𝑗 is cov

[

𝜈(𝜇𝑖), 𝜈(𝜇𝑗 )
]

; and 𝝂 =
[

𝜈(𝜇1), 𝜈(𝜇2),… , 𝜈(𝜇𝑁𝑜𝑏𝑠 )
]

is the vector containing the value of the quantity of interest at the 𝑁𝑜𝑏𝑠
observation points. Vector 𝐦 and matrix 𝐌 are constructed using the 
specific covariance function defined for GPR. In this study, we employ a 
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Table 1
Initial values of the model parameters, 𝜽𝒐.
Variable [Units] Initial Value Source of information for initial parameter value
𝑘1 [m h−1] 3.60×101 Calibrated by Manzoni et al. (2024)
𝑘2 [m h−1] 1.14 In range of Bear and Cheng (2010)
𝑘3 [m h−1] 1.14×10−3 In range of Bear and Cheng (2010)
𝑘4 [m h−1] 3.60×10−3 In range of Previati et al. (2025)
𝑘5 [m h−1] 3.60×10−5 Order of magnitude from Manzoni et al. (2024)
𝑘6 [m h−1] 3.60×10−7 Order of magnitude from Manzoni et al. (2024)
𝜙1 [–] 0.35

In range of Bear and Cheng (2010)
𝜙2 [–] 0.38
𝜙3 [–] 0.49
𝜙4 [–] 0.46
𝜙5 [–] 0.30
𝜙6 [–] 0.33

𝛼1 [m−1] 3.55

Similar material from Maxwell and Condon (2016)
𝛼2 [m−1] 3.55
𝛼3 [m−1] 0.66
𝛼4 [m−1] 1.51
𝛼5 [m−1] 1.00
𝛼6 [m−1] 1.00

𝑛1 [–] 4.16

Similar material from Maxwell and Condon (2016)
𝑛2 [–] 4.16
𝑛3 [–] 2.66
𝑛4 [–] 2.26
𝑛5 [–] 3.00
𝑛6 [–] 3.00

𝜂1 [h m−1∕3] 1.00×10−5 Mid-range value across all surface materials from Chow (1959)
𝜂2 [h m−1∕3] 1.00×10−5 Mid-range value across all surface materials from Chow (1959)
𝑆𝑠 [m−1] 1.60×10−4 Mid-range value across all geomaterials from Batu (1998)
Gaussian covariance function, also known as radial basis function (RBF) 
kernel, defined as: 

cov
[

𝜈(𝜇′), 𝜈(𝜇′′)
]

= 𝜎2𝑓 exp

(

−
|𝜇′ − 𝜇′′|2

2𝑙2

)

, (7)

where 𝜎2𝑓  is the variance associated with the target model output of 
interest, 𝑙 is a length scale parameter that controls the rate at which 
correlation decays with distance in the model input space, and 𝜇′ and 
𝜇′′ correspond to two points in the input space.

Construction of GPR surrogates requires the estimation of the hy-
perparameters 𝜎2𝑓  and 𝑙. These are evaluated through an optimization 
algorithm that minimizes the RMSE between outputs from the full 
numerical model and the corresponding results rendered through the 
surrogate model. In general, the accuracy of the surrogate increases and 
the uncertainty associated with model outputs decreases as the number 
of full model simulations used for training the surrogate increases. In 
this study, a total of 45 numerical simulations are performed to train 
the surrogate model.

In the second phase of the calibration process, the Manning rough-
ness coefficient for channel cells is estimated by minimizing the RMSE 
between daily river flow observations at the gauging stations described 
in Section 3.3.2 and their simulated counterparts. This phase of model 
calibration is performed under transient conditions at hourly resolu-
tion, forced with time-varying meteorological inputs from the COSMO-
REA6 dataset for the period 2009–2018.

We implement a two-step spin-up procedure to minimize the in-
fluence of initial conditions on calibration results and to properly 
initialize the model. In the first step, the model is run using conductivity 
values calibrated in the first phase and a fixed Manning coefficient 
(i.e., the baseline value). Meteorological forcing is kept constant in 
time, matching the conditions used for conductivity calibration. The 
simulation proceeds until steady-state conditions are attained, these 
being defined as the state at which changes in total water storage and 
valley-average water table depth (𝑊 𝑇𝐷𝑉 ) fall below 1% of potential 
recharge and 1 mm/year, respectively. In the second step, dynamic 
spin-ups are performed independently by varying 𝜂2 and using mete-
orological forcing from the COSMO-REA6 dataset for the year 2009, 
which represents a climatologically typical year for the study. Each 
7 
spin-up continues until annual changes in (𝑖) subsurface storage, (𝑖𝑖) 
surface storage, and (𝑖𝑖𝑖) snow water equivalent are below 1% of their 
respective aggregated values. This threshold value is consistent with 
criteria adopted in comparable studies (Seck et al., 2015). Following 
spin-up, the full 2009–2018 simulation period is executed.

3.4. Computational resources

The simulations used in this study are executed on 40 processors 
by partitioning the model domain into 8 × 5 subdomains along the 
𝑥 and 𝑦 directions, respectively. Computations are performed (non-
simultaneously) on three high-performance computing (HPC) systems: 
(𝑖) the CFDHub@Polimi, an interdepartmental facility at Politecnico di 
Milano, using 40 cores of an Intel® Xeon® Gold 6148 CPU operating 
at 2.40 GHz; (𝑖𝑖) the Galileo100 system at CINECA, employing nodes 
with dual Intel CascadeLake 8276 CPUs (24 cores each, 2.4 GHz); and 
(𝑖𝑖𝑖) the LEONARDO HPC system at CINECA, using nodes equipped 
with dual Intel Xeon Platinum 8480 CPUs (56 cores, 2.0 GHz). Sim-
ulating one hydrologic year requires (on average) approximately 200 
core-hours.

4. Results and discussion

4.1. Local sensitivity analysis

Fig.  4 illustrates the relative importance of model parameters (listed 
in Table  1) on key quantities of interest of our study, namely: water 
table depth in the valley (𝑊 𝑇𝐷𝑉 ), flow rate at the Pontelagoscuro 
river station (𝑄𝑃 ), subsurface water storage (𝑆𝑢𝑏𝑆 ), and surface water 
storage (𝑆𝑢𝑟𝑆 ). The relative importance of a parameter is evaluated 
as its average induced variation (as described in Section 3.3.1), nor-
malized, for illustration purposes, by the sum of all parameter-induced 
variations. This analysis is performed by imposing a time-averaged 
potential recharge field (as described in Section 3.3.3) and stopping 
the simulations once steady-state conditions are attained.

Fig.  4 suggests that 𝑊 𝑇𝐷𝑉  is primarily influenced by the hy-
draulic conductivities of the (geologic) facies. This finding is consistent 
with Engdahl (2024), who report that conductivity plays a primary role 
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Fig. 4. Results of the sensitivity analysis, showing the relative importance of model parameters on key quantities of interest: water table depth in the valley 
(𝑊 𝑇𝐷𝑉 ), Po River discharge at Pontelagoscuro (𝑄𝑃 ), subsurface water storage (𝑆𝑢𝑏𝑆 ), and surface water storage (𝑆𝑢𝑟𝑆 ). Each bar corresponds to a given quantity 
of interest; the length of each segment indicates the (normalized) contribution of each model parameter. (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.)
in shaping the steady-state 𝑊 𝑇𝐷 behavior of the Fourth of July Creek 
in Idaho (U.S.). In the Po Valley, clay conductivity (𝑘4) emerges as the 
most influential parameter for 𝑊 𝑇𝐷𝑉 , reflecting the broad presence of 
clay in the area (see Fig.  2). Gravel (𝑘1), sand (𝑘2), and silt (𝑘3) conduc-
tivities also play a notable role, whereas the impact of permeable and 
impermeable rocks is negligible. Table  2 lists the percentage variations 
in each quantity of interest, defined as the difference between the 
perturbed-simulation result and the baseline value, normalized by the 
baseline value. These results suggest that increasing gravel and sand 
conductivity contribute to raise 𝑊 𝑇𝐷𝑉 , while the opposite can be 
observed upon increasing silt conductivity, due to its presence mostly 
in the upper two meters of the system. Clay conductivity exerts a more 
complex effect: either increasing or decreasing 𝑘4 can produce localized 
rises or drops in 𝑊 𝑇𝐷𝑉 , an effect which cannot be fully captured by 
examining the overall 𝑊 𝑇𝐷 in the plain.

The flow rate of the Po River, 𝑄𝑃 , is also primarily governed by the 
facies conductivities, particularly by 𝑘4. Increasing clay, sand, or silt 
conductivity reduces 𝑄𝑃 , reflecting the observation that higher conduc-
tivities facilitate infiltration and groundwater flow, thereby decreasing 
surface flow, as previously reported also by Foster and Maxwell (2019). 
Manning roughness coefficient for channel cells (𝜂2) also exerts sub-
stantial influence on 𝑄𝑃 , increased values of 𝜂2 yielding a reduction of 
flow rates and vice versa. It is otherwise noted that the overall impact 
of parameter variations on 𝑄𝑃  is modest, the largest changes remaining 
below 2% of the average flow rate (see Table  2). This aligns with results 
from Engdahl (2024), who find that variability in river flow rate is 
approximately two orders of magnitude smaller than the mean flow 
rate when varying conductivity values.

Subsurface storage (𝑆𝑢𝑏𝑆 ) is chiefly influenced by porosity and 
specific storage parameters, with impacts that are approximately 100 to 
1000 times greater than those of other parameters. From a phenomeno-
logical standpoint, this is expected, because higher porosity and specific 
storage allow for greater water accumulation for a given 𝑊 𝑇𝐷 value. 
The direction of this variation also reconciles with a typical conceptual 
picture of a subsurface system, where the value of subsurface storage 
increases with porosity and specific storage values (See Table  2). Clay 
porosity is seen to have the largest effect on 𝑆𝑢𝑏𝑆 , consistent with 
its abundance across the domain, especially in the valley. Porosity 
of permeable and impermeable rock also have a significant impact 
on 𝑆𝑢𝑏𝑆 , this effect being related to their high abundance across the 
mountains of the domain.

Note that specific storage (defined as 𝑆𝑠 = 𝛾[𝜙𝛽 + (1 − 𝜙)𝛼𝑠], where 
𝛾 is the specific weight of water, 𝛽 is water compressibility, 𝛼𝑠 is soil 
compressibility, and 𝜙 is porosity) is a function of porosity (Bear and 
Cheng, 2010). While 𝛾 and 𝛽 are quantities associated with relatively 
low degree of uncertainty under typical aquifer conditions, porosity 
and soil compressibility can be much more uncertain in the system. 
Hence, uncertainty associated with 𝑆𝑠 should be interpreted as a result 
of joint uncertainties of porosity and soil compressibility. The relative 
importance of 𝑆𝑠 in Fig.  4 should then be considered to be at least in 
part due to porosity uncertainty.
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Surface storage (𝑆𝑢𝑟𝑆 ) is primarily influenced by Manning rough-
ness coefficients (𝜂1 and 𝜂2). Higher roughness values provide increased 
resistance to surface flow, thus prolonging water retention in the 
system and raising surface storage as quantified in Table  2. Channel 
roughness (𝜂2) has a slightly greater impact than land roughness (𝜂1), 
as most surface flow takes place in channels, despite their total spatial 
extent being significantly smaller compared to the overall extent of the 
domain surface.

Overall, the sensitivity analysis highlights that the available dataset, 
comprising water table and discharge data (see Section 3.3.2) is mainly 
affected by granular material conductivities (𝑘1, 𝑘2, 𝑘3, and 𝑘4) and by 
the Manning roughness coefficient of channels. Specifically, conduc-
tivities 𝑘1, 𝑘2, 𝑘3, and 𝑘4 strongly control 𝑊 𝑇𝐷𝑉  and 𝑄𝑃 , the latter 
being also influenced by 𝜂2. Therefore, the calibration efforts presented 
in the following sections will focus on these parameters. It is worth 
noting that performing the sensitivity analysis using a time-averaged 
potential recharge field may mask sensitivities associated with dynamic 
hydrological responses. Consequently, the results presented here should 
be interpreted in light of this constrain.

4.2. Calibration of facies conductivities

The first phase of model calibration focuses on estimating optimal 
values for 𝑘1, 𝑘2, 𝑘3, and 𝑘4. A stagewise calibration strategy is herein 
employed, where three parameters are fixed in each stage while cali-
brating the remaining one. This process is repeated for all parameters 
until the selected error metric (i.e., RMSE; see Section 3.3.3) stabilizes. 
As shown in Table  3 the process requires eights stages. Calibration 
begins with 𝑘4, as sensitivity analysis (Section 4.1) identifies it as 
having the greatest influence on 𝑊 𝑇𝐷𝑉 .

Columns 2–5 of Table  3 list the fixed parameters value and the sup-
port ranges (in square brackets) for the parameter being calibrated at 
each stage. The number of parameter value instances used for ParFlow 
simulations (indicated in parentheses after each support range) is sam-
pled evenly in log space. Results of these simulations are employed 
to construct GPR surrogates of 𝑊 𝑇𝐷 at pixels where observations are 
available for calibration. Between 5 and 7 sampling points are used 
per stage, additional points being added as needed to improve the GPR 
accuracy. All simulations are run until achieving steady-state condi-
tions, as described in Section 3.3.3. This ensures that surrogate quality 
is not affected by simulations that have not yet achieved steady-state 
conditions.

GPR surrogate models are then used to calibrate facies conduc-
tivities. For each stage listed in Table  3, 1000 conductivity values 
are sampled evenly (in log space) over the support range and passed 
to GPR models to compute 𝑊 𝑇𝐷 at observation pixels. The RMSE 
value between simulated and observed 𝑊 𝑇𝐷 (see dashed curves in 
Fig.  5) is computed as a function of the facies conductivity being 
calibrated. The conductivity value minimizing RMSE is selected and 
carried forward in the next stage. The optimal conductivity values for 
each stage are listed in column 6 of Table  3. Fig.  5 also shows values of 
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Table 2
Perturbed parameters, corresponding baseline values, and resulting percentage change in the quantities of interest.
 Perturbed Parameter Baseline Parameter Variation Variation Variation Variation 
 [units] value value 𝑆𝑢𝑏𝑆 [%] 𝑆𝑢𝑟𝑆 [%] 𝑊 𝑇𝐷𝑉  [%] 𝑄𝑃  [%]  
 
𝑘1 [m h−1] 3.60×101 3.60×102 −0.02 −0.22 2.50 0.00  

 3.60 0.07 0.18 −6.38 0.00  
 
𝑘2 [m h−1] 1.14 1.14×101 −0.03 −2.13 2.72 −0.07  

 1.14×10−1 0.01 0.27 −2.17 0.18  
 
𝑘3 [m h−1] 1.14×10−3 1.14×10−2 −0.01 −0.17 −0.25 −0.03  

 1.14×10−4 −0.03 0.28 4.42 0.11  
 
𝑘4 [m h−1] 3.60×10−3 3.60×10−2 −0.24 −2.08 15.24 −2.14  

 3.60×10−4 −1.25 1.23 69.97 0.52  
 
𝑘5 [m h−1] 3.60×10−5 3.60×10−4 −0.09 −0.27 −0.47 −0.01  

 3.60×10−6 0.02 0.20 0.50 0.01  
 
𝑘6 [m h−1] 3.60×10−7 3.60×10−6 −0.07 −0.24 1.45 0.04  

 3.60×10−8 0.00 0.12 −0.20 −0.01  
 
𝜙1 [–] 0.35 0.45 1.94 0.00 0.00 0.00  

 0.25 −1.94 0.00 0.00 0.00  
 
𝜙2 [–] 0.38 0.48 3.94 0.00 0.00 0.00  

 0.28 −3.94 0.00 0.00 0.00  
 
𝜙3 [–] 0.49 0.59 0.26 0.00 0.00 0.00  

 0.39 −0.26 0.00 0.00 0.00  
 
𝜙4 [–] 0.46 0.56 8.45 0.00 0.00 0.00  

 0.36 −8.46 0.00 0.00 0.00  
 
𝜙5 [–] 0.30 0.40 5.19 0.00 0.00 0.00  

 0.20 −5.19 0.00 0.00 0.00  
 
𝜙6 [–] 0.33 0.43 5.49 0.00 0.00 0.00  

 0.23 −5.49 0.00 0.00 0.00  
 
𝛼1 [m−1] 3.55 4.00 −0.01 0.00 −0.02 0.00  

 3.00 0.00 0.00 0.01 0.00  
 
𝛼2 [m−1] 3.55 4.00 −0.01 0.00 0.00 0.00  

 3.00 0.00 0.00 −0.02 0.00  
 
𝛼3 [m−1] 0.66 1.16 −0.01 0.00 0.00 0.00  

 0.16 0.00 0.00 −0.03 0.00  
 
𝛼4 [m−1] 1.51 2.00 −0.02 0.00 0.10 0.00  

 1.00 0.00 0.00 −0.16 0.00  
 
𝛼5 [m−1] 1.00 1.50 −0.03 0.00 0.00 0.00  

 0.50 0.02 0.00 −0.02 0.00  
 
𝛼6 [m−1] 1.00 1.50 −0.06 0.00 0.00 0.00  

 0.50 0.03 0.00 −0.01 0.00  
 
𝑛1 [–] 4.16 4.66 −0.01 0.00 −0.02 0.00  

 3.66 0.01 0.00 0.01 0.00  
 
𝑛2 [–] 4.16 4.66 0.00 0.00 0.00 0.00  

 3.66 0.00 0.00 −0.01 0.00  
 
𝑛3 [–] 2.66 3.16 −0.01 0.00 −0.01 0.00  

 2.16 0.00 0.00 −0.01 0.00  
 
𝑛4 [–] 2.26 2.76 −0.02 0.00 0.01 0.00  

 1.76 0.02 0.00 −0.02 0.00  
 
𝑛5 [–] 3.00 3.50 0.00 0.00 0.00 0.00  

 2.50 −0.01 0.00 −0.01 0.00  
 
𝑛6 [–] 3.00 3.50 0.01 0.00 −0.01 0.00  

 2.50 −0.01 0.00 0.00 0.00  
 
𝜂1 [h m−1∕3] 1.00×10−5 1.00×10−4 0.00 126.12 −0.49 −0.01  

 1.00×10−6 0.00 −31.60 0.15 0.00  
 
𝜂2 [h m−1∕3] 1.00×10−5 1.00×10−4 0.00 173.65 −0.96 −0.56  

 1.00×10−6 0.00 −43.71 0.32 0.14  
 
𝑆𝑠 [m−1] 1.60×10−4 1.60×10−3 39.08 0.00 −0.01 0.00  

 1.60×10−5 −3.91 0.00 0.00 0.00  
RMSE calculated for each of the ParFlow simulations across calibration 
stages. These are virtually indistinguishable from those obtained with 
the GPR surrogates. The value of RMSE decreases rapidly to values 
below 8 m during the first cycle (stages 1–4). In the second cycle (stages 
5–8), RMSE stabilizes, suggesting that further calibration cycles are 
unnecessary.

Conductivity values stemming from calibration align with typi-
cal ranges of values for these geomaterial types (Bear et al., 1968). 
9 
However, the geomaterial class (or macro-category) denoted as gravel 
appears slightly less conductive than sand, while clay appears to be 
slightly more conductive than silt. This apparent discrepancy stems 
from our conceptual model. Specifically, we reduce a complex system 
comprising about 23 geomaterial classes (as identified in previous 
studies (Previati et al., 2025)) to six macro-categories. For instance, 
the macro-category denoted as gravel aggregates all gravel subtypes, 
including finer components. We further remark that each block of our 
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Table 3
Parameter values and support ranges (in square brackets) considered during each calibration stage. The number 
of parameter value instances employed for ParFlow simulations, which form the basis for surrogates, is shown in 
parentheses after each range.
 Stage 𝑘1 [m h−1] 𝑘2 [m h−1] 𝑘3 [m h−1] 𝑘4 [m h−1] Optimal value [m h−1] 
 1 36.0 1.14 1.14×10−3 [0.003–0.114] (6) 𝑘4 = 9.45×10−3  
 2 36.0 [0.036–36.0] (7) 1.14×10−3 9.45×10−3 𝑘2 = 4.46  
 3 [0.11–114.0] (7) 4.46 1.14×10−3 9.45×10−3 𝑘1 = 1.79  
 4 1.79 4.46 [1.14×10−4–1.14×10−2] (5) 9.45×10−3 𝑘3 = 1.47×10−3  
 5 1.79 4.46 1.47×10−3 [0.003–0.06] (6) 𝑘4 = 1.18×10−2  
 6 1.79 [1.0–8.0] (6) 1.47×10−3 1.18×10−2 𝑘2 = 4.20  
 7 [0.5–10.0] (5) 4.20 1.47×10−3 1.18×10−2 𝑘1 = 1.52  
 8 1.52 4.20 [3.6×10−4–8.0×10−3] (5) 1.18×10−2 𝑘3 = 1.26×10−3  
Fig. 5. Stagewise calibration process for conductivity parameters. Each panel depicts RMSE as a function of the facies conductivity under calibration. Symbols 
correspond to ParFlow-based RMSE values at the sampled points used to train the GPR models; dashed curves denote GPR-based RMSE values. Vertical lines mark 
the optimal parameter values identified in the first (cyan) and second (orange) calibration cycles.  (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)
Fig. 6. Histogram (left) and spatial distribution (right) of differences between observed and modeled values of 𝑊 𝑇𝐷 (𝑊 𝑇𝐷obs −𝑊 𝑇𝐷sim) obtained through the 
calibrated model. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
model contains a weighted mixture of all categories, based on their per-
centage occurrence. Consequently, the calibrated conductivities should 
be interpreted as effective (or representative) values that reproduce 
observed 𝑊 𝑇𝐷, rather than as intrinsic properties of distinct geological 
units.

Fig.  6 depicts the histogram and spatial distribution of differences 
(or errors) between observed and modeled values of 𝑊 𝑇𝐷 obtained 
with the calibrated model. Most errors exceeding 10 m are seen to take 
place in the foothill area (23 out of 26 points), no clear spatial trend 
being otherwise observed elsewhere. These large errors are consistent 
with the higher uncertainty in the geological reconstruction in the 
10 
mountain area (Manzoni et al., 2023) and with the fractured nature 
of the system conveying groundwater flow in these areas, which is not 
reproduced by our modeling approach.

Overall, about 90% of simulated 𝑊 𝑇𝐷 values are characterized by 
absolute errors below 10 m, 45% of these being less than 2.5 m. We 
consider this accuracy acceptable given the 2 km horizontal resolution 
of our model, where each simulated 𝑊 𝑇𝐷 value represents a spatial 
average of the piezometric surface over a 2 km by 2 km area and there-
fore cannot match point measurements from individual piezometers. 
Additional factors contributing to the observed errors likely stem from 
the fact that our calibration strategy relies on temporally averaged (and 
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Fig. 7. Cumulative distribution functions (CDFs) of the Kling–Gupta Efficiency (KGE) metric, based on daily river flow rate at 31 gauging stations, for seven 
values of 𝜂2. Vertical colored dashed lines indicate median KGE values for each 𝜂2 (h m−1∕3). The black dashed line denotes the threshold KGE = − 0.41.  (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
otherwise transient) 𝑊 𝑇𝐷 observations for comparison against steady-
state model outcomes. The calibrated model also exhibits a slight 
negative bias (defined as the mean difference between simulated and 
observed 𝑊 𝑇𝐷 values) of −1.43 m, indicating a slight underestimation 
of the mean (across the domain) 𝑊 𝑇𝐷. Negative biases have been 
reported in previous studies (e.g., Maxwell et al., 2015; Fan et al., 2013) 
and are typically attributed to overestimated recharge, underestimated 
lateral flow, or observation wells affected by local pumping.

4.3. Calibration of manning roughness coefficient

In the second phase of the calibration process, we proceed to 
calibration of the Manning roughness coefficient of the channel cells 
(𝜂2). To do so, we sample seven values of 𝜂2 within the interval [2.5 ×
10−6, 5 × 10−5] h m−1∕3, spanning conditions from extremely smooth to 
very rough natural systems (Chow, 1959). We then run ParFlow-CLM 
simulations under transient conditions at hourly temporal resolution 
for each of these seven parameter values for the 2009–2018 period. 
To avoid the influence of initial conditions on calibration results, we 
conduct a spin-up procedure as described in Section 3.3.3.

Fig.  7 depicts the cumulative distribution functions (CDF) of the 
Kling–Gupta Efficiency (KGE) metric (Gupta et al., 2009) for the seven 
values of 𝜂2 considered, based on comparisons between modeled and 
observed daily river flow rates at the 31 gauging stations reported in 
Section 3.3.2. To improve readability, different horizontal scales are 
employed to illustrate negative and positive KGE values, as most of the 
KGE values fall within the relatively narrow 0 ≤ KGE < 1 interval. The 
black vertical dashed line corresponds to KGE = −0.41, the threshold 
value at which model results describe observations with the same 
KGE score than the mean observed flow. This is often considered as 
a threshold for good model performance (Knoben et al., 2019). Fig.  7 
also includes vertical colored dashed lines depicting the median KGE 
value for each 𝜂2. Curves that tend to lie on the right side of the plot 
are associated with better performing model settings. According to our 
results, values of 𝜂2 in the range 𝜂2 = [5 × 10−6 − 1 × 10−5] h m−1∕3

(orange, pink, and blue curves in Fig.  7) tend to feature the highest 
quality performance. In terms of median KGE, 𝜂2 = 5 × 10−6 h m−1∕3, 
𝜂2 = 7.5 × 10−6 h m−1∕3 and 𝜂2 = 1 × 10−5 h m−1∕3 yield nearly identical 
performance, with a median KGE of 0.35, 0.33, and 0.34, respectively. 
In terms of percentage of stations for which KGE ≥ −0.41, all of these 
three values of 𝜂2 produce very similar results, with 𝜂2 = 7.5 × 10−6

h m−1∕3 and 𝜂2 = 5.0 × 10−6 h m−1∕3 being the best performing values 
(with 87% of the stations being characterized by KGE ≥ −0.41) and 
𝜂2 = 1 × 10−5 h m−1∕3 performing slightly less well (with 84% of the 
stations above the threshold). Notably, 𝜂2 = 7.5 × 10−6 h m−1∕3 yields 
significantly enhanced performance for some of the stations (associated 
with KGE values larger than 0.5). Relying on this value of 𝜂2 yields KGE 
values of 0.75, thus corresponding to a quality level that is not achieved 
by any of the other Manning roughness coefficient values considered.
11 
The (overall) best performing parameter value (i.e., 𝜂2 = 7.5 × 10−6

h m−1∕3) aligns well with typical Manning roughness coefficients of 
natural streams (Chow, 1959) and with values documented in the area. 
For example, Aureli and Mignosa (2004) consider a Manning coefficient 
of 7.9 × 10−6 h m−1∕3 to be adequate to describe the roughness of the 
river and nearby floodplains in a portion of the valley close to the city 
of Mantua. Nones et al. (2018) adopt a value of 5.5 × 10−6 h m−1∕3

for a section of the Po River close to the city of Ferrara during a flood 
simulation. Masoero et al. (2013) estimate a value of 8.3 × 10−6 h m−1∕3

from a one-dimensional flooding simulation of a 93 km portion of the 
Po River.

Fig.  8a depicts the spatial distribution of KGE values obtained at 
each gauging station with 𝜂2 = 7.5 × 10−6 h m−1∕3. Results show a 
spatial pattern according to which model performance (in terms of 
KGE) is highest in the valley and Apennine areas, and lowest in the 
northern and mountain regions. The observed reduced performance 
in the mountain area is consistent with the results of the first cali-
bration phase. Moreover, the northern areas are heavily impacted by 
anthropic interventions and artificial reservoirs, factors that are not 
included in our large-scale model. Specifically, the Po River watershed 
contains over 2000 reservoirs, mainly concentrated in the north (Molle 
et al., 2019) with a total storage capacity up to 1000 Mm3, serving 
hydropower production, irrigation supply and flooding control.

Fig.  8b complements the analysis by showing the best value of the 
KGE metric obtained at each of the flow rate stations together with the 
corresponding value of 𝜂2 (rescaled by a factor of 10−5). These results 
suggest that the ability of our model to render river flow rates could 
potentially be improved by adopting a spatially heterogeneous Manning 
roughness coefficient along the river reaches. All but one of the stations 
achieve a KGE ≥ 0.2.

5. Conclusions

We introduce an approach for the calibration of large-scale, physi-
cally based, fully integrated surface–subsurface (SW–GW) hydrological 
models. To our knowledge, no other calibrated model of this kind 
has previously been documented at such spatial scale. Our approach 
synergistically merges parallel streams of research (i.e., model formu-
lation, sensitivity analysis, model reduction, and calibration). Hence, 
calibration of a large-scale integrated surface–subsurface hydrological 
model is made possible using a sequence of complementary method-
ologies that are here integrated for the first time. These include: (𝑖) a 
neural network-based probabilistic reconstruct of the internal aquifer 
architecture that allows reducing geological complexity to a limited set 
of parameters/facies; (𝑖𝑖) a rigorous sensitivity analysis, leading to iden-
tification of model parameters that are most influential on available 
data associated with quantities of interest (such as, e.g., groundwater 
levels, discharges in rivers, and/or surface/subsurface water storage); 



L. Sandoval et al. Journal of Hydrology 664 (2026) 134527 
Fig. 8. Spatial distribution of KGE values calculated at each gauging station (a) using a uniform Manning roughness coefficient 𝜂2 = 7.5 × 10−6 h m−1∕3; and (b) 
optimizing the value of 𝜂2 in each gauging station. Panel (b) also shows the corresponding 𝜂2 values (rescaled by 10−5 h m−1∕3) for each station. (For interpretation 
of the references to color in this figure legend, the reader is referred to the web version of this article.)
(𝑖𝑖𝑖) formulation of surrogate models to emulate computationally ex-
pensive full-model responses; and (𝑖𝑣) a stagewise calibration proce-
dure. Such a unique integration yields efficient parameter estimation 
in high-dimensional, computationally demanding modeling environ-
ments, wherein traditional calibration approaches are infeasible. We 
demonstrate and document the potential of this framework upon con-
sidering the largest basin in Italy, encompassing the Po River District 
(northern Italy). Our work leads to the following main conclusions:

• A rigorous sensitivity analysis enables one to identify the model 
parameters that exert the strongest influence on SW–GW dynam-
ics and specific quantities of interest, therefore guiding model 
calibration efforts. Acquiring such knowledge is critical when 
assessing fully integrated large-scale models, as simultaneous cal-
ibration of all model parameters would be computationally infea-
sible. In the context of our exemplary application, it enables us to 
identify the hydraulic conductivity of specific geomaterials/facies 
and the Manning roughness coefficient of channels as primary 
controls on subsurface and surface flow behavior, respectively. 
12 
At the same time, the sensitivity analysis allows highlighting 
parameters of potential influence that cannot be estimated on the 
basis of available data, thus guiding future monitoring campaigns. 
A stark example emerging in our setting is given by porosity and 
compressibility of certain geomaterials. While they are critical 
for subsurface storage estimation, they cannot be inferred from 
standard piezometric campaigns. Recognizing these limitations 
is particularly important in the context of developing effective 
water resilience strategy plans, in line with initiatives such as, for 
example, the 2025 European Water Resilience Strategy (European 
Commission, 2025).

• Calibration can be performed effectively according to a stepwise 
process resting on the use of surrogate models. While we rely 
on Gaussian Process Regression (GPR) surrogates in our setting, 
other surrogate modeling techniques are fully compatible with 
the proposed framework. Using GPR, hydraulic conductivities can 
first be estimated using commonly available steady-state water 
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table measurements. Model calibration under transient condi-
tions can then be performed in a subsequent stage to refine the 
estimation of surface roughness coefficients.

• As a direct application, our approach yields the first calibrated, 
fully integrated, high-fidelity SW–GW model encompassing the 
entire Po River District. The model offers an unprecedented level 
of spatial detail and inclusion of physical processes by explic-
itly representing three-dimensional variably saturated subsurface 
flow, slope-driven surface runoff, and energy-based estimates 
of evapotranspiration and snow processes. This comprehensive 
approach allows for the relaxation of several simplifying assump-
tions that have commonly been employed in previous large-scale 
modeling efforts, both in this region and elsewhere.

Future studies include the assessment of the way model calibration 
could be enhanced using additional available datasets. These may 
include, for example, satellite-derived evapotranspiration, soil mois-
ture estimates, snow water equivalent maps, and/or terrestrial water 
storage anomalies (Sun et al., 2016). Integration of these datasets 
within a multi-stage calibration framework based on the use of multiple 
datasets could improve model parameter assessment and refine process 
representation across hydrological compartments. Beyond enhancing 
predictive accuracy, such efforts may also reveal critical feedbacks 
between surface and subsurface flow systems, thus further improving 
our knowledge of large-scale water dynamics. Additional future re-
search avenues include the possibility of informing sensitivity analyses 
through parameter values (and their uncertainty bounds) stemming 
from model calibration. In this context, setting (stochastic) model cal-
ibration in frameworks relying, for example, on Markov-Chain Monte 
Carlo approaches can benefit from the availability of surrogate models 
to reduce computational burdens. Our results further suggest that ad-
ditional research efforts could focus on investigating, for example, the 
effects of considering reach-scale-heterogeneous Manning roughness 
coefficients (i.e., values of the Manning coefficients varying from one 
river reach to another while remaining uniform within each reach). 
Such an approach may improve the representation of spatial variability 
in channel characteristics and, consequently, yield an overall enhanced 
model performance.
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