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ABSTRACT

Increasing hydrological and agricultural droughts in the Po River Basin in northern Italy, one of the most
intensively irrigated agricultural regions in Europe, have raised growing concerns about water resources man-
agement and highlighted the need for accurate estimates of irrigation requirements (IR). This study presents
AGRHYD, a two-compartment (topsoil-subsoil) soil-water balance model built on the FAO 56 dual crop coeffi-
cient approach to estimate crop actual evapotranspiration (ET, q), crop evapotranspiration (ET,) and IR at point
and regional scales. The explicit topsoil compartment, responsible for soil evaporation, facilitates future
reconciliation and integration with satellite-based soil moisture retrievals. Since IR is a theoretical construct and
cannot be directly measured, the model’s daily ET. 4 estimates for wheat and vine, two of the typical rainfed
crops in the region, were evaluated against two independent satellite-based evapotranspiration products, WaPOR
and GLEAM yielding Pearson’s correlation coefficient () up to 0.88 and an RMSE as low as 0.91 mm day™* for
wheat, and r up to 0.91 and an RMSE as low as 0.58 mm day™ for vine, with satisfactory reproduction of ET, g
temporal dynamics at daily, seasonal, and annual scales. IR was subsequently estimated for maize and forages,
two of the main irrigated crops in the region, over the period 1981-2022, revealing pronounced spatial het-
erogeneity with the highest demands concentrated in eastern Piedmont and Emilia-Romagna. Long-term trend
analysis identified statistically significant increasing trends in annual IR across the basin with mean rates of
0.88 mm year™ for maize and 1.17 mm year™ for forages, driven primarily by trends in June and July. Con-
current declining precipitation and increasing crop reference evapotranspiration (ETo) across the basin during
these months broadly provide a physically consistent hydroclimatic explanation. A sensitivity analysis confirmed
that the key trend findings are robust to uncertainty in crop calendar timing. The resulting IR dataset and long-
term trend diagnostics constitute a valuable resource for irrigation planning and water allocation in the Po River
Basin, while the model's reliable performance and modest data requirements make it transferable to other irri-
gated regions.

1. Introduction

Sophocleous (2004) projected that by 2025, freshwater withdrawal
could rise to 70-90% of accessible resources, primarily due to agricul-

The largest proportion of freshwater withdrawals is attributed to
irrigation water demand in agriculture (FAO, 2020a). This demand is
expected to increase due to more frequent and severe droughts driven by
climate change, which put rainfed cultivation under pressure, thereby
raising the need for irrigation and expanding the area of croplands
equipped for irrigation worldwide (FAO, 2024). This situation is further
exacerbated by concerns related to food security and the need to meet
growing food demand due to the rising global population (FAO, 2020a),
potentially leading to a 50% increase in irrigated agriculture by 2050
(Food and Agriculture Organization of the United Nations, 2020).

* Corresponding author.
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tural use. However, by 2021, this figure had already surpassed 90% in
28 countries (FAO, 2024). These trends underscore, among other con-
cerns, the critical need to evaluate the amount of freshwater required for
irrigation (Doll and Siebert, 2002), and to adopt more efficient irrigation
practices within the broader framework of sustainable water resource
management, in order to alleviate pressure on freshwater resources and
safeguard both food production and freshwater availability (Rockstrom
et al., 2010).

The minimum amount of water that must be supplied to crops,
beyond what precipitation provides, needed to achieve optimal crop
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productivity, is referred to as Irrigation Requirements (IR) (Allen et al.,
1998; Natural Resources Conservation Service, 1997). In other words, IR
is determined by the difference between precipitation and the crop
water use rate under optimal productivity conditions (Allen et al.,
1998). However, IR is not a physical quantity that can be directly
observed or recorded with instruments; rather, it is a theoretical
construct that can be derived based on the crop water use rate under
optimal conditions, represented by the crop evapotranspiration (ET,).
Yet ET, is itself a theoretical upper bound for crop water use and cannot
be measured. Crop actual evapotranspiration (ET; 4), which represents
crop water use under real field conditions including water stress, can
however be measured or estimated using different methods and where
water stress is absent, ET. 4 converges to ET. enabling IR estimation.
ET. qct can be measured in the field using two main approaches: mass
balance methods (e.g., lysimeters) and micrometeorological methods (e.
g., eddy covariance systems). These are considered highly reliable and
accurate (Hillel et al., 2005), but they are also expensive and
time-consuming, with limitations such as limited spatial representa-
tiveness (Allen et al., 1998; Natural Resources Conservation Service,
1997), particularly in large-scale studies (i.e., regional or basin scale).
To address these challenges, ET, o can also be estimated through a
variety of alternative methods, namely: (1) physically based approaches,
(2) soil-water balance (SWB) models, (3) remote sensing-based tech-
niques, and more recently, (4) methods utilizing machine learning.

In physically based approaches, the Penman-Monteith (P-M) and the
Priestley-Taylor (P-T) methods are the most widely used for estimating
ET, gt (McColl, 2020; Sumner and Jacobs, 2005), as they incorporate
both energy balance parameters (i.e., net radiation, soil heat flux) and
mass transfer factors (i.e., surface and aerodynamic resistance). In P-M
method, however, parameterizing the resistance terms remains chal-
lenging (Xiong et al., 2019), while the P-T method uses an empirical
coefficient to bypass these challenges, yet this coefficient varies with
local conditions and depends on several environmental factors (Gavin
and Agnew, 2004; Sumner and Jacobs, 2005).

SWB models estimate ET, o as the residual of a linear relationship
between soil water components and water inputs to the soil. Steady-state
SWB models operate on a fixed time step (typically one day), assuming
that system conditions remain stable during that period. In contrast,
transient-state SWB models are more complex, accounting for continu-
ously varying conditions over time (Pereira et al., 2020). However,
accurately estimating ET, qc using SWB models requires knowledge of
soil moisture—among other factors—which is a challenging parameter
to obtain, particularly at scales beyond a point measurement or small
agricultural field.

Advances in remote sensing techniques have led to the development
of models capable of directly estimating ET, 4 in a cost-effective and
spatially distributed manner across regional and global scales, primarily
leveraging satellite-derived data (Xue et al., 2025). According to FAO
(2023), the most operational remote sensing-based models to estimate
ET. 4 can be categorized into three groups: Surface Energy Balance
(SEB), P-M, and Satellite Psychrometric Approach (SPA) which were
applied in the literature (Dias Lopes et al., 2019; Garcia-Gutiérrez et al.,
2021; Ma et al., 2023; Oliveira et al., 2024; Senay et al., 2022; Singh and
Senay, 2016; Sun et al., 2011). SEB- and SPA-based models rely on
satellite-derived land surface temperature, which is only available under
cloud-free conditions. Cloud masking techniques mitigate this issue but
they are accompanied by uncertainties from aerosols, dust, and smoke
while cause spatial gaps and temporal discontinuities due to the exclu-
sion of unclear pixels. These models also require interpolating instan-
taneous ET. 4 values from satellite overpasses to daily estimates,
assuming constant ET, o —a simplification that fails under episodic
precipitation or irrigation (FAO, 2023). P-M-based models address cloud
limitations by solving the P-M equation daily using various satellite
inputs, including microwave data, though this increases complexity due
to additional parameter requirements. Two recent global remote
sensing-based land evapotranspiration products which employ P-M

Agricultural Water Management 338 (2026) 110887

equation are WaPOR (FAO, 2020b) and GLEAM (Miralles et al., 2025)
where on agricultural fields they represent ET. o WaPOR solves the
P-M equation separately for transpiration (Tr) and soil evaporation (E)
using remote sensing inputs in a complex framework, providing global
high resolution (i.e., 300 m) dekadal to annual data. GLEAM estimates
potential evapotranspiration using the P-M equation, adjusting it with
environmental stress factors (e.g. soil moisture), producing global Tr and
E data at 0.1° (~ 11 km) resolution.

Machine learning techniques have improved the accuracy of ET, g
estimation at both field and regional scales (Dong et al., 2022; Xue et al.,
2025), largely due to advances in deep learning models (Feng et al.,
2024; Yan et al., 2023). Nevertheless, these approaches typically require
large volumes of high-quality training data, which are often unavailable.
In addition, their currently high computational demands pose practical
limitations, restricting the broader application of such techniques.

Among these, the Food and Agriculture Organization (FAO) provides
a widely adopted combined method known as FAO 56 (Allen et al.,
1998) integrating a physically based method (i.e., P-M) and empirical
crop and soil characteristics to estimate ET, 4 while using an SWB
model to account for water availability for the crop. It parameterizes the
P-M equation (i.e., FAO P-M) to estimate a crop reference evapotrans-
piration (ETp) which is multiplied by a coefficient representing com-
bined crop and soil characteristics, and a water stress coefficient derived
from the SWB yielding crop. This is known as FAO 56 single crop co-
efficient (single-K.) approach. However, ET, 4. can be obtained also by
estimating Tr and E separately by isolating crop characteristics from
those of soil which is known as FAO 56 dual crop coefficient (dual-K,)
approach. The FAO 56 method is considered robust and relatively simple
to implement (Fereres and Soriano, 2007), utilizing commonly available
meteorological variables (e.g. temperature, precipitation, and solar ra-
diation) (Droogers and Allen, 2002). It is standardized across climates
and crops (Allen et al., 1998) and has empirical flexibility for a variety of
environmental contexts (Pereira et al., 2015). Nevertheless, some limi-
tations have been reported including the need for local calibration of
crop characteristics under high atmospheric demand (Marin et al.,
2019); errors in ETy estimation due to missing or poor-quality meteo-
rological data; the temporal and spatial variability of ET in relation to
climate variables; and inaccurate ET, o estimates under deficit irriga-
tion conditions (Cid et al., 2018).

The methods discussed above are primarily developed to estimate
ET, 4 However, as discussed earlier, under no water stress condition,
ET, o converges to ET., enabling IR estimation. It should be noted,
however, that remote sensing-based products usually provide estimate
on ET. 4 under actual field conditions including water stress, and
therefore require additional assumptions or modifications to derive ET,
whereas SWB models such as FAO 56 can directly yield ET, by assuming
optimal water supply conditions. Once an adequate estimate of ET, is
obtained using one of the methods discussed earlier, IR can be
determined.

At the global scale, several studies have attempted to address the
need for IR data by applying the FAO 56 method, or an extended version
of it, to estimate evapotranspiration , combined with various methods
for estimating ETy or using multi-module hydrological models based on
the SEB. These studies have provided global IR data for different crops at
varying spatial and temporal resolutions, accounting for climate-driven
interannual variability, partitioning Tr from E, crop water footprint, and
yield, while utilising meteorological data with annual, monthly, and
daily temporal resolutions. For more information on these efforts, see
(Rolle et al., 2021). These studies primarily used a base year from which
irrigated and harvested areas were adopted and assumed to remain
constant for other years. In the most recent effort, (Mialyk et al., 2024)
provided global data by applying a modified version of the AquaCrop
model—an extended version of the FAO 56 method—that accounts for
the temporal dynamics of crops and irrigated areas.

At the regional and basin scale, several studies have provided in-
sights and data on ET, o and IR from diverse regions across the globe
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(Aus der Beek et al., 2010; Bastiaanssen et al., 2002; Geng et al., 2023;
Nie et al., 2021; Parmar et al., 2023; Ruess et al., 2023). These studies
employed the methods discussed earlier—either individually or in
combination—with remote sensing-based approaches being more
frequently used (El-Magd and Tanton, 2005; Folhes et al., 2009; Parmar
et al., 2023; Xue et al., 2021) compared to global studies. Among the
regions where IR assessment is particularly critical, Mediterranean
Europe stands out as an agricultural hotspot facing intensifying hydro-
climatic pressures (Granata et al., 2025). This region, which dominates
the production of certain crops, makes a substantial contribution to
overall agricultural output in Europe (Cook, 2022), while also ac-
counting for 75% of the total area equipped for irrigation, making it the
most water-demanding region in terms of IR (Wriedt et al., 2008).
However, climate change-induced temperature increases and intensified
droughts have led to a reduction in available water resources in this
region, particularly from snowmelt and river flows—a trend projected to
worsen under future climate scenarios (Parmesan et al., 2022). At the
heart of this region lies the Po River Basin in Northern Italy, a major
agricultural hotspot with intensively cultivated lands that support more
than 35% of Europe's agricultural production (Carlson et al., 2025). The
majority of these lands are irrigated, placing the area among the top
regions with the highest IR in Europe (Eurostat, 2019). Nonetheless,
local irrigation practices are relatively inefficient (i.e., ~50%), and
when combined with climate change impacts—particularly the reduc-
tion of snowmelt—and increasing water demand, put the Po River Basin
under serious threat with respect to water resources (Carlson et al.,
2025).

Despite the critical importance of long-term IR and its trends for
water allocation and management at both regional and continental
scales, the Po River Basin remains underrepresented in the literature in
this regard. A recent effort by (Galli et al., 2025) provided crop-specific
IR estimates at 1 km resolution across Italy using a model based on the
FAO 56 single-K. approach for 2013-2023 period, representing a valu-
able contribution to the growing demand for high-resolution IR data in
Italy. However, its decade-long temporal coverage limits its applicability
for long-term trend analysis, the use of a single-layer SWB constrains the
physical representation of E partitioning and topsoil moisture dynamics,
and for the Po River Basin specifically, being designed for the national
scale, it relies on globally uniform crop parameters rather than
region-specific ones that better capture local agronomic conditions.
There remains therefore a need for IR estimation frameworks that are: 1.
driven by long-term climate records, 2. more physically consistent in
their representation of soil-plant-atmosphere interactions, 3. computa-
tionally efficient enough to operate at regional scale over long-term
periods, and 4. reliant on globally available input data which make
them potentially transferable to other intensively irrigated agricultural
regions. To address this, the present study introduces a spatially
distributed two-soil-layer SWB modeling framework (topsoil-subsoil) to
estimate ET, 4 ET., and IR. The model is applied then to maize and
forages, two major irrigated crops in the Po River Basin, to provide IR
estimates over the period 1981-2022 at 2.2 km spatial resolution which
is subsequently used to investigate long-term trends in IR.

The proposed framework advances beyond existing approaches
applied in the Po River Basin in several interconnected ways. In terms of
soil structure and moisture dynamics, rather than assuming a single
homogeneous set of soil hydraulic properties for the entire soil profile,
the model accounts for the vertical heterogeneity of soil hydraulic
properties up to the crop root depth. In addition, infiltration from the
topsoil to the root zone is explicitly simulated to improve soil moisture
profile accuracy, and a modified approach to estimating the soil evap-
oration reduction coefficient is adopted to improve E estimation
compared to the standard FAO 56 formulation. Regarding the soil-plant-
atmosphere interactions processes, the model separates Tr from E, and
interception, the fraction of precipitation retained by the vegetation
canopy and never reaching the soil, is explicitly accounted for through
Leaf Area Index (LAI) and Fraction of green vegetation Cover (FC) data.
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The explicit topsoil water balance produces soil moisture estimates in
the uppermost soil layer that are physically compatible with satellite-
based surface soil moisture retrievals. This structural compatibility
opens a direct pathway for future reconciliation with remote sensing soil
moisture retrievals, as well as their potential assimilation, offering a
means to further constrain model estimates of E and root zone soil
moisture. Finally, spatial variability in crop parameters for different
regions across the basin is accounted for, reflecting local differences in
crop development and canopy characteristics that are critical for a more
accurate regional IR estimation. Despite the physical complexity of the
processes represented, the framework is designed to be computationally
efficient, enabling spatially distributed simulations at regional scale
with high spatial resolution input data over multi-decadal periods.
Together, these features make the proposed model a physically consis-
tent, computationally efficient, parsimonious and potentially transfer-
able framework well suited to the practical needs of regional water
resource assessment and long-term irrigation planning.

2. Data
2.1. Study area

The Po River Basin, located between 44°N-47°N and 6.5°E-12.5°E,
has a drainage area of 71,327 km?, 98% of which lies in northern Italy.
The basin contains extensive agricultural land supplying approximately
40% of the country’s food demand (Montanari et al., 2023). The region
has a humid subtropical (temperate) climate, characterized by hot
summers and cool winters (Beck et al., 2018), with annual precipitation
ranging from 1000 to 1200 mm (De Lannoy et al., 2024). According to
the Italian National Institute of Statistics (ISTAT) latest agricultural
census report (Italian National Institute of Statistics, 2021), the main
crops cultivated in the Po River Basin include cereals, orchards, vine,
and forages, many of which require irrigation. The majority of the
agricultural lands are located in Piedmont, Lombardy, Emilia-Romagna,
and Aosta valley regions which were considered in this study.

2.2. Meteorological data

ERAS reanalysis data (Hersbach et al., 2020), developed by the Eu-
ropean Centre for Medium-Range Weather Forecasts (ECMWF), is the
most widely used georeferenced global dataset on climate variables
having a spatial resolution of 0.28° (~31 km) at the equator, while its
derived products—such as ERA5-Land and the regional reanalysis for
the European domain (CERRA)—offer finer resolutions of 9 km and
5 km, respectively. For agricultural management applications, such as
assessing crop water stress and IR, higher-resolution data can be trans-
formative, as they provide greater spatial detail and improve results
accuracy in regional- and basin-scale studies. In this context, the Centro
Euro-Mediterraneo sui Cambiamenti Climatici (CMCC) recently pub-
lished the Very High-Resolution Reanalysis for Italy (VHR-REA_IT)
dataset, a dynamically downscaled version of ERAS for Italy produced
using the regional climate model COSMO-CLM (Rockel et al., 2008),
with a spatial resolution of 0.02° (~2.2 km). Compared to observational
and measurement data, VHR-REA_IT has shown satisfactory perfor-
mance (Adinolfi et al., 2023), and was therefore used in this study as the
source of all meteorological inputs.

2.3. Crop and soil properties data

In addition to meteorological data, crop parameters such as crop
coefficient (K.), root depth, and depletion fraction for root zone are
essential for the modeling. Estimating ET, 4 following the FAO 56
method requires K, values for the initial, middle, and late growth stages,
as well as the duration of each stage, including planting and harvesting
dates. To ensure the highest possible accuracy for the study area, data
were sourced primarily from regional documents along with technical
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reports and when no information was available, data from the Water
Footprints for Nations (Chapagain and Hoekstra, 2004) and (Pereira
et al,, 2025) were adopted. During the initial and middle growth
stages, the daily crop coefficient values remain constant while for the
two transition periods of developing (ascending from end of initial stage
to beginning of middle stage) and late stage (descending from end of
middle stage to the harvest day) linear interpolation was used to esti-
mate daily values (Allen et al., 1998).

When isolating Tr from E (e.g. present study), . must be adjusted to
reflect only the crop characteristics to estimate Tr; this adjusted coeffi-
cient is known as the basal crop coefficient (K). According to Fischer
et al. (2021), the Po River Basin falls under a temperate climate classi-
fication, which corresponds to a subhumid climate within the FAO 56
framework (Berti et al., 2014). Based on this, and having K, values, the
corresponding K}, values were estimated using the approach outlined in
Table 18 of FAO 56 (Allen et al., 1998), where a fixed value is subtracted
from K, depending on the crop type or category.

LAI and FC data required for estimating interception and E (see
Sections 3.3 and 3.4, respectively) were sourced from the Copernicus
Land Monitoring Service (CLMS), which provides dekadal (i.e., 10-day
recurrence) data for the period 2014-2025 (at the time this paper was
written) at a spatial resolution of 300 m, based on PROBA-V and
Sentinel-3/0LCI data (Copernicus Land Monitoring Service, 2017a,
2017b). LAI is defined as half the total surface area of the convex en-
velope enclosing the green canopy elements, expressed per unit of
horizontal ground area. This definition captures non-flat elements such
as needles and stems, resulting in a more accurate representation of
vegetation structure (Verger et al., 2023). FC is defined as the fraction of
ground surface that is covered by vegetation which is used to separate
vegetation and soil which is critical for estimating interception and
evaporation.

Assuming that the temporal dynamics of LAI and FC follow a pattern
similar to K., three representative values—corresponding to the initial,
mid, and late growth stages—were assigned for both LAI and FC for each
crop and a linear interpolation was used for the transitional periods
between growth stages to estimate the daily values. To extract these
representative values, the High Resolution Layer Crop Type (CTY) data
for 2018-2022 (Copernicus Land Monitoring Service, 2021) from CLMS,
which is a high resolution (10 m) croplands data across Europe, was

Table 1
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used as a mask over the LAI and FC data of the median date of each
growing stage. Since CTY does not provide specific crop land data on
forages, EUROCROPMAP dataset (d’Andrimont et al., 2021) which is
another high resolution (10 m) croplands data across Europe, was used
to mask LAI and FC data for forages. Eventually, the average value of LAI
and FC data corresponding to croplands in the study area representing
each crop on each date was used as the representative value. It should be
noted that the uncertainty associated with using this assumption was
negligible according to the results of a sensitivity analysis conducted
comparing the distributions of three interception scenarios over
2018-2022: (i) daily dekadal LAI and FC values, (ii) per-year monthly
mean LAI and FC values, (iii) long-term monthly mean LAI and FC
values, the latter corresponding to the assumption adopted in this study.
The maximum difference in median interception between the daily and
long-term mean scenarios across all months was 0.009 mm d' , with
nearly identical interquartile ranges in all cases.

Table 1 presents the summary of main crop parameters used in the
present study while table SM1 in supplementary material contains data
used here for LAI and FC.

Soil physical properties, such as the percentage fractions of sand and
clay, are sourced from SoilGrids v2.0 (Poggio et al., 2021), a global soil
property dataset developed using a large number of soil observations.
Soil hydraulic properties, including soil water content at field capacity,
permanent wilting point, and saturation, are obtained from HiHydroSoil
v2.0 (Simons et al., 2020), a global soil hydraulic dataset derived by
applying Mualem-van Genuchten pedotransfer functions to SoilGrids
v2.0 data. Both datasets provide information for six soil layers (0-5,
5-15, 15-30, 30-60, 60-100, 100-200 cm) at a spatial resolution of
250 m, and were therefore resampled to match the spatial resolution of
the meteorological data.

3. Methods
3.1. Modeling framework

We developed a daily time-step SWB model, named AGRHYD
(AGRiculture HYDrology), built on the works done by (Rolle et al., 2022,
2021; Tuninetti et al., 2015). The model follows the FAO 56 dual-K.
approach to estimate ET, o, ET, and, consequently, IR at point and grid

Crop properties used in the present study. Kc is crop coefficient, Kcb is crop basal coefficient, each given at the initial, middle-, and late-season growth stages. For
perennial crops, for dual-K. approach, the kcb is set to 0.15 before Greenup and after harvest while for single-K. approach, the season is considered only between the
Greenup and harvest. R1 and R2 are the rooting depths (m) for irrigated and rainfed conditions, respectively. DF is the soil water depletion fraction in the root zone. SS
and SE are the start of the season and end of the season dates, respectively. According to ISTAT, forages constitutes permanent and temporary pasture, maize for silage,
alfalfa, and combination of them across the regions and therefore Kc and Kcb for forages vary across the regions within the specified ranges.

Crop Kc/Kceb Kc/Keb Kc/Kceb R1 R2 DF SS SE
initial Middle late
Wheat - 0.68/ 0.96/ 0.38/ 1 1.5 0.55 15 Nov 14 July
0.15 0.84 0.34
Vine - 0.48/ 0.68/ 0.59/ 2 0.35 Perennial
0.15 0.63 0.54 Greenup Harvest
1 Apr 15 Sep
Maize - 0.33/ 1/ 0.4/ 0.8 1.2 0.5 1 Apr 20 Aug
0.15 0.95 0.35
Forages Permanent pasture 0.7/ 0.89/ 0.75/ 0.5 1.5 0.6 Perennial
0.65 0.84 0.7 Greenup Harvest
15 Mar- 15 Sep-
8 Apr 27 Oct
alfalfa 0.5/ 1/ 1/ 2 0.55 Perennial
0.45 0.95 0.95 Greenup Harvest
15 Mar 10 Oct
Permanent pasture, alfalfa 0.6/ 0.95/ 0.88/ 1.5 0.6 Perennial
0.55 0.9 0.84 Greenup Harvest
15 Mar 15 Sep
Maize for silage, alfalfa 0.4/ 1/ 0.95/ 1 1.7 0.5 1 Apr 15 Aug
0.35 0.95 0.9
Maize for silage 0.3/ 1/ 0.89/ 1 1.7 0.5 1 Apr 15 Aug
0.15 0.95 0.84
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scales, based on soil properties, crop phenology, and meteorological
data for seasonal and perennial crops under rainfed and irrigated re-
gimes. Two soil compartments, namely topsoil and subsoil are consid-
ered from which E and Tr are estimated, respectively where summed up
ET, 4 is obtained. Fig. 1 represents AGRHYD workflow.

3.2. Reference evapotranspiration estimation

FAO P-M equation is recommended by FAO 56 for estimating daily
reference crop evapotranspiration (ETo), and is expressed as:

0.408 A (Rn‘i — Gl) + ]/% llz‘i(es_i — ea,i)

ETo; = 1
04 A + y(1+034 uyy) M

Where R, is the net radiation at top of canopy [MJ m2 day™] on day i, G
is soil heat flux density [MJ m2 day'l] on day i, Tmeq iS mean air
temperature at 2 m height [°C] on day i,u; is wind speed at 2 m height
on day i [m s’l],es is saturation vapour pressure [kPa] on day i,e, is
actual vapour pressure deficit [kPa] on day i, A is slope vapour pressure
curve [kPa °C'1],y is psychrometric constant [kPa °C'1].

When all required inputs for the FAO P-M equation are not available
or associated with high uncertainty, the Hargreaves-Samani (H-S)
equation can be used as an alternative as recommended by FAO 56 and is
expressed as:

ETy; = Kps (Tmean.i + 178) (Tmax.i - Tmin,i)o.sRa,i (2)

Where Kps is an empirical coefficient equal to 0.0023, Tmeani, Tmaxis
Tmin; are the mean, maximum and minimum temperature on degrees of
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Celsius [°C] on day i. Rg; is the equivalent evaporation [mm] on day i
which is obtained by dividing extraterrestrial solar radiation [MJ m™2]
on day i by the latent heat of vaporisation. All the variables required for
(1) and (2) are either directly provided by VHR-REA_IT or derived using
the relationships described by (Allen et al., 1998) incorporating
VHR-REA_IT data. We estimated ETo using both methods above to
compare and assess their impact on ET, 4 estimates.

3.3. Interception

Precipitation intercepted by vegetation does not reach the soil and
hence not contributing to the SWB. Following Braden (1985);
Von-Hoyningen-Huene, (1983) and incorporating LAI and FC, the
intercepted precipitation of day i is estimated as:

1
TGP ) 3)

INT; = 0.2 LAL (1—
1 to2 LAI;

Where P; is total precipitation [mm] on day i.

INT is assumed to evaporate directly from the leaf surface, which
slightly alters the vapor pressure deficit above the canopy and reduces
the atmospheric evaporative demand. To account for this effect, INT is
subtracted from ETo in the model and the remainder enters the SWB
cycle as ETo.

3.4. Soil-water balance in topsoil

The daily SWB in the topsoil (0-5 cm) is used to estimate topsoil

Fig. 1. Schematic overview of the AGRHYD modeling workflow. Input meteorological data include temperature and latitudinal information required for ETo esti-
mation using the Hargreaves-Samani (H-S) method while wind speed, relative humidity, solar radiation, and elevation (red-bordered box) can be provided to
compute ETo using the FAO 56 Penman-Monteith (P-M) method. Along with meteorological forcing, soil hydraulic properties and local agricultural data are
harmonized, resampled, and spatially aligned prior to model execution. The model core integrates meteorological forcing (precipitation and ETo), soil hydraulic
parameters (field capacity 8¢, wilting point Oyp), crop parameters (crop coefficients K., K., depletion fraction DF, root depth, crop calendar, leaf area index LAI, and
fraction of green vegetation cover FC), and derived soil water storage parameters (total available water TAW and total evaporable water TEW). The two-compartment
soil structure (top right) distinguishes between a topsoil evaporation layer and a subsoil root zone layer, with separate water balance computations for each
compartment. Model outputs include crop transpiration, soil evaporation, soil water content, irrigation requirements, and the water stress coefficient, produced at

daily time steps.
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moisture and hence E and infiltration into the subsoil. The 5 cm depth
was deliberately chosen to be physically compatible with satellite-based
surface soil moisture retrievals, which are typically sensitive to the up-
permost 2-5 cm of the soil profile, thereby facilitating future reconcili-
ation and potential assimilation of the modeled topsoil moisture with
remote sensing observations. The soil properties for the first layer of the
soil data is directly used for the topsoil. The total daily precipitation—
subtracting interception—is considered as the water input which com-
bined with the soil moisture in the topsoil profile, supplies the water
demand for daily E . When the topsoil water content exceeds that of field
capacity, it is assumed that the excessive water is infiltrated downward
into the subsoil which is defined as root zone recharge. The topsoil SWB
is expressed as:

Dypi=Dyi1—(P—INT —R),—CR;+Ry; +E; 4

Where Dy, ; and Dy, ;_; are the water deficit in the topsoil at the end of the
day i and at the end of day i-1 (i.e., beginning of the day i), respectively,
P; is the total effective precipitation depth on day i, R; is surface runoff
on day i, CR; is the capillary rise from a saturated lower soil layer or
groundwater table on day i, R,; is root zone recharge on day i, E; is soil
evaporation on day i. All variables are expressed in mm.

The capillary rise contribution is assumed negligible in this study
according to (Mialyk et al., 2024)and also as the water table is assumed
to be out of reach for the roots in line with previous studies adopting the
same approach (Galli et al., 2025; Tuninetti et al., 2015; Wang et al.,
2023). Additionally, agricultural fields in the study area, being mostly in
the basin lowlands, are considered to have negligible slope. Therefore,
surface runoff is assumed to be negligible which is a sound assumption
consistent with studies conducted under comparable conditions
(Olivera-Guerra et al., 2023). In cases where the fields are inundated and
the soil profile water content exceeds that of field capacity, it is assumed
that drainage occurs rapidly enough to redistribute excess water
downward into the subsoil (i.e., root zone recharge) leaving the soil
profile at field capacity.

The water deficit in the topsoil is determined relative to the Total
Evaporable Water (TEW), which is maximum water depth in mm that
can be evaporated from the topsoil. TEW is expressed as:

TEW = 1000(6;. — 0.5 6,p)Z, )

Where 6y, and 6,,, represent volumetric soil water content [m® /m®] at
field capacity and the permanent wilting point, respectively in the
topsoil, and Z, is the topsoil depth in m. The initial value for Dy, ;1 to run
the simulation is assumed as 50% of the TEW.

Soil evaporation on day i (E;) is estimated as:

Ei = Ke.iETO.i = min(Kr,i (Kc max ch.i) 7few,i Kc max )ETO,i (6)

Where K.; is soil evaporation coefficient on day i which describes E
component of ET, 4, K;; is the non-dimensional evaporation reduction
coefficient on day i, Ky is the maximum crop coefficient, K;; is crop
basal coefficient on day i, and f,,,; is the exposed and wetted soil fraction
from which the most evaporation occurs on day i.

K, modulates E through two stages: the energy-limited stage and the
falling-rate stage, ranging from 1 to 0. In the energy limited stage, the
soil surface is sufficiently wet, and E occurs at its potential rate, con-
strained only by the available energy (K, = 1). (Merlin et al., 2011)
demonstrated that E rate exhibits a nonlinear relationship with surface
soil moisture (unlike the original relationship suggested by FAO 56
which is linear), and that K, can be estimated primarily using soil texture
information. This approach has been recently adopted in studies
implementing the FAO 56 dual-K. approach (Amazirh et al., 2021;
Olivera-Guerra et al., 2023)

in which K, is expressed as:

K= {0.5 —05 cos(Z 64’-")} @

SAT tp
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Where 6,,; is the actual soil moisture in the topsoil on day i which is
determined as TEW — Dy, ;, Osarp is the soil moisture at saturation in the
topsoil, and « is a semi-empirical parameter that depends on both the
depth of the soil moisture measurement and soil texture. For further
details on the estimation of a refer to (Amazirh et al., 2021).

Kemax in Eq. (6) represents the upper limit of the combined Tr and E
potential, acknowledging that ET, 4. is constrained by the available
energy. In this study, K nax is assumed to be equal to the crop coefficient
(i.e., K.) corresponding to middle growth stage which gives the upper
limit of ET, 4

In Eq. (6) fe is obtained using FC and when wetting occurs solely due
to precipitation, as in this study, and it is expressed as:

few; =1 —FC ®

3.5. Soil-water balance in subsoil

To estimate daily Tr, the SWB in the subsoil is employed to determine
the soil moisture state in this compartment. Soil hydraulic properties
proportional to the root depth is obtained by taking a weighted average
across the soil data layers below the topsoil level up to the root depth.
The soil moisture in this compartment is assessed based on the water
deficit in the subsoil and the recharge flow from the topsoil (i.e., R;).
The SWB in subsoil is expressed as:

Dsb.i =Dgpi1 — er,i +Tr;+DP; (9)

Where Dg,;, and Dy ;1 are the water deficits in the subsoil at the end of
the day i and i-1, respectively, Tr is the crop transpiration on day i, and
DP; is the deep percolation on day i. All variables are expressed in mm.

The water deficit in the subsoil is determined relative to the Total
Available Water (TAW), which represents the amount of water between
the volumetric soil water content at field capacity and at permanent
wilting point available for plant to uptake for Tr relative to the root
depth. TAW is expressed as:

TAW; = 1000(6. — 6,,,)RD; (10

Where RD; is the crop root depth in m on day i. The initial value for
Dg ;1 to run the simulation is assumed as 50% of TAW.
Tr is expressed as:

Tri = K;; K i ETo; an

where K;; is the water stress coefficient on day i, and K ; is basal crop
coefficient on day i.

K; is determined based on the subsoil moisture status and is
expressed as:

TAW —  Dg;1

TAW — RAW (12)

Ks; =

Where RAW is the readily available water, which is the amount of water
that can be easily extracted from the soil matrix by plant roots. RAW also
represents a threshold for the subsoil water deficit where as long as the
deficit is below this threshold, water is transported sufficiently fast from
the soil to the plant to fully meet transpiration demand thus no water
stress (K; = 1). When water deficit exceeds this threshold (i.e., soil
moisture is below RAW), water extraction from the soil becomes more
difficult due to stronger adhesion between water molecules and soil
particles, leading to decrease in K; and water stress (0< Ky < 1). RAW is
estimated as:

RAW; = TAW;-DF (13)

Where DF is a dimensionless factor ranging from 0 to 1 and represents
the fraction of TAW that can be depleted from the root zone before the
onset of water stress and varies between crops.

Eventually, summing Tr; and E;, daily ET, 4 reads:
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ETcqi =Tri + E a4

Another simulation was performed employing the FAO 56 single-K.
method with interception in order to compare the results between the
two approaches. To this end, the procedure similar to that of the subsoil
was followed though for a single soil profile. A weighted average of soil
hydraulic properties was computed to obtain a single representative
value for each property for the soil profile. For more detail on FAO 56
single crop coefficient method refer to (Rolle et al., 2022, 2021).

3.6. Estimation of irrigation requirements

IR is the minimum amount of water needed, in addition to precipi-
tation, to meet crop water demand to maintain optimal growth without
water stress (i.e., maximum Tr). In these conditions (i.e., irrigated) K; is
set to 1 to estimate maximum Tr in Eq. (11). Whenever the water deficit
in the subsoil exceeds the RAW, irrigation is applied to replenish the
deficit in the subsoil. This irrigation water should represent the mini-
mum amount expressed in mm required to offset the water deficit in the
topsoil, and subsequently in the subsoil to be applied to theoretically
avoid water stress in plants.

IR; = Dy; — RAW; + Dy;  for Dy; > RAW 1s)

It should be noted that the IR estimated here represent net irrigation
requirements and do not account for conveyance losses or field appli-
cation efficiency. As such, they characterise the crop irrigation water
demand driven by climate and crop phenology independent of the irri-
gation methods or infrastructure.

In order to properly map the estimated IR for each crop, crop-specific
irrigated surface area maps are necessary. The latest Italian National
Institute of Statistics (ISTAT) agricultural census provides irrigated areas
of cultivated crops at the municipal level for year 2020. The reported
irrigated area for each crop and municipality was then proportionally
redistributed across the 2.2 x 2.2 km grid using irrigation channel
network data where agricultural parcels within each municipality were
ranked by their proximity to irrigation channels and irrigated areas were
assigned iteratively starting from parcels adjacent to the irrigation
channels and progressively extending outward until the allocated irri-
gated area matched the ISTAT municipal totals. To guarantee internal
consistency, a constraint was imposed at the grid-cell level such that the
sum of irrigated areas across both crops did not exceed the physical area
of a cell. In cases where proportional allocation exceeded this limit,
irrigated areas of both crops (i.e., maize and forages) within the affected
cell were rescaled proportionally to maintain their relative distribution
while respecting the maximum cell capacity. To ensure the validity of
using a single-year irrigated area map as representative of crop spatial
distribution over the simulation period, a change detection analysis of
maize and forages crop shares was conducted for the period 1990-2018
using the crop-type dataset provided by (Baumert et al., 2024). The
analysis revealed consistently low variation in the spatial distribution of
both crops across the Po River Basin. Moreover, since both maize and
forages in the study area are predominantly irrigated crops, the observed
stability in their spatial distribution implies that changes in irrigated
area over the simulation period can be considered negligible. These
factors together support the assumption that a static irrigated area map
derived from the 2020 is valid and representative over the IR simulation
period.

3.7. Model evaluation through datasets intercomparison

IR is a theoretical construct that cannot be directly monitored; hence,
no field data are available to be used for its evaluation. However, the key
variable for estimating IR is ET, which represents the upper bound for
ET. qct- An accurate estimate of ET, o implies that modeling framework
used for ET, is also sound, thereby underpinning the reliability of IR
estimates and, consequently, the model's performance. Therefore, we
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evaluated the model’s ET, 4 output as a proxy for IR estimates accuracy.
Due to the lack of field-based ET. o measurements in the study area,
state-of-the-art satellite-derived land evapotranspiration products from
the GLEAM v4.2a and WaPOR v3 datasets were used as reference to
evaluate the AGRHYD ET, o estimates, and by extension, the estimated
IR.

GLEAM provides daily estimates of E and Tr at a spatial resolution of
~11 km, which were summed to obtain daily ET. o WaPOR offers
dekadal (i.e., 10-day) data on actual evapotranspiration and intercep-
tion (AETI), along with interception (I) component, at a spatial resolu-
tion of 300 m. For WaPOR, ET. o was derived by subtracting I from
AETI, and the resulting data were linearly interpolated to obtain daily
values hereafter referred to as WaPOR ET, ;. Unlike AGRHYD, both
WaPOR and GLEAM account for irrigation water inputs in their ET, g
estimates, WaPOR by solving the P-M equation for the canopy incor-
porating earth observation data, and GLEAM by assimilating satellite
soil moisture data. To ensure a fair comparison, we therefore selected
wheat and vine, two predominantly rainfed crops in the study area, in
which irrigation water is not typically included in ET, 4 estimates.
Finally, since WaPOR v3 is available from 2018 onward, the evaluation
period was restricted to 2018-2022 for all three datasets (WaPOR,
GLEAM, and AGRHYD).

The three datasets differ in spatial resolution: WaPOR at 300 m,
AGRHYD at 2.2 km, and GLEAM at ~11 km. Downscaling coarse data (i.
e., GLEAM) is associated with uncertainties and we preferred not to
modify the original resolution of WaPOR or GLEAM. Instead, one dataset
with coarser grid was considered as reference and ET. 4 values from
finer-resolution data were aggregated to match the coarser reference
grid using spatial averaging. Another challenge was finding areas across
the reference grid where wheat and vine constitutes either a mono-
culture or a dominant land cover fraction of the pixel, so that ET, 4
values are primarily attributable to the target crop. Using the GLEAM
grid as reference, three pixels dominated by vine and two by wheat were
identified. Unlike vine, wheat fields are rather fragmented across the
study area, which limited the chance for finding more GLEAM-scale
reference pixels dominated by wheat fields. To this end, AGRHYD grid
was used as the reference, yielding six more reference pixels with rela-
tively high share of wheat fields. Reference pixels were identified using
the Copernicus crop type maps for each year from 2018 to 2022. In two
of the wheat reference pixels, insufficient wheat fields coverage was
identified in certain years and therefore, those years were excluded from
the comparison. For datasets with finer resolution than the chosen
reference pixels, only the pixels largely overlapping with wheat or vine
parcels were selected. This ensures that the extracted ET 4 values are
largely attributable to the target crops rather than mixed land cover
(Figs. 2 and 3).

4. Results and discussions

In this section, in the first part we will show the results on compar-
ison between ET, 4 estimated by the model and those of the WaPOR and
GLEAM and discuss the effect of P-M and H-S methods on estimated ET).
This is followed by the comparison between the single- and dual-K.
approaches and the monthly ET. 4 comparisons between the three
datasets. Then in the second part, we provide the results on IR and its
trends analysis and contribution of climate drivers in the IR trend.

4.1. Evapotranspiration estimates and model performance

The model was run to estimate ET, o for both the single and dual Kc
approaches, using ETy derived from the FAO P-M and Har-
greaves-Samani (H-S) methods for wheat and vine at selected areas.
Estimated ET, o was evaluated against WaPOR and GLEAM through
scatter plot analysis, using Pearson’s correlation coefficient (r), the co-
efficient of determination (R?), and the root mean square error (RMSE),
as performance metrics with satisfactory results.
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Fig. 2. Spatial distribution of wheat and vine fields in two representative reference pixels (W1 and V1 in Fig. 3) and the grids alignment for ET, 4 evaluation in the
study area. Wheat fields are demonstrated in blue and vine fields in green. White areas represent other crops or vegetation cover.

Fig. 3. Location of the reference pixels used for the evaluation of AGRHYD
model ET, 4 estimates against WaPOR and GLEAM within the Po River Basin.
Wheat locations (W1-W7) and vine locations (V1-V3) are shown as fil-
led circles.

4.1.1. Effects of reference evapotranspiration method on actual
evapotranspiration estimates

ET, gt derived from HS-based ETo predominantly outperformed that
derived from P-M-based ETo for both crops and under both single- and
dual-Kc approaches, when compared against both WaPOR and GLEAM
datasets, with average r = 0.83 and RMSE = 0.86 mm day™' for H-S-
based ETo, compared to r = 0.79 and RMSE = 1 mm day~' for P-M-based
ETo. This corresponds to around an average of 4% higher correlation
coefficient and a 18% lower RMSE when using HS-based ETo. (Fig. 4
presents the results for four representative reference pixels while the
results for other reference pixels are shown in fig. SM1 in supplementary
material.)

This difference likely reflects the quality and representativeness of
the reanalysis data inputs used to estimate the P-M based ETo. The P-M
formulation requires a broader set of variables, some of which are
associated with considerable uncertainty in reanalysis datasets. In

particular, dew point temperature, needed to estimate actual vapour
pressure, and wind speed are notoriously difficult to represent accu-
rately over agricultural fields and above the canopy. These uncertainties
likely propagate into the P-M-based ETo estimates, partially explaining
the weaker agreement with the reference data. In contrast, the H-S
method relies only on temperature and extraterrestrial radiation, which
are generally measured or estimated with higher reliability. Moreover,
the subhumid Mediterranean climate conditions of the study area,
where solar radiation and wind regimes are relatively stable, allow H-S
equation, with its reduced input requirements, to provide reliable ETo
estimates outperforming the P-M method here. Therefore, for the
remainder of the study, only ET 4 estimated using H-S-based ETo was
retained.

4.1.2. Comparison of Single and Dual crop coefficient approaches

Regarding the crop coefficient methods, ET 4 estimated using both
the single- and dual-K. approaches presented in this study showed
reasonable agreement with WaPOR and GLEAM for both crops, with the
dual-K, approach consistently outperforming the single-K. across both
crops and both reference datasets for all reference pixels (Fig. 4 and fig.
SM1). For wheat, dual-K. achieved the best performance against both
WaPOR (r = 0.88, RMSE=0.92 mm day™!) and GLEAM (r = 0.83,
RMSE=1.02 mm day'), compared to single-K. (r=0.83,
RMSE=0.98 mm day™' against WaPOR and r = 0.78, RMSE=1.04 mm
day™! against GLEAM). For vine, the superiority of the dual-K. approach
was more pronounced (r=0.91 and RMSE=0.58 mm day™' against
WaPOR and r =0.88 and RMSE=0.68 mm day' against GLEAM)
compared to single-K. (r = 0.70, RMSE=0.86 mm day~' against WaPOR
and r = 0.69, RMSE=0.67 mm day™' against GLEAM). These results
confirmed the modelling framework presented here (i.e., dual-K.
approach) as the better performing configuration and further justify its
adoption for the remainder of this study. Beyond performance, the
presented dual-K. framework offers methodological advantages: the
explicit separation of Tr and E allows for more physically consistent
simulation of soil moisture dynamics and crop water use, which is
essential for subsequent analyses. This choice also aligns with recent
trends in the literature, where the dual-K. approach has become the
dominant method due to its improved process representation. Therefore,
all subsequent results and analyses utilise the presented dual-K. method
with ETo derived from the H-S method, consistent with the findings of
the previous section.
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Fig. 4. Scatter plots showing daily ET, 4., (mm day™') estimates from AGRHYD model against WaPOR and GLEAM datasets for wheat and vine during the 2018-2022
growing seasons: (a)-(b) wheat reference pixels W2, W4, (c)-(d) vine reference pixels V1 and V2. Purple color indicates cases with dual-K. approach and red color
indicates cases with single-K. approach. Filled circles represent ET, o estimates employing Hargreaves-Samani (H-S) reference ETo while hollow circles represent ET,
ace €stimates employing Penman-Monteith (P-M) reference ETo. Metrics shown are Pearson’s correlation coefficient (r), coefficient of determination (R?), root mean
square error (RMSE).The dashed line is the 1:1 line and the solid line is the linear regression.

4.1.3. Model’s performance in different stages of growing season

The stronger agreement observed for vine compared to wheat for
some reference pixels (Fig. SM1) can be attributed to two factors. First,
as explained in Section 3.7, wheat fields are fragmented across the study
area making it difficult to identify reference pixels composed purely of
wheat and since neither WaPOR nor GLEAM are crop-specific products,
the presence of other crops or vegetation within the same pixel may
contribute to the observed discrepancy (Fig. 2). Second, unlike perennial
vine, wheat is an annual crop with distinct planting and harvesting
periods that introduce additional complexity within the FAO 56
framework. Specifically, AGRHYD applies a fixed crop calendar in which
the crop coefficient curve begins to decline on a fixed date marking the
onset of late-season stage, forcing ET o to decrease toward the end of
the growing season consistently across all years. In contrast, WaPOR and
GLEAM implicitly capture dynamic growing seasons through their
satellite-based frameworks. Consequently, even small differences in the
growing season length in the reference pixel across different datasets,
whether arising from interannual variability in the wheat growing sea-
son itself or from the presence of other annual crops with different
phenological cycles within the same pixel, can introduce significant
discrepancies when comparing ET, 4 estimates.

This phenomenon is clearly illustrated in Fig. 5 where in reference
pixel W1, as a representative, AGRHYD ET, o estimates declined
following the FAO 56 late-season reduction after 15 June (indicated by
red vertical lines), while WaPOR and GLEAM ET, 4 values continue to
increase in most years. This pattern was also observed across the other
wheat reference pixels exhibiting high dispersion in the scatter plots (fig.
SM2).

To understand whether the dispersion observed in the wheat scatter
plots is significantly driven by this phenological mismatch, ET, o values
from 16 June onwards, corresponding to the late-season stage, were
masked for all three datasets for the four wheat reference pixels (W1,
W3, W5, W6) where scatter plots showed the most dispersed data,
mainly characterized by a distinct cluster of points with high WaPOR/
GLEAM values (>3 mm day!) but low AGRHYD values (<2.5 mm
day™). The histogram of data confirmed that a large number of points in
these clusters belong to the post-15 June period. Specifically, on average
50% of AGRHYD ET, 4 values fell below 2.5 mm day! while 95% of
WaPOR data and 86% of GLEAM data exceeded 3 mm day™' across the
four reference pixels and during the identified mismatch years. Filtering
this period significantly improved the statistical metrics for wheat when
compared with both WaPOR and GLEAM over the growing season up to
the late-season stage. On average r increased from 0.85 to 0.90, R?
increased from 0.72 to 0.82, and RMSE decreased from 0.97 to 0.89 mm

day! across the four reference pixels (Fig. 6).

It should be noted that, however, the metrics for masked data in
Fig. 6 should be interpreted as representative of model performance up
to 15 June (i.e., excluding the late-season stage) for wheat in the pre-
sented reference pixels, while the metrics for all data reflect the full
comparison over the entire growing season including the phenological
mismatch in the late-season stage. The analyses performed here high-
lighted that the late-season behaviour varied across locations and years
for wheat. In cases where all three datasets showed a consistent ET, g
decline after 15 June, the fixed Kc curve appeared to reasonably
represent the seasonal dynamics. However, cases in which WaPOR and
GLEAM maintained high ET, 4 values beyond this date while AGRHYD
declined following the fixed decreasing Kc curve, may indicate the
limitation of a static crop coefficient curve in capturing actual field
conditions. This limitation, however, holds under the condition that the
reference pixel is predominantly covered by wheat fields and they have
not yet entered the late-season stage under actual field conditions. On
the contrary, where uncertainty in the applied crop calendar is low and
wheat can be confidently assumed to be in the late-season stage, the
primary reason behind the mismatch between the model and reference
datasets is the contribution of crops or vegetation other than wheat
present in the reference pixel to the WaPOR and GLEAM ET, o values
which could maintain relatively high ET, 4 values beyond the wheat
late-season stage period. In the present study, the latter explanation is
more likely, both because the reference pixels for wheat mostly con-
tained other crops or vegetation in addition to wheat, and because the
crop calendar used for wheat was from the local information, reducing
the uncertainty in the applied phenological timing.

Beyond the phenological mismatch, examination of the wheat ET, q¢
time series (Fig. 5 and fig. SM2) revealed that in some years AGRHYD
tended to overestimate wheat ET, o, particularly during the mid-season
period (May-June). This overestimation can be attributed to funda-
mental methodological differences among the datasets. Both WaPOR
and GLEAM explicitly incorporate additional factors affecting ET; 4 (e.
g., aerodynamic resistance, vegetation height, vapor pressure deficit),
whereas in AGRHYD soil moisture availability serves as the primary
limiting factor through the SWB formulation. WaPOR estimates E and Tr
by directly solving the P-M equation and, unlike AGRHYD, does not
employ an explicit SWB model. Instead, soil conditions are inferred
using a trapezoidal relationship between vegetation cover and land
surface temperature. GLEAM, while conceptually closer to AGRHYD in
its use of water balance principles, assimilates microwave soil moisture
data together with vegetation optical depth and atmospheric carbon
dioxide to estimate E and Tr separately. Consequently, both WaPOR and

Fig. 5. Time series of 10-day moving average ET. 4 for wheat in reference pixel W1 from AGRHYD, WaPOR, and GLEAM during 2018-2022. Red vertical lines

indicate June 15 of each year, marking the onset of the late-season stage.
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Fig. 6. Scatter plots showing daily ET, 4 (mm day™) estimates from AGRHYD model against WaPOR and GLEAM datasets for wheat (a) reference pixel W1, (b-d)
reference pixels W3, W5, and W6 for 2018-2022. The grey triangles represents data for post-15 June. Statistical metrics include Pearson correlation coefficient (r),
coefficient of determination (R?), and root mean square error (RMSE). The dashed line is the 1:1 line; the solid grey and black lines are the linear regressions fitted to
all data and to the masked data, respectively.
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GLEAM account for a broader range of stress factors affecting ET. g,
which may collectively lead to lower ET. 4 estimates compared to
AGRHYD.

Furthermore, it is important to restate once again that neither
WaPOR nor GLEAM provides crop-specific ET, 4 estimates. WaPOR
adopts a crop-oriented classification by distinguishing between rainfed
and irrigated croplands, while GLEAM classifies vegetation into short
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and tall canopy groups. These classification schemes introduce dis-
crepancies through spatial averaging across multiple vegetation types or
crops within a pixel. This limitation is particularly pronounced for
GLEAM, where the coarse spatial resolution of approximately 11 km
implies that the reference pixels used for wheat ET, 4 comparison
represents mixed land cover rather than exclusively wheat fields.

In contrast, AGRHYD estimates ET, 4 for individual crops, each

Fig. 7. Mean monthly and annual ET, . for (a)-(b) wheat reference pixels W1, W7, (c)-(d) vine reference pixels V1, and V2 as representatives from AGRHYD,
WaPOR, and GLEAM during 2018-2022. Bars are partitioned into soil evaporation (E, lighter shades) and plant transpiration (Tr, darker shades). For wheat, months
are arranged according to the growing season (November-July). Insets (top left) show mean annual ET, 4, (mm yr™).
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characterized by specific phenology and crop parameters. Rooting
depth, for annual crops like wheat, increases progressively during crop
development, allowing access to deeper soil moisture and supporting
higher Tr rates, whereas perennial crops such as vine maintain more
stable rooting characteristics. Differences in rooting depth representa-
tion among datasets can therefore considerably affect ET, 4. estimates.
In addition, crop rotation and temporal changes in field distribution
further complicate evaluation for annual crops when land cover infor-
mation is inconsistent across datasets. Despite these limitations, overall
model performance remains satisfactory.

4.1.4. Seasonal comparison with WaPOR and GLEAM

Results were aggregated to monthly and annual ET, 4 to examine
differences between AGRHYD and the reference datasets at temporal
scales more relevant for water resources management. Fig. 7 presents
the results for four representative reference pixels and fig.SM3 presents
the results for the other reference pixels.

For wheat (Fig. 7a-b and fig. SM3 a-e), mean monthly ET, 4; from
AGRHYD were in good agreement with GLEAM from November to
March (initial-development stage) while WaPOR ET, 4 were negligible
for most of these period (November-January) and it starts rising from
February and thus much smaller than both AGRHYD and GLEAM in
February-March. In April and May (late development and mid growing
stage) when crop water consumption is at its maximum, the rate of ET,
qact Significantly increased for ARGHYD making it larger than the other
two. This was followed by decline in ET, 4 in all three datasets where in
several cases this synchrony was observed up to June 15 (late mid-stage)
only.

Separation of E and Tr components indicated that AGRHYD E was in
good agreement with both WaPOR and GLEAM throughout the growing
season, with an overall stronger agreement with GLEAM which can be
attributed to their similar water balance concepts. However, within
November-January (initial-early and development growing stage), the
Tr share in reference datasets was low, particularly for WaPOR, most
likely reflecting the dormancy period which is better captured by remote
sensing products. From February onward, Tr was consistently larger in
AGRHYD compared to both reference datasets. This can be attributed to
two factors not similarly represented in WaPOR and GLEAM: (i) a crop-
specific rooting depth that increases linearly within wheat development
in AGRHYD, enabling greater soil water extraction from deeper layers,
and (ii) the reliance of AGRHYD on soil moisture availability as the
primary stress factor unlike the reference datasets which incorporate
multiple stress factors (Section 4.1.3), that further constrain Tr. Tr
values from February to June were more comparable between AGRHYD
and WaPOR while GLEAM showed lower Tr and larger E values,
attributable to the coarser spatial resolution of GLEAM which averages
different vegetation cover (reducing Tr) while capturing a larger pro-
portion of exposed soil surfaces (increasing E).

For vine (Fig. 7c-d and fig. SM3), distinct patterns were observed
across the three datasets. Overall AGRHYD ET, o showed closer
agreement with GLEAM during dormant period (November to February)
and with WaPOR within the active period (March to October). AGRHYD
E was comparable to both reference datasets, particularly GLEAM,
throughout the year with exception of April and May where AGRHYD E
was larger. This can be attributed to the increase in ETy during this
period while the fraction of exposed soil is still larger than the mid-
season thus higher E in AGRHYD. AGRHYD Tr was broadly consistent
with WaPOR throughout the year while in June and July, corresponding
to the growing stage where crop water demand is maximum, AGRHYD
Tr exceeded both reference datasets, particularly GLEAM.

For both crops, interannual variability in E remained low across all
months compared to Tr which showed greater variability during the
mid-season stage in AGRHYD. This period corresponds to peak Tr de-
mand, when soil moisture availability, the primary stress factor in
AGRHYD, becomes critical producing a stronger interannual response.
In contrast, the multiple stress factors incorporated in WaPOR and
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GLEAM buffer these fluctuations (Section 4.1.3), explaining the lower Tr
variability in the reference datasets.

At the annual scale, a very good agreement was found among all
three datasets for both crops with mean annual ET, 4 values falling
within a comparable range across AGRHYD, WaPOR, and GLEAM.

Overall, despite some differences in E and Tr, the main ET, g dy-
namics captured by both WaPOR and GLEAM were adequately repro-
duced by AGRHYD, with strong agreement at both seasonal and annual
scales most relevant for water resources management. Consistent eval-
uation against two independent reference datasets with different
methodological frameworks provides confidence in the reliability of
AGRHYD for regional crop water use assessments.

4.2. Irrigation requirements of Maize and Forages

The spatial distribution of mean annual IR for maize and forages
averaged for pixels over the period 1981-2022 is shown in Fig. 8. The
basin-wide average IR for maize was 243 mm yr~', with considerable
spatial variability ranging from 3 to 353 mm yr and for forages was
264 reaching over 500 in some areas. The highest IR, defined as the
upper quartile for maize (>297 mm yr™'), were concentrated in eastern
Piedmont and central-north in Emilia-Romagna while for forages
(>330 mm yr') were concentrated in the same areas plus central
Piedmont. In these hotspot areas, IR corresponded to the lowest pre-
cipitation and highest ET, (Fig. 8). Conversely, the lowest IR values were
observed along the perimeter of the basin which are adjacent to the
mountains.

These results were compared with IR estimates reported for the Po
River Basin and northern Italy in previous studies, prioritising those
with finer spatial resolution for a more accurate comparison. (Wriedt
et al., 2009) provided mean annual IR estimates across the basin for
all irrigated crops excluding rice at spatial resolution of 10 km for the
period 1995-2002. Since maize and forages constitute a very large share
of irrigated crops in the area, their results were considered relatively
suitable for comparison with ours. The reported values ranged from 251
to 500 mm yr~! across most of the basin in line with our estimates and
above 500 mm yr' in eastern Piedmont and Emilia-Romagna, consis-
tent with the IR hotspots identified in the present study. The closest and
most relevant comparison is with recent AIDA dataset (Galli et al., 2025)
at 1 km spatial resolution specifically provided for Italy. For the over-
lapping period 2013-2022 across the basin, AIDA reported a mean
annual IR of 215 mm yr~* for maize, compared to 275 mm yr™ in the
present study. This difference is primarily attributable to the dual-K.
framework employed in AGRHYD, which explicitly accounts for topsoil
evaporation and its replenishment by irrigation, a component absent in
the single-K. approach employed for AIDA. For fodder crops, the closest
AIDA category to our forages, AIDA reported a mean annual IR of
252 mm yr~' compared to 267 mm yr~' in our study, a notably smaller
difference of 6%. This smaller difference is consistent with the more
continuous canopy cover of perennial forage crops, which reduces the
relative contribution of E and thereby narrows the gap between dual-
and single-K. approaches. Importantly, AIDA corroborates the spatial
patterns identified here, confirming that IR hotspots for both crops are
concentrated in eastern Piedmont and the central-northern part of
Emilia-Romagna.

4.3. Trend analysis

To estimate the spatio-temporal trend of IR, the non-parametric
Theil-Sen estimator was employed at each pixel for each crop for
1981-2022. The statistical significance of the trend at each pixel was
assessed using the Trend-Free Pre-whitening Maan-Kendall test with
Yue’s modification (TFPW-Y; (Yue et al., 2002)), which accounts for the
interaction between trend and autocorrelation by removing the trend
before pre-whitening the series, thereby avoiding inflation of the test
statistic. Despite the negligible temporal autocorrelation, TFPW-Y was
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Fig. 8. Spatial distribution of mean annual IR (mm yr™) of maize and forages, Precipitation, and ET, (mm yr™') over irrigated areas in the Po Basin (1981-2022).
White areas represent non-irrigated land for maize and forages; black lines show regions boundaries. A, P, L, E stand for regions Aosta Valley, Piedmont, Lombardy,

and Emilia-Romagna, respectively.

nonetheless employed as it is more robust than the standard
Maan-Kendall test in the presence of monotonic trends regardless of
autocorrelation structure. To control the false discovery across the large
number of pixels tested simultaneously, the Benjamini-Hochberg
correction (Benjamini and Hochberg, 1995) was applied to the
pixel-wise p-values at « = 0.05. The trend analysis was conducted using
IR depth (mm) and not the volumetric one since the irrigated area map
was created based on data on one year thus making it misleading for a
temporal analysis.

The analysis of annual IR trends over the period 1981-2022 indi-
cated statistically significant increasing trends for both crops across the
majority of irrigated area pixels where IR increased at the mean rate
of +1.55 + 0.50 mm yr~'. For maize, IR increased at a mean rate

of +1.43 + 0.35 mm yr' across 3506 statistically significant pixels
(45% of maize area), with local maxima reaching +2.64 mm yr~'. For
forages, mean increases of +1.66 + 0.59 mm yr~' were detected across
3957 statistically significant pixels (38% of forages area), reaching local
maxima of +3.55 mm yr™! (Fig. 9). Basin spatial mean IR showed sig-
nificant increasing trends of 0.88mm yr!for maize and
1.17 mm yr! for forages (Fig. 10).

4.3.1. Seasonal irrigation requirements trends

To investigate the seasonal drivers of annual increases in IR, the same
trend analysis was applied at the monthly scale and the results are
presented for both crops combined. Statistically significant positive
trends were identified mainly in April, June, and July, while in May and

Fig. 9. Annual IR trends (mm yr™) for (a) maize and (b) forages in the Po River Basin for 1981-2022. Red areas indicate statistically significant increasing trends;
grey areas show non-significant trends. White areas represent non-irrigated area; black lines show regions boundaries. A, P, L, E stand for regions Aosta Valley,

Piedmont, Lombardy, and Emilia-Romagna, respectively.

14



A. Shahmohammadi and S. Tamea

Agricultural Water Management 338 (2026) 110887

Fig. 10. Basin-wide mean annual IR (mm yr™') for maize (a) and forages (b) over the Po River Basin for 1981-2022. The red line shows the statistically significant

trends slope and dashed grey line indicates the long-term mean.

August only limited areas showed significant trends of both positive and
negative sign, predominantly driven by forages (Fig. 11). In April, sig-
nificant positive trends were detected across 5393 statistically signifi-
cant pixels (about 50% of total area with non-zero IR) with a mean rate
of +0.13 4+ 0.08 mm yr~'. Trends intensified markedly moving towards
the peak growing season (June-July), both in magnitude and spatial
extent. In June, the combined mean trend reached +0.84
+ 0.33 mm yr! across 5830 significant pixels (53% of total area with
non-zero IR), with maize and forages showing mean rates of +0.80
+ 0.30 mm yr! and + 0.93 + 0.40 mm yr~', respectively. In July, the
combined mean trend reached +0.68 + 0.37 mm yr™' across 6113 sig-
nificant pixels (56% of total area with non-zero IR), the largest spatial

extent of any month, with maize showing +0.59 + 0.22 mm yr~' and
forages +0.73 £ 0.40 mm yr .

For forages only, significant positive trends of limited spatial extent
were detected in May and August, with mean rates of +0.23
+ 0.43 mm yr~' in May, concentrated in southern Lombardy and Emilia-
Romagna, and +0.33 £ 0.46 mm yr~' in August, predominantly along
the western perimeter of the basin in Piedmont and central Emilia-
Romagna. Significant negative trends of limited spatial extent and
magnitude were also detected in May and August, while more dominant
negative trends emerged in September (mean: —0.27 + 0.30 mm yr™)
and October (mean: —0.22 + 0.10 mm yr™'), mainly concentrated in
Emilia-Romagna (fig. SM5).

Fig. 11. Monthly IR trends across the Po River Basin for combined maize and forages in critical months (1981-2022). Spatial maps show Theil-Sen slopes for pixels
with statistically significant trends. White areas represent non-irrigated area; black lines show regions boundaries. A, P, L, E stand for regions Aosta valley, Piedmont,

Lombardy, and Emilia-Romagna, respectively.
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Across both crops, June and July emerged as the dominant months
driving the positive annual IR trend.

4.3.2. Sensitivity of irrigation requirements trends to crop calendar
uncertainty

To assess the robustness of the IR trends analysis to uncertainty in
crop calendar timing, four additional simulations were performed by
shifting the growing season by + 10 and + 20 days relative to the
original calendar. The resulting monthly Theil-Sen slopes for combined
maize and forages for significant pixels are compared across all five
simulations in Fig. 12.

June and July, which were identified as the primary drivers of the
annual IR increase, showed the highest stability across all calendar shift
scenarios. For June, median slopes ranged narrowly from +0.70
to +0.85 mm yr~', with a maximum deviation from the original median
(4+0.82 mm yr) of +0.11 mm yr'. July showed even greater stability,
with median slopes ranging from +0.55 to +0.61 mmyr*and a
maximum deviation of just +0.05mm yr' from the original
(+0.60 mm yr™). While the number of significant pixels showed some
variation across scenarios, the median slope magnitudes remained sta-
ble, confirming that the direction and approximate magnitude of peak-
season IR trends are robust to crop calendar uncertainty.

For April, May, and August which showed lower trends both in
magnitude and spatial extent, the median slope showed higher sensi-
tivity to calendar shift scenarios.

April showed moderate sensitivity, with earlier growing season shifts
amplifying the trend magnitude and later growing season shifts reducing
both the slope and the number of significant pixels markedly. This re-
flects the fact that April captures the beginning of the irrigation season,
where a shift in crop calendar directly determines how much of the early
irrigation demand falls within this month.

May and August showed crop-specific sensitivity patterns worth
examining separately (fig. SM6). In May, the signal was driven almost
entirely by forages. Shifting the growing season earlier placed more
developed crop growth stages, with higher crop coefficients and greater
water demand, resulting in both stronger positive median slopes (up to
+0.50 mm yr! for — 20 days) and a larger number of significant pixels
(n = 1311). Conversely, shifting the growing season later postponed
these more demanding growth stages keeping May within the earlier,
less water-demanding crop growth stages which reduced the median
slope and the number of significant pixels monotonically from 724 in the
original to 457 in the + 20 days scenario. Notably, although the median
slope turned negative under the + 10 and + 20 days scenarios, a
considerable portion of the trends remained positive suggesting that the
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negative signal reflects a shift in the dominant pattern rather than a
complete reversal across the landscape.

In August, maize and forages showed distinct sensitivity patterns. For
maize, August sits at the late growing season, and the sensitivity fol-
lowed a clear monotonic pattern where earlier growing season shifts
progressively reduced both the median slope and the number of signif-
icant pixels with no significant pixels at all under the — 20 days scenario,
as the late-season water demand moved into July. Conversely, later
growing season shifts kept more of the maize peak demand within
August producing stronger positive trends (median = +0.49 mm yr')
despite a reduced number of significant pixels overall.

For forages, four of the five scenarios produced consistent positive
medians ranging from +0.42 to +0.54 mm yr~'. The exception was the
— 10 days shift, which produced a low negative median
(—0.08 mm yr'). Spatial inspection of the trend maps revealed that this
anomaly reflects a diffuse pattern of small-magnitude negative trends
spread across the areas where late season is in the first half of August.
The reason is likely caused by the fact that earlier growing season shift
bringing the late-season crop water demand decline from August into
July mostly and leaving only the last 5 days of the season in August
which have very low water demand and thus reducing the trends in
general in August. For — 20 days, the growing season ends entirely
within July for these areas, leaving no late-season contribution to
August, which explains why this scenario rejoins the other positive
scenarios with a lower but consistent pixel count.

Overall, the sensitivity analysis confirms that the key findings of
Section 4.3.1, the dominant and spatially extensive increasing IR trends
in June and July, are robust across the range of plausible crop calendar
assumptions, providing confidence in the reliability of the trend analysis
despite uncertainty in the precise timing of the growing season.

4.3.3. Seasonal precipitation and reference crop evapotranspiration trends

Monthly trends in precipitation and ETo were analysed over the
combined irrigated area of maize and forages for April-July, consistent
with the months exhibiting the most significant IR trends, to assess
whether the climate drivers are coherent with the IR trends. Across all
months, and on average precipitation consistently exhibited negative
trends while ETo showed positive trends, indicating a concurrent
reduction in rainfall supply and increase in atmospheric demand over
the irrigated landscape (Figs. 13 and 14).

In April, significant negative precipitation trends were identified
across 65.6% of the irrigated area, with a mean of —0.89
+ 0.39 mm yr~'. In May, precipitation trends were spatially inconsistent
covering 32.3% of the irrigated area (mean: —0.10 & 0.95 mm yr'),

Fig. 12. Monthly IR statistically significant trends slopes (mm yr™) for the combined maize and forages irrigated areas across the Po River Basin for the period
1981-2022, shown for five crop calendar scenarios: the original calendar and shifts of +10 and +20 days.
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Fig. 13. Monthly precipitation (P) trends across the Po River Basin (1981-2022) for April, May, June, and July. red indicates significant positive trends, blue in-
dicates significant negative trends, and gray indicates non-significant areas. White areas represent non-irrigated area; black lines show regions boundaries. A, P, L, E
stand for regions Aosta valley, Piedmont, Lombardy, and Emilia-Romagna, respectively.

Fig. 14. Monthly ET, trends across the Po River Basin (1981-2022) for April, May, June, and July. Red indicates significant positive trends, blue indicates significant
negative trends, and gray indicates non-significant areas. White areas represent non-irrigated area; black lines show regions boundaries. A, P, L, E stand for regions
Aosta valley, Piedmont, Lombardy, and Emilia-Romagna, respectively.

with positive signals in Emilia-Romagna and negative signals mainly in precipitation trends covered 47% of the irrigated area (mean: —0.50
Aosta valley and western Piedmont. In June, significant negative + 0.43 mm yr!) with the exception of positive trends in the Aosta
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valley. In July, both the spatial extent and magnitude decreased mark-
edly with significant trends confined to 12.8% of the irrigated area and a
mean of —0.14 + 0.48 mm yr.

For ETo, significant positive trends in April and June were remark-
ably widespread, covering almost the entire irrigated area. The mean
trend increased from +0.24 + 0.04 mm yrin April to +0.43
+0.09 mm yr' in June, with the strongest signals concentrated in
Lombardy, reflecting an intensification of atmospheric evaporative de-
mand when moving towards the peak growing season. July also showed
near-complete spatial coverage with a mean +0.22 £ 0.04 mm yr'.
May was the exception, with only 13% of irrigated area showing sig-
nificant ETo trends, consistent with the spatially limited IR trends
observed in this month.

Overall, the seasonal pattern of climatic trends indicated that de-
creases in precipitation and increases in ETo were most pronounced and
spatially coherent during April and June. The concurrence of reduced
precipitation and increased atmospheric evaporative demand during
these months is broadly consistent with the intensification of IR trends
observed in the same period, with the strongest synchrony occurring in
June, which corresponds on average to the peak of growing season for
both crops across the basin. The near-complete spatial coverage of sig-
nificant ETo trends in April, June and July suggests that the increasing
atmospheric evaporative demand may be a dominant basin-wide driver
of the observed IR increases, while the more spatially variable and
locally contrasting precipitation trends suggest that precipitation
changes likely play a secondary and more localised role.

The contribution of precipitation and ETo trends to the estimated IR
trends is of clear physical relevance, as reduced precipitation and
increased atmospheric evaporative demand are the primary climatic
drivers of irrigation demand. However, IR is not simply or linearly
linked to precipitation and ETo, given that it is estimated through a SWB
model in which several other factors intervene: soil water storage ca-
pacity, crop development stage, irrigation triggering rules, soil moisture
memory, and the lag between a rainfall event and its effect on soil
moisture as well as the time required for soil moisture to fall below the
threshold that triggers irrigation. A thorough attribution analysis of the
IR trend to its climatic drivers is therefore beyond the scope of this study.
Nonetheless, a basin-wide comparison of annual time series of IR, pre-
cipitaiton and ETo, computed as spatial means over the total irrigated
area and correlated using Pearson’s correlation coefficient (r), revealed
a strong and statistically significant correlations in all four months April-
July (fig. SM7). IR showed strong negative correlations with P across all
months (r = —0.78, —0.60, —0.61, and —0.85 for April, May, June and
July, respectively), indicating that drier years consistently drive higher
IR. Equally strong positive correlations were found between IR and ETo
(r = +0.83, +0.60, +0.85 and +0.84 for April, May, June, and July
respectively), confirming that years with higher atmospheric evapora-
tive demand correspond to higher IR.

Overall, these results suggest that the observed long-term increases
in IR are at least partly driven by the combined effect of declining pre-
cipitation and rising atmospheric evaporative demand, especially during
the peak growing season, even if the precise quantitative contribution of
each driver cannot be disentangled within the modelling framework
used here.

Several limitations of this study should be acknowledged. Maize crop
coefficients and phenological parameters, although extracted from local
field studies (Facchi et al., 2013), were applied uniformly across the
basin, introducing uncertainty into the IR estimates that is difficult to
quantify without spatially distributed field-scale observations across the
basin. The use of fixed crop calendars over the entire 42-year period does
not account for potential long-term shifts in sowing and harvesting dates
that may have occurred in response to climate change. While the
sensitivity analysis performed here by shifting the crop calendar
confirmed that the key trend findings, particularly in June and July, are
robust to such uncertainties, spatially and temporally varying pheno-
logical changes remain unaccounted for and represent a direction for
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future investigation. The current version of AGRHYD model considers
water stress as the sole limiting factor on crop water use, excluding other
stressors such as nutrient deficiency, heat stress, and pest pressure that
may influence ET, 4 under field conditions. Finally, the absence of
direct in-situ measurements of ET, 4 and soil moisture across the study
area precluded a more direct validation of the model outputs, with the
evaluation relying entirely on satellite-based reference datasets that
carry their own uncertainties. These limitations are largely inherent to
long-term regional modelling under data-scarce conditions and reflect
necessary assumptions given the spatial and temporal scope of the study.

Beyond the methodological limitations outlined above, the scope of
this study was limited to maize and forages and did not include rice, one
of the most extensively irrigated crops in certain localised areas of the
basin, along with other crops. Extending the framework to these crops
represents a priority for future work to provide a more complete picture
of Po River Basin irrigation demand.

5. Conclusions

This study presented AGRHYD, a spatially distributed agro-
hydrological model built on the FAO 56 dual-K. framework with re-
finements to soil evaporation estimation and a more physically explicit
representation of soil moisture, as a parsimonious yet physically
consistent framework for estimating ET, o, ET,, and IR at regional scale.
Despite its modest data requirements, the model demonstrated strong
agreement with two independent satellite-based evapotranspiration
products derived from more complex modelling frameworks. Applied
over 42 years across the Po River Basin for maize and forages, two of the
most extensively irrigated crops in the region, AGRHYD delivered long-
term crop-specific daily IR estimates at 2.2 km spatial resolution. Future
work should though extend the crop coverage to other irrigated crops in
the area and explore satellite soil moisture assimilation to further
constrain soil evaporation estimates and reduce uncertainty on the
simulated ET, 4 and IR.

Model evaluation provided evidence for the reliability of the IR es-
timates, and long-term trend analysis revealed statistically significant
increases in IR for both crops, consistent with concurrent declines in
precipitation and rising atmospheric evaporative demand. These find-
ings, although limited to maize and forages, are particularly relevant in
the context of the broader water resource pressures facing the region,
given that these two crops constitute a large share of the irrigated area
and are widespread across the Po River Basin. The region already faces
mounting pressure on its water resources, as local irrigation practices
remain relatively inefficient, snowmelt contributions are declining
under climate change, and water demand is increasing. The results
presented here, consistent with independent estimates from previous
studies, corroborate the severity of this situation and reinforce the ur-
gency of forward-looking adaptation strategies. From a water resource
management perspective, the long-term crop-specific IR estimates at the
temporal and spatial resolution produced here provide actionable
guidance for irrigation scheduling and water allocation planning across
this strategically important region, both from an economic standpoint
and in terms of food supply chains at the national and continental scale.
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