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A B S T R A C T

Maize is a key crop both globally and in Italy. In the Po Valley, it is cultivated on 500,000 ha, primarily for use in 
livestock production. Here, maize cultivation is highly dependent on irrigation, traditionally performed using 
border irrigation. However, due to increasing water scarcity, more efficient irrigation strategies will be required 
in the future. This study develops and tests an innovative integrated framework combining soil characterisation, 
in-field monitoring devices, agro-hydrological modelling and remote sensing to save water and energy. In 2021, a 
variable rate (VR) irrigation strategy was implemented in a 15-ha center pivot in a large livestock farm in 
northern Italy using: i) soil mapping based on an electromagnetic induction (EMI) sensor to delineate homo
geneous zones, ii) a modelling workflow coupling soil moisture probes and weather forecasts to determine 
irrigation timing and amounts, and iii) a speed-controlled pivot for spatially variable application. This approach 
reduced water and energy use by 20 %, while maintaining yield and reducing grain moisture at harvest, although 
operational constraints imposed by the tenant limited the achievable savings. The framework was then scaled up 
to the entire farm for the 2016–2021 period using a semi-distributed agro-hydrological model supported by 
remote sensing data. Simulations indicated a mean reduction of 19 % in irrigation and energy use, consistent 
with field results. Overall, the developed modelling framework proved to be effective in optimizing irrigation and 
can be transferred to other crop-growing areas relying on sprinkler systems.

1. Introduction

Maize (Zea mays L.) is one of the world’s most important and 
widespread crops, after wheat and rice. Worldwide, it is cultivated on a 
total area of 203.5 million ha, with a yield of 1.2 million tonnes in 2022 
(FAO, n.d.). In Europe, maize is intensively cultivated in France, Italy 
and Romania. In Italy, although production has fallen slightly in recent 
years (from 6.1 million tonnes in 2020–5.4 million tonnes in 2023), 
maize is still one of the most important crops accounting for almost 40 % 
of total cereal production. In northern Italy, where most of the country‘s 
maize production is concentrated, the cultivated maize area reaches 
approximately 500,000 ha, compared to 4.5 million ha of utilized 
agricultural land. Here, 30 % of total production is concentrated in four 
provinces: Turin, Cuneo, Brescia and Mantova (ISTAT, n.d).

The popularity of this crop can be attributed to its versatility. It can 
be used for human consumption (in the form of cornflakes, bread, maize 
syrup and oil), for animal feed (due to the high yield and feed value of 
grains, leaves and stalks) and in the pharmaceutical and industrial 

sectors (for the production of starch, ethanol, plastics and as a base for 
the production of antibiotics) (Abd El-Wahed and Ali, 2013). This makes 
maize cultivation a major contributor to a country’s self-sufficiency on 
several fronts (Greaves and Wang, 2016).

Maize performs best in areas where rainfall is moderately abundant 
and well distributed throughout the growing season, particularly during 
the reproductive stages. However, areas with sufficient rainfall and soil 
water reserves to fully support the high productivity of maize are 
limited; as a result, maize cultivation in Italy (as in many other 
geographical areas) relies on irrigation. According to the literature, the 
seasonal evapotranspiration (ET) of maize under well-watered condi
tions ranges from less than 500–800 mm (Steduto et al., 2012). Border 
irrigation is the reference method for maize in many areas, with average 
application amounts of 100–200 mm (1000–2000 m3 ha−1) and typi
cally three to four applications per season; areas with a shallow water 
table may require only one or two applications. In July, at the pheno
logical stage of flowering, daily irrigation use reaches its maximum of 
65–75 m3 ha−1. Approximately half of the crop water requirement is 
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usually supplied by rainfall, while the remainder must be provided 
through irrigation. Water shortage is most critical between two weeks 
before and two to three weeks after silking, as stress during this period 
can reduce growth, delay maturity, and cause biomass and yield losses of 
up to 50–60 % (Singh and Singh, 1995). Therefore, irrigation must be 
properly planned throughout the growing season. particularly during 
this period, to ensure that maize does not suffer from insufficient or 
excessive irrigation, which would limit its yield.

Border irrigation, which is widely used in the Po Valley, requires 
high water volumes and generally exhibits low application efficiency 
(30–60 %; D.d.s, 4346, 2018). Although there are strategies to improve 
the efficiency of border irrigation (e.g., Masseroni et al., 2022), the 
common trend in northern Italy, as in many other regions, is to replace 
surface irrigation systems with pressurized ones, particularly sprinkler 
systems. Although such a shift aims to increase efficiency and resource 
use, it must be accompanied by decision-support tools and technologies 
to ensure effective planning and management of water application.

The need to improve irrigation management is even more urgent if 
we consider the effects of climate change expected in the coming years 
in the world, and in particular in the Mediterranean basin (Toreti et al., 
2022). Even in the Po Valley basin, a region historically characterised by 
relatively abundant water resources, climate change is projected to 
reduce the availability of freshwater for agriculture, while simulta
neously increasing the water requirements of crops. A clear example of 
these evolving climatic conditions was the severe drought that hit the Po 
Valley in 2022, marked by a significant decline in the Po River‘s water 
level and a decrease in available irrigation water (Montanari et al., 
2023; Xue et al., 2024). In this context of increasing water scarcity and 
uncertainty, improving the efficiency of on-farm water use becomes a 
central objective for agricultural sustainability.

Accordingly, driven by the rising costs of agricultural inputs and the 
growing awareness of the need to conserve natural resources, re
searchers, agricultural operators and farmers are beginning to consider 
with interest “Precision Agriculture” (PA) technologies and techniques 
(Serrano et al., 2020) and in particular Precision Irrigation (PI).

PI involves three main steps. The first is the “precision detection” 

phase, which aims to monitor the variability of the soil-crop system 
within fields. It uses various remote or proximal surveying instruments 
and techniques such as satellites, drones or geophysical sensors to obtain 
direct or indirect georeferenced measurements of soil properties, crop 
dynamics (e.g., phenology) and growth (e.g., LAI), topography, yields 
and product quality at harvest (Matese and Di Gennaro, 2015). From 
these measurements, variability maps are generated to support the 
positioning of ground sampling that is often needed to complement the 
indirect measurements from sensors (Corwin and Scudiero, 2020; Fitz
gerald et al., 2006; Fleming et al., 2000; Hedley and Yule, 2009a, 2009b; 
Nutini et al., 2018; Ortuani et al., 2019; Scudiero et al., 2016).

The next step is the “precision decision” phase. All the maps pro
duced in the previous phase are processed to obtain, through statistical/ 
geostatistical techniques, a map describing the Homogeneous Manage
ment Zones (HMZs). This map can be static, if produced once for the 
whole agricultural season or even for several years (Ali et al., 2022; 
Breunig et al., 2020; Georgi et al., 2018; Liu et al., 2018; Reyes et al., 
2019; Schenatto et al., 2015; Speranza et al., 2023), or dynamic, if it 
takes into account changes in the cropping pattern change during the 
growing season (Ali et al., 2023; Cohen et al., 2017; Crema et al., 2020; 
Evans et al., 2013; Fontanet et al., 2020; Haghverdi et al., 2015; Scu
diero et al., 2018; Termin et al., 2023). HMZ maps can be used to create 
prescription maps for water input dosing (Ahmed et al., 2023; Neupane 
and Guo, 2019; Thorp, 2020). The most innovative approaches make use 
of soil moisture probes and/or agro-hydrological models to determine 
“when” and “how much” to irrigate in each HMZ (Abioye et al., 2020; 
Adeyemi et al., 2017; Agyeman et al., 2023; Bantchina et al., 2024; 
Dahal et al., 2020; Flint et al., 2023; Zhang et al., 2021).

Finally, the third step is the “precision actuation” phase, where the 
irrigation prescriptions are implemented by devices/machines capable 

of modulating the operational interventions in a variable way. For the 
irrigation of maize in open field conditions, the most suitable equipment 
for the application of variable irrigation rates are irrigation machines 
such as pivots, linear, hippodromes. In recent decades, much progress 
has been made in the development of modern high-efficiency sprinkler 
irrigation systems to increase the efficiency of water use for crop pro
duction (Feki et al., 2018). These systems, which account for 23 % of the 
total area covered by irrigation systems worldwide (Serrano et al., 
2020), allow a more homogeneous application of water and up to 40 % 
less volume than traditional gravity methods (Liakos et al., 2017). There 
are two options for managing water application in a site-specific 
manner: speed or sector control (Variable Speed Irrigation, VSI), in 
which the water application is varied in the direction of travel of the 
sprinkler line by varying its speed, and zone control (Variable Zone 
Irrigation, VZI), which also allows the irrigation volume to be varied 
across the direction of travel of the sprinkler line (i.e., along the distri
bution pipe) through the autonomous control of individual or groups of 
sprinklers. The cheapest solution is the VSI, as all newer machines can 
implement this irrigation strategy at no extra cost, and many older 
machines can be upgraded with a limited investment (Liakos et al., 
2017). In the VZI, sprinklers are controlled in groups or sectors, with 
different water application rates that can be set as a percentage of the 
standard application rate (typically from 0 % to 200 %). Despite the zero 
or limited economic investment, these variable rate irrigation strategies 
are still rarely used. The implementation of VRI requires dedicated 
technical support for the calibration of the control panels, the processing 
of prescription maps, and the integration of soil and crop data. However, 
public or private research and extension services are almost non-existent 
in Italy. Technical support is often provided by machinery vendors and 
focuses mainly on installation rather than agronomic optimisation and 
site-specific management. In this context, demonstration initiatives, 
such as those funded under the EU Regional Rural Development Pro
gramme (RDP), can play a key role in bridging the gap between scientific 
innovation and agricultural practice by supporting technology dissem
ination and farmer–researcher interactions.

With the overall aim of proposing precision irrigation solutions for 
maize that are both environmentally and economically viable for 
farmers, the specific objectives of this research were as follows. Firstly: 
to develop and implement a “precision irrigation” approach for a 15-ha 
centre pivot installed in a large zootechnical farm (300 ha) in northern 
Italy for the 2021 agricultural season. The approach was based on: i) the 
characterisation of intra-field soil variability using a geophysical elec
tromagnetic induction (EMI) sensor to create HMZ; ii) the decision on 
“when” and “how much” irrigation to apply for the different HZ using, 
soil moisture probes, an agro-hydrological model and weather fore
casting; iii) the implementation of a VR irrigation strategy using the 
pivot speed control, which has been shown to be more practical and 
cost-effective for farmers. Secondly: to scale up the VR approach to the 
whole farm and assess on a multi-year period (2016–2021) the benefits 
in terms of water and energy savings. To achieve this, a semi-distributed 
agro-hydrological model was implemented that exploited spatial crop 
phenometrics (i.e., phenological estimates) and the dynamics of growth 
parameters derived from remote sensing in order to describe real crop 
evolution. In order to quantify the water and energy savings at the two 
spatial scales, the estimates obtained using the precise irrigation 
approach were compared with the farm’s usual irrigation management 
practices.

2. Materials and methods

2.1. Study farm

The research activity was carried out on the “La Canova” farm in 
Gambara (Brescia), which is a large livestock farm located in the centre 
of northern Italy’s cereal-growing area (Fig. 1a). “La Canova” uses 
300 ha of land to grow forage cereals for its cattle. In each irrigation 

A. Mayer et al.                                                                                                                                                                                                                                  Agricultural Water Management 325 (2026) 110184 

2 



season, half of the farm area is devoted to maize and the other half to 
soya bean, according to the following crop rotation: 1st year: maize 
(grain or silage maize); 2nd year: barley + s harvest soya beans; 3rd 
year: maize (grain or silage maize); 4th year: soya beans or other fodder 
crops + second harvest soya beans.

As for irrigation, the farm, which is characterised by nearly flat 
topography, is mostly served by seven sprinkler systems (center-pivot 
and lateral move-sprinklers, Fig. 1b). Small residual areas that are not 
reached by the sprinklers are irrigated by border irrigation or hose reel 
irrigation.

In the farm, maize is typically irrigated providing a depth of 
25–30 mm (depending on the crop development stage) every 4 days, 
implementing a fixed rotational schedule.

According to the Köppen-Geiger classification system (Kottek et al., 
2006), the study site has a humid subtropical climate (Cfa). Due to its 
geographical location and the morphology of the Po Valley, the site 
experiences hot, humid summers with sudden thunderstorms and cold 
winters with diurnal fog and abrupt frost. Agro-meteorological data 

series were collected from ARPA Lombardia (Regional Environmental 
Protection Agency of the Lombardy region) station located in Gambara 
(Lat 45◦14’, Lon 10◦17’, about 3 km from the study site) for the period 
1993–2021 (Fig. 2). Maximum daily temperatures in July and August 
are usually above 30◦C, while average minimum and maximum values 
of air humidity are 41 % and 85 % respectively. Average wind speed in 
the same months is around 1 m s−1. The agricultural months 
(April–September) are characterised by low rainfall, with an average 
monthly amount of around 50 mm, dropping to less than 30 mm in July. 
Reference evapotranspiration (ETo) was calculated using the FAO-56 
Penman–Monteith equation (Allen et al., 1998), which estimates ETo 
for a hypothetical reference grass crop under well-watered conditions. 
The average monthly ETo in the three central months of the season is 
approximately 150 mm (Fig. 2).

Fig. 3 shows the monthly cumulative rainfall and ETo values for the 
six years considered in this study (2016–2021). The rainfall values were 
recorded by a rain gauge located on the farm. The data show the large 
variability in rainfall distribution that can occur during the growing 

Fig. 1. Study area context: a) location of “La Canova” farm (red star); orange colour highlights the maize-growing area in 2020, according to Lombardy Region soil- 
use data; b) “La Canova” farm fields (red borders) and sprinkler irrigation systems (dashed areas; each colour identifies a different irrigation system, with the 
following names: 1 = Rossina; 2 = Vallona Sud; 3 = Vigneto; 4 = Vallona Nord; 5 = Giuseppina; 6 = Muraglia; 7 = Universal).

Fig. 2. Daily mean maximum and minimum air temperatures and monthly mean rainfall and ETo at the Gambara meteo station in the period 1993–2021.
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season, while the ETo pattern is fairly constant over the years.

2.2. Soil characterization

A soil survey was carried out over the whole “La Canova” extension. 
Soil variability was first investigated using an electromagnetic induction 
(EMI) sensor towed by a quad bike (CMD-MiniExplorer, GFS In
struments; EMI survey executed by AgriSOING s.r.l.). The CMD- 
MiniExplorer acquires soil electrical resistivity (ER) values for three 
different soil depths: 0–50 cm, 0–100 cm and 0–180 cm. ER is closely 
related to the soil physical and hydrological properties (Gupta et al., 
2019), so that it can be used to map the soil spatial heterogeneity 
(Banton et al., 1997; Corwin and Lesch, 2003; Corwin and Plant, 2005). 
ER values were collected at points along parallel lines and ER maps (one 
for each investigated soil depth studied) were obtained by interpolating 
ER points over the farm extension. Finally, the ER maps were processed 
by cluster analysis techniques using the MZA software (Management 
Zone Analyst, Fridgen et al., 2004) to identify areas characterised by 
soils with homogeneous properties. The farm area was thus divided into 
Homogeneous Soil Zones (HSZs), within which a variable number of 
suitable sampling points was selected so as to capture the range of 
electrical resistivity variability observed in each HSZ. For each sampling 
point, soil samples were taken using a traditional hand auger and the soil 
stratigraphy was reconstructed to a depth of 1 m. Disturbed samples 
were collected at depths corresponding to the centre of each soil horizon 
(typically two to four were identified in the first metre of soil). Labo
ratory analyses were then performed to determine the gravel content by 
sieving (particles > 2 mm) and the soil texture by the Bouyoucos hy
drometer procedure (the fine earth fraction < 2 mm is subdivided into 
sand, 0.05–2 mm, silt, 0.002–0.05 mm, and clay, < 0.002 mm), while 
organic carbon content was measured only in the topsoil by oxidation 
method (official methods indicated in IMA, 1999).

Based on the textural properties of the sampling points belonging to 
each HSZ, the HSZ was classified within the following two main classes: 
“coarse soil unit” or “medium-fine soil unit”. Finally, a soil map with two 
main classes (“medium-fine” soils and “coarse” soils) was produced for 
the whole farm area.

2.3. Identification of the irrigation sectors

The soil map produced through the soil survey was then used to split 
the area under each irrigation system into a variable number of Ho
mogeneous Management Zones (HMZs), designed following the 

sprinkler system geometry and containing a predominant soil type 
(“medium-fine” or ”coarse”). In this specific case, HMZs represent the 
irrigation sectors where irrigation can be applied at different rates ac
cording to soil characteristics.

As for the pilot pivot, identified as pivot number 2 (Vallona Sud) in 
Fig. 1b and located in the south-eastern part of the farm, the same 
approach was applied and the area under the irrigation system was 
divided in two HMZs characterized by different soil types. In addition, in 
order to make a comparison with the irrigation management commonly 
adopted in the farm, the two identified zones were further divided into 
two, for a total of four HMZs, two managed by the farm agronomist 
(“control” zones) and two according to the methods explained later in 
this paper (VR sectors). In each HMZ, FDR (Frequency Domain Reflec
tometry) soil water content probes (Netsens TerraSense, Italy) were 
installed in two points at two depths, 20 and 40 cm from the soil surface, 
to monitor the soil water status of the rooted soil profile. Indeed, ac
cording to the experience of the farm’s agronomist and the literature 
(Dehghanisanij and Kouhi, 2020; Gao et al., 2010; Mahgoub et al., 
2017), maize root density under sprinkler irrigation typically increases 
down to about 20–30 cm, reaches its maximum within this layer, and 
gradually declines with depth, with roots commonly extending to 
45–50 cm. The wireless sensor network (WSN) of FDR probes was con
nected to a transmission unit that sent data to a master station near the 
field, which in turn sent the collected dataset to a server at hourly in
tervals for remote viewing via a web portal. In the 2021 season, the pivot 
was equipped with an updated control panel (ICON 5, Valley), which 
allowed the system speed to be varied and thus the irrigation depth to be 
changed over the identified HMZs under the pivot. In particular, in the 
two VR sectors irrigation was managed with the support of soil moisture 
probes and an agro-hydrological model fed with weather forecasts, 
while in the corresponding two “control” zones, irrigation was managed 
according to the usual practices adopted in the farm (25–30 mm of 
irrigation every 4 days, depending on the crop stage).

For the remaining farm irrigation systems, irrigation events and 
depths were simulated using the agro-hydrological model calibrated and 
validated in the pilot pivot, applied in a semi-distributed mode.

Model parametrization for both the pilot pivot and the other farm 
irrigation systems is described in the following sections.

2.4. Irrigation management in the pilot pivot – real time simulations

The irrigation management of the pilot pivot was guided by an agro- 
hydrological model implemented with locally acquired data. 

Fig. 3. Monthly cumulative values of a) rainfall and b) reference evapotranspiration (ETo) for the six years considered in this study (2016–2021).
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Simulations were performed with the SWAP model (Soil-Water-Plant- 
Atmosphere, Kroes et al., 2017), a mechanistic agro-hydrological model 
widely used to simulate vertical water fluxes and balances in vegetated 
areas.

SWAP describes one-dimensional water movements in the soil profile 
by numerically solving the Richards equation (Eq. 1), modified to ac
count for the root water uptake: 
∂θ

∂t =
∂

∂z
[

K(θ)
(

∂h
∂z + 1

)]

− S(h) (1) 

where: θ represents the volumetric soil water content [L³ L⁻³ ]; t is the 
time [T]; z represents the vertical coordinate (L), positive downward; K 
(θ) denotes the unsaturated hydraulic conductivity [L T⁻¹ ], function of 
θ; h represents the soil water pressure head [L] and S(h) is the sink term 
representing crop water uptake by roots [T⁻¹ ].

In SWAP the sink term is distributed over the root zone according to 
root density and it decreases under soil water stress. This limits root 
water uptake when the soil is either too dry or nearly saturated, in 
accordance with the stress model proposed by Feddes et al. (1978). 
Potential root water uptake equals potential transpiration. The latter 
term is derived from the potential evapotranspiration estimated by the 
model through partitioning evaporation and transpiration according to 
the temporal evolution of the leaf area index (LAI). Actual transpiration, 
which corresponds to actual root water uptake, and actual soil evapo
ration are calculated by the model as a function of soil water availability. 
Root distribution and length, LAI, crop coefficient (Kc) and crop stress 
function parameters are crop-specific and vary with growth stage, 
enabling the model to realistically simulate soil–plant water 
interactions.

Since the 1970s the model has been extensively applied to simulate 
water and nutrients transport in the soil (Li and Ren, 2019; Singh et al., 
2006), and to estimate crop water needs to support irrigation optimi
zation for several crops, including maize (Bonfante et al., 2019, 2015; 
Jiang et al., 2016; Monaco et al., 2014; Pan et al., 2020; Yuan et al., 
2019). SWAP requires agro-meteorological inputs, a vertical schemati
sation of the soil profile completed with the hydraulic properties of the 
different soil horizons, crop development parameters and information 
about the groundwater depth, and allows the simulation of soil water 
status dynamics, evaporation, transpiration, capillary rise and deep 
percolation under different irrigation strategies. Irrigation can be pre
scribed as observed irrigation events or predicted through the irrigation 
scheduling option, which automatically triggers irrigation when 
user-defined conditions are met, such as the attainment of threshold 
values of soil water content or soil water potential.

To obtain the necessary data, an agro-meteorological station (Net
sens MeteoSense, Italy) was installed in the farm close to the pilot pivot. 
To investigate the potential presence of a shallow groundwater table in 
the area, the regional groundwater depth data provided by ARPA was 
examined. In addition, to identify the potential impacts of local irriga
tion practices on the groundwater table, two 2.5 m-long piezometers 
equipped with pressure transducers were installed on the farm.

The database obtained through the analysis of soil samples collected 
in the field was integrated with the information available in the Lom
bardy regional soil database linked to the soil map 1:50.000 (LOSAN Soil 
Database, ERSAF, n.d.). As explained in Section 2.2, some properties 
(such as the organic carbon content) were detected in the collected soil 
samples only for the topsoil horizons; for this reason, every HSZ was 
referred to the most similar cartographic unit in the regional soil map to 
complete the missing information for the deeper soil horizons. The van 
Genuchten-Mualem soil hydraulic parameters required by SWAP for the 
soil horizons of each soil profile were then estimated starting from the 
physical-chemical characteristics of the different horizons by applying 
the Rosetta3 Pedo-Transfer Function (PTF) set (Zhang and Schaap, 
2017). Rosetta is a hierarchical set of pedo-transfer functions which 
applies different models depending on the available input data (soil 

texture, bulk density, volumetric water content at field capacity, volu
metric water content at wilting point). The chosen Rosetta model was 
the one requiring the soil texture and bulk density as inputs; bulk density 
was estimated by applying the PTF proposed by Pellegrini (Pellegrini 
et al., 2007) which requires clay, sand, and organic carbon contents as 
inputs.

The SWAP model was implemented for each point in which the soil 
moisture probes were installed in the pilot pivot (i.e., eight points). The 
crop parameter patterns were derived from other studies conducted 
under similar geographical conditions, in particular, the LAI and Kc 
values were obtained from Facchi et al. (2013) and were as follows: 
LAImax = 5.7, Kcini = 0.28, Kcmid = 1.14, Kcend = 0.57. The thermal 
sums required by SWAP for the Growing Degree Days (GDD) model used 
to estimate the crop development stages (DVSs) were set according to 
Pampana et al. (2009). The maize crop in the two fields under the pilot 
pivot was a Pioneer variety (P0937) FAO 500 maturity class, sowed on 2 
and 3 April 2021. Emergence occurred on 20 April, flowering around 3 
July, and the two fields were harvested on 9 and 10 September, 
respectively.

The model results were processed to extract the soil water content 
series at the depths at which the moisture probes were installed (i.e., 
20 cm and 40 cm). The simulated values were then compared to the 
measured soil water content. During the first part of the season (10 
June–1 July) the measured series were used to manually calibrate the 
following hydrological properties: soil water content at saturation (θsat) 
and, for coarse soils, saturated soil hydraulic conductivity (Ks) of the 
upper soil horizon. These parameters were then kept constant until the 
end of the season. From 1 July to 22 August, probe data were used to 
validate the model. For the calibration and validation phases, three 
performance indices were selected and calculated: Root Mean Square 
Error (RMSE), Nash-Sutcliffe Model Efficiency (NSME) and Median 
Absolute Error (MedAE).

The “reference” irrigation scheduling for the pilot pivot and the other 
irrigation systems on the farm is based on fixed rotational turns, since 
the water pumped from the 12 wells is insufficient to activate all seven 
irrigation systems simultaneously, and, moreover, the movement of the 
different irrigation machines is not independent (e.g., some machines 
may only start once others reach a certain position). The farm tenant 
imposed the following constraints on the study, in particular: 1) main
taining the scheduled fixed irrigation turns throughout the season, 2) 
not skipping them (except for the last irrigation intervention before 
harvesting), 3) providing a minimum irrigation depth of 25–22 mm for 
the coarse and fine sectors at the beginning of the season, and 22–18 mm 
from July onwards at each irrigation turn; 4) providing three fertigation 
interventions of 30 mm uniformly across all irrigation sectors on 12, 21 
and 25 June.

Seven-day weather forecasts, provided by ABACO S.p.A and cali
brated to the weather station installed in the farm, were downloaded on 
a daily basis using a Python script developed for this purpose. In the pilot 
pivot the SWAP model was run after each irrigation turn using the 
weather forecasts to simulate the soil water content dynamics until the 
next irrigation turn. This allowed the optimal irrigation depth to be 
identified in advance. The optimal irrigation depth is defined as the 
amount of water required to refill the rooted soil zone to field capacity, 
to be provided to the different HMZs. In the SWAP model, field capacity 
(FC) was calculated by assigning a soil water pressure head in the crop 
input file. This was then used to calculate the corresponding soil water 
content through the van Genuchten–Mualem soil hydraulic functions. 
For the simulations, the FC potential was set according to the observed 
soil type at each sampling point, following Vianello and Ciavatta (1989): 
−330 cm for clay soils, −200 cm for loamy soils and −170 cm for 
sandy-loam soils.

Knowing the irrigation depths to be delivered to each sector in 
advance was requested by the farm agronomist, because the movement 
of the different irrigation machines is not independent and therefore a 
farm plan must be prepared in time.
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Simulation outputs were processed to calculate the water deficit 
between field capacity and the actual water content in the rooted zone 
(whose thickness was dynamically calculated according to the root 
deepening in time). This deficit, divided by the irrigation method effi
ciency estimated as 80 % for sprinkler irrigation by means of pivot, gave 
the water amount to be provided in the following irrigation turn in each 
specific soil unit (HSZ). Since two homogeneous soil zones (HSZs) were 
monitored through the installation of soil water content sensors in each 
HMZ, two SWAP simulations were run for each HMZ (one for each HSZ). 
The irrigation depth to be applied to each sector in the subsequent 
irrigation event was calculated as the weighted average of the two 
values obtained from the simulations of each HSZ within the sector, 
weighted by their respective surface areas.

A MATLAB© script was developed to gather all the necessary data 
(weather forecasts, soil and crop data), format it in the required SWAP 
input files and run simulations for the different irrigation sectors and soil 
types. The same framework also enabled output data to be analysed and 
displayed in the form of plots and summary tables.

2.5. Yield monitoring in the pilot pivot

At the end of the 2021 agricultural season the crop in the two fields 
below the pilot pivot was harvested with a CLAAS LEXION 750 (CLAAS 
KGaA mbH, Harsewinkel, Germany) harvester equipped with a GPS 
system and sensors to measure and map grain weight and humidity. At 
the beginning of the harvesting operations, harvested grains were 
weighted to calibrate the harvester sensor.

The yield map was provided as a layer of points in which the yield 
measured by the sensor and its humidity were associated to each point. 
In order to make the yield values comparable over the whole harvested 
surface, they were corrected to account for the grain humidity. Thus, 
yields were recalculated considering a standard grain humidity value of 
14 %.

Data points were analysed and outliers removed, thus the points 
were interpolated (using the inverse distance weighted method) on a 
5 m grid to obtain a continuous map over the fields. At the end of such 
elaborations, average yield values for each irrigation sector were 
calculated, excluding values on the field borders to avoid edge effects.

2.6. Irrigation management scenarios at the farm scale

The model implemented for the pilot pivot was then applied to the 
whole farm to simulate two optimized irrigation scenarios for a 6-years 
period (2016–2021).

A modelling framework was developed in MATLAB© to apply SWAP 
following a semi-distributed approach to the seven sprinkler systems in 
the farm. A GIS (Geographic Information System) database was imple
mented with all the available data provided by the farm agronomist, 
including: field and irrigation system boundaries; land use and crop 
rotations; irrigation dates and amounts; crop varieties; sowing and 
harvesting dates; seeding density; fertilizer management; yield. More
over, the agro-climatic daily data series registered by the ARPA Lom
bardia at the Gambara station were collected, their quality assessed and 
gap-filled using data sets recorded at neighbouring stations. Finally, 
Sentinel-2 (S2) satellite imagery (Level 2 product; BOA – Bottom-Of- 
Atmosphere – reflectances) of the study area were downloaded from 
Copernicus Open Hub and Level 3 (L3) products generated (see Section 
2.6.1). SWAP was applied for each year of the period 2016–2021 to the 
HMZs identified as described in Section 2.3. To avoid disrupting the 
company’s organisation and to ensure that the proposed approach is 
straightforward to use - given the current interdependency of the irri
gation machines - simulations were run for each irrigation sector 
maintaining the same dates as in the farm management schedule, while 
irrigation depths were optimized as explained for the pilot pivot. The 
MATLAB© framework allowed to run a sequence of simulations in a 
cycle, each simulation ending in a date when the actual irrigation took 

place. In every step two simulations were launched for every HMZ, one 
for each soil type. At the end of the two simulations, the water deficit 
with respect to the field capacity was calculated and, to be even more 
conservative than for the pilot pivot, the higher of the two irrigation 
depths divided by the efficiency of the irrigation method was applied at 
that irrigation turn.

2.6.1. Remote sensing data and analysis
Occurrence of phenological estimates (phenometrics) and LAI time 

series, L3 products, were obtained by processing S2 images acquired for 
the period 2016–2021. The Sen2r toolbox (Ranghetti et al., 2020) was 
used to download and pre-process images by sub-setting the area cor
responding to the farm estate and masking clouds using Scene Classifi
cation maps (SCL) and quality indicators for CLouD probabilities (CLD; 
TAS Team, 2021) information provided with S2 imagery. Maps of 
MSAVI2 (Modified Soil-Adjusted Vegetation Index, Eq. 2) were calcu
lated and analysed with the Sen2rts package (Ranghetti, 2022). 

MSAVI2 =
2 ∗ b8 + 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(2 ∗ b8 + 1)2 − 8 ∗ (b8 − b4)
√

2 (2) 

where b4 and b8 are the reflectance values in S2 bands 4 (red, 665 nm) 
and 8 (near-infrared, 833 nm), respectively.

Sen2rts is a R package developed by CNR-IREA that allows the i) the 
extraction of vegetation indices or biophysical parameters (e.g., LAI) for 
a specific area of interest, ii) the smoothing and gap-filling to generate a 
time series, and iii) the interpolation of a double logistic for curve 
analysis. From the reconstructed MSAVI2 time series first crop cycles, 
summer vs. winter crops, are identified and then the occurrence of 
phenological stages is automatically estimated based on a curve analysis 
approach; for details see Ranghetti et al. (2021). The phenometrics 
derived from Sen2rts toolbox were: start of the season (SOS), 10 % of soil 
cover (fc_10), flowering (flower), position of peak (pop), position of the 
maximum value (maxval), senescence (sen) and end of the season (eos). 
Remotely sensed phenometrics were then used to identify the crop 
growth stages required by SWAP model (dates of crop emergence, 
flowering and maturity) for each simulation unit. Subsequently, LAI 
maps were obtained using the SNAP toolbox (Sentinel Application 
Platform, European Space Agency), and spatial average for each simu
lation unit were extracted to obtain time series to be used as input in 
SWAP.

Finally, specific information on maize hybrid (type of hybrid, FAO 
maturity class, sowing and harvesting dates for every simulation year) 
provided by the farmer, together with S2 derived phenometrics, were 
used to verify the thermal sums proposed by Pampana et al., 2009 for the 
Growing Degree Days (GDDs) model used to simulate crop development 
in SWAP.

3. Results and discussion

3.1. Soil characterization

Interpolated electrical resistivity maps for the three depths investi
gated by the EMI sensor are shown in Fig. 4, where colours from red to 
green represent increasing values of electrical resistivity. Cluster anal
ysis performed on the three ER maps resulted in a map consisting of 10 
Homogeneous Soil Zones (Fig. 5) characterised by soils with similar 
hydrological properties. The HSZ codes reported in Fig. 5(e.g., DAM1, 
DAM2) were assigned by associating each zone with the most similar 
cartographic unit of the 1:50.000 regional soil map of Lombardy 
(LOSAN database).

The locations where the soil samples were collected are marked with 
a black dots in Fig. 5. A total of 44 points were selected for the tradi
tional soil sampling to cover the spatial variability of electrical con
ductivity (EC) in each HSZ. The main physical properties of the 
“representative” soil profile for each HSZ are given in Table 1. Where 
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more than one profile was present in an HSZ, the soil properties were 
obtained by averaging the values measured at each depth for the profiles 
belonging to that HSZ. The the last column shows the soil type (fine or 
coarse) assigned to each HSZ according to the soil texture.

As shown in the previous map and table, the “La Canova” farm is 
characterised primarly by coarse soils. The predominant soil texture is 
sandy loam in the shallower layers becoming coarser with depth. Many 
of the farm’s soil contain a high percentage of gravel, with the exception 
of the HSZs DAM1, DAM2, IRA2 and IRA3. These HSZs are located 
mainly along the course of paleochannels that cross the farm from north 
to south. They are characterized by the presence of layers with loam and 
clay-loam textures in the first two horizons, at least. These four HSZs 
were therefore classified as “fine” soil units, while the other six as 
“coarse” soil units.

Fig. 6a shows the map illustrating the spatial distribution of the two 
soil macro-types. Based on the distribution of ”fine” and ”coarse” soil 
types, and following the geometry of the seven sprinkler irrigation sys
tems, the area under each system was divided into sub-areas charac
terized by a predominant soil type. Twenty-nine irrigation sectors 
(HMZs) were identified, shown with blue lines in Fig. 6b. Each “coarse” 

or “fine” sub-area within an HMZ was then associated with the pre
dominant soil unit (HSZ) within that management zone. This means 
that, within in each HMZ, all ”coarse” soil units were associated with the 
”coarse” HSZ covering the larger area, and the same applied for the 

”fine” soil units.
As for the pilot pivot, four HSZs were observed (Fig. 7a): DAM1, 

DAM2 (light and dark green in the figure), ORT2 and ORT3 (yellow and 
orange in the figure), the first two belonging to the “fine” macro-type, 
while the other two to the “coarse” macro-type. The subdivision of the 
pivot area was done as shown in Fig. 7b: two areas with a dominant soil 
type were identified, but each one was further subdivided in two (for a 
total of four sectors) to obtain a VR sector and a control sector for each 
soil type. The northern part of the pivot area was not considered as it is 
watered by a different irrigation system.

Locations where the Netsens soil moisture sensors were installed are 
reported in Fig. 7c (blue stars).

3.2. Irrigation management in the pilot pivot – real time simulations

3.2.1. SWAP model implementation, calibration and validation
For the 2021 season, the SWAP model was implemented for the four 

locations where soil moisture sensors had been installed: precisely in the 
sectors managed by the application of the model (i.e., locations number 
1, 2, 7 and 8 in Fig. 7c). The SWAP model was implemented using the 
meteorological and soil data described in Section 2.4. At the soil surface, 
the upper boundary condition was set as a flux boundary, driven by 
rainfall and irrigation inputs. At the lower boundary, free drainage 
condition was applied, since regional groundwater was located well 
below the simulated soil profile (8/10 m deep) and did not affect the soil 
water balance during the study period. This was also confirmed by the 
piezometers installed on the farm, which remained consistently dry 
throughout the season.

The soil water contents simulated by SWAP at 20 and 40 cm depth 
were extracted from the results of the simulation and compared with the 
soil water contents measured by the Netsens sensors at the same depths. 
During the calibration period, the saturated water content (θsat) of the 
upper soil horizon at all four sites was adjusted within a range of ±10 %, 
to align with the water content values measured by the sensors. For the 
two sites with coarse-textured soils (points 1 and 2), the saturated soil 
hydraulic conductivity (Ks) of the upper soil horizon was increased by 
20 % to improve the fit between the simulated and observed data.

Fig. 8 shows the performance of the model over the whole irrigation 
season for the four sites. Table 2 shows the Median Absolute Error 
(MedAE), the Root Mean Squared Error (RMSE) and the Nash-Sutcliffe 
Model Efficiency (NSME) indices, which were calculated using the 
hourly output and measured data of soil water content from the cali
bration and validation periods.

As shown in Fig. 8, the moisture probes required a period of 
adjustment following their installation. Between installation at the end 
of April and the first irrigation on 13 June, there was insufficient rainfall 

Fig. 4. Interpolated electrical resistivity maps for the three survey depths recorded by the Electro-magnetic Induction (EMI) sensor: a) 0–50 cm layer; b) 0–100 cm 
layer; c) 0–180 cm layer.

Fig. 5. Homogeneous Soil Zones (HSZs) identified using cluster analysis on 
electrical resistivity maps. The black dots represent soil sampling locations.
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to strengthen the hydraulic contact between the soil, disturbed by the 
installation, and the probe tips. Data collected during this period were 
therefore excluded from the analysis.

In the first phase of the simulation (calibration period), there was an 
underestimation of the soil moisture at 40 cm (light orange lines) at 
points 1 and 2. This was probably due to the initial conditions of the 
model being set incorrectly, resulting in the lower layers being more 
humid than expected despite the low rainfall during the 2021 season. 
The fit between the simulated and observed data improved significantly 
after the first four irrigations. Points 2 and 7 demonstrated the best 

performance, with highly satisfactory values for all indices (low MedAE 
and RMSE values, and rather high NSME), particularly at a depth of 
20 cm. At 40 cm the model’s performance at point 2 during the cali
bration phase was limited by the aforementioned initial condition issue, 
affecting the early simulation results; this limitation was reduced during 
the validation phase, resulting in improved model performance. The 
simulation at point 8 at 20 cm is affected by the peculiarities of the soil 
in which the probe was installed. In fact, the soil was both plastic and 
very compact, making installation difficult; it is therefore likely that 
gaps were left around the probe tips. This is probably the cause of the 

Table 1 
Physical properties of the Homogeneous Management Zones (HSZs) identified for the whole farm area and their classification in coarse or fine units (TXT = textural 
class. L = Loam; CL = Clay Loam; SL = Sandy Loam; S = Sand; LS = Loamy Sand).

HSZ code Layer Sand 
(%)

Silt 
(%)

Clay 
(%)

Gravel 
(%)

TXT Organic carbon (%) Class

DAM1 0–35 38.5 35.5 26.0 15.8 L 1.69 Fine
DAM1 35–55 42.1 29.9 28.0 15.7 CL 0.70
DAM1 50–110 63.4 22.3 14.3 31.5 SL 0.10
DAM2 0–30 40.3 36.9 22.9 7.8 L 1.86 Fine
DAM2 30–60 30.2 38.8 31.0 7.0 CL 0.70
DAM2 60–90 22.7 45.7 31.7 3.8 CL 0.10
DAM2 90–110 35.7 42.0 22.3 23.3 L 0.10
IRA1 0–30 58.4 26.1 15.4 7.0 SL 1.38 Coarse
IRA1 30–60 57.8 24.2 18.0 9.2 SL 0.70
IRA1 60–110 90.0 7.8 2.2 19.0 S 0.10
IRA2 0–30 44.4 34.1 21.5 4.7 L 1.52 Fine
IRA2 30–50 44.7 29.3 26.0 4.3 L 0.70
IRA2 50–110 87.3 9.7 3.0 11.0 S 0.10
IRA3 0–30 37.0 37.2 25.9 5.4 L 1.56 Fine
IRA3 30–60 33.2 35.4 31.4 5.4 CL 0.70
IRA3 60–80 61.4 22.4 16.2 13.0 SL 0.10
IRA3 80–110 80.3 15.5 4.3 17.5 LS 0.10
LUM1 0–45 74.8 16.4 8.8 2.5 SL 1.56 Coarse
LUM1 45–100 89.0 9.5 1.5 1.5 S 0.70
LUM2 0–45 58.0 24.0 18.0 15.7 SL 1.57 Coarse
LUM2 45–100 81.0 11.3 7.7 21.7 LS 0.70
ORT1 0–30 68.8 18.6 12.6 30.0 SL 2.12 Coarse
ORT1 30–50 73.0 17.0 10.0 35.0 SL 0.70
ORT1 50–110 89.3 8.0 2.7 43.3 S 0.10
ORT2 0–35 53.0 31.2 15.9 21.0 SL 1.77 Coarse
ORT2 35–55 57.8 22.6 19.6 27.0 SL 0.70
ORT2 55–110 84.8 12.2 3.0 31.0 LS 0.10
ORT3 0 – 40 47.2 30.2 22.7 38.0 L 2.03 Coarse
ORT3 40 – 60 66.5 17.5 16.0 60.0 SL 0.7

Fig. 6. Spatial distribution of soil types on the “La Canova” farm: a) soil macro-types (“fine” and “coarse” soils), field boundaries are shown in black; b) irrigation 
sectors (HMZs) are shown in blue, each “fine” and “coarse” HSZ in the sector is associated with the dominant “fine” or “coarse” soil unit (HSZ) according to the map 
in Fig. 5.
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spikes in the humidity readings seen in the series recorded by the probes 
(a sudden increase in water content up to 65 %, followed by an equally 

rapid decrease). Such behaviour is unreasonable for the soil and can not 
be simulated by the model; it led to low NSME and high RMSE values 

Fig. 7. Pilot pivot: a) area covered by the sprinkler irrigation system; b) sectors (i.e., Homogeneous Management Zones) identified for the pilot pivot: the two main 
soil macro-types observed were assigned to two different sectors (green for ”fine” soils and yellow for ”coarse” soils) which were further subdivided to obtain two VR 
sectors (solid fill) and two control sectors (dashed fill); c) locations of Netsens sensors (wireless sensor network - WSN) in the pilot pivot.

Fig. 8. Soil water content model outputs (light coloured lines) and values measured by the Netsens sensors (dark lines) at depths of 20 and 40 cm at the four sites 
managed through the SWAP model (see Fig. 7c for their location). The dashed box indicates the calibration period (10 June–1 July), and the dotted box the validation 
period (1 July–22 August).
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(both indices are sensitive to extreme values), indicating that the 
simulation deviates from the measured data at the extreme values of the 
series.

Although calibration could probably have been improved by 
adjusting more soil hydraulic and/or crop parameters, it was decided to 
modify only those strictly necessary to achieve an acceptable result, 
since the modeling approach was then applied to the entire farm.

Considering the MedAE index, which is less sensitive to extreme 
values, the performance of the model’s performance is generally good. 
Error values in the validation period are between 0.50 % and 1.24 % for 
the 20 cm simulations, and between 0.68 % and 1.14 % for the 40 cm 
simulations.

3.2.2. Irrigation management
The fixed irrigation turns established on the farm for the pilot pivot 

(every four days) were maintained at the request of the farm tenant, so 
as not to complicate the management of the farm’s sprinkler irrigation 
systems with time-varying turns. At the end of each irrigation cycle, the 
model was run in the two VR sectors using 7-day weather forecast data 
as input. The model results in the two soil units for each sector were then 
processed to calculate the irrigation water required to replenish soil 
moisture to field capacity during the next irrigation cycle. For each 
sector, the irrigation depth to be applied in the next round was calcu
lated as the average of the results for the two soil units, weighted by their 
area. An example of the model output for a single HSZ (in this case the 

one relating to sensor at location 2 in Fig. 7c) used to calculate the op
timum irrigation depth to be applied is shown in Fig. 9. The continuous 
red line shows the water content of the root zone, which is calculated by 
integrating the simulated water content over the rooted zone, while the 
green and red dotted lines represent the soil water contents at field ca
pacity and wilting point, respectively. Although these soil water con
tents are usually linked to storage-based (“bucket”) models, in this case 
they were derived from the simulated soil water pressure heads. They 
are used as reference values to interpret soil water status and calculate 
the optimum irrigation depth. Field capacity was calculated using the 
Van Genuchten–Mualem model and the potentials defined in Section 
2.4, while wilting point was calculated using a potential of −15,000 cm. 
The resulting values were then integrated over the root zone to provide a 
reference for irrigation scheduling. The yellow dotted line represents the 
soil water content when the readily available water (RAW) is depleted 
(FAO threshold).

The grey box indicates the period during which the simulations are 
fed with weather forecasts to predict the soil water content for the 
following days.

As the farm tenant imposed some restrictions on irrigation man
agement, the simulated soil water content was sometimes above the 
field capacity and often above the FAO threshold (yellow dotted line in 
Fig. 10).

In the 2021 season, the total amount of irrigation applied to the pilot 
pivot was 391 in the coarse and 360 mm in the fine sector, while 

Table 2 
Model performance indices calculated for the calibration and validation periods: Median Absolute Error (MedAE), Root Mean Square Error (RMSE) and Nash-Sutcliffe 
Model Efficiency (NSME) index values for the four simulated sites at the two soil moisture probe depths.

20 cm depth 40 cm depth
Simulated point MedAE 

(%)
RMSE 
(%)

NSME 
(-)

MedAE 
(%)

RMSE (%) NSME 
(-)

Calibration 1 1.09 2.25 0.47 3.52 4.24 -0.80
​ 2 0.60 1.42 0.74 2.29 3.78 0.20
​ 7 1.32 2.04 0.45 1.19 2.65 0.57
​ 8 2.00 3.52 0.18 1.27 2.35 0.65
Validation 1 1.09 1.86 0.52 1.12 1.93 0.02
​ 2 0.50 1.12 0.62 0.68 1.26 0.45
​ 7 0.54 0.95 0.42 0.90 1.39 0.51
​ 8 1.24 3.32 0.07 1.14 1.69 0.28

Fig. 9. Example of model output for site 1 (its location is shown in Fig. 7c); the irrigation requirement at the next turn is used together with that simulated for site 2 
to calculate the optimum irrigation depth to be applied to the coarse soil sector (difference between field capacity and water content in the root zone, shown with a 
blue arrow).
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469 mm was applied to the control sectors. Using the precision irrigation 
approach (VR) resulted in a water savings of around 20 % in the pivot 
(17 % and 23 % in the coarse and fine sectors, respectively). As a 
reduction in irrigation consumption leads to a corresponding reduction 
in irrigation time, the estimated average energy saving for groundwater 
pumping and pivot handling was in line with the water saving 
percentage.

3.3. Yield map for the pilot pivot

The raster maps of yield and grain moisture produced starting from 
the point maps provided by the variable rate harvester are shown in 
Fig. 10a and Fig. 10b, while the mean values of yield achieved in the four 
sectors are illustrated in Table 3. To avoid boundary effects (i.e., uneven 
sowing near the boundaries, lower yield in the corridors around the 
fields), the mean value for each sector was calculated taking into ac
count the intersection of the sector surface with a 20 m buffer around 
the field boundary.

The results showed no difference in yield (14 % moisture content) 
between the VR-irrigated sectors (sectors 1 and 4 in Fig. 10) and the 
sectors irrigated according to the traditional farm schedule and irriga
tion depth (sectors 2 and 3). Grain moisture was slightly lower in the VR 
sectors, resulting in further energy savings during grain drying. The 
grain quality was the same in all four sectors; in particular, no fungal 
infections were detected in the field (quality data not reported).

3.4. Irrigation management scenarios at the farm scale

3.4.1. RS phenometrics and crop parameters
LAI time series and phenometrics for the two sub-areas in each HMZ 

for the period 2016–2021 were obtained by analysing S2 data and used 
to feed the semi-distributed SWAP model.

An example of the i) raw MSAVI2 data, extracted for two simulation 
units (i.e., 03 and 04) of the VR scenario, and ii) gap filled time series 
and corresponding phenometrics are shown respectively in Fig. 11a and 
b. The two upper panels (Fig. 11a), represent with dots the original 
index value, with their quality assessment (QA) values associated as 
derived according to cloud probability information. The lower panels 

(Fig. 11b), report with the black line the gap-filled and smoothed data 
series and the red line the fitted series (double logistic interpolation). 
The lower panels also show the phenological stages identified as vertical 
lines: start of the season (SOS, grey line), 10 % of soil cover (fc_10, red), 
flowering (flower, cyan), position of peak (pop, orange), position of the 
maximum value (maxval, blue), senescence (sen, green) and end of the 
season (eos, dark green). Finally, the identified crop season are indicated 
by black vertical lines.

As described in De Peppo et al., 2022, the comparison between the 
remotely sensed phenological stages and the phenology obtained by a 
crop model already calibrated and validated for maize in northern Italy 
(ARMOSA, Perego et al., 2013) led to the following results: the begin
ning of the season (sos) corresponds to leaf development (BBCH 17) and 
fc_10 corresponds to the beginning of stem elongation (BBCH 30). 
Furthermore, the beginning of flowering (flower) falls between BBCH 35 
and 40. The peak (pop) of MSAVI2 corresponds to the full flowering 
stage (BBCH 60). At the end of maize development, the identified 
senescence (sen) corresponds to the fruit ripening stages (BBCH 80). 
These observations are considered to be valid regardless of the maize 
hybrid sown.

Finally, the remotely sensed phenological stages were also compared 
with those calculated using a simple growing degree day (GDD) model, 
which used specific thermal sums for each FAO class. Fig. 12a, shows an 
example of simulation and remote sensing estimates for one of the HMZs 
used in the 2018 simulations. The dark blue lines represent the 
smoothed MSAVI2 values for a specific HMZ, while the dotted coloured 
vertical lines show the simulated crop emergence, flowering and 
maturity, at the developmental stages (DVS) of 0, 1 and 2, respectively. 
These were calculated using the GDD model implemented in SWAP, and 
the grey dashed vertical lines illustrate the stages identified by the 
sen2rts R package. Reported results show a very good overlap between 
DVS 0 and sos (start of season), DVS 1 (flowering) and pop (position of 
peak), and DVS 2 (maturity) and eos (end of season). The same figure 
shows the crop coefficient (Kc) curve associated with the crop devel
opment used in the simulations.

While the Kc values were obtained from the literature, the temporal 
occurrence and duration of the crop development stages were calculated 
according to the remotely sensed phenological estimation spatially ob
tained in each HMZ. Fig. 12b shows the LAI curve for the same HMZ 
obtained using the SNAP toolbox, which was then used as input for the 
SWAP simulation. The red dots show the original LAI estimation, while 
the blue lines illustrate the daily interpolated version provided by 
sen2rts.

3.4.2. Agro-hydrological modelling results
The modelling framework developed in MATLAB© was applied to all 

sectors under the seven sprinkler irrigation systems in the period 

Fig. 10. Maps obtained by processing the point yield maps provided by the variable rate harvester: a) yield map with values corrected to 14 % grain moisture; b) 
grain moisture map.

Table 3 
Average yield data for the four irrigation sectors in the pilot pivot.

Sector Soil type Irrigation management Average yield 
(t/ha)

1 Coarse VR 18.43
2 Coarse Uniform 18.78
3 Fine Uniform 18.24
4 Fine VR 18.34
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2016–2021. Simulations were performed for each irrigation sector, 
keeping the same fixed irrigation dates used in the actual farm man
agement, while optimising the water depth as explained for the pilot 
pivot.

An example of the simulation results obtained for an irrigation sector 
is shown in Fig. 13. The two panels represent the simulations carried out 
for the two soil types (coarse, in the upper panel, and fine, in the lower 
panel) belonging to the same HMZ in the 2018 agricultural season. In 
both panels, the red line represents the simulated water content in the 
root zone, while the green, yellow and orange dotted lines represent the 
water content at field capacity, at the irrigation threshold indicated by 

Allen et al., 1998 (i.e., when RAW is depleted) and at the wilting point, 
respectively. The simulated irrigations for both soil types are the same, 
as the water depth provided at each irrigation turn was calculated as the 
highest of the two values calculated for the two HSZs. As a benchmark, 
the actual irrigation provided by the farm irrigation management is also 
shown in the figure.

The simulation results are presented in two ways: 1) the average, 
maximum and minimum seasonal irrigation depths for each sprinkler 
system were calculated for all seasons in which the system was cropped 
with maize; 2) the total irrigation demand was calculated for each 
simulation year for the whole farm (i.e., all sprinkler systems 

Fig. 11. Sentinel-2 data processing: a) example of vegetation index data for two Homogeneous Management Zones corresponding to two simulation units (i.e., 03 
and 04 in figure) with their Quality Assessment (QA) value; b) cleaned, smoothed and interpolated time series used to calculate the crop phenology using the Sen2rts 
R library; for description of phenological stages see Section 2.6.

Fig. 12. Example of time series used in the SWAP simulations: a) reconstructed MSAVI2 time series for an HMZ (blue line), phenological estimates obtained with the 
sen2rts package (dashed black lines) and the growing degree days (GDD) model (coloured dotted lines), and crop coefficient (Kc) curve (light blue line); b) LAI data 
series for the same HMZ obtained with the SNAP toolbox: red dots represent the original values, while the blue line shows the cleaned and gap-filled LAI series.
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aggregated).
The results confirm the potential of variable rate irrigation (VR) to 

achieve significant water savings in maize production. At the level of 
individual sprinkler systems (see Table 4 and Fig. 1b for irrigation sys
tem codes), optimized VR irrigation led to reductions in irrigation be
tween 12 % and 28 %. At the farm scale, total irrigation savings ranged 
from 6 % to 27 %, averaging 19 % over the six-year period (see Table 5
for irrigation volumes in m3). Higher savings were observed for sprinkler 
systems with finer soils (systems 1, 5 and 6, which have 63 %, 54 % and 
78 % of the area covered by fine soils, respectively), whereas lower 
savings were found for systems where maize was present in wetter years, 
such as 2018 (sprinkler systems 3 and 7), due to rainfall events reducting 
the need for farmer-managed irrigation.

These results are generally consistent with findings from previous 
field studies. For example, Yari et al., 2017 reported up to 34 % irriga
tion reduction for maize under center pivots in Alberta, Canada, without 
yield loss; Sui et al. (2015) reported 21 % water savings for maize in 
Mississippi using a center-pivot system with five zone-control units, and 
O’Shaughnessy and Evett, 2010 observed 15–20 % savings using VR 
irrigation on maize supported by soil sensors and infrared thermometers 

for real-time feedback, all without reducing yields. Barker et al., 2019
documented water savings in the 6–20 % range using VR irrigation 
approaches guided by soil moisture sensors or remote sensing, con
firming the effectiveness of VR irrigation in heterogeneous soils. 
Compared to these studies, our results fall within the lower–mid range of 
reported water savings. This is likely due to the wetter conditions in 
some study years limiting the potential for reducing irrigation, and to 
the irrigation constraints maintained in the simulations. Importantly, 
our approach combines real-time soil moisture monitoring with 
short-term weather forecasts, enabling a more dynamic adjustment of 
irrigation volumes than what is typically reported in other field 
experiments.

As with the pilot pivot, energy savings correspond to water savings, 
since energy is required to pump water from the wells and move the 
sprinklers. Therefore, the time savings achieved by adopting an opti
mised VR irrigation approach also translate into energy savings. It can 
be observed that water savings are lower in the rainiest summers (e.g., 
2018), while higher savings are found in the driest summers (e.g., 2019, 
followed by 2021 and 2016). This result is probably due to the farm 
irrigation manager’s perception of an increased need to irrigate crops in 

Fig. 13. Example of model simulation results for two HSZs belonging to the same HMZ: a) coarse soil; b) fine soil. In both panels the red line represents the total 
water content in the rooted zone, while the green, yellow and orange dotted lines represent the water content at the field capacity, at the FAO irrigation threshold and 
at the wilting point, respectively.

Table 4 
Current and simulated seasonal irrigation amounts for the seven sprinkler sys
tems (mm). Mean, minimum and maximum values calculated for the years in 
which maize was grown in each system are shown (systems 3–7: 
2016–2018–2020; other systems: 2017–2019–2021). Sprinkler systems codes 
are shown in Fig. 16.

Irrigation 
system

Current irrigation 
(mm)

Optimized irrigation VR 
(mm)

Variation VR %

mean (min, max) mean (min, max)
1 453 (410,478) 351 (281,392) -23
2 500 (479,527) 399 (373,418) -20
3 460 (396,501) 374 (359,401) -19
4 500 (479,527) 395 (371,410) -21
5 509 (466,535) 364 (324,386) -28
6 511 (493,535) 376 (350,404) -26
7 421 (357,456) 370 (345,404) -12

Table 5 
Current and simulated seasonal irrigation amounts at farm level. Variations are 
shown in terms of irrigation volumes (m3) and percentages (%).

Year Current 
irrigation 
(m3)

Simulated 
irrigation (m3)

Variation 
(m3)

Variation 
(%)

2016 437,251 341,382 -95,869 -22
2017 617,352 493,007 -124,345 -20
2018 352,183 331,245 -20,938 -6
2019 590,065 428,423 -161,642 -27
2020 447,974 379,966 - 68,007 -15
2021 636,420 498,033 - 138,387 -22
Average 

2016- 
2021

​ ​ ​ -19

A. Mayer et al.                                                                                                                                                                                                                                  Agricultural Water Management 325 (2026) 110184 

13 



seasons with low rainfall. This makes the modelling approach presented 
in this paper particularly interesting, as it is based on an accurate esti
mate of the real need for irrigation that takes short-term weather fore
casts into account.

4. Conclusions

The Precision Irrigation (PI) management in the pilot centre pivot 
(15 ha) resulted in an average water saving of about 20 % compared to 
the “as usual” irrigation management applied in the farm (16 % and 
24 % for the coarse and fine sectors, respectively) in the agricultural 
season 2021. This value was achieved by respecting some constraints 
imposed by the tenant, the absence of which would certainly have 
increased it. As the reduction in water consumption leads to a corre
sponding reduction in irrigation time, the estimated energy saving (for 
groundwater pumping and pivot handling) was equal to the water 
saving (i.e., 20 %). Variable rate yield maps showed that there were no 
differences in yield between the variable rate and control sectors, but 
grain moisture was slightly lower in the sectors where the PI approach 
was applied, resulting in further energy savings during grain drying. 
Although the model calibration was limited to a part of the cropping 
season 2021 and a subset of soil hydraulic parameters, the results 
highlight the potential of the PI approach, which is of particular interest 
because it relies on accurate estimates of irrigation demand, which are 
calculated using short-term weather forecasts. At the farm level 
(300 ha), the simulation of the PI approach over the period 2016–2021 
resulted in water and energy savings between 12 % and 28 % for the 
single sprinkler system, with an average of 19 % at the farm level. Again, 
the constraints imposed by the farm tenant were maintained and 
reduced the potential gain. Estimating phenometrics and crop parame
ters from Sentinel-2 time series was crucial for applying the developed PI 
method at farm scale. Water savings were found to be lower during the 
wettest summers (e.g., 2018) and higher during the driest (2019, 2021 
and 2016), confirming that the PI approach is effective in saving water, 
even and especially in the most critical years.
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Bellvert, J., 2020. Dynamic Management Zones for Irrigation Scheduling. Agric. 
Water Manag 238, 106207. https://doi.org/10.1016/j.agwat.2020.106207.

Fridgen, J.J., Kitchen, N.R., Sudduth, K.A., Drummond, S.T., Wiebold, W.J., Fraisse, C. 
W., 2004. Management Zone Analyst (MZA): Software for Subfield Management 
Zone Delineation. Agron. J. 96, 100–108. https://doi.org/10.2134/ 
agronj2004.1000.

Gao, Y., Duan, A., Qiu, X., Liu, Z., Sun, J., Zhang, J., Wang, H., 2010. Distribution of roots 
and root length density in a maize/soybean strip intercropping system. Agric. Water 
Manag 98, 199–212. https://doi.org/10.1016/j.agwat.2010.08.021.

Georgi, C., Spengler, D., Itzerott, S., Kleinschmit, B., 2018. Automatic delineation 
algorithm for site-specific management zones based on satellite remote sensing data. 
Precis. Agric. 19, 684–707. https://doi.org/10.1007/s11119-017-9549-y.

Greaves, G., Wang, Y.-M., 2016. Assessment of FAO AquaCrop Model for Simulating 
Maize Growth and Productivity under Deficit Irrigation in a Tropical Environment. 
Water 8, 557. https://doi.org/10.3390/w8120557.

Gupta, S., Kumar, M., Priyadarshini, R., 2019. Electrical Conductivity Sensing for 
Precision Agriculture: A Review. In: Yadav, N., Yadav, A., Bansal, J.C., Deep, K., 
Kim, J.H. (Eds.), Harmony Search and Nature Inspired Optimization Algorithms, 
Advances in Intelligent Systems and Computing. Springer Singapore, Singapore, 
pp. 647–659. https://doi.org/10.1007/978-981-13-0761-4_62.

Haghverdi, A., Leib, B.G., Washington-Allen, R.A., Ayers, P.D., Buschermohle, M.J., 
2015. Perspectives on delineating management zones for variable rate irrigation. 
Comput. Electron. Agric. 117, 154–167. https://doi.org/10.1016/j. 
compag.2015.06.019.

Hedley, C.B., Yule, I.J., 2009a. A method for spatial prediction of daily soil water status 
for precise irrigation scheduling. Agric. Water Manag 96, 1737–1745. https://doi. 
org/10.1016/j.agwat.2009.07.009.

Hedley, C.B., Yule, I.J., 2009b. Soil water status mapping and two variable-rate irrigation 
scenarios. Precis. Agric. 10, 342–355. https://doi.org/10.1007/s11119-009-9119-z.

IMA (Italian Ministry of Agriculture), 1999. Decreto Ministeriale 13/09/1999, n. 185: 
Approvazione dei Metodi ufficiali di analisi chimica del suolo. Gazzetta Ufficiale, 
Suppl. Ord. n. 248, 21 Oct 1999. Available at: 〈https://www.gazzettaufficiale.it/eli/ 
id/1999/10/21/099A8497/sg〉.

ISTAT, n.d. Agricultural census data. [Online] Available at: 〈https://esploradati.istat. 
it/databrowser/#/it/censimentoagricoltura〉 [Accessed: 18 Dec 2025].

Jiang, J., Feng, S., Ma, J., Huo, Z., Zhang, C., 2016. Irrigation management for spring 
maize grown on saline soil based on SWAP model. Field Crops Res 196, 85–97. 
https://doi.org/10.1016/j.fcr.2016.06.011.

Kottek, M., Grieser, J., Beck, C., Rudolf, B., Rubel, F., 2006. World Map of the Köppen- 
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