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A Cesare,
anche se oggi sei ancora piccolo per
leggere e capire queste pagine, spero
che un giorno tu possa avere la
curiosita di sfogliarle. Mi auguro che
tu cresca con il desiderio di
conoscere, di farti domande e di
guardare il mondo con occhi sempre
curiosi.



Andrea: “Mi odia Nigel...”

Nigel: “Ed ¢ un mio problema perché..? Ah ah, aspetta, no, non ¢ un mio problema”
Andrea: “Senti, sul serio, i0 non so piu cosa mi devo inventare perché, se faccio
una cosa bene non mi viene riconosciuta, lei non dice neanche grazie, ma se sbaglio
una cosa, lei... diventa... diabolica”

Nigel: “Allora, vattene”

Andrea: “Come?”

Nigel: “Vattene”

Andrea: “Andarmene?”

Nigel: “lo un’altra che prenda il tuo posto la trovo in cinque minuti, una che lo vuole
veramente”

Andrea: “Ma, i0 non voglio andarmene, non ¢ giusto. Pero, io, dico solo che vorrei,
insomma, un minimo di riconoscimento. Sto facendo il massimo per lei”

Nigel: “Andy, siamo seri, non stai facendo il massimo. Tu ti stai lamentando. Che
cosa vuoi che ti dica, eh? Vuoi che ti dica “Poverina, Miranda ti ha preso di mira.
Poverina, povera Andy”? Mmbh, sveglia quarantadue! Lei non fa che il suo mestiere.
Non lo sai che lavori nel posto che ha pubblicato alcuni tra i piu grandi artisti del
secolo? Halston, Lagerfeld, De la Renta, e quello che hanno realizzato, quello che
hanno creato, ¢ stato piu creativo dell’arte stessa. Perché tu ci vivi dentro la tua vita.
Beh, tu non, ovviamente, ma alcune persone si. Tu credi che questa sia
semplicemente una rivista. Questa non ¢ semplicemente una rivista, questo ¢ un
luminoso faro di speranza per ... non lo so, diciamo un ragazzino che cresce a Rhode
Island con sei fratelli che fa finta di andare a giocare a calcio, mentre invece va a
scuola di cucito e legge Runway sotto le coperte di notte con una torcia. Tu non sai
quanti personaggi leggendari siano passati per questi corridoi e, quel che ¢ peggio,
non ti interessa, perché tante persone si ammazzerebbero per lavorare qui, e invece
tu ci onori della tua presenza. E ti chiedi anche perché lei non ti dia un bacio sulla
fronte e non ti metta la lode quando le consegni i compiti alla fine giornata?
Svegliati tesoro”

Andrea: “Ok, percio sono io che sbaglio”

Nigel: “Uhm Uhm”

Andrea: “Senti, non ¢ mia intenzione, solo che vorrei tanto sapere cosa fare per...
Nigel, Nigel, Nigel”

Nigel: “No”

1l Diavolo Veste Prada, 2006
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Sommario

L’attivita di ricerca si concentra sull’analisi, la modellazione e il
monitoraggio del water footprint (i.e., la  valutazione
dell’evapotraspirazione effettiva, della traspirazione,
dell’evaporazione, del contenuto idrico del suolo e degli apporti
irrigui) nei sistemi agricoli irrigui, con particolare attenzione alle
colture perenni mediterranee come agrumeti e oliveti. L’attivita ¢
inquadrata nel contesto del cambiamento climatico e, in particolare,
nella crescente scarsita d’acqua e nella necessita di pratiche agricole
sostenibili. Considerando che I’agricoltura rappresenta il principale
consumatore di risorse idriche a livello globale (~70% dell’acqua
dolce ¢ utilizzata per scopi agricoli), il miglioramento del risparmio
dei volumi irrigui e D’ottimizzazione dell’uso dell’acqua sono
diventati aspetti fondamentali. In questa prospettiva, la ricerca mira a
contribuire allo sviluppo di strumenti avanzati basati sui dati, capaci
di supportare i processi decisionali nei sistemi moderni di agricoltura
di precisione.

L’obiettivo principale della ricerca si basa sull’integrazione di
molteplici fonti di dati e approcci modellistici per comprendere e
quantificare meglio 1 processi che regolano gli scambi idrici nel
continuum Suolo—Pianta—Atmosfera (SPA). II continuum SPA
rappresenta un sistema dinamico in cui I’acqua si muove dal suolo,
attraverso le radici e le foglie della pianta, fino all’atmosfera tramite
I’evapotraspirazione (effetto combinato di traspirazione ed
evaporazione). Descrivere accuratamente questi processi ¢ essenziale
per stimare il fabbisogno idrico delle colture e migliorare la gestione
dell’irrigazione. Per affrontare questa complessita, lo studio combina
misure in situ con modellistica avanzata e tecniche di remote sensing
satellitare, consentendo I’impostazione di un approccio analitico
completo, multidisciplinare e multiscala.

L’attivita sperimentale ¢ stata condotta in due sistemi agricoli
rappresentativi situati in Sicilia: un oliveto e un mandarineto. Queste
colture sono state selezionate per la loro rilevanza nell’agricoltura
regionale e per la loro diversa resilienza alle condizioni di stress



idrico. Entrambi i siti sono dotati di strumenti per la raccolta di
variabili chiave del continuum SPA, tra cui sonde per il contenuto
idrico del suolo, stazioni meteorologiche standard, sensori di flusso
linfatico e torri di eddy covariance. Le misure in situ hanno svolto un
duplice ruolo: fornire dati di input per la calibrazione dei modelli e
fungere da riferimento per la validazione dei risultati, garantendo cosi
robustezza e affidabilita.

Parallelamente alle osservazioni in situ, la ricerca ha esplorato

I’'uso di database meteorologici alternativi, in particolare dataset di
rianalisi e previsione. Prodotti come ERAS5-Land sono stati analizzati
per valutarne 1’affidabilita come sostituti delle misure in situ,
soprattutto nelle aree dove 1 dati di campo sono scarsi o assenti.
Un elemento chiave della ricerca ¢ I’integrazione, nei modelli di water
footprint, dei dati di remote sensing satellitare, che consentono il
monitoraggio dello stato delle colture e delle condizioni del suolo su
ampie superfici in modo non invasivo e distribuito spazialmente.
Piattaforme satellitari come MODIS, Sentinel-2, Landsat-8 ¢ -9 ¢
PlanetScope sono state utilizzate per ricavare indici di vegetazione e
variabili biofisiche, tra cui Normalized Difference Vegetation Index
(NDVI), Normalized Difference Water Index (NDWI) e Fractional
Vegetation Cover (FVC). Inoltre, I'uso dei dati satellitari ha
migliorato significativamente 1’accuratezza delle stime, permettendo
il passaggio da analisi puntuali a valutazioni distribuite a scala di
campo e di distretto irriguo.

Esclusivamente per il mandarineto sono stati valutati diversi
approcci, tra cui: un modello di bilancio idrico del suolo denominato
SAtellite Monitoring of Irrigation (SAMIR); un modello di bilancio
energetico superficiale denominato Soil Plant Atmosphere and
Remote Sensing Evapotranspiration (SPARSE); e un metodo di
partizionamento basato sulla misura della concentrazione di COa.
SAMIR ¢ stato utilizzato per simulare I’evoluzione giornaliera del
contenuto idrico del suolo e per stimare la traspirazione e
I’evaporazione. I modelli di bilancio idrico del suolo sono
relativamente semplici e hanno un impatto diretto sulla gestione
irrigua (applicazioni operative). SPARSE ¢ stato impiegato per



stimare |’evapotraspirazione effettiva come termine residuo del
bilancio energetico superficiale. I modelli di bilancio energetico
superficiale beneficiano dell’integrazione dei dati di remote sensing e
della temperatura della superficie, ma soffrono di incertezze legate
alle variabili atmosferiche. Il modello basato sulla concentrazione di
CO; ha permesso di suddividere I’evapotraspirazione -effettiva
misurata dalla torre di eddy covariance in traspirazione ed
evaporazione per confronti successivi. I risultati di SAMIR, SPARSE
e del metodo di partizionamento sono stati confrontati tra loro.

Sia per il mandarineto che per I’oliveto, una tecnica di Machine
Learning (ML) ¢ stata utilizzata per determinare 1’evapotraspirazione
effettiva. Lo sviluppo di questo modello ML rappresenta una delle
principali innovazioni della ricerca, in quanto consente di catturare
relazioni complesse e non lineari tra variabili meteorologiche,
contenuto idrico del suolo e indici di vegetazione. Il modello ¢ stato
addestrato utilizzando dati in situ (o di rianalisi) e dati satellitari,
sfruttando 1 punti di forza di diverse fonti di dati.

Sulla base di questi risultati, ¢ stato sviluppato un modello
innovativo per la gestione irrigua, denominato IRRILEARNING.
Inizialmente sviluppato e calibrato nell’oliveto sperimentale, ¢ stato
successivamente applicato ad altri oliveti dello stesso distretto irriguo.
Il modello ¢ progettato per supportare le decisioni irrigue in funzione
di diversi obiettivi produttivi, sia per la produzione di olio che di olive
da tavola. IRRILEARNING integra il modello ML con un modello
bilancio idrico del suolo per la stima dei fabbisogni idrici. E stato
configurato per tre finalita: 1) supporto e verifica; ii) previsione; iii)
gestione di scenari.

I principali risultati possono essere cosi riassunti:

» [ dati di rianalisi rappresentano una valida alternativa alle
variabili meteorologiche, soprattutto per applicazioni su larga scala e
analisi di lungo periodo, sebbene presentino alcune discrepanze a
scala locale;

* SAMIR ¢ efficace per la gestione irrigua grazie alla sua
semplicita e alla connessione diretta con la dinamica dell’acqua nel
suolo, pur richiedendo una corretta parametrizzazione;



» SPARSE offre una migliore rappresentazione spaziale ma ¢ piu
sensibile agli errori di misura;

* Il modello basato sulla concentrazione di CO: fornisce risultati
soddisfacenti, ma richiede serie temporali complete e senza
interruzioni;

* Il modello ML rappresenta un potente approccio data-driven, la
cui efficacia dipende dalla qualita e quantita dei dati;

* IRRILEARNING ¢ in grado di simulare la gestione irrigua in
diversi scenari, migliorando significativamente [’efficienza d’uso
dell’acqua.

In conclusione, la ricerca dimostra che 1’integrazione di tecnologie
avanzate, come il remote sensing, ML e assimilazione di dati multi-
sorgente, rappresenta una strategia efficace e innovativa per
migliorare il risparmio idrico in agricoltura. Questi approcci
contribuiscono a ridurre i consumi idrici, aumentare 1’efficienza e
rafforzare la resilienza dei sistemi agricoli ai cambiamenti climatici,
in linea con i principi dell’Agricoltura 4.0, le priorita di Horizon
Europe e gli Obiettivi di Sviluppo Sostenibile (SDGs).




Abstract

The research activity focuses on the analysis, modelling, and
monitoring of water footprint (i.e., the assessment of actual
evapotranspiration, transpiration, evaporation, soil water content and,
irrigation supplies) in irrigated agricultural systems, with particular
emphasis on Mediterranean perennial crops such as citrus and olive
orchards. The activity is contextualized within the climate change
topic and, particularly, on the increasing water scarcity and
sustainable agricultural practices. Given that, agriculture represents
the largest consumer of freshwater resources worldwide (~70% of
freshwater is used for agriculture purposes), improving irrigation
volume savings and optimizing water use have become pivotal. In this
perspective, the research aims to contribute to the development of
advanced data-driven tools capable of supporting decision-making
processes in modern precision agriculture systems.

The main goal of the research is based on the integration of
multiple data sources and modelling approaches to better understand
and quantify the processes ruling water exchanges within the Soil—
Plant-Atmosphere (SPA) continuum. SPA continuum represents a
dynamic system in which water moves from the soil, through plant
roots and leaves, and finally to the atmosphere via evapotranspiration
(joint effect of transpiration and evaporation). Accurately describing
these processes is essential for estimating crop water requirements
and improving irrigation scheduling. To address this complexity, the
study combines in situ measurements with advanced modelling and
satellite remote sensing techniques, allowing the setup of a
comprehensive, multi-disciplinary and multi-scale analytical
approach.

The experimental activity was conducted in two representative
agricultural systems located in Sicily: an olive and a citrus orchard.
These cultivars were selected due to their relevance in regional
agriculture and their different resilience to water stress conditions.
Both sites are equipped with instruments collecting key variables data
of the SPA continuum, including soil water content probes, standard
meteorological stations, sap flow probes and, eddy covariance flux



towers. In situ measurements served a dual role: as input data for
model calibration and, as a reference for validating model outputs;
thus, ensuring robust and reliable results.

In parallel with in situ observations, the research explored the use
of alternative meteorological databases, particularly, reanalysis and
forecasting datasets. Products such as ERAS5-Land (reanalysis
database) were analyzed to assess their reliability as surrogate of in
situ measurements, especially in areas where in field data are scarce
or unavailable.

A key component of the research is the integration within water
footprint models of satellite remote sensing data, which enables the
monitoring of crop health and soil conditions over large areas in a
non-invasive and spatially distributed way. Satellite platforms such as
MODIS, Sentinel-2, Landsat-8 and -9 and PlanetScope were used to
retrieve vegetation indices and biophysical variables, including the
Normalized Difference Vegetation Index (NDVI), the Normalized
Difference Water Index (NDWI) and the Fractional Vegetation Cover
(FVC). Furthermore, the use of satellite data significantly improved
the estimation accuracies, allowing the transition from point-scale
analyses to spatially distributed assessments at field and irrigation
district scales.

Exclusively for the citrus orchard several approaches were
assessed including: a Soil Water Balance (SWB) model, named
SAtellite Monitoring of Irrigation (SAMIR); a Surface Energy
Balance (SEB) model named Soil Plant Atmosphere and Remote
Sensing Evapotranspiration (SPARSE); a carbon-based partitioning
method.

SAMIR was used to simulate the daily evolution of soil water
content and to estimate actual transpiration and evaporation. SWB
models are relatively simple with a direct impact on irrigation
management (operational applications). SPARSE was also set up to
estimate actual evapotranspiration as a residual term of the energy
balance at surface. SEB models benefit from the integration of remote
sensing data and land surface temperature particularly, even if they
suffer uncertainties of atmospheric input variables. A partitioning



model based on the relationship between carbon assimilation and
water vapor exchange allowed to split in situ actual
evapotranspiration, monitored by the flux tower, into transpiration
and evaporation for further comparisons. Outcomes from SAMIR,
SPARSE and partitioning method were also cross compared.

On both citrus and olive orchards, a Machine Learning (ML)
technique allowed determining actual evapotranspiration. The setup
of this ML model is one of the major innovations of this research. The
ML model allows capturing complex, nonlinear relationships among
meteorological variables, soil water content, and vegetation indices.
This model was trained using both in situ (or reanalysis) and remotely
sensed data, allowing to leverage the strengths of multiple data
sources.

Building on these findings, the step forward was the development
of an innovative model for irrigation management, named
IRRILEARNING. It was initially developed and calibrated within the
olive orchard experimental site and, subsequently applied to other
olive orchard fields located within the same irrigation district. The
model was specifically designed to support irrigation decision-
making under different production objectives, allowing analyses for
both oil production and table olive production. This model integrates
the ML model with a SWB model providing crop water need
assessments. IRRILEARNING was set up to operate for three
different aims: i) support and check; ii) forecasting; iii) scenario
management.

Main general results are here following summarized:

* Reanalysis data represents reliable alternatives to
meteorological variables, making them particularly suitable for large-
scale applications and long-term analyses. Nevertheless, some
discrepancies were observed at the local scale, mainly due to
differences in spatial resolution limiting their ability to capture site-
specific conditions. Despite these limitations, reanalysis data
represents a valuable resource for supporting both water footprint
modelling and irrigation management, especially in data-scarce
environments;



*  SAMIR was found to be effective for irrigation management
due to its simplicity and direct connection to soil water content
dynamics, even if it requires accurate parameterization. It is simple to
be applied, and it provides continuous daily outcome time-series;
however, by solving the daily soil water balance, it relies on
vegetation stress needing irrigation data or the setup of rules on
irrigation strategy;

* SPARSE offers better spatial representation but is more
sensitive to measurement errors. Although model applications are
limited to cloud-free satellite acquisitions, it provides high accuracy
estimation of all the instantaneous components of the surface energy
balance;

» Carbon-driven model results are quietly good; it requires no-
gap and long input data timeseries to be implemented; thus, it is
limited by sensors operativeness;

* ML model provides a powerful data-driven alternative,

although its performance heavily depends on the quality and quantity
of input data;
. IRRILEARNING is capable to simulate irrigation scheduling
under different management strategies and climatic conditions. At the
field scale, IRRILEARNING can reproduce the temporal evolution of
key variables such as actual evapotranspiration, soil water content
and, water stress coefficient. Overall, results demonstrate that
IRRILEARNING is a flexible and robust tool for irrigation
management, capable of adapting to different production objectives
and climatic scenarios while promoting significant water savings
allowing improvements in water resource use efficiency.

In conclusion, this research demonstrates that the integration of
advanced technologies, such as remote sensing, ML, and multi-source
data assimilation, represents an effective and innovative strategy for
improving irrigation volumes savings in agriculture. These
approaches contribute to reducing water consumption, increasing
water use efficiency, and strengthening the resilience of agricultural
systems to climate variability and change, in line with the principles
of Agriculture 4.0. Furthermore, they are consistent with the strategic



priorities of Horizon Europe, particularly the missions on Climate
Change Adaptation and Soil Health and Food, as well as with the
Sustainable Development Goals (SDGs), including Goal 2 (Zero
Hunger), Goal 13 (Climate Action), and Goal 15 (Life on Land),
thereby supporting the transition towards more sustainable and
climate-resilient farming systems.
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Introduction

Water footprint analysis in agriculture: an overview

Monitoring the water footprint in agriculture is pivotal for
evaluating actual crop water requirements and for identifying
strategies aimed at water saving. Agriculture accounts for 70% of total
global freshwater withdrawals and represents the largest user of fresh
water. In recent decades, the growing pressure on natural resources
has made water management a central issue for agricultural
sustainability. According to the Intergovernmental Panel On Climate
Change (IPCC) (2023) report, the world will face serious water,
energy, and food challenges in both the near and long term due to
increasing food demand and progressive resource degradation. At the
same time, global population growth is expected to further exacerbate
these pressures. The World Population Prospects 2022, recently
released by the United Nations Educational, Scientific and Cultural
Organization (UNESCO), indicate that the population will reach ~8.5
billion by 2030 and is projected to peak at ~10.5 billion by 2080,
leading to a substantial increase in the demand for food and freshwater
resources (DESA/POP, 2022).

In this context, the adoption of sustainable agriculture practices is
of paramount importance to minimize water consumption while
ensuring food security. Climate change has significantly altered
precipitation patterns at both regional and global scales, affecting the
natural availability and distribution of freshwater resources. These
changes are manifested through more frequent and intense drought
events, unpredictable rainfall regimes, and a general decrease in
surface and groundwater availability. In Mediterranean ecosystems,
characterized by hot and dry summers and precipitation mainly
occurring in autumn and winter, the increase in atmospheric
evaporative demand and the reduction in water availability have
further aggravated drought-related problems. Recent studies highlight
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Introduction

the need to encourage farmers, especially in drought-prone regions,
to adopt innovative solutions that optimize water quantity and quality,
ensuring a more environmentally friendly agricultural future for
coming generations (Lap et al., 2023).

Italy represents a critical case within the European context, being
among the countries with the highest irrigation water demand. For
example, during the 2009-2010 irrigation seasons, ~12 Mm? of water
were used to irrigate about ~2.5 million hectares (ISTAT, 2014).
However, irrigation efficiency remains low, with an estimated 50% of
water losses during distribution and application. Water management
for irrigation in Italia involves multiple professional figures operating
across different administrative levels and coordinated through a
complex network of institutions. Irrigation distribution is managed by
the Associazione Nazionale Bonifiche Irrigazioni e Miglioramenti
Fondiari (ANBI) through 141 territorial reclamation consortiums,
covering ~60% of the national territory and supporting diverse
agricultural systems adapted to local climatic conditions. In Sicily,
irrigation management is entrusted to two main reclamation
consortiums, instituted with the Decreto del Presidente della
Repubblica (D.P.R) n. 467 of 12/09/2017: the Consorzio di Bonifica
della Sicilia Occidentale and the Consorzio di Bonifica della Sicilia
Orientale which oversee areas dominated by typical Mediterranean
crops such as olives, citrus, vineyards, open-field vegetables, and
arable crops.

To address water scarcity and improve water use efficiency, the
adoption of sustainable and dynamic irrigation strategies is essential.
The optimization of irrigation water use can be achieved by accurately
estimating crop water requirements and by implementing advanced
irrigation management approaches, such as Regulated Deficit
Irrigation (RDI) (GonzAlez-Altozano and Castel, 2000; Consoli et al.,
2014; Stagno et al., 2015; Rallo et al., 2017; Puig-Sirera et al., 2021).
These strategies aim to reduce water consumption by controlling
irrigation in real time as a function of soil and plant water status,
without negatively affecting crop growth and productivity. This
requires the integration of sensors, data aggregation techniques, and
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models to develop Decision Support System tools capable of
supporting farmers and water managers. Such approaches are fully
aligned with the 2030 United Nations Agenda for Sustainable
Development and with several Sustainable Development Goals
(SDGs). They directly contribute to: SDG 2 (Zero Hunger) by
supporting sustainable agricultural practices capable of increasing
productivity while reducing pressure on water resources; SDG 13
(Climate Action) by enhancing the adaptive capacity of agricultural
systems to climate variability and increasing resilience to drought
conditions; SDG 15 (Life on Land) by promoting the sustainable
management of soil and water resources and limiting land
degradation. Moreover, the proposed approaches are consistent with
the strategic priorities of Horizon Europe, especially within the
missions and clusters addressing Adaptation to Climate Change and
Soil Health and Food. In this context, improving irrigation efficiency,
monitoring the Soil Plant Atmosphere (SPA) continuum, and
optimizing water use through data driven and precision agriculture
tools represent key actions to support climate resilient farming
systems, preserve soil functionality, and ensure long-term food
security.

In this framework, Agriculture 4.0 represents the most recent
evolution of precision farming technologies, focusing on increasing
crop productivity, improving the sustainable use of natural resources,
enhancing resilience to climate change, and reducing food waste. To
achieve these objectives, it is necessary to monitor the SPA continuum
by measuring the parameters governing the hydrological, hydraulic,
and physical functioning of the system. Monitoring activities can be
carried out through in situ sensors, such as soil water content probes,
standard weather stations, and micrometeorological eddy covariance
towers, or indirectly through modelling approaches.

Evapotranspiration represents the key variable in linking SPA
continuum, agricultural management, and water resources (Fisher et
al., 2017). Modeling evapotranspiration has many applications in
agricultural water management. Evapotranspiration represents one of
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the primary components of the hydrologic cycle; its accurate
estimation is mandatory to optimize agricultural water management.

Among these, Soil Water Balance (SWB) models estimate
evapotranspiration by accounting for the temporal evolution of water
stored in the root zone as a function of precipitation, irrigation, runoff,
drainage, and atmospheric demand. These models describe the
partitioning of available water between soil storage and
evapotranspiration, linking crop water use to soil hydraulic properties,
root depth, and crop specific parameters. Their strength lies in their
conceptual simplicity and their direct connection with irrigation
management, making them particularly suitable for operational
applications and scenario analyses, although their accuracy depends
on the correct representation of soil-plant parameters and initial
conditions (Allen et al., 1998; Marletto et al., 2007; Pereira et al.,
2020).

Surface  Energy = Balance  (SEB) models  estimate
evapotranspiration as a residual term of the surface energy balance,
partitioning net radiation into latent and sensible heat fluxes. By
combining radiometric surface temperature and vegetation
information with meteorological inputs. Their main advantage is the
capability to provide assessments without requiring detailed soil
information, although they are sensitive to uncertainties in radiation,
surface temperature, and atmospheric forcing (Norman et al., 1995;
Bastiaanssen et al., 1998; Cammalleri et al., 2012b; Awada et al.,
2019).

Evapotranspiration can also be inferred from carbon flux
measurements by exploiting the physiological coupling between
carbon assimilation and water vapor exchange. Measurements of CO2
fluxes allow the partitioning of ecosystem-scale exchanges into
transpiration and evaporation components through water carbon
coupling frameworks. These approaches provide physically based
estimates of evapotranspiration and its components, serving as
valuable references for model calibration and validation (Li et al.,
2019).

4 Dario De Caro



Introduction

Finally, Machine Learning (ML) models offer a data-driven
alternative for estimating evapotranspiration by learning nonlinear
relationships  between meteorological variables, vegetation
characteristics and, soil conditions. By integrating multi-source data,
these models can capture complex interactions within the SPA
continuum. While their performance strongly depends on data quality,
ML approaches provide flexible and scalable tools that complement
physically based models (Kim et al., 2020; Bellido-Jiménez et al.,
2021; Chen et al., 2022).

These models can benefit from remote sensing techniques as input
data for evapotranspiration estimation, through the retrieval of
vegetation biophysical properties from observations acquired in the
VISible (VIS), Near InfraRed (NIR), ShortWave InfraRed (SWIR)
and, Thermal InfraRed (TIR) regions of the electromagnetic
spectrum. The increasing availability of satellite remote sensing
observations further enhances these approaches, offering new
opportunities for large-scale, continuous, and non-invasive
monitoring of crop water status and irrigation practices. Two main
remote sensing-based approaches have been proposed. The first is an
analytical approach in which crop related input parameters (e.g., Leaf
Area Index, crop height, and albedo) are derived from multispectral
VIS-NIR images. This approach explicitly links surface biophysical
properties to evapotranspiration through physically based
formulations (Papadavid, 2011; Jégo et al., 2012). The second
approach relies on Vegetation Indices (VIs) (e.g., NDVI, SAVI, or
EVI), computed from VIS—NIR reflectances. In this case,
evapotranspiration is indirectly estimated by parameterizing crop
development and water use as a function of vegetation spectral
response (Pdgas et al., 2020). In addition, the use of remote sensing
enables the transition from point-scale estimates to spatially
distributed assessments at field (i.e., satellite and/or Unmanned Aerial
Vehicle) or irrigation district scales (i.e., satellite).

Several gridded weather and climate datasets are currently
available at the global scale and can be freely accessed, providing
quasi-continuous meteorological information with adequate temporal
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coverage and moderately high spatial resolution. These products are
generated through the combination of numerical weather prediction
models and data assimilation techniques, which integrate
heterogeneous observations to produce spatially and temporally
consistent fields of atmospheric and land-surface variables. Owing to
their gap-free structure and long-term continuity, reanalysis datasets
are widely used in hydrological and agro-meteorological applications,
particularly in areas where in situ measurements are sparse or
unavailable, and represent a reliable alternative source of
meteorological forcing for evapotranspiration and crop water
requirement assessments (Parker, 2016).

Finally, the use of short-term meteorological forecasting data
represents a key asset for irrigation management, as it allows
anticipating boundary conditions of models, supporting timely
irrigation scheduling, while remaining consistent with the temporal
scale of decision-making processes in agricultural systems (Jones et
al., 2003).

Thesis objectives

The planning of irrigation water uses through strategies that meet
environmentally sustainable policies is one of the main challenges of
the 21 century.

The overall objective of this thesis is to investigate the potential
of integrating satellite Earth observation and meteorological data,
derived from in situ measurements, reanalysis products, and short-
term forecasts, for the modelling and monitoring of the water footprint
in irrigated orchards, with particular emphasis on Mediterranean
perennial cropping systems (i.e., citrus and olive orchards).

Overall, the work is willing to answer the following Research
Questions (RQs):

= RQI. Canreanalysis data be considered reliable surrogates
of in situ measurements, and what is the impact of their use
as model inputs on the estimation of crop water
requirements in terms of latent heat flux, actual
evapotranspiration, and soil water content?
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= RQ2. What are the performances of modern Machine
Learning models in estimating actual evapotranspiration
when trained using key variables of the soil-plant—
atmosphere continuum (from in situ measurements or
reanalysis products) and satellite images, with the aim of
developing spatially distributed models?

= RQ3. How can actual evapotranspiration estimates derived
from Machine Learning models be integrated with soil
water balance models to improve irrigation management
and irrigation forecasting, also in the context of climate
change scenarios?

= RQ4. What are the strengths, limitations, and potential
synergies among soil water balance models, surface
energy balance models based on remote sensing data, and
Eddy Covarince-based partitioning method for estimating
transpiration and evaporation?

Through these RQs, the thesis seeks to highlight the
complementarities and synergies between models, data-driven
approaches, and remote sensing techniques, contributing to the
development of scalable, data-efficient, and operational tools for
sustainable irrigation management in the context of Agriculture 4.0.

Thesis structure

The thesis is organized into introduction, 6 chapters and,
conclusions and reccomendations. Chapters are divided into three
parts: PART I — Theoretical background (Chapter 1: Hydrological
cycle, Chapter 2: Input data for actual evapotranspiration modelling,
Chapter 3: Actual evapotranspiration modelling); PART II —
Materials and methods (Chapter 4: Materials, Chapter 5: Methods);
PART III — Applications, results and discussions (Chapter 6: Results
and discussions). In the following a brief description of the contents
are given.
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- Introduction

In introduction the key points of the water footprint monitoring
and the and the enhancements in spatially distributed
evapotranspiration modelling, related to increasing data availability
are briefly introduced. The main objectives of the research are
introduced through the RQs, with the addition of this outline of the
thesis structure.

PART I — Theoretical background
- Chapter 1. Hydrological Cycle

This chapter introduces the hydrological cycle, describing the
continuous circulation of water between the atmosphere, land, and
oceans. The chapter focuses on evapotranspiration, the combined
process of soil evaporation and plant transpiration, highlighting its
dependence on meteorological conditions and plant characteristics.
Understanding ET is crucial for studies related to water footprint and
for an efficient and sustainable irrigation water management, linking
atmospheric processes with crop water requirements.

- Chapter 2. Input data for actual evapotranspiration modelling

This chapter presents the input data required for modelling actual
evapotranspiration. It covers variables within the Soil-Plant-
Atmosphere (SPA) continuum, including in situ measurements of soil
and plant-atmosphere layers, as well as data derived from reanalysis
and forecasting products. The chapter also discusses the use of remote
sensing data as an additional source of information for accurate actual
evapotranspiration estimation.

- Chapter 3. Actual evapotranspiration modelling

This chapter focuses on modelling actual evapotranspiration using
different approaches. It covers surface energy balance models, soil
water balance models, carbon cycle models, and explores the use of
machine learning as a smart solution to support precision irrigation.
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PART II — Materials and methods
- Chapter 4. Materials

This chapter describes the materials used for the study, including
the experimental fields. It also presents the data sources employed for
actual evapotranspiration modelling, including in situ, reanalysis and
forecasting meteorological variables and remote sensing data from
satellite platforms.

- Chapter 5. Methods

This chapter describes the models used for actual
evapotranspiration estimation and analysis. It covers data processing
of in situ, reanalysis, forecasting, and remote sensing data, and
describes different modelling approaches as well as the statistical
indices adopted for model evaluation.

- Chapter 6. Results and discussion

The application and results are the main components of the thesis,
where all the results obtained from the application of the previously
introduced methodologies were assessed and critically analysed, also
by means of objective criteria based on the computation of statistical
indices.

- Conclusions and recommendations

Finally, in this chapter the main results and findings of the research
are summarized, including also recommendations for further work
and possible future advances.
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Chapter 1. Hydrological Cycle

The present water on Earth, in the subsurface and on the surface,
constitutes the hydrosphere; within it, circulation takes place through
the hydrological cycle (Shiklamanov, 2009).
Like all cycles, the hydrological cycle of water has neither a
beginning nor an end. The mechanisms that make up the hydrological
cycle connect atmosphere, lands, and oceans. In each cycle, water
undergoes changes in its physical state: from vapor to liquid or solid,
and then back to vapor again (Narasimhan, 2009; Inglezakis et al.,
2016) (Figure 1.1).
The hydrological cycle expresses the principle of mass
conservation and establishes a relationship between the hydrological
fluxes associated with a fixed control volume and the variation in the
amount of water contained within that volume. The nature of the
balance strongly depends on the scale chosen for the control volume,
which also determines the characteristic times involved. A system the
size of the entire globe has characteristic times of a seasonal or annual
scale, while for smaller systems (i.e., river basins) the relevant times
are those of precipitation events (i.e., hours).
One of the surfaces that delimit the control volume usually
coincides with the ground surface, so that the flux terms are:
e the flow of water from the atmosphere to the surface
(precipitation and snow);

e the flow of water over the land surface (surface runoff);

o the flow of water from the atmosphere into the soil
(infiltration);

e the flow of water within the soil (subsurface flow and deep

percolation);

e the flow of water from the soil to the atmosphere through

vegetation (transpiration);

e the flow of water from the soil surface to the atmosphere

(evaporation).
The storage terms, on the other hand, are:
e soil water content (SWC);
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e groundwater;
e Qocean water;
e surface water (e.g., streams, lakes).

e Water. Cycle

B e Sublimation

o1

Condensation

Evapotranspiration _
v Evaporation

Ocean currents

Groundwater storage

Figure 1.1 Hydrological cycle (from: https://www.usgs.gov/media/images/natural-
water-cycle-jpg)

All the processes involved in the formation and transport of water
vapor are driven by solar energy, while the formation of runoff from
precipitation is essentially governed by gravity (Bales, 2003).

Water contained in vegetation and in bodies of water evaporates
under the action of solar radiation and, in the form of clouds, is
transported by atmospheric movements. About 90% of atmospheric
water comes from Evaporation (£), while the remaining 10%
originates from Transpiration (7).

Under peculiar temperature and pressure conditions, clouds
condense again, and water returns to the ground as Precipitation (P),
snow, or hail. Solid precipitation tends to accumulate on the surface
until it melts due to solar radiation and rising temperatures. In the case
of liquid precipitation, the soil can retain all or part of it, depending
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mainly on the type of soil, vegetation cover, and initial soil water
content conditions.

Once infiltrated into the soil, part of the water is absorbed by plant
roots and released into the atmosphere through transpiration, part
drains downslope through the soil, and part recharges the underlying
aquifers. The portion of precipitation that does not infiltrate tends to
flow over the land surface, collecting into the hydrographic network,
composed of streams and channels that gather surface runoff and
convey it to the outlet section of the drainage basin.

To the water flowing through the drainage network are added, over
time and depending on the permeability of the soils it crosses,
volumes of water coming from the unsaturated zones (as subsurface
or interflow runoff) and from the saturated zones (as groundwater
flow) (Waring and Running, 2007; Rai et al., 2017).

1.1 Hydrological balance

Hydrological phenomena involve a large number of variables, and
for this reason they can only be represented in a simplified manner,
using schematizations (Pokorny and Rejskova, 2008).

The global hydrological cycle can be represented as a system
divided into three subsystems:

o the first subsystem, represented by water in the atmosphere,

involves the processes of P, E, interception, and 7,

o the second subsystem concerns surface waters, which are

subject to surface flow processes;

o the third subsystem is represented by waters undergoing

subsurface flow, groundwater flow, and infiltration.

A quantitative analysis of the global hydrological cycle requires,
for practical reasons, the use of a limited portion of the surface (i.e.,
control volume). For this reason, it is necessary to refer to a simplified
model, or hydrological system.

For a volume bounded at the top by the ground surface and at the
bottom by a zero-flow surface (which can be imagined as arbitrarily
deep), the hydrological balance (Hartmann, 2016) can be written as:

Dario De Caro 13



Chapter 1: Hydrological Cycle

S =P-SR+F—ET (1.1)

av . o
where —; encompasses all the storage terms contained within the

control volume in a certain time window, P is precipitation, SR is the
surface runoff leaving the control volume, F is the subsurface and
deep flow leaving the control volume (e.g., capillary rise, deep
percolation), and ET is evapotranspiration. The infiltration flux does
not appear explicitly due to the choice of the control volume, but it is
implicitly included because it determines the partitioning of the
meteoric input into surface runoff and deep flows.

Thus, in hydrological studies, it is important to understand the
processes through which water is returned to the atmosphere, either
by evaporation from the soil or by traspiration from vegetation. This
knowledge is also of primary importance in the agricultural field,
where the efficient management of irrigation practices, closely linked
to Crop Water Requirement (CWR), requires a thorough
understanding of these processes. For this reason, particular attention
must be devoted to the study of the first subsystem, represented by the
water present in the atmosphere, which encompasses the processes of
evaporation and transpiration (Burt et al., 1997; Clemmens and Burt,
1997).

1.2 Evaporation

Evaporation is the process through which surface liquid water is
vaporized and transferred to the atmosphere via turbulent motions of
the air near the surface. Water can evaporate either from a water
surface or directly from the soil.

E over a given time interval is defined as the ratio between the
volume of water evaporated during that interval and the area of the
evaporating surface. The average evaporation rate is the ratio between
the evaporation depth and the time interval over which it occurred.
The evaporation depth is influenced by several factors: i. atmospheric
conditions such as radiation, air temperature, pressure and relative air
humidity, and wind speed, which determine the evaporative potential
of the atmosphere; ii. nature of the evaporating surface such as open
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water, snow, ice, bare soil, or vegetated soil, which affects its capacity
to supply water for E. The capacity is unlimited for a large water
surface until the water is exhausted, whereas for soil it is limited by
the capillary rise of water from deeper layers to the surface.

Soil evaporation refers to the transfer of water from the soil into
the atmosphere without passing through the plant system (Penman,
1948; Monteith, 1986; Dolman et al., 2014), and is generally
considered a non-productive water loss, even though it contributes to
microclimate cooling. Soil texture influences £ since macroporosity
enhances evaporation in the surface layers, while microporosity
generally acts as a hindrance. Therefore, under the same
environmental conditions, £ is more intense in coarse-textured soils
and more limited in fine-textured to medium-textured soils (Eames et
al., 1997).

1.3 Transpiration

Plant transpiration is the process through which water is absorbed
by plant roots and released into the atmosphere as vapor via leaf
transpiration. This process not only impacts the CWR but also plays
a crucial role in cooling plants and maintaining their thermal balance
(Penman, 1948).

This process is regulated both by atmospheric conditions and by a
series of mechanisms related to plant biology and morphology: i. the
root system greatly influences the ability of the plants to absorb water;
generally, 7 is more intense in plants with shallow roots when soils
are wet, and in plants with deep roots when soils are dry; ii. the larger
the leaf surface, the higher the T; iii. stomatal openings are the main
pathway through which the plant releases water into the atmosphere.
Transpiration is more intense in plants with many stomata, but it is
important to consider their ability to close, since the guard cells of
stomata respond to unfavorable humidity conditions, plants capable
of closing their stomata exhibit lower T; iv. The phenology affects T
by altering plant behaviour, morphology, and physiology according to
the season. Transpiration decreases when the plant enters dormancy,
with or without leaf loss, and is higher during periods of active
growth, such as vegetative growth, flowering, and fruit development.
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1.4 Evapotranspiration

Given the simultaneous nature of evaporation and transpiration, it
is very difficult to study them separately. Therefore, they are generally
referred to together as evapotranspiration, considered as a single
process equal to the sum of the two (Irmak, 2008; Katul and Novick,
2009; Miralles et al., 2020) (Figure 1.2).

TA TRSAPTITS A BT YTRT TR PN % BT

LVAXYJY 1 NAINODIOINALIUIN

A

Transpiration

H A

Transpiration Evaporation

Sparse Crop  Dense Crop Soil

and Weeds

Figure 1.2 Evapotranspiration scheme

Meteorological variables, like solar radiation, air temperature,
relative air humidity, wind speed, play a particularly important role in
the ET study (Thornthwaite, 1948; Priestley and Taylor, 1972;
Shuttleworth and Wallace, 1985; Allen et al., 1998).

Solar radiation 1is the primary energy source driving
evapotranspiration. It provides the latent heat necessary to transform
liquid water into vapor, thus controlling the rate at which water is
transferred from the land surface to the atmosphere. Moreover, solar
radiation influences plant physiological processes, such as stomatal
opening and photosynthesis, which regulate T rates. High radiation
levels promote greater vapor pressure deficits and, consequently,
higher transpiration, if SWC is not a limiting factor.

Since both T and E are processes that absorb heat from the
environment, E7 is more intense at higher temperatures. It is also
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greater when the air is dry, because the evaporative demand of the
atmosphere increases as air humidity decreases.

Wind speed plays a crucial role as well: in stagnant air, a gradient
of decreasing relative air humidity forms from the layers near the soil
and vegetation to higher layers. Wind generally creates turbulence
that mixes these layers, thereby enhancing E7, with intensity
increasing alongside wind speed. However, the nature of the wind
must also be considered: warm and/or dry winds intensify E7, while
cold and/or humid winds reduce it.

In summary, evapotranspiration is most intense during the day, in
the warmer months, and on dry, windy days, while it decreases at
night, in cooler months, on humid or overcast days, and in the absence
of wind.

Three important conditions are necessary for E7 (the combined
process of £ and 7) to occur: i. availability of water at the surface; ii.
sufficient energy to allow the phase change from liquid to vapor; iii.
a transport mechanism to remove the vapor from the area. Without
this transport, the atmosphere above the surface gradually reaches
saturation, which prevents further evaporation (Stanhill, 2019).

In estimating ET7, it is common to refer to three different
definitions (Yang, 2023):

e crop reference evapotranspiration or Atmospheric water
demand (E70): represents the atmospheric evaporative
demand, calculated using mathematical models or measured
over a hypothetical, extensive grass-covered surface under
optimal water and nutrient conditions (Allen et al., 1998;
Sabzevari and Eslamian, 2023);

e potential evapotranspiration under standard conditions (E7)):
refers to evapotranspiration from a well-watered and
optimally managed crop surface of sufficient extent
(Thornthwaite, 1948; Monteith, 1986; Allen et al., 1998)

e actual evapotranspiration (E7,), under non-standard
conditions: this is the definition that most closely represents
real conditions, when the crop is subject to water stress or
suboptimal growth conditions (Allen et al., 1998).
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Thus, the understanding and quantification of E7, are pivotal for
the sustainable management of water resources in agriculture. ET is
therefore directly linked to CWR. Accurate estimation of E7, allows
the determination of the irrigation volumes needed to maintain plant
health and productivity while minimizing water waste.

Irrigation management and hydrological studies often focus on ET
as a whole (Gong et al., 2024). However, since only 7 corresponds to
the actual physiological water use by plants, greater emphasis should
be placed on this component. A precise assessment of 7 enables a
more precise understanding of CWR and contributes to the
development of irrigation strategies that are both efficient and
sustainable, aligning water supply more closely with plant needs and
environmental conditions.
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modelling

As discussed in Chapter 1, Evapotranspiration (ET) plays a
fundamental role in the hydrological cycle and balance. It was also
emphasized that monitoring this process is pivotal for irrigation
management and for the preservation of water resources in
agriculture. ET is governed by a complex interaction between
meteorological variables and the specific characteristics of soil and
vegetation. For this reason, understanding and studying the Soil Plant
Atmosphere (SPA) continuum is essential. Equally important is the
identification of the key variables that describe and control this
continuum. Some of these variables are easier to measure than others.
In most practical applications, the more easily measurable variables
are used as inputs to models, whose outputs correspond to the E7%.

2.1 Soil-Plant-Atmosphere (SPA) continuum variables

The SPA continuum is an ecohydrological concept that describes
the continuous pathway through which water moves from the soil,
passes through plants, and ultimately enters the atmosphere. This
movement follows a pressure (or water potential) gradient, linking
together soil, plant, and atmosphere in a single and dynamic system.
The term SPA was introduced by Philip (1957), emphasizing the
continuity of the water connection along this pathway.

Water transport in the SPA continuum is driven by differences in
water potential (¥), a measure of the free energy of water. The
atmosphere has extremely low (highly negative) water potential
compared to that inside the leaves, where the potential is less negative.
This gradient drives transpiration (7), as water vapor diffuses out
through the stomata. The resulting loss of water from leaf cells is
replenished by water drawn upward through the xylem, pulled by the
cohesion-tension mechanism, which transmits the tension created by
evaporation down to the roots.

When SWC is sufficient and atmospheric demand is moderate, the
movement of water through the SPA continuum occurs with relatively
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low resistance. However, under drought conditions, ¥ gradients
become steeper, and the xylem experiences increasingly negative
pressures. Excessively low ¥ can lead to cavitation, where air bubbles
form in the xylem, interrupting the continuity of water flow and
reducing hydraulic conductivity. This disruption can cause tissue
damage and, if prolonged, plant mortality.

To cope with declining ¥, plants employ osmotic regulation,
increasing solute concentration within cells to lower their osmotic
potential and maintain positive turgor pressure. This mechanism
allows cells to retain water and continue basic physiological functions
even as external ¥ drop. The overall water status of the plants can be
assessed through its Relative Water Content (RWC), which reflects
the balance between water availability, xylem tension, and osmotic
adjustment. High RWC indicates healthy turgid cells, while low RWC
signals water stress and potential desiccation.

In summary, the SPA continuum represents an integrated
hydrological and physiological system through which water moves
continuously from the soil to the atmosphere. It illustrates how plants
act as biological conduits within the water cycle, dynamically
responding to environmental changes to regulate water transport,
maintain cell function, and survive under varying conditions of water
availability.

Monitoring the three main components of the SPA continuum is
essential for effective irrigation management. Understanding the
dynamics of water flow within each component allows for precise
assessment of plant water status and the timely application of
irrigation volumes to prevent stress and optimize Water Use
Efficiency (WUE).

This monitoring can be carried out through in situ instruments
deployment. Alternatively, modern modelling approaches integrate
meteorological, soil, and plant data to estimate key hydrological and
physiological variables across the SPA continuum. These models,
often supported by Remote Sensing (RS) and data assimilation
techniques, provide continuous and spatially distributed information,
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enabling the optimization of irrigation scheduling and promoting
sustainable water resource management in agricultural systems.

2.2 In situ measurement

2.2.1 Soil layer

To monitor the soil water status, several methods are available, but
none of them can yet be considered ideal; each of them, despite the
progress made in recent years, may lead to evaluation errors resulting
either from the method of use or from the spatial variability of the
hydrological characteristics of the soil and its water content. The
determination of the SWC can be carried out by measuring quantities
that are directly or indirectly correlated with the water content.

Direct methods involve extracting the water from the soil and
determining the amount extracted.

Indirect methods, on the other hand, are based on measuring the
physical or chemical properties of the porous medium (e.g., dielectric
constant, electrical conductivity, thermal capacity, hydrogen atom
content), which are strongly influenced by the amount of water
molecules present.

Gravimetric method. For the direct measurement of SWC, the
gravimetric method is the most used. A known mass of wet soil is
collected and weighed to obtain wet weight. The sample is then dried
in an oven at a temperature of approximately 105 °C for 24 hours, or
until it reaches a constant weight (Giardini, 2004). The dry weight is
subsequently measured, and the Gravimetric Water Content (GWC [g
g']), is calculated as:

My, — Mg

GWC = —— 2.1
i @.1)

where M,, [g] is the mass of the wet sample and M; [g] is the mass
of the dry sample. Finally, to determine the soil water content, it is
necessary to apply the following formula:

SWC =G6wc - L2 (2.2)

Pw
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where p, [g cm™] and p. [g cm™?] represent the soil bulk density
and the density of water, respectively.

The gravimetric method is considered the reference standard for
SWC determination due to its accuracy and simplicity. However, it is
destructive, time-consuming, and not suitable for continuous
monitoring.

Among the indirect methods to continuously measure SWC, the
most recognized are those based on the Time Domain Reflectometry
(TDR) and Frequency Domain Reflectometry (FDR) (Robinson et al.,
2008).

Time Domain Reflectometry. The first method is based on the
measurement of the dielectric constant of the soil (). &5 is a physical
property that reflects how much a material can store electrical energy
when exposed to an electric field. In the context of a three-phase
system, composed of solid particles, air, and water, the overall & is
strongly influenced by the proportion of water, since water has a much
higher dielectric constant than either air or solids. Once this value is
measured it is possible to obtain the SWC value (Roth et al., 1990)
through empirical methods or conceptual models, referring to the
sensor installation point. Such as an example, (Topp and Reynolds,
1998) based on the value of &, suggested an empirical expression to
derive the SWC values in soil with different textures:

SWC= —53-10"2+292 1072+ &, —55 - 107*-e2 +4.3 - 10°6-¢  (2.3)

The good performance of universal equation of Topp has been
widely confirmed by studies conducted on soils of different textures
(Nadler et al., 1991; Dasberg and Hopmans, 1992). However, other
research has shown that this relationship overestimates the water
content in organic soils (Herkelrath et al., 1991) and underestimates it
in soils with a high clay content (Dirksen and Dasberg, 1993).

A TDR probe consists of two or three parallel metallic rods
(waveguides) connected to a coaxial cable and supported by an
insulating body (i.e., PVC). A fast electromagnetic pulse is sent

22 Dario De Caro



Chapter 2: Input data for actual evapotranspiration modelling

through the rods, and the travel time of the reflected signal is
measured (Figure 2.1).

Figure 2.1 Geometric configuration of TDR probes (from: Zegelin et al., 1989)

This travel time depends on the apparent dielectric constant (e5) of
the surrounding soil.

Frequency Domain Reflectometry. In the FDR method, the soil is
considered as a portion of a capacitor, in which the dipoles in the
dielectric medium are polarized under the action of an Electric Field
(EF). The capacitive probes allow to measure of ¢, that depends on
the amount of water in the soil. In particular, an high value of water
content in the soil corresponds to an high value of dielectric constant
and consequently a low frequency of oscillation of the EF, measured
by the sensor (Williams et al., 2003). Therefore, given the frequency
and the electrode configuration, the relation between ¢, and Total
Capacity (7C) can be expressed as follow:

TC = g5 & 2.4

where gy is a constant that depends on the geometric configuration
of the electrode (i.e., size, shapes, and distance between the
electrode).

The frequency of oscillation of the EF, for a fixed value of
inductance (L) depends only on the 7C, of the capacitor identified by
the electrode-field system:

EF = (2n-VL - TC) 2.5)

specifically, EF is proportional only to the ratio of air and water
present in the soil. The values of EF are stored in a datalogger, and
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processed using a normalized equation to obtain a Scaled Frequency

(SF):

SF =

Fa—Fs
Fa—Fy

(2.6)

where F,, F; and F,, are the frequency measured by the sensor in
air, soil and water, respectively. Finally, the values of SF are converted
in SWC through a calibration equation, specific to each type of soil.

An FDR probe typically consists of metallic electrodes (often
arranged as concentric rings or parallel rods) inserted into the soil and
connected to an oscillator circuit. The circuit generates a sinusoidal
electromagnetic signal, and the shift in frequency or phase of the
returning signal is proportional to the soil’s volumetric water content
(Figure 2.2).

Figure 2.2 SentekTM “Drill & Drop” FDR probe
(from: https://www.fondriest.com/sentek-drill-drop-soil-moisture-probe.htm)

Although TDR and FDR techniques are generally less accurate
than the gravimetric method, they offer significant practical
advantages, as they are non-destructive, allow rapid and continuous
measurements, and can be deployed at multiple locations in the field,
providing a more comprehensive spatial and temporal
characterization of SWC dynamics (Zotarelli et al., 2011).

Lysimeter. The lysimeter is a fundamental instrument for studying
the water balance in soils, as it allows for the direct measurement of
evapotranspiration. Unlike indirect methods based on models or
estimates, lysimeters provide empirical, high-precision data at the
local scale (Schrader et al., 2013).
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A lysimeter is a container (typically metal or plastic) holding a
representative soil sample with vegetation on its surface (Figure 2.3).

Figure 2.3 Mini lysimeter
(from: https://www.riclic.unimib.it/PDF convegno/Riclic_Parisi 21 11 _07.pdf)

The container is installed flush with the surrounding ground, with
a drainage system at the bottom to collect percolated water and a
system for runoff collection. Mounted on a weighing platform or
scale, the lysimeter continuously monitors weight changes caused by
water loss through evapotranspiration (Figure 2.4).

Figure 2.4 Weighing lysimeter
(from:https.//www.riclic.unimib.it/Cola%20SEMINARIO%20RICLIC%20WP5 6
%201 0aprile06%20Approfondimento%20metodologie%20del%620WP5_6.pdf)

These measurements allow precise calculation of water losses
over time, providing essential data for the soil water balance (Benli et
al., 2006; Evett et al., 2025).

The lysimeter is described in this section because its primary
function is to monitor SWC dynamics directly. It captures the
variations in SWC and percolation, providing a foundation for
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understanding how water is retained, transmitted, or lost in the soil
profile. By focusing mainly on soil behaviour, the lysimeter data
establish a baseline for quantifying the interactions between SWC and
atmospheric processes.

Although it resides in the 2.2.1 Soil Layer discussion, the
lysimeter naturally serves as a bridge to the 2.2.2 Plant-Atmosphere
Layer, as it also measures the water lost through T. Data collected
from the lysimeter can thus inform studies on SPA continuum
interactions, linking SWC dynamics with atmospheric demand and
CWR. In this way, the lysimeter provides a continuous connection
between soil hydrology and plant-atmosphere processes.

Lysimeters are particularly useful for validating water balance
models, calibrating indirect SWC sensors (e.g., TDR or FDR),
evaluating irrigation efficiency, and monitoring the hydrological
behavior of different crops (Soldevilla-Martinez et al., 2014). Their
high precision and ability to provide direct measurements make them
an invaluable tool in research and water management.

Despite their advantages, lysimeters have some limitations,
including high cost, technical complexity, potential invasiveness
affecting the surrounding soil and vegetation, and sensitivity to
environmental factors such as air temperature and humidity, and
salinity, which require careful calibration (Gao et al., 2025).

2.2.2 Plant-Atmosphere layer

Evaporimeter. The evaporimeter (also known as evaporation pan)
is an instrument used in meteorology and hydrology to measure the
rate of water E from an open water surface exposed to the atmosphere
(Feldhake and Boyer, 1988; Awe et al., 2020). It is widely employed
to estimate E7, providing valuable information for understanding the
water demand of crops and for irrigation management.

The evaporimeter measures the decrease in water level within a
standardized container over a known period, typically expressed as
millimeters of water lost per day. The measured water loss represents
the evaporation occurring under given meteorological conditions,
integrating the effects of air temperature and humidity, wind speed,
and solar radiation.
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The most common standard instrument is the Class A evaporation
pan, consisting of a circular metal tank (1.22 m in diameter and 0.25
m deep) placed slightly above the ground on a wooden or metal
platform (Figure 2.5).

Figure 2.5 Class A evaporation pan
(from: https://www.awmeasurements.com/weather-sensors-systems/p/class-a-
evaporation-pan)

The pan is filled with water, and the daily drop in water level is
measured manually or automatically using a micrometric screw or an
electronic sensor.

Another type is the Colorado pan, a square tank (92 x 92 cm, 46
cm deep) usually buried at ground level to reduce temperature
fluctuations and more closely simulate natural soil-atmosphere
interactions (Figure 2.6).

water level|
\

measuring device Y

Figure 2.6 Sunken Colorado pan
(from: https://www.slideserve.com/ciara/estimation-of-evapotranspiration-of-
kumulur-by-pan-evaporation-method)

The evaporimeter is an essential tool for quantifying the
atmospheric component of the water balance. It complements
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measurements obtained from soil-based instruments such as
lysimeters, allowing for the evaluation of surface £ and E7, under
varying climatic conditions.

By integrating evaporimeter data with SWC observations, it is
possible to establish a comprehensive view of SPA continuum
interactions, particularly the processes governing water loss and
energy exchange between the land surface and the atmosphere.

Although conceptually simple and widely used, the evaporimeter
has several limitations. The measured evaporation does not perfectly
represent E7 from vegetated surfaces, as the thermal and aerodynamic
characteristics of a free water surface differ from those of soil and
canopy surfaces. Therefore, the use of appropriate correction factors
and calibration against lysimetric or micrometeorological data is
necessary to obtain accurate £E7 estimates.

The evaporimeter provides a direct link between meteorological
variables and water loss to the atmosphere. Together with soil-based
measurements such as those obtained from lysimeters, it enables a
complete assessment of the hydrological exchange within the SPA
continuum, forming the basis for water balance modeling and
sustainable irrigation management.

Sap Flow Technique. One technique commonly used to estimate
transpiration fluxes is the sap flow method developed by (Granier,
1987). The sensors consist of an electric resistance embedded in a
cork support (acting as a resistive heater) wrapped around the tree
trunk, together with thermocouples inserted into the sapwood by
means of thin needles (Figure 2.7).

Heat Transport Phlper

Cambium

Heantwood

10 Heating
Logger

Thermocouples

Phfoeazs Univ: Manshem Mot o seale!

Figure 2.7 Schematic representation of the Granier system for measuring sap flow
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The method is based on the principle of thermal dissipation: the
temperature difference between the upper heated probe (continuously
supplied with energy) and the lower reference probe (recording the
natural wood temperature) is proportional to the sap flow density,
which reflects the T activity of plant.

This approach accounts for the natural thermal gradients within
the trunk, continuously monitored by the paired thermocouples. By
observing changes in the temperature differential, it is possible to
infer variations in sap velocity and thus in the 7 rate of the plant.

However, the method has some limitations. It assumes that sap
flow is zero at night, implying the absence of nocturnal transpiration
(Granier, 1987) and considering the nighttime stem refilling process
as negligible. Moreover, the technique does not fully account for
natural temperature gradients in the wood, which can vary by +1.5 °C
and may cause significant measurement errors (Do and Rocheteau,
2002).

Despite these limitations, the Granier method remains one of the
most widely used and robust techniques for estimating in situ plant
transpiration, offering valuable insights into plant-atmosphere water
exchange within the SPA continuum (Cammalleri et al., 2013; Holtta
etal., 2015).

Standard Weather Station. A standard weather station is an
essential component of any experimental setup aimed at analyzing the
SPA continuum, as it provides continuous monitoring of the
meteorological variables that control energy and mass exchanges at
the surface. These variables are fundamental for estimating E7o,
evaluating microclimatic conditions, and validating hydrological and
crop growth models (Thornthwaite, 1948; Priestley and Taylor, 1972;
Shuttleworth and Wallace, 1985; Allen et al., 1998).

A standard weather station typically consists of a suite of sensors
mounted at standardized heights (i.e., 2m), often on a mast placed in
an open, unobstructed area to ensure representative measurements of
ambient conditions (Mokhtarzadeh et al., 2025) (Figure 2.8).
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]

Figure 2.8 Standard Weather Station

The main parameters measured include air temperature, relative
air humidity, wind speed and direction, global solar radiation, and
precipitation depth.

All sensors are connected to a data logger, which continuously
records data at fixed intervals, typically every 10-30 minutes. These
data are often transmitted remotely for real-time monitoring and
analysis.

The standard weather station plays a pivotal role in hydrological
and meteorological studies, providing the boundary conditions
necessary to describe the exchanges of energy, water vapor, and
momentum between the surface and the atmosphere. When used in
combination with instruments such as lysimeters, evaporimeters, and
sap flow sensors, it enables a comprehensive assessment of the water
balance and plant WUE under different climatic and management
conditions.

Within the 2.2.2 Plant-Atmosphere Layer, the standard weather
station serves as the reference point for all atmospheric
measurements. It provides the meteorological context required to
interpret data from other sensors and to quantify the driving forces of
E and 7. By integrating weather data with soil and plant
measurements, the station supports a holistic understanding of the
interactions governing the SPA continuum.

Pyrgeometer. The shortwave radiometer, also known as a
pyranometer, is an instrument used to measure the global solar
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radiation incident on a horizontal surface. This measurement
represents the incoming shortwave radiation, which is the primary
source of energy driving the surface energy balance and the ET
process within the SPA continuum.

The shortwave radiometer measures the total hemispherical
irradiance received from the sun and the sky within the spectral range
of approximately 0.3 to 3 um. The instrument operates based on the
thermopile principle: solar radiation is absorbed by a blackened
surface, generating a temperature difference between the absorbing
surface and a reference body. This temperature difference produces a
voltage signal proportional to the radiant flux density, typically
expressed in W m2 (Reda et al., 2002).

To ensure accuracy, the sensor is installed horizontally and kept
level. It is equipped with a transparent dome that protects the sensing
element while allowing solar radiation to pass through. Regular
cleaning and calibration are essential to maintain measurement
reliability (Figure 2.9).

3 ) @
- >
Figure 2.9 Pyrgeometer
(from: https://www.directindustry.it/prod/meteo-omnium/product-72296-

2256312.html)

The shortwave radiometer provides the key radiative input
required to compute the energy available for £7 and photosynthesis.
By quantifying the amount of solar energy reaching the surface, it
allows to evaluate the diurnal and seasonal variability of incoming
radiation and its effects on CRW, canopy temperature, and
microclimate.

When integrated with data from lysimeter, and sap flow sensors,
shortwave radiation measurements help quantify the energy
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component of the SPA continuum, linking atmospheric forcing with
surface and biological responses.

The shortwave radiometer represents a fundamental tool within
the 2.2.2 Plant—Atmosphere Layer, as it quantifies the incoming solar
energy that drives surface processes such as evaporation (F),
transpiration (7), and photosynthesis. Its integration with
meteorological and hydrological sensors provides a comprehensive
understanding of the energy—water interactions controlling ecosystem
functioning.

Anemometer. The cup and vane anemometer is a classical and
widely used instrument for measuring wind speed and direction in
meteorological applications. Within the 2.2.2 Plant—Atmosphere
Layer, wind is a key variable influencing turbulent exchanges of
energy, water vapor, and carbon dioxide between the surface and the
atmosphere. Consequently, accurate wind measurements are essential
for quantifying £7 and aerodynamic resistance. The cup anemometer
consists of three or four hemispherical cups mounted symmetrically
on horizontal arms attached to a vertical shaft (Figure 2.10).

Figure 2.10 Cup and vane anemometer (from:
https://shop.meteoproject.it/prodotto/anemometro-completo/)

When exposed to wind, the difference in drag between the concave
and convex sides of the cups causes the system to rotate. The
rotational speed is directly proportional to the wind velocity, which is
recorded as an electrical signal or pulse frequency by a magnetic or
optical sensor.
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Attached to the same assembly, the wind vane (or tail) aligns itself
with the wind direction. The angular position of the vane relative to a
fixed reference, usually North, is detected by a potentiometer or
magnetic encoder, providing continuous information on wind
direction.

Cup and vane anemometers are typically installed at a standard
height of 2 m or 10 m above the ground, depending on the scope of
the measurement.

In meteorological studies, wind data are also used to assess canopy
ventilation, aerodynamic conductance, and the transport of heat
within and above plant canopies. When combined with radiometric
and air humidity measurements, they help to characterize the energy
and mass transfer processes within the SPA continuum system.

The cup and vane anemometer remains one of the most reliable
and robust instruments for surface wind measurement. Its simplicity,
mechanical stability, and long-term reliability make it particularly
suited for field installations. Within the 2.2.2 lant—Atmosphere Layer,
wind data collected by this instrument provide essential inputs for
understanding atmospheric turbulence, evapotranspiration (ET)
dynamics, and surface—atmosphere coupling in agricultural and
environmental monitoring.

Rain gauge. The rain gauge, also known as pluviometer, is an
instrument designed to measure precipitation, both its amount and
intensity, over a given period. Within the 2.2.2 Plant—Atmosphere
Layer, precipitation represents the primary input of water to the SPA
system, directly influencing SWC, runoft, and E7 dynamics.

A standard rain gauge consists of a collector funnel that directs
rainfall into a measuring device (Lanza et al., 2022). The two most
common types are:

o Tipping-bucket rain gauge: rainwater is funneled into a small,
double-bucket mechanism balanced on a pivot. When one
bucket fills to a calibrated volume (e.g., 0.25 mm of rain), it
tips, emptying the water and automatically triggering an
electronic pulse. The number of tips recorded over time
corresponds to the total precipitation (Figure 2.11).
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~___d
Figure 2.11 Tipping-bucket rain gauge
(from: https.//vortex.plymouth.edu/dept/tutorials/precip/precip3a.html)

e Weighing rain gauge: collects precipitation in a container
mounted on a load cell, continuously recording the weight
change to measure both amount and rate of rainfall, including
snow or mixed precipitation (Figure 2.12).
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Figure 2.12 Weighing rain gauge
(from: https://cementconcrete.org/water-resources/hydrology/rain-gauge/2637/)

All measurements are typically expressed in millimeters of water
depth, representing the equivalent water layer uniformly distributed
over a unit area.

Rain gauges are fundamental for hydrological and meteorological
monitoring, as they provide the input term for the soil water balance.
In agricultural systems, precipitation data are used to evaluate
irrigation requirements, and to validate water balance models.

In combination with lysimeters and SWC sensors, rain gauge data
allow to quantify infiltration, percolation, and surface runoff.
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For accurate measurements, rain gauges are typically installed on
a level surface, at a standard height of 1.0 m above ground, and away
from obstacles that could cause wind turbulence or rain shadowing.
Regular maintenance, such as cleaning the funnel and verifying
calibration, is essential to ensure long-term data reliability, especially
in remote or automated monitoring systems.

The rain gauge provides direct and indispensable information on
atmospheric water inputs within the 2.2.2 Plant-Atmosphere Layer.
When used together with radiometric, wind, and humidity sensors, it
completes the set of meteorological variables required to quantify the
driving forces of the hydrological cycle and to interpret the temporal
variability of the SPA continuum water exchange.

Scintillometer. The scintillometer is an optical or microwave
instrument that measures turbulent fluctuations in the refractive index
of air caused by temperature and humidity variations.

The instrument emits a continuous electromagnetic beam (in the
optical or microwave spectrum) from the transmitter to the receiver.
As the beam travels through the atmosphere, small-scale variations in
air temperature and humidity create turbulent eddies, which induce
random fluctuations in signal intensity, a phenomenon known as
scintillation (Figure 2.13).

Figure 2.13 Scintillometer (from: https.://nn.wikipedia.org/wiki/Scintillometer)

By analyzing these fluctuations along the path between a
transmitter and a receiver, the instrument provides estimates of the
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sensible heat flux, which can be combined with the surface energy
balance to infer latent heat flux (Chehbouni, 2000; Hemakumara et
al., 2003). Scintillometers are non-intrusive, cover a large spatial
footprint, and are particularly useful over heterogeneous surfaces (De
Bruin et al., 2002; Hartogensis et al., 2002).

Eddy covariance flux tower. The eddy covariance method is based
on high-frequency measurements (e.g., 10-20 Hz) of the three-
dimensional wind components and the scalar quantities (such as water
vapor, CO: concentration, and air temperature) that are transported by
turbulent eddies (Figure 2.14).

Figure 2.14 Eddy covariance flux tower

The Eddy Covariance (EC) tower provides direct measurements
of key ecosystem fluxes, including latent heat flux (LE), sensible heat
flux (H), CO2 exchange, also called Net Ecosystem Exchange (NVEE),
and momentum flux (7). These data allow the quantification of ET,,
photosynthetic uptake, and respiration, offering insights into the
coupling between biophysical processes and atmospheric dynamics
(Cammalleri et al., 2013; Rozenstein et al., 2019; Saitta et al., 2020;
Corbari et al., 2020; French et al., 2020; Yang, 2023; Liu et al., 2025).

EC flux towers are generally installed above the canopy layer,
ensuring that the measurement footprint is representative of a
homogeneous upwind surface. The system requires high-frequency
data acquisition, strict calibration, and rigorous post-processing,
including coordinate rotation, frequency response corrections, and

36 Dario De Caro



Chapter 2: Input data for actual evapotranspiration modelling

flux partitioning (Rosenberg et al., 1983; Stull, 1988; Kaimal and
Finnigan, 1994).

Despite its complexity, the EC method is one of the few
approaches capable of directly measuring ET and carbon exchange
without relying on empirical parameters, making it invaluable for
ecosystem and agriculture studies.

The Eddy Covariance Tower represents the most comprehensive
tool for quantifying the turbulent exchange of mass and energy in the
2.2.2 Plant-Atmosphere Layer. Its integration with in situ
meteorological and physiological measurements enables a full
understanding of the energy—water—carbon interactions that control
ecosystem functioning and response to environmental variability. A
standard EC tower is composed by a net radiometer, a gas analyzer, a
soil heat flux plate, and a sonic anemometer.

Net radiometer and four-component net radiometer. Net
Radiometer and four-component are instruments designed to measure
the net radiation (R,) at the surface, which is the balance between
incoming and outgoing shortwave and longwave radiation. The net
radiative flux can be measured directly using a net radiometer, or
indirectly by separately measuring shortwave radiation with a
pyranometer and longwave radiation with a pyrgeometer (Figure
2.15).

Net-radiometer Pyranometer Pyrgeometer
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Figure 2.15 Net-radiometer and four-component net radiometer (pyranometer +
Pyrgeometer)

The net radiometer operates over a spectral range from
approximately 0.3 to 40 pm and determines the net flux as the
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difference between the radiative power received from (or emitted to)
the upper hemisphere and that received from (or emitted to) the lower
hemisphere on the same horizontal plane. Its operation is based on
measuring the difference between the case temperature of the
instrument and the temperatures of two horizontal sensor planes, one
facing upward and one downward. While this method provides a
simple measurement of net radiation, it does not separate the
shortwave and longwave components.

For more detailed analysis, the combined use of a pyranometer
and a pyrgeometer, known as a four-component net radiometer, is
employed. The pyranometer measures shortwave radiation (0.3-2.5
um) using a blackened thermopile, ideally with a cosine response to
account for the solar angle of incidence. Incoming and reflected
radiation can be measured by orienting the sensor upward or
downward; simultaneous upward and downward measurements allow
the estimation of surface albedo. The pyrgeometer measures
longwave radiation (440 pm) using a thermistor and a case
temperature sensor for compensation. When two pyrgeometers are
used in upward and downward orientations, net longwave radiation
can be computed directly. Coupling pyrgeometer data with surface
temperature measurements also allows the estimation of surface
emissivity using the Stefan-Boltzmann law and the analysis of the
relationship between lower-atmosphere variables and apparent
atmospheric emissivity.

Thus, these instruments provide essential measurements of the
surface radiative energy balance, which is fundamental for assessing
ET, energy partitioning, and surface-atmosphere interactions.

Gas Analyzer. A gas analyzer is an instrument used to measure the
concentration of gases in the atmosphere, such as carbon dioxide
(CO»), water vapor (H20). Within the 2.2.2 Plant-Atmosphere Layer,
gas analyzers play a fundamental role in quantifying photosynthesis,
respiration, and E7, as they allow the measurement of gas fluxes
exchanged between vegetation and the atmosphere.

Gas analyzers commonly employ infrared absorption
spectroscopy to detect gas concentrations. Open-path analyzers
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measure the gas content along a path in the air directly, providing
high-frequency data suitable for EC flux measurements (Figure
2.16).

<7
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Figure 2.16 Gas analyzer
(from: https://labinstruments.ru/equipment-gazoanalizatory-otkrytogo-i-zakrytogo-
tipa/li-7500rs)

The instrument provides high temporal resolution, often in the
order of 10-20 Hz, which is essential for capturing turbulent
fluctuations in CO- and H20 required for EC flux computations. The
measured gas concentrations can be combined with high-frequency
wind measurements from a sonic anemometer to compute turbulent
fluxes of water vapor and carbon dioxide, providing direct estimates
of LE, H and NEE.

Gas analyzers are central to ecosystem monitoring, carbon budget
studies, and hydrological research. Gas analyzers provide a direct,
high-resolution measurement of atmospheric gas concentrations and
fluxes, enabling the quantification of plant-atmosphere interactions.
When integrated with meteorological and physiological data, they
allow a comprehensive assessment of E7, carbon exchange, and
ecosystem functioning, making them indispensable tools in modern
agriculture research.

Soil heat flux plate. The soil heat flux plate is an instrument used
to measure the soil heat flux (G,), which represents the rate of heat
transfer into or out of the soil. This measurement is a critical
component of the surface energy balance, as it quantifies the portion
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of R, that is conducted into the soil rather than used for latent or
sensible heat flux.

The soil heat flux plate is a thin, flat sensor installed horizontally
at a fixed depth, typically 5-10 cm below the soil surface (Figure
2.17).

Figure 2.17 Soil heat flux plate
(from: https://www.hukseflux.com/products/heat-flux-sensors/heat-flux-
sensors/hfp01-heat-flux-sensor)

It measures the heat flux passing through the sensor using
thermopiles or heat flux transducers, generating a voltage
proportional to the temperature gradient across the plate. The
measured signal is often corrected for soil thermal conductivity and
the temperature gradient above the plate to obtain an accurate estimate
of the soil heat flux at the surface.

Soil heat flux plates are widely used in energy balance studies.
They provide essential data for calculating surface energy partitioning
when combined with measurements of R,, H, and LE. Proper
installation requires good thermal contact with the surrounding soil
and minimal disturbance to the soil structure. Plates should be
horizontally leveled and carefully backfilled to avoid air gaps, which
can lead to measurement errors. Multiple plates at different depths
may be installed to better characterize the vertical distribution of heat
flux. The soil heat flux plate provides direct, continuous
measurements of energy conduction into the soil. Its integration with
other meteorological and hydrological instruments enables a detailed
understanding of energy balance dynamics, which is essential for
accurate estimation of FE7, soil temperature regimes, and
microclimatic interactions within the SPA system.
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Sonic anemometer. The sonic anemometer is an advanced
instrument used to measure three-dimensional wind velocity with
high temporal resolution, typically in the order of 10-20 Hz. Unlike
conventional mechanical anemometers, the sonic anemometer
operates without moving parts, using ultrasonic sound pulses to
determine the wind speed and direction by measuring the time of
flight of acoustic signals between pairs of transducers (Figure 2.18).

Figure 2.18 Sonic anemometer (from: Attps://www.campbellsci.com/csat3)

The instrument emits ultrasonic pulses along three non-coplanar
paths between transducers. The time delay of each pulse is affected
by the wind velocity along the path. By continuously measuring these
time delays, the sonic anemometer calculates the instantaneous wind
components in three orthogonal directions. In addition, it can provide
virtual temperature measurements by detecting the speed of sound in
the air.

Sonic anemometers are widely used in micrometeorology, EC
systems, and boundary layer studies. Their high-frequency
measurements are essential for computing turbulent fluxes of
momentum, heat, and water vapor, allowing the direct estimation of
H and LE when combined with gas analyzers. In ecosystem research,
sonic anemometers form a critical component of EC towers, enabling
continuous monitoring of turbulent exchanges between vegetation
and the atmosphere.

Compared to traditional cup or vane anemometers, sonic
anemometers offer higher temporal resolution, no mechanical inertia,
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and the ability to capture rapid fluctuations in wind velocity that are
essential for turbulent flux computations. They are also less affected
by icing or mechanical wear, making them suitable for long-term field
installations.

The sonic anemometer is a key instrument for characterizing
turbulent wind fields and for calculating surface-atmosphere fluxes.
When integrated with gas analyzers, radiometers, and soil-based
instruments, it provides a complete picture of the energy, water, and
gas exchanges within the SPA continuum.

Plant optical properties. The interaction between solar radiation
and vegetation is fundamentally governed by the optical properties of
plants, which determine how ElectroMagnetic (EM) energy is
absorbed, transmitted, and reflected by leaves and canopies. To fully
understand these processes, it is essential to consider the
electromagnetic spectrum, which encompasses the complete range of
radiation frequencies emitted by the Sun. Solar energy reaching the
surface of the Earth spans wavelengths approximately between 300
nm and 2500 nm, covering the UltraViolet (UV), VISible (VIS), Near-
InfraRed (NIR), and ShortWave InfraRed (SWIR) regions (Figure
2.19).
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Figure 2.19 Electromagnetic spectrum (from: https://www.xrite.com/it-it/blog/uv-
spectrophotometer)

Each of these spectral domains interacts differently with plant
tissues according to their biochemical composition and structural
characteristics.
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It is possible to conceptualize in three components the energetic
interactions between a generic surface (S) to the incident EM energy
(Ei): reflected energy (E,), absorbed energy (E.), and transmitted
energy (E¢) (Figure 2.20).

E

\E
c

Figure 2.20 Conceptual schematization of the interaction between incident energy
Ei and a generic surface S (from: Lechi (2001))

The ratio between each component and £;, defines three different
optical properties: reflectance (p), absorbance (a/f) and transmittance
(z7), specific for every material and dependent only on the chemical-
fiscal proprieties of the surface of the material. The sum of these
components expresses the principle of energy conservation.

prim+af=1 2.7

The values of the three coefficients, for the same surface change
in function of the wavelength (1), of the Ei.

The distribution of absorbed, transmitted, and reflected radiation
across these spectral regions provides critical information on the
physiological status and biophysical parameters of vegetation,
including chlorophyll concentration, Leaf Area index (LA/), and water
content. LAl represents the total one-sided leaf surface area per unit
ground area and is typically measured using direct destructive
sampling. It is a key biophysical parameter for assessing vegetation
structure, productivity, and canopy—atmosphere interactions.

Dario De Caro 43



Chapter 2: Input data for actual evapotranspiration modelling

Thus, p variation in function of the different 4 is represented in a
graph called spectral signature. Based on the analysis of the spectral
signature acquired from a vegetated surface (Figure 2.21) (Moroni et
al., 2019), it is possible to observe different regions of the EM
spectrum representative of the plant water status.
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Figure 2.21 Generic vegetation spectral signature (from: Moroni et al., 2019)

In the region of the VIS spectrum (400-750 nm) almost the energy
is absorbed because the main interactions are controlled by pigments
such as chlorophylls, carotenoids, and anthocyanins, in fact, there are
two evident minimums values of p in correspondence the pigment
absorption peaks (420-490 nm) and in the red region (660 nm). While
in correspondence of the 540 nm and 690-720 nm wavelengths, there
are two peaks named green peak, hence the characteristic color of
vegetation, and red edge, respectively. The region of the NIR (750-
1350 nm) is characterized by high values of p representative of the
morph-anatomical characteristics of the leaf (Boyer et al., 1988). The
absorption by pigments decreases sharply, and leaf reflectance
becomes dominated by internal structure, namely, the arrangement of
mesophyll cells and intercellular air spaces, which causes multiple
scattering and high reflectance.
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The reflectance in the VIS bands is therefore responsible for the
color exhibited by crop leaves (Figure 2.22).

Figure 2.22 Plant color and health status (from: https://www.agricolus.com/indici-
vegetazione-ndvi-ndmi-istruzioni-luso/)

When a plant is healthy, the leaves appear bright green because
the reflectance in the blue and red regions is largely absorbed by the
crop for photosynthetic processes, while the reflectance in the green
region remains predominant (Healthy Leaf). In this condition, the NIR
band shows a strong reflectance value. As the crop enters stress
conditions, the leaves tend to yellow, and the reflectance values in the
red, green, and NIR bands become similar in magnitude (Stressed
Leaf). When the crop reaches a state of death, all reflectance values
become comparable, and the leaf color turns brownish (Dead Leaf).

Moreover, considering again the spectral signature, in the 970 nm
and 1200 nm wavelengths, there are two minimums due to the
absorption of water (Jacquemoud et al., 2003). Other characteristic
peaks of absorption of water can be seen in the Short-Wave-Infrared
(SWIR) region (1400-2500 nm) centered around 1450 nm, 1940 nm
and 2200 nm. Thus, water molecules within leaf tissues play the
primary role, absorbing radiation at specific bands corresponding to
vibrational modes of water.

The spectral signature analysis can be supported introducing
Vegetation Indices (VIs) (Moroni et al., 2019). Regarding the plant
water status detection, the stressing agents affect reflectances in
certain wavelengths representative to the physiological characteristics
of plants, the appropriate combination of these bands allows to
monitor health state of plant (Moroni et al., 2019). The VIs tries to
assess the possible changes in reflectances values in specific bands of
the EM spectrum, as these can be a symptom of biological alteration.
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Many VIs has been empirically obtained combining bands associated
to specific wavelengths of the vegetation spectral signature. Xue and
Su (2017) published an interesting review of VIs available in the
literature, showing their specific application field according to the
vegetation of interest and environmental condition. Among the Vs
based on the variation of the biochemical and morpho-anatomical
characteristics the Normalized Difference Vegetation Index (NDVI)
(Rouse et al., 1974) is commonly used to monitor plant vigour,
amount of green biomass, plant stress, photosynthetic and agricultural
crop yield (Asrar et al., 1984; Sellers, 1987; Moriondo et al., 2007).

NDV| = ENIRZPRED (2.8)

PNIRTPRED

where pnir and prep are the reflectance of the NIR and red,
respectively. The prep 1s representative of the absorption of light by
chlorophyll, while the pniz is sensitive to changes in the internal
structure of the leaves (Zhang, 2012). Usually, NDVI assume values
ranging between -1 and +1. In general, water surface has typical
values less than 0, bare soils between 0 to 0.30 and vegetation over
0.35 until 0.75-0.80 (Kriegler et al., 1969).

The NDVIvalue is also widely used for crop stress detection: high
values close to one indicate healthy vegetation, where NIR reflectance
is much greater than red reflectance; conversely, values approaching
zero correspond to stressed vegetation, in which the two reflectances
have similar magnitudes (Figure 2.23).

50% NIR 8% RED 40% NIR  30% RED
® b} ® b}
N\ // 4/
NDVI = 0.72 NDVI =0.14

Figure 2.23 Characteristic values of the NDVI for plants in good health or water
stress conditions

(from: https://blogs.upm.es/tfb/wp-
content/uploads/sites/813/2021/06/Presentacio%CC%8 In-Planthy.pdf)
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However, when a specific vegetated surface is fully covered and
chlorophyll content is saturated, ND V1 is not able to describe the real
amount of chlorophyll and increase of this variable does not result in
proportional increase of the NDVI (Huete et al., 1997).

The VIs can be useful also to monitor the surface humidity; in this
way, the Normalized Difference Water Index (NDWI) is sensitive to
monitor the surface humidity (Gao, 1996).

NDWI = PNIR—PSWIR (2.9)

PNIRTPSWIR

where pnir and pswir are the wavelengths of NIR and SWIR
respectively. Ceccato et al. (2001) demonstrated that NDWI is able to
remove the variation caused by leaf internal structure and leaf dry
matter content, improving the reliability in assessing the vegetation
water content.

The study of the plant’s optical properties can be considered a
useful solution for indirect evaluations of water status of plant
(Pugnaire and Valladares, 1999).

Moreover, authors demonstrated that the the Fraction Vegetation
Cover (FVC) is correlated to vegetation indices with different
functions (Jiang et al., 20006).

FVC is an important variable for describing the quality and
changes of vegetation in terrestrial ecosystems. FVC refers to the
proportion of a land surface covered by green vegetation, capturing
the fraction of the ground area concealed by leaves, stems, and other
plant components. This parameter serves as a critical metric in
ecological studies, agricultural monitoring, and climate change
research, providing scientists, policymakers, and land managers with
essential information to make informed decisions. FVC defined as the
percentage of the vertically projected area of vegetation (including
leaves, stems, and branches) within the totally statistical area, is an
important quantitative parameter that plays a crucial role in indicating
biophysical processes such as evaporation, transpiration, and
photosynthesis (Barlage and Zeng, 2004; Jiapaer et al., 2011; Arneth,
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2015). Thus, The FVC is obtained as the ratio between the total area
occupied by the plants and the area of the portion examined.

As shown by Baret et al. (1995), confirmed by Carlson and Ripley
(1997) and Gutman and Ignatov (1998), there is a good relationship
between the FVC and the NDVI. Buyantuyev et al. (2007) estimated
FVC from Landsat data by computing several vegetation indices.
Among all the estimation methods, the linear mixture model has been
widely applied (Zeng et al., 2000; Scanlon et al., 2002; Montandon
and Small, 2008; Delamater et al., 2012; Yang et al., 2013; Zhang et
al., 2013; Iordache et al., 2014; Guo et al., 2015; Waldner et al., 2015).

2.3 Data from Reanalysis and Forecast Models

In situ data from field instruments provide essential insights into
the SPA continuum, yet they are often limited in spatial coverage and
temporal continuity. To complement these measurements, reanalysis
datasets and numerical weather forecast models offer a consistent,
spatially extensive, and temporally continuous representation of
atmospheric and land-surface variables (Mendelsohn et al., 2007).

Reanalysis products combine historical observations with modern
Numerical Weather Prediction (NWP) models through data
assimilation, producing gridded datasets of variables such as air
temperature, relative air humidity, wind speed, precipitation and, solar
radiation (Parker, 2016). These datasets are particularly valuable for
climate studies, long-term trend analysis, and model validation.

Similarly, forecast models provide short- to medium- range
predictions of atmospheric and surface conditions, allowing the
assessment of future scenarios (Wu and Xue, 2024) and supporting
operational decision-making in agriculture, hydrology, and water
resources management. The integration of in situ data with reanalysis
and forecast products enables a comprehensive characterization of the
environmental drivers affecting energy and water exchanges in the
SPA continuum.

2.3.1 Reanalysis data

Reanalysis data represents the most significant advancements in
atmospheric and climate sciences, providing a comprehensive,
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temporally consistent reconstruction of the atmospheric state of the
Earth over extended periods. Unlike standard forecasting outputs,
which are designed to predict future conditions, reanalysis products
are produced retrospectively by assimilating a wide range of historical
observations into a fixed, state-of-the-art NWP model. This approach
combines the dynamical consistency of physical models with the
empirical richness of in situ data, resulting in a globally complete and
homogeneous dataset that extends back several decades.

The process of reanalysis relies on advanced data assimilation
techniques, such as Three-Dimensional (3DVAR) or Four-
Dimensional VARiational analysis (4DVAR), and, more recently,
Ensemble Kalman Filtering (EnKF) (Zhang et al., 2011). These
methods optimally merge observations from multiple sources, in situ
stations, radiosondes, aircraft, satellites, and buoys, with short-term
model forecasts to produce an estimate of the most probable
atmospheric state at each time step. By keeping the underlying model
and assimilation system constant throughout the entire reanalysis
period, systematic biases and discontinuities are minimized, ensuring
temporal consistency and allowing for robust trend analysis.

Several gridded of climate data, with different spatial and
temporal resolutions, have been developed and are freely available by
research agencies (e.g.,, National Aeronautics and Space
Administration (NASA) and European Centre for Medium-Range
Weather Forecasts (ECMWF)).

Global datasets of meteorological, Soil Water Content (SWC),
surface fluxes, radiation balance, and atmospheric circulation fields,
are provided in ‘maps without gaps’ typically at temporal resolutions
ranging from hourly to monthly and spatial resolutions down to 30
km in the latest releases.

Reanalysis data have become indispensable not only for climate
monitoring and research but also for a wide range of applied
environmental and engineering studies. In the field of hydrology
(Anderton et al., 2002; Newham et al., 2003) and water resource
management (Gong et al., 2006; Liang et al., 2008; Koudahe et al.,
2018), they serve as key inputs for hydrological modelling, drought
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assessment, and irrigation planning. For regions with sparse
observational networks, reanalysis products offer reliable and
spatially continuous estimates of meteorological variables (Sheffield
et al., 2004; Negm et al., 2017; Pelosi, 2023; De Caro et al., 2023;
Ippolito et al., 2024; Ghazouani et al., 2025; Amato et al., 2026),
enabling improved water balance computations and long-term
evaluations of irrigation requirements. Furthermore, reanalysis
datasets provide the baseline for model validation and calibration,
ensuring that forecasting systems are accurately tuned to historical
climatic variability.

Reanalysis data bridge the gap between observational limitations
and modelling needs, offering a coherent, physically consistent view
of the past and present climate of the Earth. Their persistent
development represents a cornerstone for advancing predictive
modelling, supporting climate adaptation strategies, and fostering
sustainable management of environmental and water resources.

2.3.2 Forecasting data

Forecasting models, particularly those developed within the
framework of NWP, represent one of the most advanced and complex
achievement in environmental modelling. These models are designed
to predict the temporal evolution of the atmosphere by solving the
fundamental  equations  governing  fluid dynamics and
thermodynamics. The underlying principle is deterministic: given a
sufficiently accurate description of the initial state of the atmosphere,
it is theoretically possible to predict its future state through the
numerical integration of the governing equations.

The conceptual foundation of numerical forecasting dates back to
the early twentieth century. Bjerknes (1904) proposed that
atmospheric motion could be described deterministically through a set
of differential equations derived from physical laws, provided that the
initial conditions were known. A practical attempt to apply this
approach was made by Richardson and Lynch (2007), who manually
computed a forecast for a case study over Europe. However, his
results were inaccurate due to insufficient observational data and
numerical instability in the finite-difference approximations. It was
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only with the advent of electronic computing, that the first operational
numerical forecasts were successfully produced. Charney et al. (1950)
developed a barotropic model at one vertical level (500 mb),
integrated using the ENIAC computer, marking the beginning of
modern numerical weather prediction.

At the core of forecasting models lies a set of primitive equations,
a system of Partial Differential Equations (PDEs) that describe the
evolution of momentum, mass, energy, and water vapor in the
atmosphere. These include the Navier—Stokes equations for
momentum conservation, the thermodynamic equation for energy
conservation, the continuity equation for mass conservation, and the
equation of state for air, which links pressure, temperature, and
density. Additionally, the hydrostatic equation approximates the
vertical pressure gradient balance against gravity, an assumption valid
for large-scale motions. Together, these equations form a highly
nonlinear system that cannot be solved analytically; instead,
numerical methods are required to obtain approximate solutions.

The process of numerical discretization transforms the continuous
PDEs into algebraic equations that can be handled computationally.
Discretization is performed in space and time, converting the
atmosphere into a finite grid. In the horizontal dimension, two
primary schemes are used: grid-point (Haltiner and Williams, 1980)
and spectral methods (Charney and Phillips, 1953). Grid-point
approaches employ finite-difference approximations on regular or
variable meshes, which are intuitive but can face issues near the poles.
Spectral models, by contrast, expand the variables into spherical
harmonics, providing smoother global representations and avoiding
polar singularities, though at the cost of higher computational effort
due to frequent transformations between physical and spectral space.

Depending on the spatial resolution and scale, forecasting models
are classified into General Circulation Models (GCMs) (Mechoso and
Arakawa, 2015) and Limited-Area Models (LAMs) (Bates et al.,
1998). GCMs integrate primitive equations over the entire globe, with
typical horizontal resolutions ranging from 25 to 100 km. These
models capture large-scale atmospheric dynamics, such as planetary
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waves and synoptic-scale systems, and provide boundary conditions
for higher-resolution regional models. LAMs, on the other hand, focus
on smaller domains (5-20 km or even finer resolutions below 2 km)
and include more detailed representations of mesoscale and local
processes. Examples include the Weather Research and Forecasting
(WRF) model (Skamarock et al., 2008), the BOlogna Limited Area
Model (BOLAM) model developed by the Italian National Research
Council (CNR), and its non-hydrostatic counterpart MOLOCH,
which explicitly resolves convective phenomena (Mariani et al.,
2005).

As model resolution increases, sub-grid processes, those occurring
at scales smaller than the grid spacing, cannot be directly resolved and
must be represented through parameterizations. These include
radiative fluxes, surface exchanges of heat and moisture, cloud
microphysics, convection, and the turbulent processes of the
Planetary Boundary Layer (PBL). Each parameterization introduces
empirical relationships or simplified formulations based on
theoretical and observational knowledge, yet they remain a primary
source of uncertainty in numerical forecasts. Non-hydrostatic
modeling becomes essential when vertical accelerations are
comparable to horizontal ones, as in deep convection or mountain-
induced flows. In these cases, the full three-dimensional equations are
solved without hydrostatic approximation, requiring shorter time
steps and more intensive computation (Warner, 2010).

Another critical aspect of forecasting systems is data assimilation,
which aims to construct the best possible estimate of the atmospheric
initial state by optimally combining observations and short-term
model forecasts. Observations are gathered from multiple sources:
surface stations, radiosondes, aircraft, ships, and satellites. Data
assimilation systems apply statistical and dynamic techniques, such
as 3DVAR, 4DVAR, and EnKF to minimize the differences between
observed and modeled variables (Bouttier and Courtier, 2002). The
process is sequential: each new forecast cycle begins with a model
background (the short-range forecast), which is corrected using
available observations to generate a new analysis field. This iterative
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procedure ensures that model trajectories remain close to the observed
atmosphere and mitigates the so-called “spin-up” problem, where the
model initially deviates from reality before stabilizing (Kalnay, 2002).

Given the intrinsic nonlinearity and chaotic nature of the
atmospheric system, small perturbations in initial conditions can lead
to large divergences in model outcomes, a concept famously
illustrated by Lorenz (1963) with the “butterfly effect.” To account for
this inherent uncertainty, modern forecasting centers employ
Ensemble Prediction Systems (EPS) (Toth and Kalnay, 1993; Palmer,
2018). Instead of producing a single deterministic forecast, an
ensemble consists of multiple simulations initialized with slightly
perturbed initial conditions or different model configurations (Figure
2.24).

Figure 2.24 The analysis represents the starting point of numerical forecasting,
while the deterministic forecast represents the end point (for each forecast valid
hour), which lies within the forecast uncertainty—a range that progressively widens
as one moves further from the initial forecast time, eventually blending into the
realm  of  climatology  (from:  https://content.meteoblue.com/it/ricerca-
istruzione/risorse-formative/modelli-nmm/ensembles )

The resulting ensemble spread quantifies the degree of forecast
uncertainty and provides probabilistic guidance for decision-making.
Multiple simulations (Figure 2.25) are performed to account for
the three sources of uncertainty in weather prediction models:
e errors introduced by incomplete initial conditions (which vary
across different simulations);
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e errors caused by chaos or sensitivity to different initial
conditions;

e errors introduced by imperfections in the models, such as
discontinuities at the grid boundaries of a model.

Figure 2.25 Example of a time series of numerical integrations corresponding to
ensemble forecasts from the ECMWF IFS model for surface temperature over
London. The two maps correspond to exactly one year apart. In each map, the thick
solid light blue line represents the deterministic model forecast, while the thick
violet solid line shows the observations. The forecasts from the various runs
obtained by perturbing the initial conditions (ensemble forecasts) are shown in red
(from: https://content.meteoblue.com/it/ricerca-istruzione/risorse-
formative/modelli-nmm/ensembles)

Visualization tools such as “spaghetti plots” (Figure 2.26)
illustrate the dispersion of ensemble members, indicating forecast
reliability: tightly clustered members suggest a high-confidence
prediction, while wide dispersion reflects a low-confidence scenario.
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Figure 2.26 Example of spaghetti plots for 500 hPa geopotential heights from GFS
ensemble forecasts (from: wetterzentrale.de)
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In Figure 2.26, the 500 hPa contour lines appear highly dispersed,
indicating that the 15-day forecast is unreliable.

The evaluation and validation of forecasting models rely on
statistical indices derived from contingency tables comparing
predicted and observed events. Metrics such as the bias, Hit Rate
Ratio (HRR), and Equitable Threat Score (ETS) quantify model
performance in terms of accuracy, reliability, and discrimination
capability (Wilks, 2011). In precipitation forecasts, for instance, the
model output is typically compared to observed rainfall exceeding
specific thresholds. Common tendencies include overestimation on
windward slopes and underestimation on leeward sides in complex
terrain, reflecting both model and observational limitations (Baldauf
etal., 2011).

Forecasting accuracy is influenced by three primary sources of
error (Kalnay, 2002): i. intrinsic predictability limits, due to the
chaotic dynamics of the atmosphere; ii. model errors, associated with
incomplete or approximate representations of physical processes and
finite resolution; iii. initial condition errors, arising from observation
gaps, measurement uncertainties, or imperfect data assimilation.
Among these, the latter is often the dominant contributor to forecast
degradation.

In conclusion, modern forecasting models are the result of over a
century of interdisciplinary development integrating physics,
mathematics, and computational science. NWP models have evolved
into powerful tools for understanding and predicting atmospheric
behavior. Despite remarkable progress, the forecasting challenge
remains constrained by the chaotic nature of the system and the finite
accuracy of available data. Nevertheless, continuous advances in
high-performance computing, observation networks, and algorithmic
techniques promise further improvements in both resolution and
reliability, driving the field toward increasingly precise and adaptive
predictive frameworks (Bauer et al., 2015).

Forecasting models play a crucial role in sustainable water
resource management. The outputs they generate, such as
precipitation  forecasts, soil = water content estimations,

Dario De Caro 55



Chapter 2: Input data for actual evapotranspiration modelling

evapotranspiration rates, and temperature projections, represent
essential inputs for irrigation scheduling and optimization (Jones et
al., 2003). Accurate and timely weather predictions allow decision-
makers and farmers to anticipate periods of water scarcity or excess,
adapt irrigation strategies, and minimize waste. In regions facing
increasing hydrological variability due to climate change, these
models provide the foundation for data-driven irrigation planning,
helping to balance agricultural productivity with environmental
conservation.

In this context, the coupling of meteorological forecasting with
models enables a more integrated management of water cycles across
scales, from local irrigation districts to entire watersheds. By
transforming complex atmospheric dynamics into actionable
information, forecasting models serve not only as predictive
instruments but also as strategic tools for water sustainability. Their
continuous refinement, through enhanced resolution, improved
parameterizations, and advanced data assimilation, represents a key
pathway toward more resilient agricultural systems and a more
responsible use of water resources in a changing climate.

2.4 Remote Sensing data

Remote Sensing (RS) is the technical-scientific discipline that
enables the acquisition of environmental information and the
characterization of objects or surfaces from a distance through
measurements of EM radiation that is emitted, reflected, or
transmitted by the target. This approach allows the retrieval of the
physical and morphological properties of an object or a system of
objects without direct contact.

Depending on the distance between the sensor and the target (such
as land surface or plant canopy), it is possible to distinguish between
proximal sensing systems, where the sensor is located close to the
target, and RS systems, where measurements are collected from
airborne or satellite platforms (Figure 2.27).
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Figure 2.27 Proxymal and remote sensing common sensors (from:
https://www.asi.it/wp-content/uploads/2024/04/Aliano_Oddone.pdf)

This discipline is closely related to the study of plant optical
properties (see 2.2.2 Plant-Atmosphere layer), as the interaction
between electromagnetic radiation and vegetation provides essential
information on biophysical parameters such as leaf water content,
chlorophyll concentration, canopy structure, photosynthetic activity,
and crop health. Therefore, RS represents a fundamental tool for
monitoring vegetation dynamics and for scaling up observations from
the leaf level to ecosystem and regional scales.

RS offers several significant advantages for environmental
monitoring and analysis. It provides information over large spatial
extents, enabling the assessment of vast and inaccessible areas that
would be difficult or impossible to cover with in situ measurements
alone. Moreover, it allows for multitemporal observations of the same
area, thus supporting the analysis of temporal dynamics such as
vegetation growth, land use changes, and hydrological variations.

Another important advantage lies in the spectral capabilities of
remote sensors. Unlike the human eye, which perceives only the
visible portion of the electromagnetic spectrum, remote sensors can
detect a much wider range of wavelengths, including the infrared and
microwave regions. This feature allows the use of specific spectral
bands, or combinations of multiple bands, tailored to the analysis of
biophysical or biochemical properties of the observed targets.

Additionally, remote sensing provides georeferenced and digital
data, which can be easily integrated with other spatial datasets in
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Geographic Information Systems (GIS) for advanced spatial analysis
and modeling. Finally, some remote sensors can operate in all seasons,
during night-time, and under cloudy or adverse weather conditions,
ensuring continuous and reliable data acquisition regardless of
environmental constraints.

Moreover, the manner of acquiring EM signals can distinguish
active and passive sensors, since the former emit their own radiation
to illuminate the target and measure the returned signal, while the
latter simply record the natural energy, typically solar radiation or
thermal emission, reflected or emitted by the surface of Earth.
Focusing on satellite, Figure 2.28 shows the main differences
between the two sensors.

Figure 2.28 Schematization of functioning of passive a) and active b) remote sensors
(from: Boyer et al., 1988)

Passive remote sensors use solar radiation and measure the
amount of energy reflected from the earth surface. These sensors,
usually acquire the EM energy in the range of VIS, NIR, SWIR and
TIR regions of the EM spectrum. The passive remote sensors are
installed on the specific satellites named “payloads”; which play a
significant role in the sense of the number of information that a single
satellite can provide. The first RS systems were based on a single
sensor, but with new technology and computers advancement
processes, the multisensory platform has become more affordable and
economically advantageous (Nagai et al., 2009; Paparoditis et al.,
2014).

The characteristics and the quality of the RS data depend on the
spectral resolution, radiometric resolution, spatial resolution, and
temporal resolution.
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Spectral resolution. The spectral resolution indicates, for fixed
wavelength range, the number of spectral bands available from a
given sensor. The spectral band is an area of the EM spectrum centred
in a specific wavelength.

Radiometric resolution. The memory space storage expresses in
terms of Blnary digiT (bit) depends also on the radiometric resolution.
Remotely sensed data are represented by positive Digital Numbers
(DN) which vary from 0 to a fixed power of 2. This range corresponds
to the number of bit used for coding numbers in binary format. Each
bit records an exponent of power 2. The maximum number of radiance
levels detectable depends on the number of bits used in representing
the energy recorded. If a sensor uses an 8 bits coding to record the
data, this means that there are 256 DN values, ranging from 0 to 256
to represent the different energy levels.

Spatial resolution. The spatial resolution represents the portion of
geographical area covered by the survey, also known as pixel.

Low-altitude systems, such as ground-based sensors and small
unmanned aerial systems (UASs), operate at a few meters to hundreds
of meters above the ground, capturing high-resolution data over
limited areas. Airborne platforms, including fixed-wing and rotary-
wing aircraft or airships, cover larger regions at intermediate altitudes,
offering a balance between spatial detail and coverage. Stratospheric
platforms and unmanned airships operate at higher altitudes,
extending their observation range while reducing spatial resolution.
Finally, satellite systems, such as remote sensing and geostationary
satellites, function at altitudes of hundreds to tens of thousands of
kilometers, providing broad global coverage but coarser spatial
resolution (Figure 2.29).
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Figure 2.29 Ground coverage area vs operating altitude (from: Gili et al., 2021)

Temporal resolution. Temporal resolution represents the
frequency with which a sensor revisits the same part of the surface of
earth. This value depends on the design of the satellite sensor and its
orbit pattern.

It is important to note that spatial, spectral, and temporal
resolutions are not independent parameters; rather, they are
interrelated aspects of sensor design and data acquisition. An increase
in spectral resolution, that is, the ability to distinguish narrower
wavelength bands, typically results in a reduction of spatial resolution
(Figure 2.30-left), as the sensor must divide the incoming energy
among more spectral channels. Similarly, an increase in temporal
resolution, meaning more frequent revisit times, often implies a
narrower swath width (Figure 2.30-centre), since the satellite must
scan a smaller area to achieve higher revisit frequency. Conversely, as
the swath width increases to cover larger portions of the surface of the
earth, the pixel size generally becomes coarser (Figure 2.30-right).
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Figure 2.30 Correlation between remote sensing parameters

These trade-offs reflect the physical and technical limitations of

remote sensing systems and highlight the need to balance spatial
detail, spectral information, and temporal frequency according to the

objectives of the observation.
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Chapter 3. Actual evapotranspiration modelling

As discussed in Chapter 2, there are several approaches available
to monitor the variables of the SPA continuum. Some techniques are
capable of directly measuring actual evapotranspiration (E7,);
however, these methods are often highly complex, time-consuming,
and require the processing of large volumes of data. Moreover, the
necessary instruments are expensive, making these techniques
impractical for routine use by farmers in irrigation management.

For these reasons, a more feasible and efficient alternative is to
rely on modelling approaches. Models use as inputs those SPA
variables that are relatively easy to measure, such as meteorological
variables and basic soil or vegetation properties, to estimate as output
quantities that are more difficult to measure directly, such as ET,
Through this approach, modelling provides a practical tool to simulate
and understand the water exchange processes within the SPA
continuum, supporting informed decision-making in irrigation
planning and sustainable water resource management.

A model, in this context, can be defined as a simplified
mathematical or computational representation of a system or a
process, designed to simulate its behavior under specific conditions.
Models are built based on known physical principles, empirical
relationships, or a combination of both, and they use input variables
to estimate quantities that are otherwise difficult or impossible to
measure directly.

When developing or selecting a model, it is essential to consider
the trade-off between its complexity and the accuracy of its results, as
increasing model sophistication does not necessarily lead to better
performance. This relationship is illustrated in Figure 3.1, which
shows the balance between model complexity and overall model
error.
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Figure 3.1 Model complexity vs model error
(from: https.//www.nature.com/articles/s41467-019-11865-8)

The red curve represents the model inadequacy error; this refers
to the error arising from an overly simplified model structure, which
fails to accurately represent the real physical processes. Such error is
high in very simple models and decreases as model complexity
increases, since more complex models can capture a greater portion
of the variability and dynamics of the system.

The blue curve represents the propagation error; this error
originates from the sensitivity of the model to uncertainties in input
data, initial conditions, and parameters. It tends to increase with
model complexity, as more complex models require a larger number
of variables and parameters, thus offering more opportunities for
small uncertainties to propagate and amplify in the output.

Finally, the green curve represents the total model error, which is
the combined effect of the two components. Its U-shaped trend
indicates that there is an optimal level of model complexity at which
the total error is minimized.

Figure 3.1 highlights that models which are too simple suffer from
high inadequacy error, whereas overly complex models are prone to
higher propagation error. The goal in model development and
application is therefore to find an optimal balance between simplicity
and complexity, ensuring that the model is both accurate and robust.

In the case of ET, models integrate information from
meteorological data and soil/crop characteristics to estimate the
amount of water transferred from the soil as evaporation (£) and plant
surfaces as transpiration (7)) to the atmosphere.
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Depending on their complexity, E7, models can range from
empirical formulations, based on statistical relationships between
variables, to physically based models that solve the equations
governing mass and energy transfer within the SPA continuum. In
both cases, the goal is to represent the underlying physical processes
as accurately as possible, while ensuring that the model remains
practical and applicable for irrigation planning and water resource
management.

Among the different modelling approaches, the most widely used
frameworks for estimating E7, are those based on the analysis of
carbon fluxes, surface energy balance, and soil water balance. These
three components represent complementary perspectives for
describing the exchanges of matter and energy that occur within the
SPA continuum.

The carbon flux approach relies on the relationship between
photosynthesis and 7, where both processes are regulated by stomatal
conductance and atmospheric conditions. Measurements or
simulations of Gross Primary Production (GPP [umol m™ d']), and
Net Ecosystem Exchange (VEE [umol m d'']), often derived from
EC towers, can be partitioned to estimate the 7" and £ components of
ET (Li et al., 2019). This approach directly links water and carbon
cycles and provides valuable insight into ecosystem productivity and
WUE.

The Surface Energy Balance (SEB) approach is grounded in the
conservation of energy at the land surface, where the available net
radiation (R, [W m™]), is partitioned among sensible heat flux (H [W
m]), soil heat flux (Gy [W m™]), and latent heat flux (LE or AET, [W
m™]). By solving this balance, the LE can be derived, allowing ET,
estimation (Norman et al., 1995; Bastiaanssen et al., 1998).

The Soil Water Balance (SWB) approach, on the other hand,
represents ET, as one of the main terms in the hydrological balance
of the root zone, together with precipitation (P [mm d'']), Irrigation (/
[mm d']), CaPillary Rise (CPR [mm d'']), and Deep percolation (DP
[mm d']). This method is often applied in agricultural and
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hydrological studies due to its direct link to SWC dynamics and
irrigation management.

As illustrated in Figure 3.2, these three approaches, carbon,
energy, and water, are interconnected within the SPA continuum,
forming the physical basis for most modern E7, models. Each
approach emphasizes different aspects of the system, but all share the
common goal of describing the exchange of energy, water, and carbon
between the soil, vegetation, and atmosphere. Their integration within
a unified modeling framework enables a comprehensive
understanding of ecosystem working and supports the development
of sustainable water resource management strategies.
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Figure 3.2 Machine learning, carbon, energy and water approaches
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3.1 Surface energy balance model

The most important variable of energy balance system is the R,. It
is the net amount of radiation energy available for heating soil and air,
or for evaporating soil water. R, is the driving force of all the
processes occurring in any SPA continuum. The sensible heat flux (H)
arising from surface represents the rate of heat loss in the air by
convection and conduction due to differences in temperatures, and it
is involved in heating and cooling the system. Gy is the rate of soil
heat storage due to conduction. The last component of the energy
balance is the LE or AET,, which represents the evaporative energy
able to change the state of water and to transfer energy in the form of
latent heat. In SPA continuum, it is the most important variable related
to CWR, and it represents the rate of latent heat loss from the surface
due to ET processes. Usually, the energy terms such as heat stored or
released in the plant and the energy used in the metabolic activity of
the plants, are usually neglected in the surface energy balance
equation. Gates (1980) and Larcher (1983) showed that the energy
used for metabolic activity accounts for a tiny portion of the total
energy and could be considered negligible in comparison to other
energy terms. Similarly, the rate of heat storage, is considered
negligible even if it can reach a percentage of about 5% of the global
radiation on a sunny summer day (Brutsaert, 2005). Based on these
assumptions, the surface energy balance equation considers only four
components of energy fluxes:

R,— Gy —H —LE or AET, = 0 @3.1)

The surface energy balance considers the diurnal R, during clear
sky hours as a positive component directed downward to a specific
surface, to which supplies energy, while the remaining components,
removing energy from that surface, are negative when directed away
from the surface. Water evaporation process requires supplying
sensible energy or radiant energy to transform water molecules into
vapor. Therefore, the process of ET is controlled by the amount of
energy available and the energy transfer at vegetation and soil surface.
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Because the energy exchange in the SPA continuum controls the ET
process, for a fixed time interval, incoming energy on a surface must
be equal to the outgoing energy. The latent component of the energy
balance can be estimated by applying the concepts of energy
conservation by subtracting Gy and H from the surface net radiation
flux (i.e., LE or ET, is calculated as residual of the surface energy
balance).

The models based on the resolution of the SEB, in general use two
different schematizations: the first is the “one source” or “big leaf”
(Monteith, 1965) (Bastiaanssen et al., 1998); this consider the
vegetation as an homogeneous, semi-transparent surface in which the
phenomena of soil £ and plant 7 are considered jointly. On the other
hand, the second approach known as “two-layer” or “two-source”
considers the two previous phenomena separated through a partition
between energy fluxes in the soil and energy fluxes in the canopy
alone (Shuttleworth and Wallace, 1985; Norman et al., 1995).

3.1.1 One-source

The energy fluxes modelling based on the “big leaf” approach
starts from the theoretical background developed by Penman (1948)
for surfaces characterised by wet surface-atmosphere interface (water
bodies). The relationship retrieved for saturated surfaces was
extended by Penman (1956) to the case of single leaf by introducing
a resistance, in series with the aerodynamic one, which takes into
account the resistance of the stomata to the flux of vapour, named
stomatal resistance. Finally, the scaling up of the model from leaf to
canopy scale was realised by Monteith (1965) introducing the “big
leaf” concept.

3.1.2 Two-source

In the “two source” model, the land surface is treated differently,
where the radiative exchanges, the thermal heat conduction and
convection between the surface and low atmosphere are
parameterized and partitioned between vegetation and soil. The key
element of the “two source” SEB model is the partitioning of fluxes
between soil and canopy. Partitioning of R, represents the first step in
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estimating the various components of temperature. The knowledge of
soil and canopy temperatures allows distributing available energy (R,
- Gy) to the remaining components of SEB. The key boundary
condition is the radiometric land surface temperature (Kustas and
Anderson, 2009). The contributions of canopy and soil to land surface
radiometric temperatures are different. If emissivity represents both
soil and vegetation components, the Land Surface Temperature (LST)
can be partitioned into soil and vegetation contributions on the basis
of the FVC:
LST = [FVC - T* = (1 —FVC) - T4V (3.2)
where T is the soil surface temperature [°K], 7¢ is the canopy
temperature [°K], and FV'C is the fractional vegetation cover.

From RS point of view, the input dataset required for the
application of the SEB model consists of: meteorological data (e.g.,
global solar radiation, relative air humidity, air temperature, and wind
speed); biophysical and radiometric vegetation parameters (e.g.,
albedo, crop height, and Leaf Area Index); surface energy quantities
(e.g., emissivity and land surface temperature). In the original
conceptual framework, the authors of the Surface Energy Balance
Algorithm for Land (SEBAL), which is a “one source” or “big leaf,
and the Two Source Energy Balance (TSEB), which is a “two source”
model, proposed a series of algorithms for calculating the terms that
appear in the energy balance equation, which are readily applicable
using remote sensing data in the VIS/NIR and TIR bands, along with
a limited number of in situ observations. Thus, scientific literature
offers several examples of SEBAL/TSEB model applications over
large territorial extents, utilizing images acquired from various types
of aerial and/or satellite sensors, which enables its spatially
distributed application (Awada et al., 2019; Corbari et al., 2023;
Cammalleri et al., 2024).

3.2 Soil Water Balance Model

The resolution of the SWB between the incoming flux (i.e., P, [
and CPR) and exiting (T and E or thus, E7,, SR and DP), allows to
estimate, the SWC dynamic, in the SPA system:
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t t
ft_15WC=ft_1P+I+CPR—(T+E)0rETa—DP—SR 3.3)

The SWB models can be divided into two categories: the first
considers the SPA continuum as a single reservoir in which the terms
of the SWB are described through simple schematizations often based
on empirical equations.

The other category is based instead on a more complex
schematization that uses physics-based laws for the study of water
fluxes in unsaturated systems coupled with equations or models
describing roots drawn down in the soil.

The first category of models includes the FAO-56 model presented
in FAO-56 paper (Allen et al., 1998), while in the second one are
included HYDRUS-2D/3D (Simtinek et al., 1998), SWAP (Kroes et
al., 1999) and ACRU (Schulze, 1989) models, in which the equations
that describes physical phenomena are solved to compute the balance
terms.

3.2.1 FAO-56

The modelling of water exchanges within the SPA Continuum
system is greatly simplified compared to physical models and is
fundamentally based on a soil drying law. The well-known FAO-56
model (Allen et al., 1998) has been largely applied. This model
schematizes the soil as a reservoir characterized by a fixed capacity
depending on the depth of the root system (Z,) and the soil retentivity
parameters (i.e., field capacity, wilting point). The FAO-56 model can
be applied based on a single or a dual crop coefficient approach. Root
water uptake processes are generally neglected, and simplified
formulations are used to estimate T and the E (double approach).
These terms are combined into the ET, since these two phenomena
occur simultaneously and are influenced by the same variables (single
approach).

All inflows and outflows from the soil reservoir are expressed in
millimeters, and the simulation time step is generally daily. The
variation of the soil water storage, and consequently its depletion (D, ;
[mm)]), is described by the following equation:
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Dr,i = Dr,i—l - Pi + SRL - Ii - CPRL + (El + Tl) or ETa,i + DPl (3.4)

where D,;represents the soil water depletion at day i, D, the
depletion at the previous time step, P; the effective rainfall, SR; the
surface runoff, /; the effective irrigation, CPR; the capillary rise, E; the
actual soil evaporation and 7; the actual transpiration or thus ET7,
actual evapotranspiration, and DP; the deep percolation flux.

In this formulation, a positive variation of D,; indicates an increase
in soil water deficit (i.e., depletion), while a negative variation
corresponds to a soil water recharge.

The transition from D, to SWC is based on the concept that
depletion represents the amount of water missing with respect to field
capacity, within the range of the Total Available Water (7AW), that is,
the amount of water stored in the root zone between field capacity
(SWCt:) and the wilting point (SWCyy).

TAW = (SWC;. — SWCy,) - Z, (3.5)

SWC represents the amount of water retained in the soil after
excessing gravitational water has drained and the rate of percolation
has significantly decreased, corresponding to the upper limit of water
availability for plants.

SWC,, is the SWC at which plants can no longer extract sufficient
water to maintain their physiological functions, marking the lower
limit of available water.

Both parameters can be determined by characterizing the soil
through its soil water retention curve, which describes the relationship
between SWC and vy (Figure 3.3).
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Figure 3.3 Examples of several retention curves; blue line is sand (Ss), red line is
either silt or clay-loam (Uu), green line is either loam-silt or clay (Lu), and violet
line is either clay or peat (Tt) (from:
https://en.wikipedia.org/wiki/Water_retention_curve)

On a soil water retention curve, SWC is determined by reading
the water content at a matric potential of about =330 hPa (or —100 hPa
for sandy soils), while the SWC,, is identified by the water content at
—15,000 hPa.

Moreover, Readily Available Water (RAW) represents the fraction
of the TAW that can be extracted by the crop without inducing water
stress. It defines the range of soil water content conditions over which
transpiration occurs at its potential rate. When D, exceeds the RAW
threshold, plant transpiration begins to decrease due to increasing soil
water stress. RAW is expressed as the product between 74W and the
depletion factor (pr40). This latter depends on both the crop type and
ETo. Crops with deeper or more efficient root systems generally
tolerate higher depletion levels, while under conditions of high
evaporative demand (high E70), the value of p decreases, indicating
that plants experience stress at smaller soil water deficits.

Thus, the soil water content can be expressed as

SWC = SWCre — ‘Z’— (3.6)

which relates the decrease in stored water within the root zone to
the corresponding reduction in the SWC.
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3.2.1.1 Single Approach

In the single coefficient approach, ET, is calculated using a single
crop coefficient (K.) that combines both £ and T components and a
water stress coefficient (Kj).

ASWC = (P +1—K.K,ET, —SR — DP + CPR) § (3.7

K. reflects the morphological and ecophysiological characteristics
of the crop, as well as cultivation techniques, phenological phases,
and soil coverage. Its value is strongly influenced by the
environmental conditions of the plant’s growth area. As K. depends
on the growth stage of the crop, it is essential to use distinct values
for different phenological phases (Allen et al., 1998). Traditionally, K.
is defined through trapezoidal time series specific for each crops,
suggested by Allen et al. (1998) and recently reviewed by Rallo et al.
(2021) (Figure 3.4).

Time of Season, days

Figure 3.4 Temporal dynamic of the crop coefficient for a generic crop (from. Allen
etal., 1998)

Once a certain SWC threshold is exceeded (SWC"), the crop starts
to be stressed, and the stress coefficient begins to decrease. This
threshold value is a function of prio, which represents the fraction of
total available water that can be depleted from the root zone before
water stress occurs.

Thus, K, expression of the actual crop water stress conditions, is
typically calculated either as a linear function (3.8) (Allen et al., 1998)
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or an exponential function (3.9) (Steduto et al., 2009) of TAW and
RAW, thus soil water content within the root zone (Figure 3.5).

K, = TAW- Dy 3.8)
(1-pFrao) TAW
K -1 (T Raw) Fshape_y (3.9)
=1-—

efshape_l

water stress coefficient (4's)

0.0 0.2 0.4 0.6 0.8 1.0

- relative depletion (Drel) »
root zone depletion (D_,_]_._

00 Pupper TAW Prawer TAW

Figure 3.5 Water stress coefficient vs depletion (from: Steduto et al., 2009)

When no crop water stress is present, the value Ks is equal to 1.
ETo reflects the atmospheric evaporative demand. £70o represents the
evapotranspiration from a reference hypothetical crop, actively
growing, adequately watered, completely shading the ground and
with an assumed crop height of 0.12 m, a fixed surface resistance of
70 s m~" and an albedo of 0.23, which is, therefore, associated with
the meteorological evaporative demand. Thus, E7o reflects the
atmospheric evaporative demand. The most widely used method to
estimate E£70 is represented by the FAO-56 Penman—Monteith (PM)
equation, where this quantity is function only of the climate variables
(Allen et al., 1998):

900
T +273) (W2 (es—eq)]
a

A+y - (140.34-Uy)

0408 -A- (Ry—6G)+7v-
ET, = r-( (3.10)
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where A [kPa °C '] is the slope of saturation vapor pressure curve,
Rn [MJ m2 d '] is the net radiation at the crop surface, Go [MI m? d
1T is the soil heat flux density, (es—ea) [kPa] is the actual vapor
pressure deficit, y [kPa °C '] is the psychrometric constant and Uz [m

s'] is the wind speed measured at 2m height.

3.2.1.2 Double approach

In the dual approach, ET, is separated into two distinct
components: 7 and E, each with its own coefficient, K., and K,
respectively.

ASWC = (P +1—[(KpK; + K.) - ETo] —SR — DP + CPR} " (3.11)

In this approach, K. is divided into two separate components the
basal crop coefficient (K.») and the soil evaporation coefficient (K.).

Kc» represents the 7 from the crop under non-stressed conditions,
depending mainly on the morphological characteristics of the crop,
canopy development, and growth stage. It reflects the potential water
use of vegetation when SWC is not limited.

Conversely, K. accounts for direct soil £, which varies with soil
wetness, irrigation frequency, and canopy cover. After irrigation or
rainfall events, K. increases temporarily and then decreases as the
surface soil dries or becomes shaded by the crop.

Recently, Pocas et al. (2020) and Rocha et al. (2012) have
proposed a summary of functional relationships between K. and/or
Kc» and RS Vs, which represent an innovative and rapidly expanding
area of research for the monitoring of vegetation.

3.3 Carbon Cycle Model

The carbon cycle is based on the exchange of carbon dioxide
(CO2) between the atmosphere, vegetation, and soil. In terrestrial
ecosystems, this cycle can be described through three main
components: Net Ecosystem Exchange (NEE), Gross Primary
Production (GPP), and Ecosystem Respiration (R.) (Goulden et al.,
1996; Aubinet et al., 1999; Loescher et al., 2006).
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The carbon flux corresponds to the NEE, which represents the net
amount of CO: exchanged between the ecosystem and the
atmosphere, accounting for both respiratory and photosynthetic
processes.

GPP represents the total amount of CO: fixed by plants through
photosynthesis. It quantifies the potential carbon uptake of the
ecosystem and depends primarily on solar radiation, LA/, and the
photosynthetic efficiency of vegetation.

R. corresponds to the total CO: released back to the atmosphere
through both autotrophic respiration (from plant metabolic processes
such as growth and maintenance) and heterotrophic respiration (from
microbial decomposition of organic matter in the soil) (Lloyd and
Taylor, 1994; Reichstein et al., 2005; Davidson and Janssens, 2006).

Within the SPAC continuum, carbon fluxes are closely linked to
the energy and water balances. Photosynthesis (and therefore GPP) is
driven by the availability of solar radiation and limited by stomatal
conductance, which in turn depends on SWC and atmospheric Vapor
Pressure Deficit (VPD). Likewise, respiration rates are strongly
influenced by temperature and SWC, as both plant and microbial
metabolic activities respond to these environmental drivers.

3.4 New Smart Solution: Machine Learning to support smart
agriculture

In recent years, Machine Learning (ML) has emerged as one of
the most powerful tools driving the transformation of smart
agriculture (Waqas et al., 2025). By enabling data-driven decision-
making, ML techniques can analyze vast and heterogeneous datasets
collected from sensors, satellites, drones, and Internet of Things (IoT)
devices, providing valuable insights for optimizing crop management,
resource use, and environmental sustainability.

Machine Learning algorithms can automatically detect patterns
(Janka et al., 2019), predict outcomes, gap filling time series (Granata,
2019; Pagano et al., 2023; De Caro et al., 2023; Pagano et al., 2025)
and support management decisions that were traditionally based on
empirical knowledge or manual monitoring. In agriculture, this
translates into more efficient irrigation scheduling, early detection of
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plant stress or disease, yield forecasting, soil water content estimation,
and improved resource allocation. Despite their diversity in structure,
application domain, and mathematical formulation, all ML algorithms
share three fundamental components (Patil et al., 2024; Du et al.,
2025): representation, evaluation, and optimization.

Representation; this defines how knowledge or patterns are
expressed within the algorithm. It determines the hypothesis space,
the set of all possible models that the algorithm can explore to
describe the underlying data. Examples of representations include
decision trees, linear models, neural networks, support vectors
machine, and probabilistic graphical models. The choice of
representation directly influences the expressiveness and complexity
of the model, as well as its interpretability.

Evaluation; once a model representation is chosen, an evaluation
mechanism is required to measure how well a particular hypothesis
fits the observed data. The evaluation component defines the
objective function or loss function, which quantifies model
performance. Common evaluation criteria include measures such as
accuracy, precision, recall, mean squared error, log-likelihood, or
cross-entropy, depending on the nature of the task (e.g., classification,
regression, clustering).

Optimization; optimization provides the strategy to search through
the hypothesis space and find the model parameters that minimize (or
maximize) the chosen evaluation function. Optimization methods can
be analytical (e.g., solving for closed-form solutions) or iterative, such
as gradient descent, evolutionary algorithms, or stochastic
optimization techniques. The effectiveness and efficiency of an
optimization method determine how well and how quickly the
algorithm can learn from data.

Together, these three components form the conceptual backbone
of any machine learning algorithm. Representation defines what can
be learned, evaluation determines how learning success is measured,
and optimization guides the learning process itself.
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4.1 Irrigation District 1A

The study area is represented by the irrigation District 1A of the
Garcia-Arancio district managed by the “Consorzio di Bonifica
Sicilia Occidentale” (ex Consorzio di Bonifica Agrigento 3) which
includes the territories of cities of Sambuca di Sicilia, Sciacca, Menfi,
Santa Margherita Belice, Partanna and Castelvetrano.

The area is predominantly cultivated with olive (cv. “Nocellara del
Belice”) orchards (70%), vineyards (24%) with sporadic presence of
citrus (2.6%) orchards being other horticultural (3.4%) crops
sporadic.

The soil characterization was carried out by Bono (1998) (Figure
4.1).
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Figure 4.1 Pedologic map of the study area (from: Bono et al., 1998)

Eleven soil types were identified within the district.
Characterization was performed by determining the percentages of
clay, silt, and sand for each identified soil type. Nomenclature was
then assigned based on these percentages, following the United States
Department of Agriculture (USDA) soil texture triangle. The depth
was also evaluated for each soil type. Table 4.1 shows the
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granulometric composition of the soil and the depth of the different

soils type.
Table 4.1 Size distribution of the soil within the irrigation district (from: Bono et
al., 1998)
PAIS(ITZIEC:ULAR DEPTH
SOIL TEXTURE Clay Loam Sand
[cm]
%] (%] [%]
Torre (TOR1) frank-sandy 541 3537 5922 30
Canotta (CAN1) clay 41.07 4144 1749 120
Papa (PAP) frank-sandy-clay 27.44 27.22 45.35 125
Barone (BAR2) frank-sandy 18.50 13.50 68.00 75
Modione (MOD) frank-clay 21.37 39.00 39.63 110
Seggio (SEG1) frank-sandy-clay 10.28 24.20 65.52 85
Marzuchi (MAR) frank-sandy-clay 35.43 17.65 46.93 90
Morici (MORI) frank-silty 10.44 51.41 38.15 100
Morici (MOR2) frank 15.80 38.24 45.96 30
Morici (MOR4) frank 19.54 33.24 4722 80
Torre superficiali (TOR2) frank 19.54 33.24 4722 80

According to Figure 4.1, The prevalent type of soil is “Seggio
(SEG1)” that covers ~1800 ha, about the 60 % of the total area.

Based on the soil granulometric composition and by means the
pedo-transfer function implemented in the software “ROSETTA”
(Schaap et al., 2001), the parameters of the soil water retention curve,
expressed according to the model proposed by Van Genuchten (1980),

were obtained (Table 5.2).
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Table 4.2 Soil water retention curve coefficients estimate by means “ROSETTA”
software (from: Schaap et al., 2001)

S WCs S WCr Q0 X S WCfc S Wpr
SOIL
[em®cm™]  [cm? cm™] [em™] [em™] [em®cm™]  [cm® cm™]
Torre
(TOR1) 0.39 0.04 00347 1.7466  0.10 0.05
Canotta
(CAND) 0.46 0.09 00150 12529 033 0.19
Papa
(PAP) 0.39 0.11 00334 12067 028 0.11
Barone
(BAR?) 0.39 0.04 00347 1.7466  0.10 0.02
Modione
(MOD) 0.44 0.07 00158 14145 026 0.12
Seggio
(SEGD) 0.39 0.11 00334 12067  0.28 0.19
Marzuchi
(MAR) 0.39 0.11 00334 12067  0.28 0.19
Morici 0.44 0.06 00051 1.6626  0.29 0.09
(MORD) . . . . . .
Morici 0.30 0.06 00111 14737 024 0.09
(MOR2) . . . . . .
Morici 0.40 006 00111 14737 024 0.09
(MORY) . . . . . .
Torre
superficiali  0.39 0.04 00347 1.7466  0.10 0.05
(TOR2)

The saturated soil water content (SWCs), the residual soil water
content (SWC;), as well as the parameters ) and = that define the
shape of the soil water retention curve were determined. Based on the
soil water retention curves, the soil hydrological constants were then
calculated, specifically the soil water contents corresponding to field
capacity and the wilting point.
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The waters used for irrigation purposes are those stored in the
artificial reservoirs Garcia and Arancio, which are characterized by a
reservoir capacity of ~60 and ~25 Mm?, respectively. The two tanks
are interconnected by an abduction pipeline with an overall length of
~50 km, which allows the transfer of volumes from Lake Garcia to
the Arancio reservoir by gravity. From the Garcia-Arancio tank split
up two distribution pipes called “Diramazione Est” and “Diramazione
Ovest”, with a diameter of 1600 mm and 2000 mm, respectively, these
supply the header tanks by gravity or pumping, which supply the
irrigated areas divided according to altimetry zone.

The District 1A falls on the northern side of the irrigated area and
covers a surface of about ~3000 ha. To deliver water from reservoir
to hydrants a dense pipe-network extending ~215 km was
implemented. The network is divided into main, secondary, and
tertiary pipelines with different materials steel, glass fiber reinforced
plastic, asbestos cement and polyvinyl chloride. Irrigation network is
fed, by gravity, by two loading reservoirs, the first of which named
1/A1 has a volume of ~25000 m? located at ~250 m a.s.l., the second,
named 1A/2, placed at ~200 m a.s.l. characterized by a volume of
~27000 m>®. Water derived from the main adductor of the Garcia lake
is pumped into two reservoirs by a set of pumps working with variable
speed drive installed at the “Zangara” pumping station.

The distribution network serves 139 sectors for more than 2000
water users. In each irrigation sector, water distribution is performed
by turns, that means that the whole flow is diverted to the hydrants
follow a fixed turn. Hydrant discharge equals to 15 1 s!, with a
minimum pressure of 2.5 bar. Volumetric water consumption in each
sector is controlled and registered by a central control unit. The most
common farm distribution systems are sprinkler and drip irrigation.

The volumes delivered in each hydrant located within the sector
are registered on a paper format user card (Figure 4.2).
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Figure 4.2 Example of the paper sheet referred to one user

For each user, the employees of the consortium, registers in a
paper the information to draw up an effective irrigation plan. Each
form are reports information regarding the location of the farms in the
district, the number of the sector, the crop type, the farm extension,
the date, and the volume of the water delivered.

For this study, the user cards were available for seven fields (A-
G) within the consortium area, covering the irrigation seasons of
2018, 2019, and 2020.

4.1.1 Experimental Field I — Olive Orchard

The experimental field has an extension of ~13 ha (Figure 4.3).

O

@ Standard Weather Station
O Eddy Covariance Tower

Figure 4.3 Map of the experimental field (yellow perimeter) with the position of the
EC tower (white dot) and the SIAS standard weather station (black dot). The insert
figure also shows the location of the experimental site within Sicily Island (Italy)
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The plants, having a height of about 3.5 m, are spaced according
to a regular 5x8 m grid (~ 250 plants ha™!). The trees are characterized
by an average height of ~5.6 m and a root zone 0.8 m

Irrigation water is supplied by a drip irrigation system (four
emitters/plant providing 8 1 h').

The soil textural class is USDA classified as loam-sandy-clay
(Seggio (SEG1)) with average clay, silt, and sand contents of 24, 16,
and 60%, respectively.

A standard weather station of the Servizio Informativo
Agrometeorologico Siciliano (SIAS) is installed near the
experimental field. This weather station provides hourly data of the
following meteorological data: air temperature, global solar radiation,
relative air humidity, wind speed and direction at 2 m height, and
rainfall. The quality assurance procedures applied to the data are
reported in Fiebrich et al. (2010).

Also, an EC tower, operating in the experimental field, is installed.
The system allows to obtain high frequency measurements of the
three wind components and the H>O and CO: concentrations by
means of a three-dimensional sonic anemometer (CSAT3-3D,
Campbell Scientific Inc.) and an infrared open-path gas analyzer
(LI7500, Li-cor Biosciences Inc.), respectively. These instruments
were installed 7 m a.g.l. and operate at a sample frequency of 20 Hz
(for the raw data). The auxiliary experimental set-up is represented by
a low frequency (30 min), 4-components net radiometer (CNR-1 Kipp
& Zonen) located at 8.5 m a.g.l. and two self-calibrated flux plates
(HFPO1SC, Hukseflux) placed, respectively, in the exposed and
shadowed bare soil, at a depth of about 0.1 m b.g.1.. All the data (high-
and low- frequencies) were stored in a CR5000 data logger (Campbell
Scientific Inc.) equipped with a PCMCIA memory card.

The SIAS weather station provides continuous meteorological
records available since 2002, whereas the Eddy Covariance tower
offers high-frequency flux measurements for the period 2009-2011.

4.2 Experimental Field IT — Citrus Orchard

The second experimental field is a Mediterranean citrus orchard
(Citrus reticulata Blanco, cv. “Mandarino Tardivo di Ciaculli”) of
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about 1 ha, located near Palermo, Italy (3824’ 53.4” N, 13- 25’ 8.2”
E) (Figure 4.4).

@ Standard Weather Station
© Eddy Covariance Tower
@ Soil Water Content Probes

O Sap Flow Probes

Figure 4.4 Experimental site (black perimeter) map with the location of the
measurement instruments: red dot indicates the standard weather station, green dot
the EC tower, blue dots the soil water content probes, and yellow dots the sap flow
probes. The insert figure also shows the location of the experimental site within
Sicily Island (Italy)

The field is characterized by planting spacing of 5.0x5.0 m
(density of 400 trees ha™!), with plant rows roughly oriented from
North-East to South-West. The trees are characterized by an average
height of about 2.5 m and a root zone 0.5 m depth characterized by
the highest root density at 0.3 m b.g.l. approximately. Moreover, in
Figure 4.4, a greenhouse adjacent to the field can also be observed.
This structure is installed only during certain periods of the year to
cover the neighboring vineyard.

Irrigation season in the area ordinarily starts in the middle of May
and finishes around the end of September, during periods with scarce
or absent precipitations. Since 2018, the field is irrigated with a
subsurface drip system with two pipes per plant row, one on each side
of the tree, at 1.1 m from the trunks. The lateral pipes contain co-
extruded emitters discharging 2.3 1 h-1 at a pressure of 100 kPa; the
spacing between emitters is 1.0 m (i.e., 10 emitters/tree). However,
the old micro-sprinklers irrigation system is still occasionally
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activated mainly before weeding and/or for aid irrigation supplies.
The citrus, between the flowering phase and the fruit set stage in
spring, require large amount of water (Johnson et al., 2013), which is
ensured via the high average rainfall in this season. In case of drought
events in spring, the farmer provides aid irrigation volumes via micro-
sprinklers. Under these conditions, weeds often grow in spring and
are usually removed in mid-July. Thus, weeds partially cover the field
until July in almost all the irrigation seasons, except for 2021 when,
due to a lack of maintenance, weeds heavily grown and were not
removed by the farmer. Irrigation management includes, depending
on the environmental conditions (e.g., no drought and/or heatwave
conditions), the Regulated Deficit Irrigation (RDI) strategy. The
adopted RDI, accounting for the actual climate conditions, is designed
to define moderate crop water stress only during phase II of vegetative
growth (initial fruit enlargement phase), generally occurring between
July 1 and August 15, during which the lower threshold of Midday
Stem Water Potential (MSWP) ranged between — 1.4 and — 2.0 MPa.
During the other phases of crop growth, the values of MSWP ranged
between — 0.4 and — 1.4 MPa.

The dominant textural class of the topsoil is sandy-clay-loam
(USDA classification) with average clay, silt and sand content of
22.2%, 18.0% and 59.8%, respectively.

Meteorological data are collected by a WatchDog 2000 series
weather station (Spectrum Technologies, Inc., Aurora, IL, USA)
installed nearby the experimental field. The station is equipped by
sensors measuring the main meteorological data with a time-step of
30 min. The quality assurance procedures applied to the data are
reported in Fiebrich et al. (2010).

The temporal dynamic of soil water content is monitored, at a
point scale, with four 0.6 m long "drill & drop" probes (Sentek Pty
Ltd, Stepney, Australia). Each probe is installed at a distance of 0.8 m
from the tree trunks and 30 cm far from an emitter.

Two standard Granier type (Granier, 1987) thermal dissipation
probes (SFS2 type, UP GmbH Firmesitz, Germany) were installed on
two citrus trees in the north and south cardinal directions. The probes
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were inserted in the trunk, as directed by the manufacturer, to sample
only the conductive area, and then insulated with reflecting materials
after installation. The temperature difference between the upper
heated and lower unheated needles, together with the temperature
difference at night, allowed for the estimation of the sap velocity,
which was then multiplied by the sapwood area to calculate the hourly
sap fluxes.

An Eddy Covariance flux tower (EC) is also installed in the field.
The tower is equipped with: a 4-component net radiometer (CNR4,
Campbell Scientific Inch., Logan, Utah) installed at 3.0 m a.g.l. to
measure low-frequency (30 min) net radiation; a three-dimensional
sonic anemometer (CSAT3-D, Campbell Scientific Inch., Logan,
Utah) providing high-frequency (20 Hz) wind speed measures (3D
components); an infrared open patch gas analyzer (Li-7500, Li-cor
bioscience inch., Lincoln, Nebraska) to measure H20 and CO2
concentrations (at 20 Hz); and, finally, one self-calibrated flux plate
(HFPO1SC, Hukseflux) placed at 0.15 m b.g.1.. All the high- and low-
frequencies data are collected and pre-processed by means of a
CR3000 datalogger (Campbell Scientific Inch., Logan, Utah)
equipped with a 2 GB memory card.

Irrigation volumes supplied to the plants are available for the
period 2018-2025, including the exact dates of each irrigation event.
Meteorological data from the in situ standard weather station are also
available for the same period (2018-2025). SWC measurements are
available from 2018 to 2021, whereas sap flow data were collected
only during the 2018 and 2019 irrigation seasons. Finally, Eddy
Covariance flux data are available for the period 2019-2025.

4.3 Reanalysis and forecasting data

4.3.1 ERA5-Land

An alternative source of the in situ data is represented by the
reanalysis database. ERAS-L, provided by the ECMWF in 2019, is
the last generation of the global reanalysis climate database and is
freely downloadable from the Copernicus portal. The product has a
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spatial resolution of 0.1° latitude and 0.1° longitude with a temporal
cover from 1950 to present (Figure 4.5).

Figure 4.5 Overall vision of the ERAS5-Land hourly database (from:
https://cds.climate.copernicus.eu/cdsappi#!/dataset/reanalysis-era -
land?tab=overview)

The quality of ERAS5S-Land data was evaluated by direct
comparison to many in situ observations collected mainly for the
period 2001-2018, as well as by comparison to additional model or
satellite-based global reference datasets (Mufoz-Sabater et al., 2021).

4.3.2 Slcilia Limited Area Model (SILAM) GFSE model

The Slcilia Limited Area Model (SILAM) is a hydrostatic
mesoscale numerical weather prediction model developed and
implemented by SIAS. It simulates the temporal evolution of
meteorological conditions through mathematical equations that
describe atmospheric physics, starting from an initial state (analysis
fields at 00:00 UTC) and boundary conditions (three-hour forecasts)
provided daily by the Global Forecast System (GFS) model,
developed and managed by the National Center for Environmental
Prediction (NCEP) of the NOAA (National Oceanic and Atmospheric
Administration).

SILAM, recently implemented by SIAS over a spatial domain
centered on Europe, produces daily forecast maps of air temperature
at 2 m, precipitation, wind speed and direction at 2 m, sea-level
atmospheric pressure, and geopotential height at 500 and 850 hPa,
starting from 00:00 UTC of the current day and extending up to 144
hours ahead.
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The model operates with a horizontal spatial resolution of
approximately 20 km, 40 vertical levels, and a three-hour temporal
resolution (+24h — “today for tomorrow”, +48h, +72h).

4.4 Remote sensing data

4.4.1 Moderate Resolution Imaging Spectroradiometer (MODIS)

Within the framework of the Earth Observing System (EOS)
program, developed by the National Aeronautics and Space
Administration (NASA), the Moderate Resolution Imaging
Spectroradiometer (MODIS) represents one of the key instruments
designed to provide long-term global observations of the atmosphere
of the Earth, land surface, and oceans. Two identical MODIS sensors
operate onboard the Terra and Aqua satellites, launched on 18
December 1999 and 4 May 2002, respectively.

The Terra satellite crosses the equator in a descending orbit, while
Aqua follows an ascending orbit, allowing near-daily global coverage
when combined. Both satellites operate in a sun-synchronous polar
orbit at a mean altitude of 705 km above the surface.

Each MODIS instrument is a passive multispectral radiometer
capable of acquiring data in 36 spectral bands distributed between the
visible (VIS), near-infrared (NIR), shortwave infrared (SWIR), mid-
infrared (MIR), and thermal infrared (TIR) regions of the
electromagnetic spectrum, covering wavelengths from 0.4 pm to 14.4
um. The sensor has a radiometric resolution of 12 bits and a swath
width of 2330 km, enabling complete global coverage every 1-2 days.

The spatial resolution of MODIS data depends on the specific
spectral band:

e Bands 1-2: 250 m (red and NIR, used for vegetation

monitoring);

e Bands 3-7: 500 m (VIS-SWIR, for land and ocean colour);

e Bands 8-36: 1,000 m (VIS-TIR, for atmospheric and surface

temperature studies).

MODIS data are distributed at several processing levels. The
Level 2 products provide geophysical parameters such as surface
reflectance, land surface temperature, and aerosol optical depth,
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atmospherically corrected and geolocated. Higher-level products,
such as MOD13 (Vegetation Indices) (Spruce et al., 2011), MOD11
(Land Surface Temperature and Emissivity) (Hashimoto et al., 2008),
and MODI16 (Evapotranspiration) (Autovino et al., 2016), are derived
from temporal composites and are extensively used in environmental
and climatic applications.

AIl MODIS data are freely available through the NASALP DAAC
and NASA Earthdata portals, in a sinusoidal projection referenced to
WGS84.

Thanks to its high temporal frequency, broad spectral coverage,
and global swath, MODIS plays a fundamental role in global change
monitoring, enabling the analysis of vegetation dynamics, surface
temperature variations, fire detection, and water resource monitoring
at continental to global scales (Khosravi et al., 2024; Bhuyan and
Udmale, 2025; Hojabri and Nguyen-Huy, 2026).

4.4.2 Sentinel-2

In the frame of the Copernicus mission, managed by the European
Commission, the objective of the Sentinel-2 mission is providing
global acquisition of MultiSpectral Images (MSI) with high spatial
and temporal resolution, to allow land monitoring and detection of
environmental changes. The triplet satellites Sentinel-2A, Sentinel-
2B and Sentinel-2C launched by European Space Agency (ESA) in
June 2015, in March 2017 and September 2024, respectively, operate
simultaneously, phased at 180° to each other, in a sun-synchronous
orbit at a mean altitude of 786 km from the earth’s surface. The
temporal resolution referred to each single satellite is 10 days. The
three satellites are equipped with a passive multispectral sensor that
allows a swath width equal to 290 km, with a radiometric resolution
of 12-bit, able to acquire light intensity (radiance) values ranging
between 0 to 4095. The data are acquired on 13 bands distributed
between VIS and SWIR. The spatial resolution depends on the
specific spectral band (Figure 4.6).
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Figure 4.6 Spectral resolution referred to spatial resolution 10 m, 20 m and 60 m of
the data acquired by the multispectral sensor (from: De Marinis et al., 2019)
readapted

Specifically, there are four bands with spatial resolution equal to
10 m, centred on wavelengths equal to 490 nm (B2), 560 nm (B3),
665 nm (B4) and 842 nm (BS8). Six bands with spatial resolution equal
to 20 m, centred on wavelengths equal to 705 nm (B5), 740 nm (B6),
783 nm (B7), 865 nm (B8a), 1610 nm (B11) and 2190 nm (B12) and
three bands at 60 m, centred on wavelengths equal to 443 nm (B1),
945 nm (B9) and 1 375 nm (B10).

The last product MSI level 2A released by ESA and free
downloaded  through the open access hub  portal
(https://scihub.copernicus.eu/dhus/#/home), provides bottom of
atmosphere (BOA) reflectance atmospheric corrected (Main-Knorn et
al., 2017), orthorectified and georeferenced with cartographic
geometry (UTM/WGS84 EPSG:32633).

Thanks to the high spatial resolution joint with the good revisiting
time, this product is able to monitor, at large scale, eventual quick
changes in the plant chemical-physical system, as well as, to monitor
and estimate plant water status and crop water requirement
(Rozenstein et al., 2018; El Hachimi et al., 2022).

4.4.3 Landsat-8/-9

Within the framework of the Landsat mission, jointly managed by
the NASA and the U.S. Geological Survey (USGS), aimed at ensuring
a continuous and long-term global monitoring of the surface of the
Earth through medium-resolution multispectral observations, operate
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the Landsat-8 and Landsat-9 satellites. These two satellites are part of
the Landsat series, which began in 1972, and represent the
continuation of the longest-running space mission dedicated to
systematic Earth observation.

The satellites Landsat-8, launched on February 2013, and Landsat-
9, launched on September 2021, operate in nearly identical, sun-
synchronous orbits at a mean altitude of approximately 705 km above
the surface, with an inclination of 98.2°, and a revisit time of 16 days
for each individual satellite.

Figure 4.7 shows the coverage of Landsat satellite imagery over
the state of Nebraska, USA (Foolad, 2018).

Landsat Paths & Rows for Nebraska

0 M 4 )

Figure 4.7 Coverage of Landsat-8 satellite imagery over the state of Nebraska, USA
(from: Foolad, 2018)

The map displays the Worldwide Reference System (WRS) grid,
which is used to catalogue and reference Landsat scenes. The colored
rectangular outlines represent, as a specific Path/Row combination,
the individual scenes or image footprints captured by the satellite. The
horizontal axis indicates the Path numbers (from 33 to 28), which
correspond to the satellite's ground track as it moves from north to
south. The vertical axis indicates the Row numbers (from 30 to 32),
which correspond to the center of the scene along the Path. The
overlapping footprints illustrate how multiple scenes are required to
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cover the entire state, and how adjacent paths and rows provide spatial
redundancy.

Both satellites are equipped with two main instruments:

e the Operational Land Imager (OLI), a passive multispectral

sensor designed to acquire reflected solar radiation;

e the Thermal Infrared Sensor (TIRS), which measures emitted

thermal radiation from the surface.

The OLI sensor acquires data in 9 spectral bands distributed
between the visible (VIS), near-infrared (NIR) and shortwave infrared
(SWIR) regions, with a radiometric resolution of 12 bits (digital
values ranging from 0 to 4095). Specifically, bands 1-7 and 9 have a
spatial resolution of 30 m, while Band 8 (panchromatic) provides a 15
m spatial resolution. The TIRS instrument acquires data in two
thermal infrared bands (Band 10 and Band 11) with a spatial
resolution of 100 m, later resampled to 30 m in the standard products
(Figure 4.8).
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Figure 4.8 Landsat-8/-9 bands (from: https://blogs.fu-berlin.de/reseda/landsat-8/)

The OLI sensor covers a swath width of 185 km, comparable to
that of previous Landsat missions. The data products, Level-2 Surface
Reflectance (SR), distributed free of charge through the USGS
EarthExplorer or NASA LP DAAC portals, provide Bottom of
Atmosphere (BOA) reflectance, corrected for atmospheric effects,
orthorectified, and georeferenced according to UTM/WGS84
cartographic geometry.

Thanks to the combination of good spatial detail, radiometric
quality, and long temporal continuity, Landsat-8 and Landsat-9
products are particularly suitable for land cover and land use
monitoring, vegetation and crop health assessment, water resources
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management, and environmental change detection at regional to
global scales (Roy et al., 2014; Masek et al., 2020).

4.4.4 PlanetScope

Within the framework of commercial Earth observation, the
PlanetScope constellation, operated by Planet Labs PBC, is designed
to provide high-frequency, high-resolution multispectral imagery for
monitoring land cover, agriculture, and environmental changes at a
global scale (Wildhaber at al., 2023).

PlanetScope consists of a large fleet of small satellites
(CubeSats/Dove satellites), with more than 150 operational satellites
as of 2025, forming one of the densest imaging constellations
currently in orbit. PlanetScope satellites operate in a sun-synchronous
orbit at an altitude of approximately 475-505 km, with near-polar
orbital inclinations (~97.5°). The constellation is phased so that it
provides daily global coverage, allowing frequent revisits for near-
real-time monitoring of dynamic phenomena such as vegetation
growth, crop stress, and urban development (Bueno et al., 2023;
Sarkar et al., 2023).

Each PlanetScope satellite is equipped with a pushbroom
multispectral imager that captures data in 4 spectral bands:

e Blue (B1): ~455-515 nm

e Green (B2): ~500-590 nm

e Red (B3): ~590-670 nm

e Near-Infrared (NIR, B4): ~780-860 nm

The spatial resolution of PlanetScope imagery is 3-5 m,
depending on the satellite generation and imaging mode, with a
radiometric resolution of 8 bits (digital values from 0-255). Each
satellite acquires data with a swath width of ~24 km, allowing for
rapid mosaicking across larger areas when combining multiple
satellites in the constellation.

PlanetScope data products are orthorectified, georeferenced to
WGS84/UTM, and delivered in Level-3 Surface Reflectance in some
cases, corrected for atmospheric effects. The frequent revisit rate and
high spatial resolution make PlanetScope particularly suitable for
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agricultural monitoring, crop phenology assessment, disaster
response, and environmental change detection (Tu et al., 2022).
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Chapter 5. Methods
5.1 Data processing and analysis

5.1.1 Meteorological Data

The meteorological data was already provided in a usable format:
by SIAS for the olive orchard and by the standard meteorological
station for the citrus orchard. These datasets were aggregated to a
daily scale and subsequently used to compute the £70 using the PM
equation (3.10).

5.1.2 Eddy covariance Data

For both orchards, the raw EC data were post-processed by means
of the procedure implemented by Manca (2003), virtually analogous
to the FLUXNET standard protocol (Mauder et al., 2008; Pastorello
et al., 2014, 2020). Data de-trending was performed using a running
mean, a coordinate rotation was applied to the sonic anemometer data
to obtain a zero mean vertical and transversal wind speeds, and
correction for spectral loss was performed. In addition, adjustments
for high wind speeds on sonic temperature and Webb—Pearman—
Leuning corrections for water vapor were applied (Moncrieff et al.,
1997) before the final computation of half-hourly fluxes. Moreover,
the protocol assesses units and sign conventions, timestamp
alignments, trends, step changes, outliers based on site-specific
historical ranges, multivariate comparisons, diurnal/seasonal patterns,
friction velocity filtering, and variable availability. Quality checks are
done over single variables, multiple/combined variables, or more
specialized tests.

H[W m?], LE [W m?] as well as NEE [umol m™] were evaluated,
at sub-hourly scale (30 min), as:

H=p-cp- oyr (5.1)
LE = 2 - oyq (5.2)
NEE = oy (5.3)
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where p [g m™~] is the air density, cp [J g'! K!] is the air-specific
heat capacity at constant pressure, owr [m K s7!] is the covariance
between vertical wind speed and air temperature, A [J g''] is the latent
heat of vaporization and owo [g m™ s!] is the covariance between
vertical wind speed and water vapor density and, o,.c [umol m]is the
covariance between vertical wind and CO concentration.

The method suggested by Prueger et al. (2005), based on the
Closure Ratio (CR), was used to assess the surface energy balance
closure. When the energy storage in the soil is neglected, CR
represents the slope of the regression line between the available
energy given by the difference of the net radiation (R,) and the soil
heat flux (Gy), and the sum of the turbulent heat fluxes (LE + H) only
evaluated from the subset of half hourly data corresponding to R, >
100 W m2:

LE+H

CR = m (5.4)

To guarantee the consistency of the daily data, only the days with
48 half-hourly measurements were considered.

The footprints of the flux towers, which identifies the area on the
ground encompassing at least 70% of the flux source, are shown in
Figure 5.1.

High

Flux Footprint
Contribution

from: Cammalleri et al., 2013
Figure 5.1 EC tower footprint in the experimental fields
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For the EC tower in the olive orchard, it was retrieved by
Cammalleri et al. (2013); instead, for the one in the citrus orchard
from Ippolito et al. (2023).

Moreover, all the records acquired in days when the rainfall height
was higher than 2.5 mm were excluded. Eddy covariance
measurements are typically excluded on those days because
precipitation can disrupt the accuracy of the vertical turbulent fluxes
readings, introducing noise and skewing evapotranspiration estimates
due to water accumulation on the sensors and temporary surface
evaporation rather than natural atmospheric fluxes (Baldocchi, 2003;
Aubinet et al., 2012).

All the fluxes at the half hourly time steps were then aggregated
at the daily time step.

5.1.3 ERA5-Land

Daily reanalysis data of air temperature, global solar radiation,
dew-point temperature, and the two components, eastward and
northward, of wind speed measured at 10 m above the ground were
downloaded using the ERAS-Land Daily Aggregated - ECMWF
Climate Reanalysis dataset, available in the Google Earth Engine
(GEE) platform (https://developers.google.com/earth-
engine/datasets/catalog/ECMWF _ERAS LAND DAILY AGGR?hl
=it). GEE is a cloud-based platform designed for geospatial
visualization and analysis of large-scale datasets at a planetary level.
It is freely accessible to academic, non-profit, business, and
government users (Gorelick et al., 2017). By leveraging cloud
computing technologies, GEE effectively addresses the challenges of
managing and processing big data, offering an innovative approach to
handle remote sensing information.

The relative air humidity, not directly downloadable from the
reanalysis database, was calculated as the ratio between actual
(es(Tuew) [kPa]) and saturated (es(7.) [kPa]) vapour pressure
calculated in function of Tyew, and Tu, respectively. Following the
formulas suggested by Allen et al. (1998):
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€q (Tdew)
es(Ta)

RH =100 - (5.5

Wind speed at 10 m above the ground level (Usp [m s']) was
calculated using the two components according to the methodology
proposed by Allen et al. (1998).

Moreover, the wind speed at 2 m above the ground (U [m s7])
was calculated based on the wind speed at 10 m (U;o[m s7']) retrieved
by the ERAS-L database, assuming valid the logarithmic wind speed
profile (Allen et al. 1998):

4.87
=l
n(67.8-10 — 5.42)

U, (5.6)

The application of this relationship results in a multiplication by a
constant equal to 0.75. To assess the reliability of this coefficient,
additional values were also tested within a range from 0.05 to 1.

A comparison between in sifu and reanalysis data was conducted
in both the experimental sites. This analysis, where both databases
were available, allowed to evaluate the suitability of reanalysis
meteorological variables when ground data are not available.

Moreover, three categorical indices were applied to analyse the
precipitation against in situ data: Probability Of Detection (POD),
False Alarm Ratio (FAR), and Critical Success Index (CSI). POD
measures the fraction of observed events that were correctly
predicted, FAR quantifies the fraction of predicted events that did not
occur, and CSI accounts for both missed and falsely predicted events,
providing a balanced assessment of categorical skill.

Hits

POD = ——=°— (5.7)

Hits+Misses

FAR = False Alarms (5.8)

Hits+False Alarms

CSI = Hits (5.9)

Hits+Misses+False Alarms

102 Dario De Caro



Chapter 5: Methods

where Hits are observed and predicted events, Misses are observed
but not predicted events and False Alarms are predicted but not
observed events.

5.1.4 SILAM Data

The SILAM data were downloaded for the reclamation
consortium area and were provided in a usable format. The database
id composed by global solar radiation, wind speed at 2 m height,
precipitation depth, air temperature, maximum, mean and minimum,
and relative air humidity, maximum, mean and minimum. These data,
at daily scale, correspond to "today-for-tomorrow" forecasts, which
were then compared with the in situ measurements from the SIAS
station located near the olive orchard.

5.1.5 Remote sensing data

5.1.5.1 Olive orchard

MODIS. Since the EC tower acquisition period in the olive
orchard is prior to 2017, it was possible to use only the MODIS data.
MCD43A3 Version 6 product (MCD43A v006) (Schaaf and Wang,
2015) was considered to obtain continuous time-series of nadir
reflectance at the different wavelengths. The continuous time series
of MODIS nadir reflectance were downloaded using the Google Earth
Engine (GEE) platform. The near-infrared, red and shortwave
reflectance were detected respectively in band B2 ranging from 841
to 876 nm, in band B1 ranging from 620 to 670 nm and in band B6,
from 1628 to 1652 nm of the MODIS electromagnetic spectrum.

PlanetScope. PlanetScope data with a 3.125 m spatial resolution
from Planet Labs PBC were downloaded. The data were accessed
from https:// www.planet.com/ through a research and education
license. The PlanetScope Ortho Tile Product (Level 3A) were used.
Level 3A provides surface reflectance for 4 different bands (blue,
green, red, and near-infrared (NIR)). This product provides
orthorectified and preprocessed, including geometric, radiometric,
and atmospheric corrections, scenes. The wavelengths, used to
retrieve NDVI, are centered at 630 nm for the red band (B03) and at
820 nm for NIR (B04).
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Sentinel-2. A database of high-resolution MSI acquired by the
Sentinel-2 triplet satellites allowed a systematic monitoring of the
soil-vegetation system of the irrigation district via time series of the
NDVI and NDWI. Level 2A product was employed. A spatio-temporal
matching filter developed under GEE platform allowed the selection
of cloud-free scenes over the study area during the period in which
the user cards were available (2017-2020). The R package toolbox
“sen2r” (Ranghetti et al., 2020) allowed the downloading and pre-
processing of all the scenes. The pre-processing included cropping the
images to the study area and creating a multi-band stack of all
available spectral bands.

Atmospherically corrected 665 nm (RED) and 842 nm (Near
InfraRed - NIR) bands (labeled as “B4” and “B8”, respectively) were
used to derive the NDVI time-series.

Moreover, Atmospherically corrected 1610 nm (SWIR) band
(labelled as “B11”) was downscaled at 10 m resolution using a
sharpening technique called DisTrad developed by Anderson et al.
(2004). The approach was assessed inside the irrigation district by
selecting two orchards for each fraction vegetation cover (FVC) type:
Bare Soil (BS), Sparsely Vegetated (SV), Moderately Vegetated
(MV), and Highly Vegetated (HV) (Figure 5.2).
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Bare Soil (BS)

Figure 5.2 Study areas within the irrigation district showing the selected fields used
for the DisTrad technique application. Two fields were selected for each FVC type:
bare soil, sparsely vegetated, moderately vegetated, and highly vegetated
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Thus, the downscaled SWIR band and NIR band (labeled as ‘B11’
and BS, respectively) were used to derive the NDWI time-series. Maps
of NDVI and NDWI with a spatial resolution of 10 m, were generated.

A continuous time series of daily VIs were obtained based on
linear interpolations carried out between consecutive pairs of
Sentinel-2 images acquired at two different dates (Pan et al., 2017).

Proximity Sensing. The acquisition system encompassed an MCA-
IT multispectral camera (TETRACAM Inc.: Chatsworth, CA, USA).
The multispectral camera is an 8-bit 6 bands CCD sensor with
customized optical filters set up at 450, 650, 720, and 800 nm. The
field of view was 43°x35°. A remote laptop, which was connected to
an onboard mini personal computer, controlled the camera. The
acquisition instrument was installed on an 8§ m3 helium balloon flying
at 120 m above ground level (a.g.l.). The balloon was secured to the
ground through three Kevlar® ropes. Afterward, the balloon was
slowly let go. An ASD Field Spec Hand-Held spectroradiometer
(Analytical Spectral Device, Inc., Boulder, CO, USA) enabled the
acquisition of ground reflectance between 325 and 1075 nm, which
were used for in-reflectance calibration at the ground level, and the
NDVI assessment. The image was acquired on August 1% 2009 with
at spatial resolutions of 0.12 m.

5.1.5.2 Citrus orchard

Sentinel-2. The same Sentinel-2—based processing workflow was
applied, including the selection of cloud-free Level-2A scenes,
preprocessing with the sen2r toolbox, derivation of NDVI and NDWI
at 10 m resolution, downscaling procedures, and the generation of
continuous daily vegetation index time series through linear
interpolation between consecutive acquisition dates.

Moreover, LAl was estimated from Sentinel-2 optical data by
using the Neural Network approach and configuration from the
SENTINEL 2 Toolbox level2 biophysical variables algorithm ATBD
document (Weiss et al., 2020) and adapted on Google Earth Engine
(GEE) for automated extraction.

Landsat-8/-9. The Landsat-8/-9 images, from Collection 2 Level
2, were downloaded from the US Geological Survey website
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(http://glovis.usgs.gov/). Product is composed by atmospherically
corrected surface reflectance and Land Surface Temperature (LST)
both at 30 m spatial resolution.

Note that LST data are originally acquired at a 100 m resolution
and subsequently resampled (cubic convolution) by USGS to align
with the 30 m reflectance grid. The joint use of both satellites
provided acquisitions over the experimental field every 8 days (16
days before Landsat-9 launch in 2021) before cloud filtering.

As done for Sentinel-2 images, the matching filtering procedure,
with the cloud mask product of the Level 2, allowed selecting cloud-

free scenes.

The NDVI was computed using 655 nm (RED) and 865 nm (NIR)
bands (labeled as “SR_B4” and “SR_B5”, respectively). NDVI was
used to estimate the emissivity (¢) with the formula suggested by
Valor (1996). Whereas the albedo (o) time series was retrieved
according to the V03 methodology suggested by (Andres-Anaya et
al., 2023). The LST time series was derived directly from the
“ST B10” band, which was derived from the thermal infrared (TIR,
11000 nm) band of Level 1 after correction for atmospheric and
emissivity effects in Level 2. To approximate the original 100 m
thermal resolution and avoid artifacts introduced by the cubic
convolution resampling, the LST (product offered at 30 m) were
upscaled to 90 m by computing the mean and the standard deviation
of the nine pixels around the EC tower.

5.2 Soil Plant  Atmosphere and Remote Sensing
Evapotranspiration (SPARSE) model

The Soil Plant Atmosphere and Remote Sensing
Evapotranspiration (SPARSE) is a Surface Energy Balance (SEB)
model, which can be implemented in two versions (parallel and series
soil-plant resistance network schemes). The SPARSE implementation
requires in situ meteorological data (as global solar radiation, air
temperature, relative air humidity and wind speed), NDVI, LST and
albedo (&) and derived LAI intermediate products. The SPARSE
model allows the estimation of the instantaneous soil (subscripted
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with ‘s”) and vegetation (subscripted with ‘v’) energy fluxes (net
radiation, R,s and R,; sensible heat flux, H; and H,; latent heat flux,
LE; and LE,; ground heat flux, Gy at the time of satellite overpass.
More details regarding SPARSE are reported in Boulet et al. (2015)
and Lagouarde and Boulet (2016).

To upscale the latent heat fluxes at the satellite overpass time to
daily scale, the approach proposed in Cammalleri et al. (2014), based
on to the ratio between latent heat fluxes and global solar radiation,
R,, was used. Finally, daily LEy and LE, were converted into £ and 7,
respectively, using the conversion factors table reported in Allen et al.
(1998).

The rationale for using a SEB model driven by LST data lies in its
independence from ancillary inputs such as irrigation volumes, which
are often unavailable or highly uncertain. By relying on remotely
sensed thermal data and basic meteorological inputs, this approach
enables the estimation of surface energy fluxes, including evaporation
and transpiration, without requiring explicit knowledge of supplied
irrigation volumes or relying on potentially uncertain simulated
irrigation.

Three combinations were employed: 1) wusing in situ
meteorological data, LS7T, and albedo and Sentinel-2 derived NDVI
and LAI; 2) replacing NDVI, LST and albedo with Landsat-8/9 data;
3) replacing in situ data with ERAS-Land reanalysis while
maintaining Landsat-8/9 inputs and Sentinel-2 derived LAl The
SPARSE model was applied to the citrus orchard for irrigation
seasons from 2019 to 2025.

5.3 SAtellite Montoring for IRrigation (SAMIR)

The SAtellite Montoring for Irrigation (SAMIR) is a spatially
distributed FAO-2Kc-based (Allen et al., 1998) Soil Water Balance
(SWB) model. The SAMIR implementation requires crop reference
evapotranspiration and precipitation depth data, as well as soil texture
and crop type characteristics (i.e., root zone depth and hydraulic
properties) and NDVI time series. This latter used to derive the basal
crop coefficient, K5, and the fractional vegetation cover. SAMIR can
be either forced with measured irrigation, or it can simulate irrigation
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based on rules related to the modelled soil water content (SWC).
SAMIR allowed estimating daily SWC, transpiration (7)), evaporation
(E), and actual evapotranspiration (E7,, sum of 7"and E). More details
regarding SAMIR are reported in Simonneaux et al. (2009), Saadi et
al. (2015) and Laluet et al. (2023).

Two irrigation modes were tested: a) by considering the known
farmer irrigations and b) by employing simulated irrigation triggered
by SAMIR based on rules related to the modelled SWC. The mode-a
was in turn tested considering two different combinations: 1a) using
in situ and 2a) using ERAS5-Land reanalysis meteorological variables
to estimate crop reference evapotranspiration and precipitation depth.
Both modes used Sentinel-2 NDVI-derived maps.

Testing two different modes and assessing differences between
provided and simulated irrigation volumes allowed evaluating biases
between these two irrigation strategies. Irrigation volumes data are
generally unavailable or difficult to obtain for large areas. For this
reason, it is essential to evaluate SAMIR ability to simulate irrigation
volumes.

The SAMIR model was applied to the citrus orchard for irrigation
seasons from 2018 to 2025.

5.4 NDVI-Cws method

The NDVI-Cws method involves the estimation of ET, by
separating the contribution of £ from 7, through the use of the concept
of FV'C (Maselli et al., 2014, 2019):

ET, = ETy - K, - [FVC - Cws + (1 — FVC) - AW] (5.10)

where FVC is linearly derived from NDVI images (see section
5.4.1 FVC vs NDVI); while Cws, which is also defined for woody and
non-woody plants following Maselli et al. (2014, 2019), is a short-
term water stress factor, and AW, which is the available water, is the
ratio between P+/ and ETo-K., both cumulated over two months
(TM=60) for trees and one month (TM=30) for grasses are two scalar
coefficients that account for water stress:
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AW = ZTM P+1 (5.11)

day=1 ET, - K,

CSW = 0.5+ 0.5 - Aw (5.12)

Since AW is set to 1 when precipitation exceeds E70, Cws can vary
between 0.5 (when there is maximum water shortage) and 1 (when
there is no water shortage).

The model was applied in the citrus orchard experimental field in
the 2019-2025 irrigation seasons.

5.4.1 FVC vs NDVI

As anticipated in section 2.2.2 Plant-Atmosphere layer on plant
optical properties, NDVI can be considered a proxy for F'VC. Through
the application of advanced image processing techniques and spectral
analysis, this approach sought to accurately quantify the proportion of
the land surface covered by green vegetation by identifying a linear
functional relationship between FVC and NDVI. The analysis was
carried out within irrigation district 1A, where a set of irrigated plots
was selected. These plots were characterized by different planting
densities and different plant ages. Specifically, the study was
conducted on 25 plots, each containing approximately 100 plants
(Table 5.1).
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Table 5.1 Plot characteristics

Fields Planting n° of
area spacing trees
ID | [m’] [m] [-]
1 438476  8.0x 8.0 81
2 3713.45 6.0x6.0 100
3 3862.62 6.0x6.0 98
4 481997 7.0x7.0 100
5 4950.07 7.0x7.0 100
6 338390 5.0x7.0 94
7 789235 9.0x9.0 100
8 425252 7.0x7.0 98
9 686530 8.0x8.0 108
10 7196.07 9.0x9.0 96
11 2107.3 6.0x4.0 88
12 473573 7.0x7.0 99
13 | 7663.64 8.0x9.0 100
14 | 364342 6.0x6.0 100
15 | 2717.15 5.0x5.0 100
16 | 519198 7.0x7.0 100
17 | 7839.79 9.0x9.0 100
18 | 3891.89 Random 104
19 45504 6.0x6.0 96
20 | 4256.07 6.0x6.0 97
21 | 567531 8.0x8.0 100
22 | 517250 7.0x7.0 98
23 | 4962.17 7.0x7.0 98
24 | 575528 8.0x8.0 100
25 485741 7.0x7.0 100

During the irrigation season, farmers regularly apply tillage
practices to maintain the fields free of sporadic weeds, thereby

minimizing soil background interference.

FVC was estimated using aerial imagery available from the
Google Earth Pro® platform (version 7.3.4.8642), referring to July
04" 2019. At first, for each identified field, the tree canopy area was

vectorized (Figure 5.3).
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Figure 5.3 Example of tree canopy are digitization, showing the delineation of
individual tree crowns within one field

Furthermore, data from different remote sensing platforms were
used to assess the effect of spatial resolution on the linear relationship
(i.e., Sentinel-2 [July 02" 2019], Landsat-8 [July 05" 2019] and
PlanetScope [July 03" 2019]).

Thus, FVC was calculated as the ratio between the total area
occupied by vegetation and the area of the examined portion (e.g.,
field and/or pixel). Thus, the analysis was performed using two
different approaches: a field scale approach and a pixel wise
approach.

Field scale approach. Only the pixels entirely inside the plot
perimeter were considered for each plot (Figure 5.4).

Y. (Canopy area)
(n° pixel) - (pixel area)

FVC = (5.13)

The NDVI was obtained as the average value of all the pixel. In
this approach, a pair of values (FVC and NDVI) was obtained for each
field, resulting in a total of 25 pairs.

Figure 5.4 Example of a Sentinel-2 grid fully contained within the field perimeter
(left) and the intersection of the grid with the field perimeter (right)
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Pixel wise approach. FVC was evaluated pixel by pixel, always
only for the pixel entirely inside the plot perimeter.

(Canpy Area)

FVC = (5.14)

(Pixel area)

The NDVI is related to the analyzed pixel. In this approach, for
each field there were as many value pairs (FVC and NDVI) as the
number of pixels contained within the field. For example for the field
in Figure 5.4, 62 pairs were available.

Finally, considering only the Sentinel-2 data, the field scale
approach was conducted using two tree canopy area vectorization
approaches: the previously described (precise method) and a more
rapid/simplified method (swift method).

Precise method. All trees within the examined portion were
vectorized and the total canopy area was computed.

Swift method, only 25% of the trees were vectorized; the average
canopy area, derived from this subset, was then multiplied by the total
number of trees within the examined portion (Figure 5.5).

A A

Precise method Swift method
Figure 5.5 Example of canopy digitization using the precise method (left) and the
swift method (right)

The Field scale approach with the Precise method, using a
Sentinel-2 [July 22" 2019] image, was subsequently applied to the
citrus orchard. To further strengthen the analysis and enlarge the
dataset, 15 additional neighboring fields with similar agronomic and
structural characteristics were also included in the analysis (Table
5.2).
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Table 5.2 Plot characteristics

Fields Planting n° of

area spacing  trees
D [m?] [m] [-]
1 190643 5.0x5.0 81
2 204330 5.0x5.0 80
3 1900.22 5.0x5.0 75
4 1973.64 5.0x5.0 81
5 1840.62 5.0x5.0 80
6 1978.64 7.0x7.0 82
7 1201794 7.0x7.0 130
8 200529 6.0x6.0 80
9 200676 6.0x6.0 80

10 883.96 8.0x8.0 80
11 | 1906.07 7.0x7.0 80
12 953.13 8.0x8.0 84
13 | 112493 Random 114
14 | 217881 6.0x6.0 79
15 | 1975.01 7.0x7.0 68

FVC was estimated using aerial imagery available from the
Google Earth Pro® platform (version 7.3.4.8642), referring to July
2412019,

5.5 Eddy Covariance-based partitioning method

The EC-based partitioning method is an approach to retrieve
transpiration (7)) and evaporation (£) from EC measurements via the
estimation of soil and canopy conductances. The latter are assumed to
be proportional to: 1) the Gross Primary Production (GPP); ii) the
ecosystem conductance, retrieved by inverting the E70 Penman-
Monteith equation (Allen et al., 1998), Gi; iii) the leaflevel vapor
pressure deficit, VPD; (Lin et al., 2018) at the ecosystem scale; and
iv) the SWC at the top soil layer.

Although a general description of the EC-based partitioning
method is reported in Li et al. (2019), and while most of the inputs are
directly derived from observations, the description of how GPP is
estimated from EC observation is not sufficiently discussed. The GPP
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was evaluated as the difference between the turbulent CO: flux,
recorded by the EC tower, also called Net Ecosystem Exchange
(NEE), and an estimation of the soil Respiration (Re). NEE was
directly derived from the EC measurements as the covariance between
the CO; concentration and the vertical wind speed and, a CO» storage
term. The latter, accounts for CO- accumulation within the canopy air
space and it is often neglected during daytime when the strong
atmospheric mixing cause its considerably decreasing (Goulden et al.,
1996; Aubinet et al., 1999; Loescher et al., 2006). According to
Loescher et al. (2006), micrometeorological convention was used to
discriminate positive and negative NEE values. NEE is negative when
photosynthesis prevails over respiratory processes; thus, it stands for
ecosystem carbon uptake.

According to Lloyd and Taylor (1994), Reichstein et al. (2005)
and, Davidson and Janssens (2006) the diurnal respiration (Reqqy) can
be evaluated as:

Regqy = Reyign: - P - (Taay=Tnight) (5.15)

where Renign 1s the nocturnal respiration, which is equal to the
nocturnal NEE as there is no photosynthesis by night; Ty, is the mean
diurnal air temperature; and, Tyien the nocturnal one. 3 is a parameter
assumed equal to 0.1 (Lloyd and Taylor, 1994; Reichstein et al., 2005;
Davidson and Janssens, 2006).

The EC-based partitioning method was applied to the citrus
orchard only for two irrigation seasons (2018-2019).

5.6 Gaussian Process Regression (GPR) algorithm

To estimate the missing data in the ET. time series and predict
outcomes in both the experimental fields, the Gaussian Process
Regression (GPR) model was exploited for its power, among other
machine learning algorithms, to make predictions relying on a few
parameters.

The model establishes a relation between the independent input
variables, x;, (e.g., meteorological variables, soil water status, and
VIs), and the dependent variable, y, represented by the actual crop
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evapotranspiration. Specifically, the regression model built by the
GPR is:
y=f(x)+e~ N(m(x), k(x,x’)) +e& (5.16)
where x and y denote the input and output in the training dataset
and f{x) is known as latent variable in the GPR model, and ¢ is the
noisy observations of the true function expressed as a normal
distribution characterized by a mean equal to zero and variance ;2
estimated from the data. The Gaussian process f{x) can be defined by
its mean m(x) and covariance kernel k(x,x’) functions, represented
respectively by a vector and a matrix in the form:

m(x) = E[f ()] (5.17)
kGex) = E[(£00) = m(x0) - (F&) = m(x')] (5.18)

The mean (basis) function of the GPR model can be assumed
constant, with a value set to zero, equal to the mean of the training
dataset, or by using a linear function. The kernel (covariance) function
represents a geometrical distance measure assuming that the more
closely located inputs would be more correlated in terms of their
function values. The covariance kernel function can be assumed as
rational quadratic, squared exponential, exponential, or using a
Matern kernel. More details on the GPR model can be found in
Rasmussen (2006).

To identify the best m(x) and k(x,x’) functions, the machine
learning model based on the GPR was implemented by using a
Matlab® script, which was used to test fifteen possible combinations
of the mean and covariance kernel functions: three mean functions
(Zero, Constant, and Linear) and five covariance kernel functions
(Squared Exponential, Matern 5/2, Matern 3/2, Rational Quadratic,
and Exponential).

The Squared Exponential kernel, also called Gaussian kernel or
RBEF kernel, is defined as (Rasmussen, 2006):

1(x—x)T(x—x")
2 A

k(x,x") = oZexp (— ) + 02X (5.19)
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where (x —x")T(x —x') can be regarded as the squared
Euclidean distance between two eigenvectors and as, As and o¢ are
three hyperparameters. 6 controls the marginal variance of f{x) and
is referred to as variance parameter, which is used to characterize the
deviation of the fitting function from the signal mean value. When ¢
is small, the fitting function deviates from the signal mean value
slightly. When o2 is large, the fluctuation of the fitting function will
become larger (Pan et al., 2021). As is the relative characteristic length
scale, which is used to describe the smoothness of the function. When
As 1s small, the dynamic response performance of the fitting function
is better than when it is high, but it is accompanied by the risk of
overshooting; when As is large, the resultant function tends to be
smooth. g2 represent the measurement error. X is the indicator
function.

The Matern function kernel is named by Stein (1999) after the
work of Matérn (1986). It can be written as:

G =T =) ? | (G- a-0)
WE-TG-F)) e+ ¢ @+D! (Bl —xG-N))" L, (5.20)

kx x) = oj exp (‘ T “Tap+ DL 0G- D! .

where v is a chosen parameter equals to (p + %2), the definitions of
om and Ay are like those of a5 and As, where the subscripts indicate the
reference to the kernel function name. /" is the Gamma function. The
Matern kernel is characterized by the parameter v. According to
Rasmussen (2006), we set v equal to 3/2 and 5/2.

The Rational Quadratic kernel can be treated as a scale mixture of
Squared Exponential kernels with the different characteristic length-
scales (Rasmussen, 2006):

(=) e=x)) "
kCox) = of (14 522 E20) Ty g2y (521)
2apAy

The hyperparameters oz, Az and o, are like those in the definition
of Squared Exponential and Matern, where the subscripts indicate the
reference to the kernel function name. Rational Quadratic has a
positive-valued scale-mixture parameter oar that can determine the
relative weighting of large-scale and small-scale variances. Rational
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Quadratic kernel is equivalent to a scale mixture of Squared
Exponential kernels with different relative characteristic length scales
(Roberts et al., 2013). The rational quadratic kernel has a wide scope,
which could help the prediction performance also when small input
database is used and to improve the generalization ability and the
dynamic response performance (Shi et al., 2022; Yang et al., 2022).
Finally, the mathematical formula of the Exponential kernel is as
follow (Rasmussen, 2006):
Ve=xNTGe—x")

) + 02X (5.22)
Af

k(x,x") = afexp (—

The hyperparameters oy, Ar and o, are defined previously, where
the subscripts indicate the reference to the kernel function name.

Thus, to find the best functions, the analysis was carried out by
considering the complete dataset of the input variables acquired in the
citrus orchard, from 2018 to 2025, including: the standard weather
variables, accounting for the characteristics of ETo and two
vegetation indices (VIs), such as NDVI and NDWI, accounting for the
characteristics of the vegetation and the water content, with impact on
K. and K; (Lei and Yang, 2014; Pdgas et al., 2020). Once identified
the best m(x) and k(x,x’) functions, using the complete database, two
more different possible combinations of the input variables were
considered to reduce the computational burden and extend the time
series.

The second combination considers only the meteorological
variables, whereas the last combination (three) included only
variables acquired from remote platforms and available online, such
as the meteorological variables and the Vls.

To assess the model suitability using the best m(x) and k(x,x’)
functions previously retrieved, for the olive orchard, the three
combinations were also assessed in 2009-2010-2011.

5.6.1 Feature analysis

The potential input features, as well as the target feature (E7%),
were analyzed by: 1) calculating a set of descriptive statistics for each
variable, including mean, the average value, representing the central
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tendency of the data; standard deviation, a measure of the dispersion
of the values around the mean; standard error, an estimate of the
variability of the sample mean relative to the true population mean;
Median, the middle value of the data when sorted, providing a robust
measure of central tendency; variance, the square of the standard
deviation, indicating the spread of the data; maximum, the largest
observed value; minimum, the smallest observed value; range, the
difference between the maximum and minimum values, showing the
full span of the data; kurtosis, a measure of the "tailedness" of the
distribution, indicating the presence of outliers; skewness, a measure
of the asymmetry of the distribution around the mean; ii) a scatter
matrix which shows at a glance the relationship between each two
features: the scatter plot at row n and column m shows the n-th feature
as a function of the m-th feature. This is helpful to spot correlations
in the dataset, since the sparser are points in a plot, the more
uncorrelated are the two corresponding features. Finally, the plots in
the diagonal represent the kernel density estimation of each feature,
which is an estimate of their probability density function; iii) the
Pearson correlation coefficient, which measures the linear correlation
of each couple of features. It ranges between 1 and -1; the sign of the
coefficient reflects the slope of the linear relation); iv) the Feature
Importance Scores (F1S), computed using the Gradient Boosting
Regressor (Kadiyala and Kumar, 2018), of each variable in the dataset
for the prediction of ET,. The higher the FIS, the more important the
feature. The importance of a feature is computed as the (normalized)
total reduction of the criterion brought by that feature and is also
known as the Gini importance (Ravindran et al., 2021).

5.6.2 K-fold cross-validation for machine learning model

The best combination of m(x) and k(x,x’) functions of the GPR
model, as well as the performances associated with the other variables
combinations, were evaluated using the K-fold cross-validation
(Mosteller et al., 1968). Cross-validation is a statistical method in
which the database is randomly divided into K different groups, each
one containing the records corresponding to the natural number
closest to Ki/K, in which K; is the total number of records. Model
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validation follows an iterative procedure in which a group is used as
test set, while the other K-1 groups are used for training. The
procedure is stopped after K iterations and therefore after using each
group as test set. This iterative statistical analysis reduces the
possibility of overfitting problems (Nguyen et al., 2021) occurring
when the model fits well the training data but fails in the prediction
phase due to the noise or random fluctuations in the training data
(Namasudra et al., 2023). In this study, the value of K was set up as
equal to five and therefore 80% of the entire database was used for
training, while the remaining 20% was used for testing purposes.

For each iteration, all the statistical indicators, shown in the next
5.8 Definition of the adopted statistical indices section, were
evaluated. Finally, the model performances were analyzed as the
mean of all the K performed iterations.

5.7 IRRILEARNING model

On the olive orchard and at the larger scale of the irrigation
district, once the ML model was trained and validated, it was
integrated with the FAO-56 model. The combination of these two
approaches led to the development of the IRRILEARNING model.
This hybrid model combines the strengths of data-driven techniques
with established agronomic methodologies to provide a
comprehensive decision-support tool for irrigation management.

IRRILEARNING uses meteorological data, measured or
forecasted, together with vegetation indices and either the irrigation
calendar or specific irrigation intervention thresholds, to generate
time series of E7, and SWC. These outputs allow for the assessment
of crop water stress and offer a robust basis for managing, analysing,
and verifying irrigation practices. By integrating diverse sources of
information within a single framework, IRRILEARNING supports
informed decision-making aimed at optimizing water use, improving
crop performance, and enhancing the sustainability of irrigation
strategies.

Three different IRRILEARNING configurations are available
(Figure 5.6):
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1) Support and check. With this configuration, the model aids
in assessing ongoing irrigation management by providing
real-time or near-real-time feedback to check if the
irrigation supplies are aligned with crop water needs;

i1) Forecasting. IRRILEARNING allows for the creation of
optimized irrigation schedules based on forecast data,
enabling farmers and water managers to forecast water
requirements and organize resources accordingly;

iil) Scenario Management. The model supports scenario
analysis, allowing users to simulate different irrigation
strategies under varying climatic conditions (i.e. rain
temporal distribution). This configuration is particularly
valuable to consider changing weather patterns or resource
constraints; thus, allowing driving the irrigation
scheduling for an enhanced and resilience farming
practice.

ET,-SWC - Ks

SUPPORT
and
CHECK
Observed Input

SCENARIO
MANAGEMENT
Modelled Input

FORECASTING
Modelled Input

Figure 5.6 IRRILEARNING framework
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5.8 Definition of the adopted statistical indices

To enable an objective assessment of the datasets considered in
this work, (i.e., in situ measurements, model outputs, and externally
sourced data products) a set of widely used statistical indices was
employed. These metrics provide a consistent framework for
quantifying agreement, accuracy, and discrepancies among the
different data sources, regardless of their origin or underlying
generation process. The selected indices offer complementary
information, capturing both systematic deviations and the overall
dispersion relative to the reference values.

e The Root Mean Square Error (RMSE) whose target value
is zero if there are no differences between simulated and
observed values:

RMSE = [H=) (5.23)
e The Mean Bias Error (MBE), whose target value is zero;
positive values represent an overestimation of the
modelled values compared to the observations, and vice
versa for negative values (Kennedy and Neville 1986):
Z?:l(xi - .VI)

MBE = =———~ (5:249)
n

e The Mean Absolute Error (MAE) representing the distance
between the predicted and observed values, with a target
of zero:

MAE = Tzl (5.25)

e The coefficient of determination (R?) whose unitary target
indicates that the variance of the observed values is totally
explained by the model (Eisenhauer, 2003):

N )2
R2:1_M (5.26)

YR (xi—%)?
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e The regression coefficient (b), whose target is one,
representing the angular coefficient of the regression line
between simulated and observed values forced to the
origin:

_ Z?:l(xi 'Yi)
=D (527

e The coefficient of determination (R’/b]) of the regression
line between simulated and observed values forced to the
origin:

Rz [b] — Z?=1(xi Vi) (5.28)
N

e The Nash-Sutcliffe efficiency coefficient (NSE), whose
target values is one; a value of this indicator between 0.0
and 1.0 indicates an acceptable model performance,
whereas a negative value indicates that the mean of
observed values is a better predictor than the simulated
ones and therefore the performance is unacceptable (Nash
and Sutcliffe, 1970):

_ _Z?:1(xi'J/i)2
NSE =1- S22 (5.29)
where x; are the reference data, y; are the data that need to be

analyzed, X is the mean of the reference data and n is the number of
the data.

Dario De Caro 123






PART III

Applications, Results and Discussion

Dario De Caro






Chapter 6. Results and discussion
6.1 Meteorological conditions at experimental sites

6.1.1 Olive Orchard

According to the carried-out analyses, the experimental olive
orchard was monitored from 2008 to 2011 and from 2017 to 2020.

During the period 2008-2011, the experimental site exhibited
meteorological conditions characterized by an average Tumean Of
17.64 °C, with seasonal extremes ranging from 3.85 °C to 31.85 °C.
The RHnean showed an average value of 67.09%. R displayed marked
seasonality, with maximum values in August and minimum values in
December, reaching an average daily value of 17.29 MJ m2 day .
Total annual precipitation amounted to 434.20 mm in 2008, 915.40
mm in 2009, 747.20 mm in 2010, and 538.20 mm in 2011,
concentrated mainly between October and March, whereas the
months from April to September were generally drier. In the second
interval, 2017-2020, the average Tyean was 17.22 °C, while the mean
relative humidity reached 69.12%. Ry confirmed the same seasonality
observed in the first period. Total annual P reached 588.60 mm in
2017, 889.40 mm in 2018, 650.80 mm in 2019 and 557.40 mm, with
the same seasonal distribution as in the first period (Figure 6.1).
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Figure 6.1 Daily temporal dynamic of: (a) precipitation depth (P) (blue bars),
maximum (Tamax) (red line), mean (Ta-mean) (green line) and minimum (Tamin) (blue
line) air temperature; (b) maximum (RHwmax) (red line), mean (RHwmean) (green line)
and minimum (RHwis) (blue line) relative air humidity; (c) global solar radiation
(Rs) (black line) and wind speed measured at 2 m from the ground (U;) (orange
bars) in the periods 2008-2011 and 2017-2020
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Thus, the orchard is characterized by a Hot summer
Mediterranean climate (Csa) (Kottek et al., 2006), according to the
last version of the Kd&ppen climatic classification, with rainfall
concentrated in fall and winter and quite hot and dry summer.

By comparing the cumulative annual rainfall with the volumes of
irrigation applied, it is possible to observe that water is supplied to the
crop primarily during the dry months. The irrigation events provided
by the farmer consisted of three in 2009 with a total volume of 80
mm, one in 2010 with a total volume of 33 m, and five in 2011 with a
total volume of 150 mm (Figure 6.2).
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Figure 6.2 Cumulative precipitation depth (XP) (blue lines) and Irrigation volumes
(ZI) (red lines) in the period 2009-2011

The limited number of irrigations in the first two years can be
attributed to higher rainfall in the previous months. Considering that
the farm where the plots are located primarily produces olive oil, the
crop was intentionally subjected to mild water stress, as stressed olive
trees tend to produce higher-quality yields. Conversely, in 2011, due
to a lower number of rainy events, the farmer had to supply a larger
total volume of water, distributed over five irrigation events.

Figure 6.3 shows the temporal dynamics of E7,, ETo, and P. ETo
reflects the atmospheric evaporative demand driven by
meteorological conditions, whereas E7, represents the actual water
losses from the olive trees and soil, integrating SWC availability and
vegetation physiological responses. Daily rainfall bars indicate the
timing and magnitude of precipitation events. Both E7, and ET,
exhibit a pronounced seasonal pattern, with maximum values
occurring in summer and minimum values in winter, closely
following the annual course of R,. Gaps in the ET, time series are
present. These missing data points are due both to instrumental
malfunctions, as the sensors used are highly sensitive, and to the
deliberate exclusion of days when daily rainfall exceeded 2.5 mm d'.
On these rainy days, ET measurements were discarded to avoid
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distortions associated with canopy and soil wetting and the
consequent alteration of sensor signals.

2
o

(=) -
(== B ]

o0
o
P [mm d]

\)
Figure 6.3 Daily temporal dynamic of precipitaion depth (P) (blue bars), crop
reference evapotranspiration (ETo) (black line) and actual evapotranspiration (ET,)
(red dots) (2009-2011)

The ET,accuracy was verified based on the CR (5.4) (Figure 6.4).
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Figure 6.4 Closure ratio computed only when R, > 100 W m. Relationships
between available energy (R,-Go) and turbulent heat fluxes (H + LE) measured by
the EC tower in the period 2009-2011; the dashed light blue lines are the 1:1 lines

(perfect match)

The average values of CR resulted equal to 0.98 in 2009, 0.99 in
2010 and 0.99 in 2011.

For tree crops, Kustas et al. (1999) considered acceptable values
of CR ranging between 0.80 and 0.90. Values of the CR, equal to 1.08
and 1.03, were obtained by Er-Raki et al. (2009) in two citrus orchards
in south Morocco characterized by a semi-arid Mediterranean climate.
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6.1.2 Citrus Orchard

Also the experimental citrus orchard is located in a zone
characterized by a hot-summer Mediterranean climate (Csa) (Kottek
et al., 2006), according to the latest version of the K&ppen climate
classification, with rainfall concentrated in autumn and winter and
hot, dry summers. Thus, during the period 2018-2025, the site
exhibited climatic conditions characterized by an average Tu-sean Of
18.92 °C, with seasonal extremes ranging from -4.44 to 45.94 °C. The
relative humidity showed an average value of 71.04 %. Global solar
radiation displayed marked seasonality, with maximum values in July
and minimum values in December, reaching an average daily value of
16.50 MJ m™ day'. Total annual precipitation amounted to 923.65
mm in 2018, 550.90 mm in 2019, 541.70 mm in 2020, 917.55 mm in
2021, 518.39 mm in 2022, 455.17 mm in 2023, 530.57 mm in 2024,
and 746.02 mm in 2025, concentrated mainly between October and
March, whereas the months from April to September were generally
drier (Figure 6.5).
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Figure 6.5 Daily temporal dynamic of: (a) precipitation depth (P) (blue bars),
maximum (Tamax) (red line), mean (Tamean) (green line) and minimum (Ta-min) (blue
line) air temperature; (b) maximum (RHwmax) (red line), mean (RHwmean) (green line)
and minimum (RHwis) (blue line) relative air humidity; (c) global solar radiation
(Rs) (black line) and wind speed measured at 2 m from the ground (U;) (orange
bars) in the period 2018-2025

As in the olive orchard, irrigation volumes are supplied during the
dry season (May—September). However, in this case, since the crop is
citrus and the farmer’s objective is to obtain fruits of high quality and
quantity, the irrigation volumes applied are higher. The RDI strategy
introduced in 4.2, Experimental Field I — Citrus Orchard, was
applied in the years 2018, 2019, 2020, and 2022. In 2021 and 2023,
due to the heatwave conditions during the summer, the farmer chose
not to apply for the RDI. Throughout these six irrigation seasons,
irrigations were nevertheless carried out predominantly using the
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subsurface drip irrigation system, while sporadic aid irrigations were
supplied using the old micro-sprinklers system.

Conversely, in 2024 and 2025, extremely heatwaves conditions
were accompanied by severe drought conditions, which forced the
farmer to return to the traditional irrigation strategy, based on bi-
weekly applications, with water supplied through the micro-sprinkler
system (Figure 6.6).
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Figure 6.6 Cumulative precipitation depth (XP) (blue lines) and Irrigation volumes
(Z]) (red lines) in the period 2018-2025

SWC dynamics were monitored using Drill & Drop probes.
Measurements were carried out down to a depth of 60 cm, with
readings taken every 10 cm. The dynamics shown in Figure 6.7 refer
exclusively to the irrigation season (15 May — 30 September). The
black dots represent the soil water content averaged between 10 and
50 cm, where citrus roots are most active. These averaged series are
characterized by low standard deviation values, indicating a relatively
uniform SWC distribution within the active root zone. The coloured
band at the bottom of the figure instead shows the SWC at each 10 cm
layer. It can be observed that smaller irrigation events supplied by the
subsurface drip irrigation system cause an increase in SWC only
between 30 and 40 cm depth, where the drip line is located. Larger
irrigation volumes, on the other hand, are supplied using the old
micro-sprinkler system, as evidenced by an increase in SWC in the
upper soil layer, which then propagates to deeper layers over the
following days. The same behavior is observed after rainfall events.
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The time series are characterized by a few gap-filled intervals due to
temporary malfunctioning of the probes.
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Figure 6.7 Daily temporal dynamics of precipitation depth (P) (blue bars), irrigation
supllies (I) (red bands), mean SWC in layers from 10 cm to 50 cm and standard
deviation (black dots and vertical lines) in the irrigation seasons 2018-2021; for
each irrigation season the detail of SWC measured each 10 cm depth in the layer 10
cm — 60 cm is also shown

The citrus orchard was monitored with sap-flow sensors only
during the irrigation seasons of 2018 and 2019, whereas E7, has been
monitored since 2019 (Figure 6.8) by the eddy covariance tower. As
in the olive orchard, the seasonality of both ET, and E7o is clearly
evident, with maximum values in summer and minimum values in
winter. These dynamics closely follow those of Rs. The farmer
generally allows to keep the soil weed-free, performing recurrent
weed control in order to avoid water competition. However, this
management activity was somewhat neglected in 2021, when a
marked increase in ET, values can be observed, most likely probably
due to transpiration from weeds. In the years when irrigation volumes
were supplied through the subsurface drip irrigation system, the
increase and decrease of ET, were gradual and followed the seasonal
cycle, since water was applied approximately every 2-3 days.
Conversely, in 2024 and 2025, when irrigation volumes were supplied
exclusively via the old micro-sprinkler system, there was a sharp
increase in ET, immediately after each irrigation event and a
pronounced decrease until the following irrigation can be observed.
This behavior demonstrates that water supplied through subsurface
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drip irrigation tends to maintain plant water stress under control, even
when the RDI strategy is applied. In contrast, severe stress conditions
are reached under the traditional bi-weekly irrigation strategy.
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Figure 6.8 Daily temporal dynamic of precipitaion depth (P) (blue bars), crop
reference evapotranspiration (ETo) (black line), actual evapotranspiration (ETa)
(red dots) and transpiration (T) in the period 2018-2025

ET, time series contains several gaps, which are mainly due to the
sensitivity of the instruments composing the EC tower and the need
for careful maintenance. A prolonged period of gaps is also present in
2020, caused by the COVID-19 lockdown.

ET, accuracy was verified based on the CR (5.4) (Figure 6.9). The
average CR values were 0.98 in 2019, 0.88 in 2020, 1.03 in 2021, 0.90
in 2022, 1.09 in 2023, 0.92 in 2024, and 0.98 in 2025. These values
are consistent with those reported in the literature by Kustas et al.
(1999) and Er-Raki et al. (2009).
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Figure 6.9 Closure ratio computed only when R, > 100 W m™. Relationships
between available energy (R - Go) and turbulent heat fluxes (H + LE) measured by
the EC tower in the period 2019-2025; the dashed light blue lines are the 1:1 lines
(perfect match)
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6.2 Reanalysis data accuracy

A comparison between in sifu and reanalysis data was conducted.
This analysis, applied in both experimental orchards, where both
databases were available, allowed to evaluate the suitability of using
reanalysis climate variables when ground data are not available. The
analysis was conducted during 2009-2011 for the olive orchard and
from 2018 to 2025 for the citrus orchard.

6.2.1 Olive Orchard

Analyzing the scatterplots shown in Figure 6.10, it can be
observed that, during the three years, the Tuumin is slightly
overestimated, while the 7%-aax 1s underestimated. Consequently, the
Ty-mean 1s well distributed around the 1:1 perfect match line. RHmin
exhibits the highest RMSE when compared to the RHnax and RHmena
values (Table 6.1). The RH .. aligns well with the perfect match line,
with only a slight underestimation. These two conditions result in a
reasonably accurate estimation of the RHnean. Finally, R; is the best
predicted variable, characterized by a low RMSE and a high NSE
value (Table 6.1), even though no bias correction was applied.
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Figure 6.10 Comparison between daily: (a) minimum air temperature (Ta-min), (b)
mean air temperature (Ta-mean), (¢) maximum air temperature (Tamax), (d) minimum
relatve air humidity (RHwmin), (€) mean relatve air humidity (RHmean), (f) maximum
relatve air humidity (RHwmax), and (g) global solar radiation (Rs) measured by the in
situ SIAS weather station installed near the olive orchard and retrieved by the
ERAS-LAND reanalysis data in the period 2009-2011; the dashed light blue lines

are the 1:1

lines (perfect match)

Table 6.1 Statistical indices for maximum air temperature (Tamax), mean air
temperature (Ta-Mean), minimum air temperature (Tamin), maximum relatve air
humidity (RHwmax), mean relatve air humidity (RHwmean), minimum relatve air
humidity (RHwmin) and global solar radiation (Rs)

RMSE _MBE MAE | R’ b R’[b]  NSE
[°C] [-]
Tomin | 3.29 280 289 | 089 1.18 098 0.6l
Toean | 345 =301 303 | 096 087 099 074
Tomax | 129 011 101 | 096 098 099 095
[70] [-]
RHyin | 2529 2254 2302 | 050 141 091  -146
RHyew | 1201 -836 1008 | 024 091 099  -0.69
RHwex | 1058  7.09 858 | 046 1.09 099 0.0l
[MJ m* d] [-]
Ry | 239 0.35 171 | 092 100 098 091
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Similar results were obtained in Sicily by Negm et al. (2017),
using the POWER-NASA database; by Vanella et al. (2022), using
ERAS and ERAS5-Land; and by Pelosi and Chirico (2021) and Ippolito
et al. (2024), using only ERAS5-Land. The results obtained here are
also consistent with studies carried out outside Sicily (Bai et al., 2010;
Pelosi et al., 2020; Gourgouletis et al., 2023). Moreover, other authors
have tested alternative satellite-based solar radiation datasets, such as
CM-SAF (Pelosi and Chirico, 2021) and LSA-SAF (Paredes et al.,
2021), replacing the corresponding ERAS5-Land variable to estimate
ETo. These studies indicate that solar radiation data from ERAS5-Land
provide satisfactory performance for ET7o estimation, which is
essential for various applications in hydrology and irrigation
management. Finally, Vanella et al. (2022) and Gourgouletis et al.
(2023) obtained reliable and encouraging E7o estimations without
implementing bias correction procedure. Moreover, although Paredes
et al. (2021) applied the bias correction procedure, they verified that
after the application of bias correction to the R;, the performance of
ETo estimation does not significantly improve.

To scale wind speed from 10 m to 2 m, the logarithmic wind
profile approach proposed by Allen et al. (1998) was adopted. By
applying (5.6), the wind speed at 10 m is simply multiplied by a
coefficient of 0.75. To assess the accuracy of this procedure, wind
speeds at 10 m were multiplied by a range of coefficients from 0.05
to 1.00, with a step of 0.05. Each resulting estimate was then
compared with the in situ measurements at 2 m, and the coefficient
yielding the minimum RMSE was identified (Figure 6.11).
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Figure 6.11 RMSE variability as a function of the coefficient representative of the
logarithmic wind speed profile. Red lines indicates the RMSE value related to the
classical coefficient (0.75) suggested by Allen et al., 1998; viceversa, green line
indicates the best coefficient, the one with the lowest RMSE

The red lines indicate the RMSE values obtained by applying the
coefficient (0.75) suggested by Allen et al. (1998), while the green
lines correspond to the RMSE values obtained using the coefficient
(0.30), which yields the lowest RMSE.

Figure 6.12 shows the scatterplot comparing U, values,
considering the coefficient that produces the best performance (RMSE
=056 ms!'; MBE=-0.13ms'; MAE=044ms'; R°=045, b=
0.83; R°/b] = 0.88; NSE = 0.41).

ERAS-LAND U, [m s7]

In situ U, [m s7']

Figure 6.12 Comparison between daily wind speed measure at 2 m from the ground
(Uz) measured by the in situ SIAS weather station installed near the olive orchard
and retrieved by the ERAS-LAND reanalysis data ,scaled with a coefficient equal
to 0.30, in the period 2009-2011; the dashed light blue lines are the 1:1 lines (perfect
match)
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Thus, using the Penman-Monteith equation (3.10), E70 was
calculated by using as input the reanalysis data, and the resulting
values were compared with those obtained using in situ measurements
as input (Figure 6.13).
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Figure 6.13 Comparison between daily crop reference evapotranspiration (ETo)
retrieved using the Penman-Monteith equation using measured in situ SIAS weather
station installed near the olive orchard and retrieved by the ERA-5 LAND reanalysis
data in the period 2009-2011; the dashed light blue lines are the 1:1 lines (perfect
match)

The results are very encouraging. Values < 2 mm d' are slightly
overestimated, whereas values above this threshold are slightly
underestimated (RMSE = 0.53 mm d"'; MBE = -0.16 mm d''; MAE =
0.42 mm d'; R>=0.94; b =0.92; R*/b] = 0.98; NSE = 0.92).

The values of RMSE associated to E7o0 found by Negm et al.
(2017), using POWER-NASA database, were also similar to those
found in this analysis. Instead, similar results, using the ERAS5-L
database, were obtained by Pelosi et al. (2020), who considered 18
standard weather stations over the Campania region. In terms of R?,
the average value found in this analysis shows good performance
considering all the 8 years. This result agrees with the study by Pelosi
and Chirico (2021), who considered to replace the R, values from
ERAS5-Land with the ones retrieved by the CM-SAF database, only
during irrigation seasons. The good performance in terms of RMSE
and R? obtained in this analysis highlights the capacity of the ERA5-
Land meteorological variables to estimate ETo when ground data are
not available.
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Regarding precipitation height, the scatterplot (Figure 6.14)
shows that the correlation is very low, indicating a poor agreement
between reanalysis data and in situ measurements (RMSE =4.55 mm;
MBE = -0.1 mm; MAE = 1.58 mm; R? = 0.45; b= 0.56; R*[b] = 0.51;
NSE = 0.44).
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Figure 6.14 Comparison between daily precipitation depth (P) measured by the in
situ STAS weather station installed near the olive orchard and reteived by the ERA-
5 LAND reanalysis data in the period 2009-2011; the dashed light blue lines are the

1:1 lines (perfect match)

Since the scatterplot revealed a very low correlation for
precipitation depth, it was necessary to further evaluate whether the
reanalysis dataset was unable to reproduce the observed rainfall
dynamics. For this reason, cumulative precipitation over the three
study years was also analyzed, as cumulative values are less affected
by single-event timing errors (Figure 6.15).
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Figure 6.15 Cumulative precipitation depth (XP) retrieved by measured in situ SIAS
weather station installed near the olive orchard and by the ERA-5 LAND reanalysis

data in the period 2009-2011
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The comparison between cumulative precipitation showed that,
although the correlation at event scale was low, the reanalysis dataset
was in reasonable agreement with the general trend of observed
rainfall. ERAS5-Land data resulted in —140.40 mm in 2009, +68.80
mm in 2010 and —92.20 mm in 2011 with respect to the measured
cumulative precipitation. The trend of cumulative curves is generally
similar in all years, and the discrepancies can mainly be attributed to
the magnitude of single rainfall events rather than to systematic bias.
In 2009, the dry season was almost perfectly reproduced. Rainfall
events occurring before the dry period were generally overestimated,
whereas those after the dry period were underestimated. In 2010, the
two cumulative curves were nearly identical before the onset of the
dry season; a single intense event generated a marked divergence
between the datasets. After the dry period, the first events were
underestimated and subsequently overestimated by ERAS5-Land.
Conversely, in 2011, after an initial phase of close agreement, the
reanalysis product systematically underestimated all the following
rainfall events.

Finally, event-based comparisons (Figure 6.16) further illustrated
mismatches in rainfall detection, including missed and false rainfall
events. Precipitation events were defined as any day with
precipitation greater than 0 mm.

Figure 6.16 Event-based verification of daily precipitation occurrence from in situ
observations against ERAS-LAND data

PoD, equal to 0.76, indicates that the model correctly detected
76% of the observed events, thus showing a good ability to identify
real occurrences, while still missing a non-negligible fraction of
events that were not predicted. FAR, equal to 0.19, reveals that 19%

Dario De Caro 143



Chapter 6: Results and discussion

of detected events did not actually occur, meaning that most predicted
events were correctly observed, with a relatively low rate of false
alarms. CSI, equal to 0.65, which integrates both missed and false
events, indicates a good overall skill in detecting precipitation events,
meaning that 65% of all events (including hits, misses, and false
alarms) were correctly predicted, reflecting a reasonably high level of
agreement between reanalysis and observations.

Similar results were obtained by Longo-Minnolo et al. (2022)
in Sicily and by Tarek et al. (2020) in North America.

6.2.2 Citrus Ochard

A similar analysis was also conducted for the citrus orchard,
covering the period from 2018 to 2025.

Analyzing the scatterplots of the meteorological variables (Figure
6.17), similar results to those observed at the previous experimental
site can be identified. In the citrus orchard, the 7u.umin is frequently
overestimated, whereas the 7Tu.uux 1s slightly underestimated. These
two conditions result in the Tu.aean being well distributed around the
1:1 perfect agreement line. RHuyin and RHyzean are still overestimated,
while RHyx 1s often underestimated. Rs remains the best-predicted
variable (Table 6.2).
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Figure 6.17 Comparison between daily: (a) minimum air temperature (Ta-min), (b)
mean air temperature (Ta-mean), (¢) maximum air temperature (Tamax), (d) minimum
relatve air humidity (RHwmin), (¢) mean relatve air humidity (RHmean), (f) maximum
relatve air humidity (RHwmax), and (g) global solar radiation (Rs) measured by the in
situ weather station installed near the citrus orchard and retrieved by the ERAS-
LAND reanalysis data in the period 2018-2025; the dashed light blue lines are the
1:1 lines (perfect match)

Table 6.2 Statistical indices for maximum air temperature (Tamax), mean air
temperature (Tamean), minimum air temperature (Tamin), maximum relatve air
humidity (RHwmax), mean relatve air humidity (RHwmean), minimum relatve air
humidity (RHwmin) and global solar radiation (Rs)

RMSE  MBE MAE R? b R’[b] NSE
[°C] [-]
Tu-Min 2.63 1.05 2.10 0.84 1.05 0.97 0.80
Tu-Mean 3.54 -3.24 3.26 0.95 0.87 0.99 0.69
Tu-Max 1.90 -1.10 1.48 0.93 0.95 0.99 0.90
[%] [-]
RHuyin | 18.32 12.31 14.22 0.25 1.17 0.94 -0.44
RHyean 9.10 -2.78 6.24 0.31 0.96 0.99 0.10
RHyae | 10.20 5.27 7.93 0.34 1.06 0.99 0.08
MJm?d"] [-]
R 2.65 0.94 1.80 0.91 1.02 0.98 0.90
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The analysis of the coefficient derived from the adoption of the
logarithmic profile was also carried out (Figure 6.18).
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Figure 6.18 RMSE variability as a function of the coefficient representative of the
logarithmic wind speed profile. Red lines indicates the RMSE value related to the
classical coefficient (0.75) suggested by Allen et al., 1998; viceversa, green line
indicates the best coefficient, the one with the lowest RMSE

At this site, the coefficient that minimized RMSE was found to be
0.25. Figure 6.19 shows the scatterplot comparing U values,
considering the coefficient that produces the best performance (RMSE
=049 ms'; MBE=0.10ms'; MAE=033ms'; R*=049; b=
0.69; R’[b] = 0.66; NSE = 0.45).
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»

- ERA5-LAND [m s™]

6
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Figure 6.19 Comparison between daily wind speed measure at 2 m from the ground
(U2) measured by the in situ SIAS weather station installed near the olive orchard
and retrieved by the ERAS-LAND reanalysis data ,scaled with a coefficient equal
to 0.25, in the period 2018-2025; the dashed light blue lines are the 1:1 lines (perfect

match)
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Thus, using the Penman-Monteith equation (3.10), E70 was
calculated by using as input the reanalysis data, and the resulting
values were compared with those obtained using in situ measurements
as input (Figure 6.20).
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Figure 6.20 Comparison between daily crop reference evapotranspiration (ETo)
retrieved using the Penman-Monteith equation using measured in situ STAS weather
station installed near the olive orchard and retrieved by the ERA-5 LAND reanalysis
data in the period 2018-2025; the dashed light blue lines are the 1:1 lines (perfect
match)

Also in this analysis the results are very encouraging. The entire
series is subject to a slight overestimation (RMSE = 0.57 mm d™'; MBE
=0.25mmd"'; MAE=0.42mmd'; R*=0.91; b=1.05; R*/b] = 0.98;
NSE = 0.89).

Regarding precipitation height, the scatterplot (Figure 6.21)
shows again that the correlation is very low, indicating a poor
agreement between reanalysis data and in situ measurements (RMSE
=4.56 mm; MBE = -0.01 mm; MAE = 1.60 mm; R’ = 0.40; b = 0.55;
R’[b] = 0.66; NSE = 0.37).
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Figure 6.21 Comparison between daily precipitation depth (P) measured by the in
situ SIAS weather station installed near the olive orchard and retrived by the ERA-
5 LAND reanalysis data in the period 2018-2025; the dashed light blue lines are the
1:1 lines (perfect match)

Cumulative values were also analyzed in the citrus orchard
(Figure 6.22).
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Figure 6.22 Cumulative precipitation depth (XP) retrieved by measured in situ SIAS
weather station installed near the citrus orchard and by the ERA-5 LAND reanalysis
data in the period 2018-2025

Also in the citrus orchard, the cumulative precipitation derived
from the ERAS5-Land product showed variable agreement across the
analyzed years. In some years, the differences were relatively small,
on the order of £100 mm (—79.65 mm in 2018, +9.30 mm in 2020,
and —86.39 mm in 2022). In other years, the discrepancies were more
pronounced, with differences equal to or greater than £100 mm
(+223.10 mm in 2019, —151.55 mm in 2021, +171.83 mm in 2023,
+144.43 mm in 2024, and —222.02 mm in 2025).
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The event-based comparison, with the same previous threshold
equal to 0 mm, was realized (Figure 6.23).

Figure 6.23 Event-based verification of daily precipitation occurrence from in situ
observations against ERAS-LAND data

The PoD of 0.68 indicates that 68% of the observed precipitation
events were correctly detected, while a FAR of 0.30 shows that 30%
of the predicted events did not occur. The resulting CS7 of 0.52 reflects
a moderate overall skill in precipitation event detection, accounting
for both missed and false events.

6.3 Forecasting data accuracy

For the configuration of the IRRILEARNING model, it was
necessary to evaluate the SILAM forecast data provided by SIAS,
which were used as input variables. The data used corresponds to
short-term forecasts, specifically "today-for-tomorrow" predictions.
These forecasts allow anticipation of the boundary conditions of
models, thereby reducing systematic errors and ensuring consistency
with the temporal scale of the physical and decision-making processes
of the SPA continuum system. Moreover, the uncertainty associated
with meteo forecasts tends to increase much faster than the useful
decision horizon of irrigation models. Consequently, the adoption of
short-term forecasts results in more contained errors and limits error
accumulation within the model, improving the overall reliability of
irrigation scheduling.

The comparison was carried out for the period 2017-2020 within
the irrigation district, using the in situ measurements collected by the
standard weather station located near the experimental olive orchard
as a benchmark (Figure 6.24 and Table 6.3).
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Figure 6.24 Comparison between daily: (a) minimum air temperature (Ta-min), (b)
mean air temperature (Ta-mean), (¢) maximum air temperature (Ta-max), (d) minimum
relatve air humidity (RHwin), (¢) mean relatve air humidity (RHwuean), (f) maximum
relatve air humidity (RHwmax), (g) global solar radiation (Rs) and, (h) wind speed
measure at 2 m from the ground (U,) measured by the in situ SIAS weather station
installed near the olive orchard and retrieved by the SILAM forecast data in the
period 2008-2011; the dashed light blue lines are the 1:1 lines (perfect match)

Table 6.3 Statistical indices for maximum air temperature (Tamax), mean air
temperature (Ta-Mean), minimum air temperature (Tamin), maximum relatve air
humidity (RHmax), mean relatve air humidity (RHwean), minimum relatve air
humidity (RHwmin), global solar radiation (Rs) and, wind speed measure at 2 m from
the ground (U)

RMSE MBE  MAE R’ b R’[b] NSE
[°C] [-]
To-Min 242 1.76 2.01 0.92 1.10 0.98 0.83
To-Mean 1.86 -1.00 1.49 0.95 0.96 0.99 0.94
To-Max 1.31 0.38 1.03 0.96 1.01 0.99 0.96
[%0] (-]
RHyvin 9.84 4.04 7.90 0.68 1.06 0.97 0.60
RHwvean 8.87 -1.01 5.71 0.39 0.99 0.99 0.02
RHyax | 7.28 1.26 5.74 0.66 1.02 0.99 0.55
[MJ m? d'] (-]
Ry | 2.73 -0.32 2.08 0.88 0.96 0.98 0.88
[ms']
U:| 048 0.01 0.36 0.64 0.95 0.94 0.64

150 Dario De Caro



Chapter 6: Results and discussion

In the case of air temperature and relative air humidity, short-term
forecasts benefit from the high atmospheric persistence and the
continuity of the diurnal cycle, providing estimates that are more
consistent with SPA continuum exchange processes (Rajan and
Prasad, 2023) compared to reanalysis data, which tend to smooth
extremes and represent post hoc average conditions. Specifically,
“today-for-tomorrow” meteorological forecasts are particularly
effective for air temperature and relative air humidity, as they exploit
the strong temporal persistence and preserve the diurnal dynamics,
key elements for estimating evapotranspiration demand, whereas
reanalysis products provide a smoothed reconstruction. This is
confirmed by the good performance retrieved for all six variables. For
global solar radiation, whereas a plateau is observed at approximately
28.5MJm2day . This plateau in the forecasted global solar radiation
does not indicate a measurement error, but rather reflects an intrinsic
characteristic of GFS models: they smooth radiation maxima due to
physical parameterizations and numerical stability constraints
(Aguiar et al., 2016; Pereira et al., 2022). Reanalysis products, on the
other hand, thanks to the assimilation of observations, can more
accurately reproduce daily peaks. Finally, wind speed is provided
directly at 2 m height, and the forecasts show good agreement with
the in situ measurements.

By examining the scatterplot comparing ETo derived from in situ
measurements and forecast data (Figure 6.25), a clear
underestimation is evident. This is likely due to the plateau observed
in global solar radiation, which drives the evapotranspiration
processes.
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Figure 6.25 Comparison between daily crop reference evapotranspiration (ETo)
retrieved using the Penman-Monteith equation using measured in situ STAS weather
station installed near the olive orchard and retrieved by the SILAM forecasting data
in the period 2008-2011; the dashed light blue lines are the 1:1 lines (perfect match)

The underestimation is further confirmed by the statistics

presented in Table 6.4.

Table 6.4 Statistical indices for crop reference evapotranspiration (ETo)

RMSE MBE MAE | R’ b R’/  NSE
[mm d"'] [-]
ETo| 060 -014 044 | 091 094 098 091

Finally, the same comparison procedure applied to reanalysis
precipitation was also conducted for forecast precipitation. Similarly,
not all events are correctly predicted, nor is the magnitude accurately
estimated (Figure 6.26) (RMSE = 6.20 mm; MBE = 0.34 mm; MAE
=1.79 mm; R = 0.36; b = 0.56; R’/b] = 0.40; NSE = 0.29).
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Figure 6.26 Comparison between daily precipitation depth (P) measured by the in
situ SIAS weather station installed near the olive orchard and retrived by the SILAM
forecasting data in the period 2018-2025; the dashed light blue lines are the 1:1 lines
(perfect match)

In all years, the annual cumulative precipitation from forecasts
exceeds the measured values (Figure 6.27), in particular: +73 mm in
2017, +86 mm in 2018, +159.20 mm in 2019, and +171.60 mm in
2020.
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Figure 6.27 Cumulative precipitation depth (XP) retrieved by measured in situ SIAS
weather station installed near the olive orchard and by the SILAM forecasting data
in the period 2008-2011

The event-based comparison was also conducted using the same
definition of rainfall events, where any day with precipitation greater
than 0 mm was considered an event (Figure 6.28).
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csl

Figure 6.28 Event-based verification of daily precipitation occurrence from in situ
observations against SILAM data

The results yielded a PoD of 0.83, indicating that 83 % of the
observed rainfall events were correctly predicted by the forecast. FAR
was 0.48, meaning that 48 % of the events predicted by the model did
not actually occur. Finally, the CSI was 0.47, which accounts for both
missed and false events and indicates that 47 % of all events
(including hits, misses, and false alarms) were correctly forecast.

It is widely recognized that forecast rainfall data often require
correction, as raw measurements (Feidas et al., 2007; Dong et al.,
2023) or model-based estimates can contain biases, inaccuracies in
event magnitude, or timing errors. However, for precision irrigation
applications, which focus on irrigation scheduling and monitoring,
such corrections are often unnecessary, particularly because attention
is primarily directed toward dry periods when water management
decisions are most critical.

6.4 Remote Sensing applications

6.4.1 DisTrad sharpening technique evaluation

In order to downscale Sentinel-2 Band 11 (SWIR) from 20 m to
10 m spatial resolution, the DisTrad sharpening technique was tested
and evaluated. The method was assessed using eight fields within the
irrigation district, characterized by different Fractional Vegetation
Cover (FVC) types. To initialize the analysis, all Sentinel-2 images
acquired during 2018 were used.

Initially, the correlation between the SWIR band and each of the
four 10 m bands was evaluated (Figure 6.29). Considering the
different spatial resolutions of the four 10 m bands (B02-BLUE, B03-
GREEN, B04-RED, B08-NIR) and the SWIR band (20 m), the four
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bands were aggregated to the coarser B11 resolution through linear
averaging.
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Figure 6.29 Comparison between: (a) BLUE band (B02) and SWIR band (B11); (b)
GREEN band (B03) and SWIR band (B11); (c) RED band (B04) and SWIR band
(B11); (d) NIR band and SWIR band (B11). All the bands are retrieved from
Sentinel-2 twin satellites in 2018. The colorbar indicates the FVC types

As shown in Figure 6.29, the highest correlation was found
between B04 and B11 through a linear interpolation, with an R? value
of 0.90:

B11(B0440 ) = 1.60 - B04,4,, + 0.13 (6.1)

The choice to analyze a full year of satellite images makes it
possible to capture the entire range of reflectance values. This is
further supported by the selection of orchards characterized by
different FV'C types, namely Bare Soil (BS), Sparsely Vegetated (SV),
Moderately Vegetated (MV), and Highly Vegetated (HV). This
behaviour is also confirmed in Figure 6.30, where data points are
coloured according to their NDVT values.
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Figure 6.30 Comparison between RED band (B04) and SWIR band (B11). All the
bands are retrieved from Sentinel-2 twin satellites in 2018. The colorbar indicates
the NDVI

Finally, the remaining steps of the DisTrad sharpening technique
formulation were completed:

B11yym = B11(B0414 ) — 4B11,0,,

(6.2)

where
Bll(B04’10 m) = 1.60 . B0410m + 0.13 (6-3)
AB11,0,, = B11 — B11(B04y0,,) (6.4)

6.4.2 MODIS vs Sentinel-2

To train the ML model for the olive orchard (as shown in 6.6
Actual evapotranspiration machine learing modelled), the ET, time
series from 2009 to 2011 was used. The trained model is then
employed within the IRRILEARNING framework (introduced in 5.7
IRRILEARNING model and described in detail in 6.8 IRRILEARNING
applications) to generate synthetic E7, time series.

Since the training process requires VIs derived from satellite
images, considering that the Copernicus Sentinel missions became
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operational only in spring 2017, VIs used for model training were
derived from MODIS images.

Then, the trained model was subsequently applied to generate
synthetic actual evapotranspiration (E7,) series for the period 2017—
2020 within the IRRILEARNING application. But, within the
framework of the model, to obtain E7; time series at a finer spatial
scale, the series are generated using VIs derived from Sentinel-2
images.

To justify this approach and ensure consistency between the
training and application phases, a comparison between MODIS and
Sentinel-2 reflectances (Figure 6.31) and VIs (Figure 6.32) was
carried out for periods when data from both sensors were
simultaneously available (2017-2020), inside the experimental olive
orchard.

The Sentinel-2 reflectance values were obtained as the average of
all pixels fully contained within a single MODIS pixel. Moreover, as
previously described, a continuous time series from Sentinel-2 images
was generated by applying linear interpolation between consecutive
available acquisitions (blue line). Thus, the spectral bands used to
compute the NDVI and NDWI were analyzed by comparing Sentinel-
2 and MODIS data: Sentinel-2 B04 vs MODIS B1, Sentinel-2 BO8 vs
MODIS B2, and Sentinel-2 Band11 vs MODIS Band 6. In all cases,
the resulting time series exhibit the same trend and seasonal
behaviour.
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Figure 6.31 Temporal dynamic of RED, NIR and SWIR bands retrieved from
Sentinel-2 (red dots and red line are the mean and the standard deviation obtained
considering all the Sentinel-2 pixel which are entire contained in one MODIS pixel,
respectively; the blue line is the linear interpolation between two available
acquisitions) and MODIS (black line) in the period 2017-2020

After comparing the reflectance values, the NDVI and NDWI time
series were finally analyzed and compared.
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Figure 6.32 Temporal dynamic of NDVI and NDWI retrieved from Sentinel-2
(dashed line) and MODIS (solid line) in the period 2017-2020

The major differences between the two VIs are probably due to
the presence of ground weeds that grow after rain events (Ippolito et
al., 2023), which can be detected with the Sentinel-2 images and not
with the MODIS ones. The generally good agreements between the
NDVI and NDWI obtained from the two different platforms strongly
depend on the homogeneity of soil and land characterizing the
MODIS pixel (Autovino et al., 2016). Thus, the good agreement
between the two curves allows us to conclude that NDVI and NDWI
derived from MODIS can be reliably used to train the model for the
period 2009-2011, while vegetation indices derived from Sentinel-2
can be used to generate synthetic time series using the trained model.

6.4.3 FVC retrieved from NDVI

Through the approaches and methods described in 6.4.1 FVC vs
NDVI, several linear functional relationships were derived to estimate
FVC values from NDVI values obtained from different satellite
platforms. Table 6.5 reports the pixel numbers used for the analysis
for each plot. The product differences are associated with spatial
resolution.
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Table 6.5 Number of pixel for each plot for each satellite: (a) olive orchards and,
(b) citrus orchards

(a) n° pixel [-]
ID | Sentinel-2 Landsat-8  PlanetScope
1 28 1 395
2 25 1 340
3 25 1 353
4 32 1 439
5 35 1 457
6 19 - 295
7 62 4 748
8 29 1 384
9 48 3 639
10 51 2 666
11 11 - 178
12 26 - 416
13 50 - 695
14 18 - 305
15 16 - 238
16 34 1 471
17 58 3 735
18 26 1 351
19 33 1 418
20 27 2 389
21 37 2 516
22 32 - 459
23 27 - 432
24 40 2 523
25 33 - 442
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(b) | n° pixel [-]
ID Sentinel-2
1 7

2 9

3 8

4 7

5 4

6 10

7 9

8 8

9 10

10 2

11 9

12 2

13 3

14 9

15 11

6.4.3.1 Field scale approach and “precise” method

The combination of the field scale approach and the precise
method was tested within the irrigation district using three satellite
products: Sentinel-2, Landsat-8, and PlanetScope (Figure 6.33).
Conversely, in the citrus orchard and in a few additional fields located
in the same area, the analysis was conducted using only the Sentinel-
2 product (Figure 6.34).
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Figure 6.33 Comparison between mean NDVI (red lines indicates the standard
deviation) and FVC, obtained with the precise method, in the olive orchards. The
dashed lines indicate the interpolating lines

By analyzing the correlations obtained within the irrigation
district, it can be stated that all the considered satellite products are
able to reproduce FVC values accurately (Table 6.5).

Table 6.6 Slope, intercept and correlation coefficient values of the linear functional
relationship between NDVI and FVC in the olive orchards

Slope Intercept R?
Sentinel-2 1.34 -0.19 0.86
Landsat-8 3.10 -0.32 0.86

PlanetScope 2.00 -0.45 0.85

Also in the citrus orchards, the correlation proved to be very strong
(Figure 6.34), with a slope coefficient equal to 1.71 and an intercept
equal to —0.25 and R’ equal to 0.76.
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Figure 6.34 Comparison between mean NDVI (red lines indicates the standard
deviation) and FVC in the citrus orchards. The dashed line indicates the
interpolating line

6.4.3.2 Pixel wise approach and precise method

This combination shows that, even when adopting a pixel-wise
approach, the Sentinel-2 and Landsat-8 sensors continue to produce
good correlations (Figure 6.35), with slope (1.26 for Sentinel-2 and
3.17 for Landsat-8) and intercept (-0.15 for Sentinel-2 and -0.31 for
Landsat-8) values consistent with those obtained using the previous
combination. Conversely, the PlanetScope product does not preserve
the same level of correlation. Figure 6.35 illustrates the relationship
between NDVI and FVC for a representative field; a similar pattern
was observed for all the other fields.

100 Sentinel-2 l, Landsat-8 PlanetScope

R
w.

b B
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Figure 6.35 Comparison between pixel wised NDVI and FVC, obtained with the
precise method, in the olive orchards. The dashed lines indicate the interpolating
lines
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Figure 6.35 shows that in the PlanetScope pixel-by-pixel analysis
there is no relationship between the ND VT and the corresponding FV'C
values. This result, probably, is obtained because a cubic convolution
kernel was applied to resample the images in the georeferencing
process.

To support the results obtained for the Planet pixel-by-pixel
analysis, the same experiment was conducted using the image
acquired by the multispectral camera. The original spatial resolution
of the image was 0.12 cm. Through a pixel aggregation, the new
resolution (3 m) became similar to the PlanetScope one. The results
were completely different (Figure 6.36).
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Figure 6.36 Comparison between pixel wised NDVI and FVC, obtained with the
precise method, using aggregated multispectral camera image. The dashed line
indicates the interpolating line

There is a good agreement between the NDVI and FVC values
(slope equal to 2.17 and intercept equal to -0.96). R’ equal to 0.90
confirms that the two variables are highly correlated.

The analysis conducted in the citrus orchards resulted in a
correlation characterized by an R? value of 0.64, a slope of 1.42, and
an intercept of —0.16 (Figure 6.37). These latter coefficients are
slightly different from those obtained with the previous combination.
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Figure 6.37 Comparison between pixel wised NDVI and FVC in the citrus orchards.
The dashed line indicates the interpolating line

These differences could be ascribed to the presence of weeds
along the rows in the citrus fields. Such discrepancies are not
observed in the olive orchards, where weed control is a common
management practice.

6.4.3.3 Field scale approach and swift method

Finally, the last combination, applied in the olive orchards, in
which only 25% of the trees were vectorized, produced results similar
to the two previous combinations, with a slope of 1.34, an intercept
of —0.20, and an R? of 0.86 (Figure 6.38).
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Figure 6.38 Comparison between mean NDVI (red lines indicates the standard
deviation) and FVC, obtained with the swifth method, in the citrus orchards. The
dashed line indicates the interpolating line

This result confirms that it is not necessary to vectorize all the
trees within the areas of interest, and that this simplification does not
lead to a loss of performance in the linear functional relationship.

6.5 Actual evapotranspiration modelling at the citrus orchard

This section presents the results of £7, modelling carried out in
the citrus orchard. Both soil water balance and surface energy balance
models are applied, making use of remote sensing data as input to
enable a distributed approach over the study area. The performance of
these models is evaluated and discussed. Additionally, results from
models based on the analysis of CO: fluxes are also presented and
compared. Approaches outputs were validated against in situ
observations to quantify their accuracy.

6.5.1 Remote Sensing data input

As discussed in 4 Actual Evapotranspiration Modelling and
Chapter 6 Methods, RS data used as inputs in the E7, estimation
models allow the transition from the classical point scale to a
distributed scale. For the application of the models in the experimental
citrus orchard, VIs (NDVI from Sentinel-2 and Landsat-8/9 and NDWI
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from Sentinel-2), « (from Landsat-8/9), and LST (from Landsat-8/9)
were retrieved.

The temporal dynamic of the examined Vs for the citrus orchard,
is shown in Figure 6.39 . For both the VIs, the annual trends resulted
quite similar, with values in winter generally higher than in summer.

In summer, the NDVI and NDWI values were around 0.55 and
0.10, respectively, which resulted lower than in winter when the
values fluctuated around 0.90 and 0.45. On the other hand, the trend
tended to decrease in spring (March-May) and to increase in fall. The
Sentinel-2 intra-field variability for both VIs resulted quite limited,
with values of standard deviation ranging between 0 and a maximum
of 0.13 for NDVI and from 0 and 0.11 for NDW1I.
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Figure 6.39 Temporal dynamic, in the period 2018-2025, of: Sentinel-2 NDVI
(NDVIs,) (green dots are acquisitions and green line is the linear interpolation);
Sentinel-2 NDWI (NDWIs,) (blue dots are acquisitions and blue line is the linear
interpolation); Landsat-8/-9 NDVI (NDVIis.19) (cyan dots); Landsat-8/-9 albedo

(ous-L9);
By inverting the Stefan-Boltzmann equation, it was possible to
compare the LST measured by the net radiometer inside the field of

view with the LST derived from Landsat-8/9 for all available
acquisition dates (Figure 6.40).
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Figure 6.40 Comparison between LST measured by the EC tower, in the net
radiometer field of view, and the LST from Landsat-8/-9 (values are the mean of
nine pixel, otherwise the red line are the standard deviations) ; the dashed light blue
line is the 1:1 lines (perfect match)

The LST derived from the average of the nine Landsat pixels
shows good agreement with the measurements from the net
radiometer within the field of view (RMSE = 1.99 °K, MBE = 0.73
°K, MAE = 1.57 °K, R’ = 0.80, b = 1.00, R°/b] = 0.99, NSE = 0.71).
Its variability is also very limited, with a maximum standard deviation
of 0.60 °K.

6.5.2 Soil Plant Atmosphere and Remote Sensing
Evapotranspiration (SPARSE) output

Both in-series and in-parallel resistance networks schemes were
implemented; outcomes highlighted that best performances were
achieved using the latter scheme; thus, outcomes of the in-parallel
scheme are hereinafter shown exclusively.

SPARSE performance was evaluated considering all the irrigation
seasons. SPARSE best performance for LE (sum of LEs and LE,) was
obtained using 1-combination with RMSE equal to 53 W m™ when
considering all in situ data (Figure 6.41 and

Table 6.7).
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Figure 6.41 Scatterplots of instantaneous in sifu versus l-combination SPARSE
modelled energy fluxes for 2019-2025 irrigation seasons; the dashed light blue line
is the 1:1 lines (perfect match)

Table 6.7 Statistical indices associated to instantaneous iz sifu versus 1-combination
SPARSE modelled energy fluxes for 2019-2025 irrigation seasons

RMSE MBE MAE| R* b RYb] NSE

1 [Wm?] [-1
R.| 18 2 14 (096 099 099 094
H | 45 16 36 | 053 1.05 097  0.40
LE | 53 20 43 | 047 106 097 021
G| 15 -6 13 1029 092 097 -1.42

This value remains unchanged when only data acquired
contextually to satellite observations are considered in the
performance evaluation (Figure 6.42 and Table 6.8).
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Figure 6.42 Scatterplots of instantaneous in sifu versus l-combination SPARSE
modelled energy fluxes for 2019-2025 irrigation seasons, only when data are
acquired contextually to satellite observations; the dashed light blue line is the 1:1
lines (perfect match)

Table 6.8 Statistical indices associated to instantaneous in situ versus 1-combination
SPARSE modelled energy fluxes for 2019-2025 irrigation seasons, only when data
are acquired contextually to satellite observations

RMSE MBE MAE | R? b R?/b] NSE

1 [W m] [-]
R. 16 2 12 094 1.00 1.00 0.93
H 45 20 36 0.52 1.07 097 0.36
LE 53 21 44 0.50 1.06 0097 0.28
Go 14 -6 12 021 092 097 -2.34

Considering combination-2, the worst RMSE was achieved for LE
which is ~60 W m-? (~10% of the maximum LE). Whereas best RMSE
values were achieved for R, and Gy, with RMSE values of ~20 and
~15 W m™, respectively. Finally, RMSE for H is slightly less than that
achieved for LE (~50 W m™2). MBE values analysis further confirms
that R, is well simulated by the model, ~0 W m-2. In contrast, H and
LE tend to be overestimated, ~2 W m-? and ~40 W m-?, respectively;
while Go) is underestimated, ~5 W m-? (Table 6.9).
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Table 6.9 Statistical indices associated to instantaneous in situ versus 2-combination
SPARSE modelled energy fluxes for 2019-2025 irrigation seasons, only when data
are acquired contextually to satellite observations

RMSE MBE MAE | R b R}b] NSE
2 [Wm~] [-]
R.| 19 0 15 |088 099 099 0.88
H | 48 2 37 1047 099 096 034
LE| 66 39 54 041 111 097 0.3
Go | 15 -5 13 006 093 097 -3.42

These very encouraging metrics and the in situ vs modelled
scatterplot demonstrate the agreement of modelled fluxes using
SPARSE. It is to point out that data points are tightly clustered around
the 1:1 (Figure 6.43).
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Figure 6.43 Scatterplots of instantaneous in sifu versus 2-combination SPARSE
modelled energy fluxes for 2019-2025 irrigation seasons; the insert scatterplot
shows the instantaneous in situ versus 2-combination SPARSE modelled energy
fluxes only for 2021 irrigation season; the dashed light blue lines are the 1:1 lines
(perfect match)

The observed vs modelled scatterplot clearly evidence that
SPARSE fluxes well agree with the in situ ones especially for which
concerning R, (R’ ~0.88). Whereas, latent (R’ ~0.41) and sensible (R’
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~0.47) heat fluxes are reasonably well modelled even if points are
slightly scattered around the 1:1 line. This behaviour, agreeing with
other studies (Mwangi et al., 2022), suggests a moderate degree of
uncertainty in the simulating turbulent fluxes. Finally, although Gy is
modelled with less accuracy (R’ ~0.06), due to its very limited range
of variability and magnitude, it slightly contributes to the final LE
assessment, at daily scale. Noticeably that, the overall scatterplot is
characterized by very limited dispersion around the 1:1 line. This
behaviour associated with the absence of significant bias, suggests
that the model provides encouragingly accurate estimates of all four
instantaneous components of the surface energy balance. Moreover,
based on the scatterplot (Figure 6.43) and the accuracy metrics
analysis, it can be concluded that the model can capture the
contribution of weeds. This is further supported by the fact that the
2021 data, when weed presence was significant, did not behave
differently from the other years (insert scatterplot) (Figure 6.43).
Results of the SPARSE model demonstrate that the use of satellite
data for the instantaneous estimation of energy balance components,
inside a citrus orchard, is both feasible and reliable, providing
spatially distributed LE. Also, this method is valuable for applications
requiring large-scale assessments. The results are consistent with
those obtained by Boulet et al. (2015), where SPARSE was evaluated
over both irrigated and rainfed wheat (homogeneous crop),
demonstrating that the model can also be effectively applied to
estimate instantaneous energy fluxes in orchards (sparse crop).
Moreover, achieved results agree with those reported by other authors
who have implemented the TSEB model (Anderson et al., 2005; Yang
et al., 2017; Burchard-Levine et al.,, 2022; Volk et al.,, 2024;
Cammalleri et al., 2010, 2012a, 2024, 2025). Daily transpiration
assessed from SPARSE vegetation LE, for combination-2, well agrees
with that in situ measured through the sap flow probes in 2019
irrigation season (Figure 6.44).
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Figure 6.44 Scatterplots of daily in sifu versus 2-combination SPARSE modelled T
for 2019 irrigation season. Colorbar shows the nine LST pixels standard deviation
retrieved from Landsat-8 satellite images; the dashed light blue line is the 1:1 lines
(perfect match)

Noticeably, the dates with the largest differences are the ones
characterized by the higher LST spatial standard deviation (LST St.
Dev., computed over nine pixels) inside the study area due to the
greenhouse covering the neighbour crop (vineyard) contextually to
two of the satellite acquisitions. A slight underestimation is found by
considering the whole period (MBE equal to —0.16 mm d '), whereas,
MBE equal to -0.01 mm d™' is found if only dates with LST St. Dev. <
0.55 °K are considered. The RMSE value is equal to 0.32 and 0.20
mm d' for the whole period and for the selected days, respectively.
These outcomes, especially those achieved for the selected days, are
particularly encouraging also considering that the instantaneous to
daily scaling technique is applied. Moreover, it can be concluded that
the errors associated with transpiration are primarily due to the
presence of the greenhouse, rather than to the weeds potential
contribution. Finally, it needs to be highlighted that a good agreement
with in situ measures was achieved in a small study area, if compared
to the real spatial resolution of the Landsat thermal infrared
acquisitions.
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Before assessing combination 3, the hourly meteorological
variables, required for model implementation, derived from the
ERAS5-Land product, were compared with those measured by the EC
tower (Rs, Ta-Mean, and U>) and by the standard weather station (WD)
(RHuean) (Figure 6.45 and Table 6.10)
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Figure 6.45 Comparison between hourly: (a) global solar radiation (Rs), (b) mean
air temperature (TaMean), () mean relatve air humidity (RHwmean) and, wind speed
measure at 2 m from the ground (U>) measured by the in situ weather station
installed near the citrus orchard or in situ EC tower inside the citrus orchard and
retrieved by the ERAS-LAND reanalysis data, only when data are acquired
contextually to satellite observations; the dashed light blue lines are the 1:1 lines
(perfect match)
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Table 6.10 Statistical indices for global solar radiation (Rs), mean air temperature
(Ta-Mean), mean relatve air humidity (RHMean) and, wind speed measure at 2 m
from the ground (U>)

RMSE MBE MAE| R* b RYb] NSE
R W m?| B

| 2622 1141 2167|088 101 099 084
. [°C] B

wMean | 177 124 150 | 091 096 099 0.77
[%] [-1

RHpean | 1125 339 919 | 037 091 095 0.16
Us [ms [-1

087 -069 076 | 008 064 088 -4.42

The results are consistent with those presented in 6.2 Reanalysis
data accuracy at 6.2.2 Citrus orchard, where the comparison was
conducted at the daily scale.

Consequently, SPARSE was applied using the reanalysis data as
meteorological input variables (Figure 6.46 and Table 6.11).
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Figure 6.46 Scatterplots of instantaneous in sifu versus 3-combination SPARSE
modelled energy fluxes for 2019-2025 irrigation seasons; the dashed light blue line
is the 1:1 lines (perfect match)
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Table 6.11 Statistical indices associated to instantaneous in sifu versus 3-
combination SPARSE modelled energy fluxes for 2019-2025 irrigation seasons

RMSE MBE MAE | R b RYb] NSE
1 [W m™?] [-]
Ri | 27 -3 22 1075 099 099 075
H| 69 -8 53 1009 093 092 -0.38
LE | 87 46 72 1006 1.11 094 -0.69
Go| 16 -6 14 ]0.03 093 097 -4.09

Unlike the previous combinations, the statistical metrics show a
degradation in performance. This deterioration can be attributed to a
poorer estimation of R,, which represents the driving energy for
evapotranspiration processes.

6.5.3 SAtellite Montoring for IRrigation (SAMIR) output

6.5.3.1 Results of Mode-a in combination 1 and 2

Soil Water Content. The SWC was well modeled by both
combinations (Combination-la (Table 6.12) and Combination-2a
(Table 6.13)) with some discrepancies observed between the two
combinations due to the different distribution of rainfall throughout
the irrigation seasons (Figure 6.47).
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Figure 6.47 Comparison between daily in situ soil water content and obtained from
SAMIR with two combinations (la dark green dots; 2a orange dots); the dashed
light blue lines are the 1:1 lines (perfect match)

Table 6.12 Statistical indices associated to daily in sifu versus la SAMIR modelled
SWC for 2019-2025 irrigation seasons

SWC | RMSE MBE MAE | R’ b R’[b] NSE
la [cm? cm™] [-]

2018 0.01 -0.01 0.01 |0.82 095 099 044

2019 0.01 -0.01 0.01 | 0.89 097 099 0.80

2020 0.01 0.01 0.01 | 0.70 1.00 099 0.70

2021 0.02 0.01 0.02 1033 1.01 099 0.28

Table 6.13 Statistical indices associated to daily in sifu versus 2a SAMIR modelled
SWC for 2019-2025 irrigation seasons

SWC | RMSE MBE MAE | R? b R’[b] NSE
2a [cm® cm™] [-]

2018 | 0.03 -0.01 0.02 |0.16 095 099 -0.85

2019 | 0.02 0.01 0.01 | 058 1.02 0.99 040

2020 | 0.02 0.01 0.01 {067 1.02 099 0.63

2021 0.02 0.01 0.01 | 048 0.99 0.99 048

Dario De Caro 177



Chapter 6: Results and discussion

Actual Evapotranspiration. The comparison in terms of ET,
shows that SAMIR accurately estimated ET. except for the 2021
irrigation season due to the presence of weeds resulting from a lack
of field maintenance by the farmer (Figure 6.48, Table 6.14, Table
6.15).
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Figure 6.48 Comparison between daily in situ actual evapotranspiration and
obtained from SAMIR with two combinations (1a dark green dots; 2a orange dots);
the dashed light blue lines are the 1:1 lines (perfect match)
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Table 6.14 Statistical indices associated to daily in sifu versus 1a SAMIR modelled
ET, for 2019-2025 irrigation seasons

_ET. | RMSE MBE MAE | R? b R’[b] NSE
la [cm® cm™] [-]
2019 | 047 -0.08 035 | 046 095 097 0.39
2020 | 043 0.12 033 | 0.67 1.02 098 0.64
2021 | 0.87 -0.68 0.71 | 0.71 080 098 0.21
2022 | 0.51 0.10 043 | 0.51 1.00 097 047
2023 | 0.54 0.19 044 | 051 1.04 097 043
2024 | 0.51 0.13 042 | 0.66 1.02 097 0.62
2025 | 0.27 0.04 021 | 094 1.00 0.99 0.93

Table 6.15 Statistical indices associated to daily in sifu versus 2a SAMIR modelled
ET, for 2019-2025 irrigation seasons

_ET. | RMSE MBE MAE | R? b R’[b] NSE
2a [cm? cm™] [-]

2019 | 047 0.10 037 {042 1.01 097 038
2020 | 0.56 0.24 045 [ 053 1.05 097 040
2021 | 0.85 -0.54 0.65 [ 057 083 097 024
2022 | 0.70 0.34 0.58 | 025 1.08 0.96 -
2023 | 0.66 0.42 0.51 {050 1.12 097 0.14
2024 | 0.54 0.24 041 [ 066 1.05 097 0.58
2025 | 0.44 -0.09 033 | 083 095 098 0.82

Transpiration. The comparison in terms of 7, highlights that
SAMIR provided accurate estimations using both combinations. It
was conducted exclusively for the 2018-2019 irrigation seasons (due
to data availability) (Figure 6.49, Table 6.16, Table 6.17).
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Figure 6.49 Comparison between daily in situ transpiration and obtained from
SAMIR with two combinations (la dark green dots; 2a orange dots); the dashed
light blue lines are the 1:1 lines (perfect match)

Table 6.16 Statistical indices associated to daily in sifu versus 1a SAMIR modelled
T for 2019-2025 irrigation seasons

T | RMSE MBE MAE | R’ b R’(b] NSE
1a [em® em™] [-]
2018 | 0.33 -0.10 027 | 043 095 098 -0.10
2019 | 045 0.05 036 | 0.08 1.02 095 -2.11

Table 6.17 Statistical indices associated to daily in sifu versus 2a SAMIR modelled
T for 2019-2025 irrigation seasons

T | RMSE MBE MAE | R’ b R*(b] NSE
2a [cm® em] [-]
2018 | 0.37 -0.03 029 |[0.19 097 097 -038
2019 | 042 0.09 032 | 0.15 1.04 096 -1.65

SAMIR outcomes must be discussed in the framework of the
recent literature, concerning the same test site. In Ippolito et al.
(2023), ET, was estimated only for three irrigation seasons (2018-
2020) using an approach based on the citrus crop coefficient (K.)
derived from a combination of two vegetation indices (NDVI and
NDWI). The results were very promising and comparable to those
obtained in this study. However, the relationship used in their
approach was site specific (calibrated exclusively for this specific
crop); thus, limiting its applicability to other agricultural systems.
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Differently, SAMIR, even if applied employing the default
parameterizations to retrieve K¢, and FVC from NDVI (Saadi et al.,
2015), achieved high performances, making it highly flexible and
suitable for a wide range of crop types. Moreover, in Ippolito et al.
(2023) SWC was estimated using the single crop coefficient FAO-56
approach (Allen et al., 1998), achieving very good results comparable
to those obtained in the present work. As previously highlighted,
SAMIR overcomes the problem of the site-specific model calibration;
moreover, SAMIR allows separating 7 and £ dynamics.

More recently, De Caro et al. (2023) developed a machine learning
model for ET, estimations. As in this case, results were comparable to
those obtained in the present study. However, again, this model is site
specific (i.e., trained using in situ data); thus, its applicability to other
fields or different environmental conditions is not guaranteed.

6.5.3.2 Mode-a vs Mode-b both in combination 1

In terms of cumulative irrigation volumes (27) (Figure 6.50a) and
actual evapotranspiration (X2E7,) (Figure 6.50b) the comparison
between the two combinations allows analysing the irrigation
management strategy of the farmer. Indeed, in terms of cumulative
irrigation, higher irrigation volumes were simulated in 2018, 2019 and
2025 by the model using a ruled irrigation scheme (Mode-b). This
suggests that the farmer seems to limit the irrigation volumes applied
during those years. On the contrary, the farmer provided more
irrigation volumes than SAMIR rules in the period 2020-2024;
meaning that, simply based on the ruled irrigation which only
accounts for the SWC values, the farmer over-irrigated the field.
Consequently, 2018, 2019 and 2025 irrigation seasons show that E7,
from Mode-a (farmer irrigation) are lower than those resulting from
Mode-b (ruled irrigation). Noticeably, that the access to the water
resource from the irrigation consortium is scheduled. Also, the farmer
often supplies irrigation volumes based on his experience/convictions
about his own crop. For instance, the 2018 irrigation season was very
humid and rainy; consequently, the farmer was expecting that less
irrigation volumes were enough to restore the crop needs incorrectly.
It is likewise noteworthy that another example of discrepancy is the
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2021 irrigation season in which the field was covered by weeds. In
particular, the farmer increased the irrigation volumes to compensate
for the increased water demanding caused by weeds and to protect the
fruits during a very hot irrigation season. In this case, discrepancies
in terms of both / and E7, are due to the model setup which did not
account for the presence of the citrus plus weeds vegetation cover.

300 500

\\ \\

Figure 6.50 (a) Irrigation seasons cumulative I, for both modes, and P; (b) Irrigation
seasons cumulative ETa, for both modes, and P. Dark green bars are referred to
Mode-a, black bars to Mode-b, while blue bares are referred to precipitation depth.

-l\l hde-: |-I\l »de-b MBRain

400

=300
=200
A
100 I
0

A\\ ﬁ\\ NN .\ A\\ \\ A\\\ A\\ «\\ ﬁo A\\ A\\ .\\

200

P [mm

¥

ILXP [mm]
T

6.5.4 NDVI-Cws method output

For the implementation of the NDVI-Cws method, FVC values
were obtained by applying the linear relationship developed in 5.4
FVC vs NDVI, while K. values were derived using the functional
relationship proposed by Ippolito et al. (2023):

KC = 0.304 - eO.939-(NDVI + NDWI) (6.5)

As indicated by Maselli et al. (2019, 2014), the time window was
set to 60 days (TW=60).

The results obtained, considering the simplicity of the model,
indicate that it produces good performance (Figure 6.51). Unlike
more complex models, it requires knowledge of far fewer parameters.
However, it should be noted that information on FVC, K.,
meteorological variables, precipitation depth, and a good
understanding of the irrigation schedule is still necessary.
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Figure 6.51 Comparison between daily in situ actual evapotranspiration and
obtained from NDVI-Cws; the dashed light blue lines are the 1:1 lines (perfect
match)

In this model, water stress is estimated based on precipitation,
irrigation volume, and ET),, without considering SWC, soil retention
curve parameters, or the threshold value beyond which a plant starts
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being stressed. Likely, some of the observed errors can be attributed
to this last condition, because the actual onset of stress in plants
depends on the dynamic interaction between SWC, root distribution,
and plant water demand, which can vary spatially and temporally
within the field. As a result, using only irrigation and precipitation
data to define stress may lead to over- or under- estimation in certain
periods, particularly during intermittent dry spells or following
uneven water distribution (Table 6.18).

Table 6.18 Statistical indices associated to daily in situ versus NDVI-Cws modelled
ET, for 2019-2025 irrigation seasons

_ET. | RMSE MBE MAE | R’ b R’[b] NSE
2a [cm? cm™] [-]
2019 | 0.52 -0.10 040 | 039 094 096 0.24
2020 | 0.49 0.10 039 | 0.56 1.01 097 053
2021 | 0.91 -0.70  0.74 | 0.66 0.80 098 0.14
2022 | 0.58 0.11 047 |1 035 1.00 096 031
2023 | 0.57 0.19 046 | 045 1.04 096 035
2024 | 0.55 0.10 042 |0.62 1.02 097 057
2025 | 0.38 0.01 0.32 1087 0.99 098 0.87

6.5.5 Eddy Covariance-based partitioning method output

During the 2019 irrigation season, it was also possible to compare
the transpiration estimated through the EC-based partitioning method
with the measurements obtained from sap flow sensors (Figure 6.52).
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Figure 6.52 Scatterplots of daily in situ versus EC- based partitioned T for 2018-
2019 irrigation seasons. Cluster-1, orange dots and Cluster-2, dark blue dots

Noticeably, two different clusters of data can be observed: the first
corresponding to the period before mid-July (DOY 200) and after
mid-September (DOY 240) (Cluster-1, orange dots) in which the EC-
based partitioning method overestimate the in sifu transpiration; and
the second, in the period between mid-July and mid-September
(Cluster-2, blue dots), where the model underestimates the in situ sap
flow transpiration. This behaviour can be explained by the fact that
while the sap flow measures the transpiration fluxes from the plants
only, the EC-based partitioning method likely includes also the
contribution of the weeds.

Encouraging performance of the method is observed in terms of
RMSE which is of 0.39, 0.55 and 0.25 mm d' by considering the
whole period, cluster-1 and cluster-2, respectively.

6.6 Actual evapotranspiration machine learning modelled

This section focuses on the estimation of £7, using ML algorithm.
Building upon the input features derived from remote sensing data,
and meteorological variables, ML algorithm is trained to gap fill and
generate synthetic E7, time series. The methodology, including
feature selection, model training, and validation, is presented, and the
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results are discussed. The aim is to evaluate the potential of ML
techniques in the citrus and olive orchards.

6.6.1 Feature analysis

Before implementing the model and identifying the most suitable
m(x) and k(x,x’) functions, an analysis of the input features was
conducted, focusing on both their mutual correlations and their
correlation with the target variable, ET..

The analysis of a set of descriptive statistics allowed for a
comprehensive understanding of the statistical properties of both
input features and the target variable, providing insights into their
variability, distribution, and potential influence on model
performance (Table 6.19).
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Table 6.19 Mean, standard deviation, standard error, median, maximum (Max),
minimum (Min), range, variance, Kurtosis, Skewness for all the possible features
and the target feature in the olive and citrus orchard

Olive T a-rin Tartax Tastean | RHyin  RHpaw  RH pgoan Ry U, NDVI  NDWI ET,
[°cl %] MIm®d"] | [ms™] -] [mmd™]
Mean| 14.46 25.65 20.06 50.54 91.68 70.40 18.51 0.49 0.73 0.25 2.09
Standard Deviation| 5.99 6.20 5.89 15.02 9.64 10.63 7.61 0.60 0.15 0.16 1.05
Standard Error| 0.00 0.00 0.00 0.01 0.01 0.01 0.00 0.00 0.00 0.00 0.00
Median| 15.39 25.69 20.40 50.15 94.60 71.45 18.35 0.30 0.73 0.20 1.96
Max| 28.86 45.94 37.28 99.50 100.00 99.75 35.30 7.09 0.99 0.56 6.07
Min 0 9.58 6.43 8.50 32.65 21.75 3.39 0.00 0.43 0.01 0.24
Range| 28.97 36.36 30.85 91.00 67.35 78.00 31.91 7.09 0.56 0.56 5.83
(o] (%] [ mi® d™)f [ms™) [l [(mmd')’]
Variance| 35.88 38.50 34.69 | 225.72  92.93 112.96 57.86 0.36 0.02 0.03 1.10
&
Kaurtosis| 2.12 2.15 1.96 2.59 7.86 3.71 1.70 19.91 1.71 1.71 2.98
Skewness| -0.32 0.04 -0.14 -0.01 -1.93 -0.64 -0.04 3.27 -0.13 0.36 0.64
Citrus Tamin  Tedor  Toden | RHyin  RHyax  RHyean R, U, | Npvi NDwWI| ET,
[°cl %] MIni®d"] | [ms™] -] [mmd™]
Mean| 13.65 25.37 19.51 33.36 94.25 63.81 20.82 1.45 0.54 0.10 1.83
Standard Deviation| 4.88 6.42 5.49 14.41 10.77 10.50 7.34 0.67 0.14 0.16 0.87
Standard Error| 0.01 0.01 0.01 0.03 0.02 0.02 0.01 0.00 0.00 0.00 0.00
Median| 14.30 2535 20.10 32.00 100.00  65.00 22.94 1.36 0.46 0.00 1.82
Max| 24.20 41.80 31.85 78.00 100.00 89.00 30.81 4.94 0.85 043 4.50
Min 0 9.80 5.95 13.00 26.00 19.50 3.18 0.32 0.40 -0.05 0.22
Range| 24.20 32.00 25.90 65.00 74.00 69.50 27.63 4.62 0.44 0.48 4.28
(o] (%] [ mi® d™)f [ms™) [l [(mmd")"]
Variance| 23.82 41.24 30.11 | 207.51 11598 110.29 53.89 0.44 0.02 0.03 0.76
&
Kurtosis| 2.27 2.03 2.04 2.74 9.34 3.85 1.99 6.31 2.05 2.11 243
Skewness| -0.29 0.02 -0.16 0.61 -2.41 -0.66 -0.53 1.40 0.82 0.88 0.23

Skewness measures the asymmetry of a probability distribution

around its mean value. While theoretically it can take any real value
from negative to positive infinity, most practical datasets fall within
approximately —3 to +3. A skewness close to zero indicates a
symmetric distribution, whereas positive skewness reflects a long tail
on the right and negative skewness a long tail on the left. Kurtosis
quantifies the “tailedness” or peakedness of a distribution. A normal
distribution has a kurtosis of 3. Values greater than 3 indicate a
leptokurtic distribution with heavier tails and a sharper peak, while
values less than 3 indicate a platykurtic distribution with lighter tails
and a flatter peak.

The matrices in Figure 6.53 show at a glance the relationship
between each two features: the scatter plot at row n and column m
shows the n-th feature as a function of the m-th feature. This is helpful
to spot correlations in the dataset, since the sparser are points in a plot,
the more uncorrelated are the two corresponding features. In
particular, it is clear and obvious that Rs have a higher correlation with

Dario De Caro 187



Chapter 6: Results and discussion

ET, than other variables. A slight positive correlation is also observed
with both Tu-max and Tu-mean, while a slight negative correlation is
found with the VIs. Finally, the plots in the diagonal represent the
kernel density estimation of each feature, which is an estimate of their
probability density function. The results are consistent across the two
experimental sites.
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Figure 6.53 Scatter matrix used for overview and features analysis in citrus and
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Figure 6.54 shows the Pearson correlation coefficient. In both
experimental sites, E7, has a positive Pearson correlation coefficient
with the following features: Ta-sin, Tu-Max, Ta-mean, Rs. Rs show a strong
positive Pearson correlation coefficient (0.81 referred to the citrus
orchard; 0.77 referred to the olive orchard) On the other hand, the
features RHuyin, RHuyax, RHuvean, NDVI and NDWI, show a negative
Pearson correlation coefficient with E£75. The VIs show the strongest
negative Pearson correlation coefficient.
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Figure 6.54 Pearson correlation coefficient between each pair of features in citrus
and olive orchards
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By analyzing the FIS for both experimental sites (Figure 6.55), it
clearly emerges that R, is, obviously, the most relevant feature for
predicting ET,. In both sites, NDWI consistently appears among the

top three features, confirming its strong explanatory power in E7,
estimation.
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Figure 6.55 Feature importance score (FIS) of each feature of the dataset in the ET,
prediction in citrus and olive orchards
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Therefore, following the feature analysis, different input
combinations were constructed to assess the performance of the
machine learning model for ET, prediction (Table 6.20).

Table 6.20 Different combinations of input variables

Variables' Input Tool  Symbol  Unit
combination pu o y
1 Global Solar Radiation R, [MIm>d"]
Maximum Air Temperature T a-Max [°C]
WatchDog
Minimum Air Temperature 2000 T a-min [°C]
Maximum Relative Air Humidity SI(;iS RH ppa [%]
Minimum Relative Air Humidity RH ygin [%]
Wind Speed at2 m U, [m s-l]
Normalized Difference Vegetation Index Sentinek2  Npyy [-]
or
Normalized Difference Water Index MODIS NDWI [-]
2 Global Solar Radiation R, [MIm>d"]
Maximum Air Temperature T 4-Max [°C]
WatchDog
Minimum Air Temperature 2000 T 4-min [°C]
Maximum Relative Air Humidity or RH ppx [%]
SIAS
Minimum Relative Air Humidity RH yjin (7]
Wind Speed at2 m U, [m s-l]
3 Global Solar Radiation R, [MIm>d"]
Maximum Air Temperature T 4-Max [°C]
Minimum Air Temperature T a-Min [°C]
ERAS-Land
Maximum Relative Air Humidity RH ppa [%]
Minimum Relative Air Humidity RH ygin [%]
Wind Speed at 2 m U, [m s-l]
Normalized Difference Vegetation Index Sentinek2  npyy [-]
or
Normalized Difference Water Index MODIS NDWI [-]
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Ty-mean and RHuyean Were excluded, since the daily variability is
already represented by minimum and maximum values. The three
combinations were applied to both experimental sites. In particular,
for the citrus orchard, the first combination was used to derive the
most suitable m(x) and k(x, x") functions. This criterion was adopted
because a longer data series was available for this site (2019-2025).

6.6.2 Application at the Citrus Orchard

The best m(x) and k(x,x’), functions were assessed by the complete
dataset (Combination 1) related to the citrus orchard, which includes
all the examined variable. Table 6.21 summarizes the statistical
indicators associated with the fifteen combinations of the examined
m(x) and k(x,x’) functions.
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Table 6.21 Statistical indices for mean, m(x), and kernel covariance, k(x,x’),
functions obtained by considering the entire database which includes all the
examined variables (combination 1)

Covariance kernel functions k(x,x’)

Mean Rational  Squared Mater Mater  Exponentia
RMSE  Zero 0.49 0.53 0.54  0.49 0.46
[mm d] Const .52 0.54 056  0.53 0.48
Linea 055 0.53 053 0.49 0.50
][‘rlnand-l] Zero 0.01 0.00 0.04  -0.03 0.01
Const 9 -0.03 002 -0.03 -0.03
Linea 3 0.02 001  -0.03 0.05
MAE Zero 0.36 0.40 039 039 0.34
[mm d] Const .40 0.37 040  0.40 0.37
Linea 036 0.38 037  0.40 0.39
R’ Zero 0.77 0.80 0.79  0.80 0.81
[-] Const .77 0.80 0.80  0.80 0.79
Linea (.78 0.77 080  0.79 0.78
Zero 0.94 0.95 0.95  0.95 0.96
[-] Const 095 0.94 094 095 0.94
Linea 095 0.94 094 095 0.95
R[b] Zero 0.95 0.95 0.94 094 0.96
[-] Const 095 0.94 095  0.95 0.95
Linea .94 0.94 095  0.95 0.95
NSE Zero 0.75 0.78 0.80 0.78 0.81
[-] Const .77 0.76 080  0.75 0.77
Linea (.76 0.75 077 076 0.76

Despite the fairly limited differences in terms of the examined
statistical indicators, the best result was obtained when assuming a
zero mean function and an exponential kernel covariance function
(Figure 6.56).
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Figure 6.56 Comparison between daily in sifu actual evapotranspiration and
obtained from ML using combination 1; the dashed light blue lines are the 1:1 lines
(perfect match)

Therefore, for the other variables’ combinations and in olive
orchard, the suitability of the ML model was tested using the best m(x)
and k(x,x’) functions.

For the other combinations of the input variables, in the citrus
orchard Figure 6.57 shows the scatterplots of in situ versus estimated
daily ET, by implementing in the GPR model the best m(x) and k (x,x’)
functions.
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Figure 6.57 Comparison between daily in situ actual evapotranspiration and
obtained from ML using combination 2 (a) and combination 3 (b); the dashed light
blue lines are the 1:1 lines (perfect match)
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The estimated values are in better agreement with the measured
ones in fall and winter days (ET,< 2.5 mm d!). In spring and summer
days, the dispersion increases for values higher than about 2.5 mm d-
1. For the citrus orchard, Table 6.22 summarizes the statistical
indicators associated with the GPR model implemented with the best
m(x) and k(x,x’) functions and the three input variables’ combinations.
Table 6.22 Statistical indices associated with the GPR model implemented with the

best m(x) and k(x,x’) functions and the three combinations of the input variables, for
the citrus orchard

RMSE  MBE MAE R’ b R’[b]  NSE

[mmd'] [mm [mmd [] [-] [-] [-]
1 046  -0.01 034 0.81 0.96 0.96 0.81
2 050  -0.01 037 0.77 0.95 0.95 0.77
3 052 -001 039 0.76 0.95 0.95 0.76

Noticeable that the introduction of the VIs improved the model
performances, as shown by (Carter and Liang, 2019) and (Mosre and
Suarez, 2021). The worst performances were associated with
combination 3, in which all the input variables are detected from
information freely available online. However, even if compared to the
others, the statistical parameters evidenced that the joint use of
reanalysis and remote sensing data can still be considered acceptable
for practical applications related to irrigation management,
considering that all the required input data can be downloaded from
the web, avoiding costly and time-consuming field measurements in
areas where ground data are not available. According to Faraminan et
al. (2021) and Kang et al. (2019) the use of reanalysis and remoted
sensed data could be a good alternative to retrieve E7, with ML
techniques.

6.6.3 Application at the olive orchard

Similar good results were obtained when considering the daily
actual evapotranspiration data collected in the olive orchard.

Figure 6.58 shows the scatterplots between measured and
estimated E7, by assuming a zero mean function and an exponential
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kernel covariance function and the three combinations of the input
variables.

() (b)

ML ET, [mm d"]

()

ML ET, [mm d"]

0 1 2 3 4 5
In situ ET, [mm d']

Figure 6.58 Comparison between daily in situ actual evapotranspiration and
obtained from ML using combination 1 (a), combination 2 (b) and combination 3
(c); the dashed light blue lines are the 1:1 lines (perfect match)

The estimated values are in better agreement with the measured
ones in fall and winter days (ET, < 1 mm d ™). The dispersion increases
for values higher than about 3 mm d'. The statistical indicators
associated with the three different variable combinations are
summarized in Table 6.23.

Table 6.23 Statistical indices associated with the GPR model implemented with the

best m(x) and k(x,x’) functions and the three combinations of the input variables, for
the citrus orchard

RMSE  MBE MAE R? b R°/b] NSE

[mmd [mmd [mmd  [-] [-] [-] [-]
1 0.49 -0.01 0.37 0.68 0.94 0.94 0.68
2 0.51 -0.01 0.38 0.66 0.94 0.94 0.66
3 0.50 -0.01 0.39 0.66 0.94 0.94 0.66
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As can be observed, all the combinations are characterized by
quite similar results. The results of combination 3 are a consequence
of the good performance of the ERAS5-L in depicting the
meteorological data measured on the ground nearby the olive orchard.

6.7 IRRILEARNING model modules

Before presenting the results obtained from the different model
configurations, it was necessary to develop and implement specific
model modules required for their application.

6.7.1 Water Stress Coefficient Modelling

The main objective of this module was to identify the most
suitable function for transforming SWC into a water stress coefficient
(Ks). As described in section 4.2 Soil Water Balance Model, SWC can
be transformed into K, either by means of exponential functions
(concave or convex) or through a linear function. Thus, the best shape
factor was identified.

The analysis was carried out in the experimental olive orchard by
applying the FAO-56 model using: in situ data acquired from the
standard meteorological station and the temporal dynamics of the crop
coefficient (K.) followed a reversed trapezoidal pattern, in accordance
with Rallo et al. (2021), assuming a traditional, medium-density
planting system. Values of Z, and prio were fixed according to
information retrieved from the field farmer and from Allen et al.,
(1998), respectively. Z. was fixer equal to 80 cm and prio equal to
0.60. Values of SWCy. and SWC,, were fixed according to the soil
characterization carried out by Bono (1998). The shape factor, was
determined based on the comparison metrics between simulated and
in situ measurements of E7,, exploring a wide range of values from
—1.00 to 2.50. The performance metrics considered in the
identification included the RMSE and the MAE, which were the most
significant. The overall investigated period covered the years 2008—
2011, while the comparative analysis with EC tower measurements
was performed for the 2009-2011 period. The FAO-56 model was
applied by including an initialization phase, since the initial SWC was
unknown. Four different initial soil water content (SWCo) values were
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considered, and the model results were analysed at the time when the
different simulations converged to the same SWC value, ensuring that
the comparison was not influenced by the choice of the initial
condition. Thus, the length of the initialization window required to
make the effects of the initial model condition (initial SWC) negligible
was found to be 257 days.

From the analysis of the RMSE and MAE trends computed for the
period 20092011 as a function of the shape factor (fs), it was possible
to identify the minimum values of the interpolating functions of the
considered metrics (Figure 6.59)
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Figure 6.59 RMSE (a) and MAE (b) variability as a function of the shape coefficient
in the 2009 (blue curve), 2010 (black curve) and, 2011 (red curve),the green
diamond indicates the minus values of the two statistical indices and the relative

values of the shape coefficient, for each year of simulation
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The mean values of fs over the investigated period were fs, RMSE
= 1.58 and fs, MAE = 2.04, which are close to the value suggested by
Rallo and Provenzano (2013) (fs~1.41) for the same experimental
field, retrieved through field measurement of Midday Steam Water
Potential and SWC.

It is noteworthy that fs varies from year to year, suggesting that,
from a purely modeling perspective, this parameter should ideally be
estimated on a period-by-period basis. However, from an operational
standpoint, it is necessary to adopt a single representative value. In
this study, an fs value of 1.81 was selected as a compromise, defined
as the average of the previously derived fs values (Figure 6.60).
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Figure 6.60 Temporal dynamic of: (a) prcipitation depth (P) (blue bars), irrigation
volumes (I) (red bars), soil water content (SWC) imputed considering different
values of SWC,, crop reference evapotranspiration (ETo) (black curve), EC tower
measured actual evapotranspiration (ET.ec) (red dots) and, FAO-56 modelled
actual evapotranspiration (ETa.ra0) (blue curve); stress coefficient (Ks) (red curve)
considering a shape coefficient of 1.81 and confidence bands and, crop coefficient

(K¢) according to Rallo et al. (2021)

The adoption of the mean value fs = 1.81 results in modeled
evapotranspiration dynamics that are in good agreement with the in
situ measurements and are consistent with the timing of precipitation
and irrigation events. In particular, when focusing on the irrigation
seasons (May - September), RMSE values range between 0.52 and
0.59 mm d!, MAE values between 0.38 and 0.45 mm d’!, regression
coefficient b values between 0.89 and 0.97, and R’/b] values between

0.95 and 0.97 (Table 6.24).
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Table 6.24 Statistical indices associated to ET,, computed during irrigation seasons
in the period 2009-2011

RMSE MBE MAE R’ b R°/b] NSE

[mm d'] [-]
2009 0.58 0.09 0.45 0.54 0.97 0.95 0.45
2010 0.59 -0.09 0.46 0.16 0.93 0.93 -0.18
2011 0.52 -0.20 0.38 0.38 0.89 0.97 0.27

Considering instead the overall performance across the three-year
period, the aggregated statistics yield a RMSE of 0.58 mm d!, a MBE
of 0.06 mm d-1, a MAE of 0.45 mm d!, R’ of 0.57, b and R*/b] values
of 0.95 and 0.92, respectively, finally, a Nash—Sutcliffe efficiency
coefficient of 0.56.

6.7.2 Satellite NDVI and NDWI prediction

For the prediction of satellite data, two different approaches were
tested in the olive experimental orchard: a more complex one and a
simplified one. The complex approach relies on the calibration of a
fourth-degree polynomial curve linking VIs values to the Day Of the
Year (DOY), whereas the simplified approach exploits the short-term
invariance of VIs over limited temporal windows.

Complex. Each NDVI and NDWI value was associated with the
corresponding DOY (Figure 6.61).
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Figure 6.61 (a) NDVI (green dots) and (b) NDWI (blue dots), retrived from

Sentinel-2 acquisition in the period 2017-2020, function of DOYs; the red curves
indicate the interpolator fourth degree polynomial (complex approach)
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Two different functional relationships were derived:

NDVI= —6-1071°- DOY* + 4.34-1077 - DOY® — 9.36-107° - DOY? + 4 - 1072 - DOY + 8.2 - 107! (6.6)

NDWI = —3-1071°.pOY* 4+ 2.63-10"7 - DOY® —6.2- 1075 - DOY2 +3-1073 - DOY + 2.1- 107! (6.7)

Simplified. This approach involves keeping the VIs values
constant between two consecutive acquisitions. Specifically, the value
of an index on the day following an acquisition is assumed to remain
unchanged until the day of the next available acquisition.

The temporal evolution of the two vegetation indices, NDVI and
NDWI, following the two approaches described above, is shown in
(Figure 6.62).

1.00
0.80

0.60

NDVI [-]

0.40

0.20
0.50

® Acquisition
—Simplified (Cost)
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Figure 6.62 Temporal dynamic of: (a) NDVI (green dots represent the values
retrived from Sentinel-2 acquisition in the period 2017-2020; the red curve the
values obtained using the complex approach and the black lines using the simplified
approach); (b) NDWI (blue dots represent the values retrived from Sentinel-2
acquisition in the period 2017-2020; the red curve the values obtained using the
complex approach and the black lines using the simplified approach) (green dots)
and (b) NDWI (blue dots), retrived from Sentinel-2 acquisition in the period 2017-
2020, function of DOYs; the red curves indicate the interpolator fourth degree
polynomial (complex approach)

The qualitative analysis of the scatterplots (Figure 6.63) shows
that the simplified method is more prone to both underestimation and

overestimation.
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Figure 6.63 Qualitative analysis of: (a) NDVI and (b), obtained from the Sentinel-2
acquisitions in the period 2017-2020, and retrieved from the complex approach (red
dots) and simplified approach (black dots)

6.7.3 Irrigation intervention thresholds

As described in Section 5.7 IRRILEARNING Model, the model is
also configured to estimate the irrigation volumes to be applied to the
olive trees. To achieve this, it is necessary to define both a lower and
an upper SWC threshold. Specifically, a minimum SWC value must be
established, below which the model provides an irrigation dose to
restore SWC up to a predefined upper threshold. Since water stress in
olive trees can enhance oil quality, while the absence of stress allows
the production of high-quality table olives (Marra et al., 2016), a
proper knowledge and definition of these thresholds is particularly
important.

Some authors (Marino et al., 2018; Sanchez-Pinero et al., 2023)
have suggested three levels of Midday Stem Water Potential (MSWP)
in olive trees to guide irrigation management: up to —2 MPa (no
stress), from —2 to —3.5 MPa (moderate stress), and below —3.5 MPa
(high stress). Values over —2.5 MPa were less effective in increasing
productivity, reduced oil quality and produced excessive crop set that
strongly affected vegetative growth and fruit production the following
season. Thus, in general, moderate stress is described by a MSWP
between about —2 and —3.5 MPa and is characterized by stomatal
regulation of gas exchange. Maintaining SWC within this range can
improve Water Use Efficiency (WUE) and reduce water consumption.
According to the study by Marra et al. (2016), this stress level benefits
oil quality without compromising overall productivity and it is
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optimal for moderate annual yields of good quality oil. Finally, below
approximately —3.5 MPa, non-stomatal limitations to photosynthesis
become predominant, thus it reduced current season productivity.
This represents a threshold for high stress levels, which should be
avoided because it poses risks to the plant and has a significant
negative impact on both gas exchange and productivity.

This theoretical framework is consistent with Autovino et al.
(2018), who investigated a functional relationship between MSWP
and the water stress coefficient simulated by the HY DRUS-2D model:

__ |MSWP|-5.40

K.
S -4.51

(6.8)

(6.8) shows that, for a given value of MSWP, it is possible to
derive a corresponding value of the water stress coefficient. This
coefficient can then be converted into an equivalent SWC value,
allowing the definition of lower and upper SWC threshold values to
be used for irrigation scheduling.

Their results demonstrated a clear correspondence between
increasing soil water deficit, the modelled stress coefficient, and
observed plant water status, supporting the use of soil-based
indicators to define irrigation thresholds linked to physiological stress
levels in olive trees.

6.7.4 Other parameters

IRRILEARNING model implementation also requires the
definition of some other parameters.

For the selection of the Z,, which determines the size of the soil
water reservoir, the study carried out by Masmoudi-Charfi et al.
(2011) was taken as a reference. It provides physically consistent and
site-specific estimates derived from long-term observations and
modelling at an experimental olive orchard. The adopted root depth
reflects both the soil characteristics and the typical rooting behaviour
of olive trees, ensuring a realistic representation of the soil water
reservoir involved in water uptake. Therefore, depending on soil type
and tree age, a representative value of Z, is adopted, allowing the soil
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water reservoir to be parameterized consistently with the physical
characteristics of the site and the phenological development of the
olive trees.

prso, which allows the identification of the threshold for the
beginning of water stress, was retrieved from Allen et al. 1998, abd
set equal to 0.60.

Values of SWCy. and SWC,, were fixed according to the soil
characterization carried out by Bono (1998).

Finally, as explained in 6.7.1 Water Stress Coefficient Modelling,
IRRILEARNING also requires an initialization phase. The model is
initialized using four different values of initial soil water content
(SWCo), and the results are analysed once all four simulations
converge to the same SWC value, ensuring that the model response is
independent of the chosen initial condition.

6.7.5 Alternative Functions

The model is also designed to analyse climate change scenarios.
In this framework, the precipitation pattern can be modified in terms
of event magnitude by applying either a reduction or an increase,
expressed as a percentage variation (Pyyre), to the intensity of the
recorded rainfall events.

Finally, the analysis can be carried out either on a pixel wise basis
or by adopting a field mean approach.

6.8 IRRILEARNING applications

Once the model modules were defined, the framework was ready
to analyse the three model configurations across the seven fields for
which irrigation volumes, provided by the farmers, were available for
the period 2018-2020. The simulations were initialized in 2017, since
the initial SWC was unknown, allowing an adequate warm up period
to minimize the influence of the initial conditions. Figure 6.64 shows
the operational workflow of the model.
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Figure 6.64 IRRELEARNING model operation scheme

The operational performance of IRRILEARNING was evaluated
in the seven fields where user irrigation cards were available for the
years 2018, 2019, and 2020, as previously described in Section 4./

Irrigation District 14.

6.8.1 Support and check

The Support and Check (SaC) mode was initialized using
meteorological inputs measured by the SIAS in situ station. VIs were
derived from Sentinel-2 acquisitions and linearly interpolated
between consecutive images. Irrigation scheduling was simulated
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under two management objectives: oil production (lower MSWP
threshold = —3.5 MPa; upper threshold = —2.5 MPa) and table olive
production (lower MSWP threshold = —2.5 MPa; upper threshold =
—2.0 MPa). No precipitation scenarios were considered. The
functional relationship to convert SWC into the water stress
coefficient (K;) was performed using the exponential function (3.9)
with a f; equal to 1.81.

Figure 6.65 shows the actual irrigation volume supplied by the
farmer and the volume provided by IRRILEARNING in SaC mode,
for both oil and table olive production. It also exhibits the number of
irrigation events through which these volumes are provided across the
seven selected fields.
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Figure 6.65 Irrigation volume provide by the farmers (dark grey bar) vs. irrigation volume provide by the model using the SaC mode for oil
(green bar with horizontal lines) and olive table production (green bar with skewed lines) (bottom row); In the upper row, the bars represent
the number of supplies used to provide the irrigation volumes (dark grey bars for farmers; green bars with horizontal liner for SaC mode for
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Conversely, Table 6.25 reports the absolute errors (simulated —
supplied) and the percentage errors (|simulated — supplied| / supplied
% 100) associated with the irrigation volumes simulated by the model
and those actually applied by the farmer.

Table 6.25 Absolute and percentage errors between the irrigation volumes provided

by the farmer and those predicted by the model in SaC mode, for both productions,
oil and olive table

. A B C D E F G
QOil [m]

2018 -538 -497  -489  -318 -180 -174 792
o -66%  -75%  -92%  -76% -100% -76%  -78%
8 2019 -385 -383 -504 234 -180 -73 -1041
[~ 41%  -58%  -71%  -46% -100% -30%  -61%
= 2020 -677  -791 -514  -446 -100 -284  -725
-65%  -88%  -71%  -713% -100% -72%  -57%

Olive A B C D[mS] E F G
2018 -490  -468 -433 -300 -180 -148 -690
I~ -60%  -71%  -82% -71% -100% -64%  -68%
8 2019 -289  -335 -468  -226 -180 -44 -926
[~ 31%  -51%  -66%  -45%  -100%  -18%  -55%
= 2020 -613 =740  -478  -396 -100 264 -693

-59%  -82%  -66%  -64% -100% -67%  -55%

The model results indicate that substantial water savings can be
achieved under both management strategies. When irrigation is
scheduled to optimize oil production, water savings range from a
minimum of 30% (Field F, 2019) to a maximum of 100% (Field E),
the latter reflecting a season in which irrigation was applied by the
farmer despite conditions that likely did not require it. Similarly, when
irrigation is managed to support table olive production, potential
water savings vary from 18% (Field F, 2019) up to 100% (Field E),
again highlighting cases where irrigation was supplied during a
season when it was probably unnecessary.

6.8.2 Forecasting

The Forecasting mode was designed to assess both the operational
functionality of the model when driven by forecast meteorological
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data and its capability to support scenario management. However, the
SILAM forecast data consistently overestimated precipitation during
the three investigated years (see 6.3 Forecasting data accuracy).
When these data are used without correction, none of the seven fields
requires irrigation over the entire period. Moreover, for the model to
simulate irrigation events, the magnitude of forecast precipitation
must be reduced by ~40%, a condition that can be considered
excessively extreme and therefore unrealistic for operational
applications.

6.8.3 Scenario Management

To evaluate the Scenario Management mode, a percentage
reduction of the precipitation pattern measured at the SIAS station
was adopted. Only the magnitude of rainfall events was modified,
while the temporal distribution was preserved. Four different
scenarios were analysed, and the percentage reductions were defined
according to the Representative Concentration Pathways (RCPs)
developed by the Intergovernmental Panel on Climate Change. RCPs
describe possible trajectories of atmospheric greenhouse gas
concentrations and other climate forcings up to the year 2100.

Sicily lies within the Mediterranean region, which is widely
recognized as a climate change hotspot, where warming rates are
higher and precipitation regimes are expected to change more
markedly than the global average. Regional climate projections and
local studies indicate a decline in total annual rainfall and an increase
in seasonal irregularity, with autumn and winter periods characterized
by long dry spells alternating with short, high-intensity precipitation
events. By the end of the century, mean precipitation in Sicily and
surrounding areas is projected to decrease by approximately 10-20%
or more, depending on the scenario and season. At the same time, an
intensification of short, intense storms and increasing seasonal
variability are expected, leading to longer dry periods and greater
pluviometric irregularity (Van Vuuren et al., 2011a).

Based on these projections, the following precipitation reduction
scenarios were considered for south-western Sicily:
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: strong mitigation scenario, with rapid emission
reductions and early stabilization of global warming.
Large decreases in annual rainfall are not expected,
although variability and extreme events may increase;
assumed precipitation reduction of 5% (Van Vuuren et al.,
2011b);

: intermediate scenario with moderate mitigation
policies; assumed precipitation reduction of 15%
(Thomson et al., 2011);

: intermediate-high scenario with late stabilization
of emissions and strengthening of the northward expansion
of the subtropical high-pressure system, leading to a robust
reduction in rainfall, particularly during the agriculturally
critical season; assumed precipitation reduction of 17%
(Fujino et al., 2006);

RCP8.5: high-emission scenario with no significant
climate policies; assumed precipitation reduction of 20%
(Riahi et al., 2011).

Therefore, the four precipitation reduction scenarios were applied
across all seven fields. Figure 6.66 shows how cumulative
precipitation is reduced under each scenario across three periods of
the year: from January to April, from May to September (irrigation
season), and from October to December.

For each scenario, the model was evaluated under both irrigation
management strategies: one aimed at maximizing oil production and
the other oriented toward table olive production. The evaluation of the
model was evaluated by considering the number of irrigation events
supplied and the total volume applied, compared against the measured
data recorded in the user cards (Figure 6.67).
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Figure 6.66 Variation in precipitation patterns over different periods (January-April, May-September, October-December) across the three
years, in accordance with the RCP scenarios projections (green bar in situ measurement, light green RCP2.6, yellow RCP4.5, orange RCP6.0,
red RCP8.5)
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Figure 6.67 Irrigation volume provide by the farmers (dark grey bar) vs. irrigation volume provide by the model using the Scenario Management
mode for oil (bar with horizontal lines) and olive table production (bar with skewed lines) (bottom row); green bar indicate in sifu measurement,
light green RCP2.6, yellow RCP4.5, orange RCP6.0, and red RCP8.5. In the upper row, the bars represent the number of supplies used to
provide the irrigation volumes (dark grey bars for farmers; bars with horizontal liner for Scenario Management mode for oil production; and,
bars with skewed liner for Scenario Management mode for olive table production); green bar indicate in situ measurement, light green RCP2.6,
yellow RCP4.5, orange RCP6.0, and red RCP8.5
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As expected, increasing the percentage reduction in precipitation
leads to a corresponding rise in both the number of irrigation events
and the total irrigation volume applied. In 2018, lower irrigation
volumes were observed compared with the other years; this can be
explained by the particularly wet conditions recorded during the
January—April period, which increased SWC prior to the irrigation
season (May—September). In most cases, the irrigation volume
supplied for olive production is slightly higher than that provided for
oil production, although the differences are not significant. This
occurs because, under the oil production strategy, the model schedules
fewer irrigation events with larger supplies depths, whereas for olive
production it provides more frequent irrigations with smaller
volumes. In the few cases where this pattern is reversed and the
volume supplied for oil exceeds that for olive production, irrigation
was provided on days when rainfall also occurred. This behaviour was
observed under the olive production strategy: because irrigation
coincided with precipitation, SWC increased above the upper
threshold, further delaying the return toward the lower intervention
threshold. This behaviour arises from the model decision logic, which
determines irrigation on day i based on conditions observed on day i—
I; consequently, it cannot anticipate precipitation events occurring on
the same day.

With the exception of 2018, which was characterized by a
particularly wet Jan—Apr period, and excluding Field E from the
analysis, the number of irrigation events shows, for oil production,
irrigation events in 2019 range from a minimum of 6 to a maximum
of 13, while in 2020 they vary between 2 and 13; for table olive
production, the number of interventions is generally higher, ranging
from 10 to 22 in 2019 and from 5 to 22 in 2020.

Table 6.26 summarizes the irrigation volumes supplied by the
farmer and under the different model configurations and years,
together with their frequency. The latter is calculated as the inverse of
the average number of days between two consecutive irrigation
events.
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Table 6.26 Irrigation volumes provided by the farmer and under different model configurations across the years, and their irrigation frequency,
for both productions, oil and olive table

2018 2019 2020 2018 2019 2020
Volume A B C D E F G A B C D E F G A B C D E F G A B C D F G A B C D E F G A B C D E F G
810 660 530 420 180 230 1010 930 655 710 505 180 240 - 1040 900 720 615 100 395 1270 810 660 530 420 180 230 1010 930 655 710 505 180 240 - 1040 900 720 615 100 395 [ 1270
272 163 - 102 56 218 545 272 206 271 167 654 363 109 206 169 111 545 320 192 97 120 82 320 641 320 242 279 . 196 769 427 160 242 219 131 577
= RCP2.6 | 272 163 8 102 84 218 635 327 247 305 195 763 454 163 247 203 139 654 374 224 97 140 98 320 694 352 290 319 213 897 534 192 266 239 147 641
E 363 218 84 327 817 381 329 339 251 980 726 327 370 373 223 1089 427 256 145 159 115 448 854 448 339 379 | 43 262 1089 694 288 387 359 | 75 229 1025
s 363 218 111 327 817 436 370 373 | 55 251 1089 817 327 412 407 | 91 251 1198 427 256 145 159 115 448 854 480 387 399 65 278 1089 801 320 411 399 86 246 1153
- 363 218 908 436 453 441 91 278 1307 908 436 453 441 128 306 1307 480 288 145 179 131 448 907 480 484 438 97 295 1281 961 416 460 438 108 278 1345
Frequency
T002 005 008 005 - 002 003 0.04 005 008 005 - 002 0.07 013 0.07 T0.02 003 008 005 - 002 003 7002 003 008 005 - 002 003
0.11 010 010 010 - 0.1 011 0.14 0.17 0.14 014 - 014 0.14 0.11 0.1 020 0.11 0.11 0.20 0.14 020 020 017 - 017 0.17 0.14 020 020 017 - 017 017
= 007 0.07 0.11 007 - 013 0.14 0.13 011 011 010 - 0.3 0.09 0.14 0.14 0.14 017 - 014 0.17 0.13 0.13 - 0.13 0.14 0.13 020 020 0.17 020 - 020 0.17 020 020 017 020 - 020 017
E 0.09 0.08 0.13 0.09 - 0.07 0.14 0.10 013 010 0.1 0.09 0.10 011 0.17 0.17 0.17 0.17 020 0.17 0.17 0.14 0.14 0.14 0.14 0.13 0.14 020 0.17 0.17 020 0.09 020 0.20 020 017 017 020 020 020 020
g 0.09 0.09 0.13 009 - 008 0.14 0.10 0.10 0.13 013 0.10 0.11 0.11 0.17 0.17 0.17 0.17 020 0.17 0.17 0.14 0.14 0.14 0.14 0.14 0.13 020 0.17 020 020 0.10 0.20 0.20 020 0.17 020 020 020 020 0.20
2 0.08 0.09 0.13 007 - 008 0.09 0.11 013 011 013 0.13 0.14 0.13 017 0.17 0.17 0.17 020 0.17 0.17 0.17 017 0.14 0.14 0.14 0.13 0.20 0.20 0.20 0.13 020 0.20 020 020 0.20 - 0.20 0.20 0.20
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Overall, the irrigation volumes supplied by the model are lower
than those actually applied by farmers, even under the precipitation
reduction. The only exceptions occur in Field F (2019) and Fields E
and G (2020), where the simulated volumes slightly exceed the
recorded irrigation amounts in both production configurations
(underlined values).

The frequency increases year by year; clearly, higher frequencies
are observed for table olive production compared to oil production.
The highest frequencies occur in 2020, probably because that year
was overall drier than 2019, despite rainfall during the summer of
2020 being higher than in the summer of 2019.

Nevertheless, it is important to note that, despite the analysis being
conducted under scenarios that assume reduced precipitation, the
model generally recommends lower irrigation volumes than those
applied.

6.8.4 Closing remarks — One field analysis

Considering the Field A, Figure 6.68 illustrates the plot outputs
produced by the model in SaC mode for both oil and olive production.

o o . o OLIVE, S
T —FT ) inr M A bl

1(

]

AR AR

1

Figure 6.68 Output of IRRILEARNING in SaC mode for field A for both oil and
olive table production. The upper row show the temporal dynamic of ETo (black
function) from PM equation, ET, for the ML model (blue function), precipitation
depth (blue bar) and the irrigiation supplies and the provide relative volume (red
bar); the midlle row show the SWC temporal dynamic (blue function), the red line
indicate the stress threshold, the blue line indicate the SWC after that the irrigation
start and the magenta line the irrigation stop; finally the bottom line show the Kj
temporal dynamic, the black line indicate the K, after that the irrigation start and the
magenta line the irrigation stop
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The first row shows the temporal evolution of crop reference
evapotranspiration computed using the PM equation (3.10) , the actual
evapotranspiration estimated through ML, the distribution and
magnitude of precipitation, and the irrigation volumes supplied by the
model according to the imposed irrigation rules. It can be observed
that, under the oil production strategy, the model supplies fewer
irrigation events with larger depths, whereas for table olive production
it applies more frequent irrigations with smaller depths.

The second row illustrates the temporal dynamics of SWC,
together with the threshold for the beginning of water stress and the
irrigation intervention thresholds. The variability range is slightly
wider for the oil production scenario and more constrained for table
olive production.

The third row presents the evolution of the K and its variability
range as determined by the selected irrigation thresholds.

Regarding the K., a comparison was performed between the
residual K. and the tabulated K. values suggested by Rallo et al.
(2021) and Allen et al. (1998). The residual K. was computed as:

MLET,

Residual Kc = m
o s

(6.9)

Figure 6.69 shows the comparison with the tabulated K. values in
SaC mode for oil production, while Figure 6.70 displays the
comparison for table olive production, for all the years.
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Figure 6.69 Comparison between Residual and tabled K. for oil production; in the
upper row, residuals are against the ones retrieved by Allen et al. (1998); in the
bottom row, residualds are against the ones retrived by Rallo et al. (2021); the color
bar indicates the corresponding values of K

216 Dario De Caro



Chapter 6: Results and discussion

110 OLIVE .

1.00
z
Z0.90
» 0.80
¥

0.70

<<<<<<

0.60
0.70

2 0.60

RALL

¥ 0.50

0.40 0.00
0.00 0.50 1.00 1.50 2.00 2.50 3.00 3.50

Residual K.

Figure 6.70 Comparison between Residual and tabled K. for live table production;
in the upper row, residuals are against the ones retrieved by Allen et al. (1998); in
the bottom row, residualds are against the ones retrived by Rallo et al. (2021); the
color bar indicates the corresponding values of K

As observed in the two figures, before the onset of severe stress
(K> 0.40), the residual K. values align well with the tabulated values
from Rallo et al. (2021), with points distributed closely around the 1:1
line. In this review, the authors updated the tabulated K. values for
different crop stages. However, as stress becomes more severe (K >
0.40), the residual K. values start to deviate from this behavior. The
plots also display plateaus, reflecting the trapezoidal pattern of the
tabulated K., which includes extended periods with constant values.

Figure 6.71 shows the irrigation volumes supplied by the farmer,
those simulated by IRRILEARNING in SaC mode and those obtained
under the Scenario Management mode, over the three years.
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Figure 6.71 Exploded view of a field (A) showing the irrigation volume provided by farmers (dark grey bars) compared with the irrigation
volume provided by IRRILEARNING using the SaC and Scenario Management modes (light green: RCP2.6; yellow: RCP4.5; orange: RCP6.0;
red: RCP8.5) for oil production (green bars with horizontal lines) and table olive production (green bars with skewed lines) (bottom row)
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As previously discussed, for a given scenario the differences
between oil and table olive production are not significant. This is
because, in the case of oil production, the model schedules fewer
irrigation events with larger volumes, whereas for table olive
production it recommends a higher number of irrigation events with
smaller volumes.

To analyze the irrigation schedules, Gantt charts were used.

Figure 6.72 shows that, for oil production, the irrigation seasons
in 2018 are consistently shifted compared with the actual ones,
considering that the Jan—Apr period was particularly rainy.

As a result, irrigation events are concentrated toward the end of
the irrigation window; in 2019, the irrigation schedules are again
shifted, although in this case the events are more concentrated at the
beginning of the irrigation season; finally, in 2020, irrigation events
appear to be more evenly distributed throughout the irrigation
windows.

For table olive production, Figure 6.73 shows that most irrigation
windows are longer, with earlier starting dates and later ending dates
compared with the oil production. The temporal distribution of
irrigation events remains generally similar; however, the number of
interventions is noticeably higher.
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In the framework of increasing pressure on water resources and
the need to enhance the sustainability of irrigated agriculture, this
thesis has investigated innovative approaches for the estimation and
modelling of water footiprint, with particular attention to actual
evapotranspiration and crop water requirement. By integrating in situ
measurements, reanalysis and forecast datasets, remote sensing
observations, and advanced modelling techniques, the study has
provided a comprehensive assessment of the SPA continuum and its
role in regulating water fluxes in Mediterranean agroecosystems,
specifically in citrus and olive orchard.

The multidisciplinary approach adopted in this thesis, combining
physically based models, data assimilation, and Earth Observation
technologies, has enabled the identification of both opportunities and
limitations associated with each methodology, as well as the potential
benefits arising from their integration. Emphasis has been placed on
the applicability of these approaches in operational contexts,
especially in data-scarce regions and under climate variability
scenarios, where reliable and scalable tools for irrigation management
are increasingly required.

Within this context, the research has been guided by a set of key
RQs aimed at evaluating the reliability of alternative data sources, the
performance of ML techniques, the integration of modelling
frameworks, and the comparative strengths of different approaches
for water footprint estimation. The following section provides a
synthesis of the main findings of the study, structured as direct
answers to these RQs:

o RQI Answer. The results show that reanalysis data,
particularly ERAS5-Land database, can be considered
reliable surrogates of in sifu measurements for several key
meteorological variables, especially mean air temperature
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and global solar radiation, which exhibited high
correlation coefficients (R’ z-sean= 0.96 and R’zs=0.92 for
olive orchard; R’7u-mean = 0.95 and R’zs = 0.91 for citrus
orchard) and good agreement with in situ observations.
This reliability translates into encouraging performances
in the estimation of crop reference evapotranspiration
(ET0), with high R? values (0.94 for olive orchard; 0.91 for
citrus orchard) and relatively low errors (RMSE = 0.53 mm
d' and MBE = -0.16 mm d' for olive orchard; RMSE =
0.57 mm d'; MBE = 0.25 mm d! for citrus orchard).
However, the analysis also highlights some important
limitations. Precipitation showed low correlation with in
situ data at daily scale (R’ = 0.45 for olive orchard; R’ =
0.40 for citrus orchard), indicating that reanalysis products
may struggle to reproduce local rainfall dynamics. Despite
this, cumulative precipitation trends were reasonably well
captured (from -140.40 mm to +68.80 mm, for olive
orchard; from -222.02 mm to +223.10 mm, for citrus
orchard), suggesting suitability for long-term analyses
rather than event-scale applications.

Overall, reanalysis data can effectively replace in situ
measurements in data-scarce regions for estimating water
footprint (i.e., LESPARSE; 3-combination= 87 W m%; SWC:samir:2a
=0.02 cm® cm™ and ETu:samir:20= 0.60 mm d™'; ETua:3-
combination = 0.52 mm d! for citrus orchard and ET,umz,3-
combination = 0.50 mm d! for olive orchard), although caution
is needed for variables characterized by high spatial
variability, such as precipitation.

RQ2 Answer. The Machine Learning (ML) models,
particularly the Gaussian Process Regression (GPR),
demonstrated good performance in estimating actual
evapotranspiration when trained using variables from the
SPA continuum and satellite-derived inputs. The results
show satisfactory agreement with in situ measurements
(with R? values up to 0.81 and low RMSE values from 0.46
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to 0.52 mm d™! for citrus orchard; with R? values up to 0.68
and low RMSE values from 0.49 to 0.51 mm d* for olive
orchard), confirming the robustness of the approach.

The inclusion of VIs derived from remote sensing
significantly improved model performance, highlighting
the importance of integrating satellite data for capturing
crop dynamics. Even when using only freely available data
(reanalysis and remote sensing), the models maintained
acceptable accuracy (RMSE = 0.52 mm d! for citrus
orchard; RMSE = 0.50 mm d' for olive orchard),
demonstrating their applicability in operational contexts
where field measurements are unavailable.

Nevertheless, model performance tends to decrease at
higher evapotranspiration values (e.g., ET, > 2.5-3 mm
d™), indicating some limitations in capturing extreme
conditions. Overall, ML models proved to be flexible,
scalable, and effective tools for spatially distributed ET7,
estimation.

e RQ3 Answer. The integration of the ML model witha SWB
model represents a key advancement of the research. ML
models provide accurate and continuous estimates of ET,,
which can be used as dynamic inputs within SWB
frameworks to simulate soil water content and crop water
status (stress coefficient) over time.

Thus, this integration enables the development of
advanced decision-support tools, named
IRRILEARNING, which combines ML predictions, soil
water content dynamics, and vegetation stress to support
irrigation scheduling. In particular, the system allows for
the identification of optimal irrigation thresholds,
improving both irrigation management and forecasting
capabilities. The model has been specifically designed to
support different production objectives, including both
olive oil production and table olive cultivation, thus
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ensuring its applicability across diverse management
strategies.

Moreover, the use of forecast data as inputs allows
extending this framework to predictive scenarios, making
it suitable for climate change applications. In this regard,
specific scenarios based on IPCC projections have been
analyzed to evaluate the response of the system under
future climatic conditions. In this way, irrigation strategies
can be adapted proactively based on expected
meteorological conditions, enhancing resilience and water
use efficiency.

RQ4 Answer. The comparative analysis, set up in the citrus
orchard, highlights that each modelling approach presents
specific strengths and limitations, which can be
quantitatively assessed through dedicated performance
metrics.

SPARSE, which is a SEB model based on LST retrieved
from satellite images, provides spatially distributed
estimates and is particularly effective for large-scale
applications, but it is sensitive to input uncertainties,
especially in meteorological variables. Its performance
assessment, based on comparisons with eddy covariance
measurements, highlights a good capability in reproducing
instantaneous fluxes (RMSEg, from 17 to 27 W m>
RMSEy from 48 to 69 W m™, RMSE,; from 64 to 87 W m’
2. RMSEGo from 15 to 16 W m™).

SAMIR, the SWB model, is simple, physically
interpretable, and directly applicable to irrigation
management, but it requires accurate parameterization and
high-quality input data. Its performance was evaluated by
comparing simulated and observed soil water content and
actual evapotranspiration and transpiration values,
showing generally good agreement, as confirmed by
satisfactory statistical indicators (RMSEswc from 0.01 to
0.02 cm® cm™; RMSEEr, from 0.51 to 0.60 mm d°'; RMSET
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from 0.39 mm d™' to 0.40 mm d!), which demonstrate its
reliability under well-calibrated conditions.

The Eddy Covariance-based partitioning method offers a
highly accurate partitioning of monitored actual
evapotranspiration into transpiration and evaporation,
making it a reliable reference for model validation. The
robustness of this method is supported by the consistency
and high temporal resolution of flux measurements,
typically reflected in low uncertainty levels and strong
internal energy balance closure, although its application is
limited to point-scale measurements and requires complex
and costly instrumentation.

The main outcome of the research is that these approaches
are not mutually exclusive but complementary. Their
integration allows exploiting their respective strengths.
This synergy leads to more robust, scalable, and
operational tools for estimating water footprint and
supporting efficient irrigation management in agricultural
systems.

In conclusion, this research demonstrates that the integration of
advanced technologies, such as remote sensing, ML, and multi-source
data assimilation, represents an effective and innovative strategy for
improving irrigation volumes savings in agriculture. These
approaches contribute to reducing water consumption, increasing
water use efficiency, and strengthening the resilience of agricultural
systems to climate variability and change, in line with the principles
of Agriculture 4.0. Furthermore, they are consistent with the strategic
priorities of Horizon Europe, particularly the missions on Climate
Change Adaptation and Soil Health and Food, as well as with the
Sustainable Development Goals (SDGs), including Goal 2 (Zero
Hunger), Goal 13 (Climate Action), and Goal 15 (Life on Land),
thereby supporting the transition towards more sustainable and
climate-resilient farming systems.
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Future research line

Building on the results obtained in this thesis, several future
developments can be identified to further enhance the robustness,
scalability, and applicability of the proposed approaches. A first
research direction concerns the extension of the implemented models
to different climatic contexts and cropping systems. While the present
study focused on Mediterranean environments and perennial crops
such as citrus and olive orchards, testing the performance of Soil
Water Balance models, Surface Energy Balance models, CO;-base
partitioning method and Machine Learning approaches under diverse
climatic conditions (e.g., arid, semi-arid, or temperate regions) and
for different crop types (e.g., annual crops or intensive horticultural
systems) would allow for a more comprehensive assessment of their
generalization capability and operational potential.

In addition, further research should explore the use of climate
projection datasets, such as those provided by the CORDEX initiative,
to assess the impacts of climate change on crop water requirements
and irrigation management. Integrating these projections within the
IRRILEARNING framework would enable the simulation of future
scenarios, supporting the development of adaptive irrigation
strategies under changing climatic conditions. This would represent a
significant step towards the implementation of climate-resilient
decision-support systems.

Another relevant line of research involves improving the
reliability of precipitation data derived from reanalysis products. As
highlighted in this work, precipitation remains one of the main
sources of uncertainty, particularly at local scale. Future efforts could
focus on the development of bias-correction techniques, data
assimilation strategies, or hybrid approaches combining reanalysis
data with ground observations and satellite-based rainfall estimates,
to enhance the accuracy of precipitation inputs and, consequently, the
performance of hydrological and evapotranspiration models.

Finally, future studies could focus on the continuous improvement
of the integration among modelling approaches, remote sensing data,
and Machine Learning techniques, with particular attention to real-
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time applications and operational deployment. The development of
user-friendly platforms and tools for stakeholders, including farmers
and water managers, could further enhance the practical impact of the
proposed methodologies, contributing to the advancement of
precision agriculture and sustainable water resource management.
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Annex

Chapter 2. Input data for actual evapotranspiration modelling
2.2 In situ measurements
2.2.2 Plant-Atmosphere layer

Plant optical properties. Solar radiation interacts with vegetation
in a way that determines the spectral characteristics of plant canopies
and the color perceived by the human eye (Figure I). The human eye,
sensitive only to the visible part of the spectrum, perceives vegetation
as green. Beyond the visible domain, however, plants display several
patterns of reflectance in the other regions. Although these
reflectances are invisible to human vision, they can be detected by
optical sensors and are widely used in remote sensing to assess
vegetation health and physiological condition.

Figure I Interaction between solar radiation and plant; perception of the human eye
vs several patterns of reflectance (from: Lechi (2001))
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The analysis of the vegetation spectral signature can provide
information about the plant’s health state and water status (Sims and
Gamon, 2003; Rallo et al., 2014).

In the NIR region, high values of reflectance can indicate healthy
vegetation (Moroni et al., 2019). With reference to the analysis of the
plant water status, Bal et al. (2021) observed that in the VIS region
(400 - 700 nm) the reflectance values, at milking stage of wheat were
more accentuated in the vegetation with high degree of desiccation
(line 17), rather than in the well-watered vegetation (line I1) (Figure
I0).
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Figure II Changes in canopy reflectance spectra of wheat affected by irrigation at
milking stage (from: Bal et al., 2021)

Moreover, Caturegli et al. (2020) illustrate the spectral reflectance
profiles measured over bermudagrass subjected to three distinct levels
of water stress: i. well-watered or saturated conditions (0 days without
irrigation); ii. intermediate stress (7 days without irrigation); iii.
severe water deficit (16 days without irrigation). The reflectance
behavior clearly differentiates the three moisture conditions,
revealing how the optical response of vegetation is strongly
modulated by its water status (Figure I1I).

270 Dario De Caro



Annex

0.5 —— 16 days without water
04r
-7 days without water

_ 03
&
he

0.2

0.1

il
2000 2500

1500

A [nm]
Figure III Spectral reflectance curves of bermudagrass under different levels of
water deprivation: 16, 7, 0 days without watering. Each curve is the spectral
reflectance averaged over the six replicates, whereas the shading shows the
confidence bounds of one standard deviation around the mean. The arrows highlight
the major water absorption troughs (from: Caturegli et al., 2020)
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Across the entire spectral range, the bermudagrass under severe
drought exhibits a marked increase in reflectance, consistent with the
physiological desiccation of leaf tissues and a corresponding decrease
in Leaf Relative Water Content (LRWC), which at 16 days without
irrigation reached approximately 18%. The overall brightening of the
spectrum under dry conditions reflects the loss of internal scattering
efficiency and the reduction of water absorption within the leaf
matrix. In the NIR and SWIR regions, four prominent absorption
features can be identified. These are centered approximately at 970
nm and 1175 nm in the NIR, and at 1450 nm and 1950 nm in the
SWIR, corresponding to well-known water absorption bands. Under
well-watered conditions, these troughs appear deep and well-defined,
reflecting the strong absorptive capacity of hydrated tissues.
Conversely, in water-stressed bermudagrass, the attenuation of these
features indicates reduced liquid water content and increased optical
transparency of the leaf structure.

Such variations in spectral reflectance with plant water status
demonstrate the sensitivity of the NIR and SWIR domains to
vegetation water content, highlighting their diagnostic value for
remote sensing applications. The shape and depth of water-related
absorption features provide quantitative information on plant
hydration and can be effectively used for the development of spectral
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indices and retrieval models aimed at monitoring vegetation water
stress and physiological performance.

2.4 Remote Sensing data

An example of passive proximity sensor, for plant water status
detection is the spectroradiometer (Figure IV).

Figure IV Spectroradiometers a) from 325 to 1075 nm and b) up to 2500 nm

These instruments are able to record the values of reflectance
referred to the wavelength interval ranging between 350-2500 nm.
These instrument are most used for research purposes at plant or leaf
scale, but over large areas, the spectroradiometric measurements are
labour-intensive and time-consuming, due to the large number of
observations necessary to characterize a single plot. Moreover, the
high cost of the instruments and the necessity of proper calibration
limit their usability.

A typical active remote sensor is the RADAR, that measures the
amount of energy or backscattering coefficient (o0) reflected by the
target hit by the EM wave generated by the sensor:

00 =10 -log (B.-F;) (a)

where P, and P; are the received and emitted power, respectively.
In some cases, Pr can have a very low value, for this reason, o0 is
expressed in decibel (dB) and the working wavelength range is in the
microwave range (17.2-0.4 GHz).

LIght Detection And Ranging (LIDAR) system is also an active
sensor that provides information about the concentration of chemical
species in atmosphere, as well as the Synthetic Aperture Radar (SAR)
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systems that provide accurate measurements of altitude useful for
interferometric application.

Spectral resolution. The sensitivity of a single spectral band is
defined by the relative spectral response function (Figure V).
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Figure V Example of relative spectral response of the band 1 (costal aerosol)
characteristic of the operational land imager (OLI) sensor installed on the Landsat
8 and Landsat 9 mission (from: https://landsat.gsfc.nasa.gov/article/preliminary-
spectral-response-of-the-operational-land-imager-in-band-band-average-relative-
spectral-response/)

Based on the number of spectral bands present in the sensors, this
can be identified as hyperspectral (e.g., PRISMA) or multispectral
(e.g., Sentinel-2, Landsa-8, Landsat-9) sensor. The ability of the
sensor to discriminate the energy differences between different
surfaces depends by the radiometric resolution. The most sensitive
sensors are those able to detect the small differences in reflected
energy.

Radiometric resolution. Figure VI shows the comparison between
images characterized by different radiometric resolution from §- bit
to 1- bit image.
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8 bit 3 bit 2 bit 1 bit

Figure VI Comparison between images characterized by different radiometric
resolution from 1 to 8 bit (from: Lechi (2001))

There is an evident difference in the level of detail discernible
between 8-bit and 1-bit image which is dependent on their radiometric
resolutions.

Spatial resolution. In RS applications, the spatial resolution is
defined using angular characteristics: Field Of View (FOV) and
Instant Field Of View (IFOV) (Figure VII).

Figure VII Geometric representation of field of view (FOV) and instantaneous field
of view (IFOV) for optical system (from: Lechi (2001))

The FOV is defined as an angle of vision of the whole swath width
(A):

A =FA -FOV (b)
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where FA is the flight altitude or earth-sensor distance, and [IFOV
is the angle of vision of one pixel expressed as Ground Simple
Distance (GSD):

GSD = FA -IFOV (c)

The value of IFOV for a specific band defines the amount of
reflected energy that the sensor can acquire. In the VIS region, the
amount of available reflected energy is greater than in the SWIR
region, thus the spatial resolution in this region will be worse than in
the VIS region.

At 10 m resolution, individual features are clearly distinguishable,
providing high spatial detail suitable for local-scale analyses. As the
resolution decreases to 20 m and 40 m, fine details become
progressively blurred, and small objects merge into larger, more
homogeneous areas. At 60 m resolution, only the general land-cover
patterns remain visible, while most small-scale features are lost. This
comparison highlights how increasing pixel size reduces spatial detail
but can still be valuable for large-scale or regional applications where
fine resolution is not required (Figure VIII).

Figure VIII Comparison between images characterized by different radiometric
spatial resolution (from: Lechi (2001))
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Temporal resolution. For earth observation purposes, there are two
main types of orbits geostationary (Figure IX -a) and sun-
synchronous (Figure IX -b).

Figure IX a) Geostationary orbit and b) sun-synchronous orbit (from:
https://www.esa.int/ESA_Multimedia/Images/2020/03/Geostationary_orbif)

The satellites with a geostationary orbit are synchronous with the
rotation of the earth. In particular, the satellites that need to stay
constantly above a specific zone, such as telecommunication, weather
or radar, use this kind of orbit.

Whereas the satellites with sun-synchronous orbit travel past earth
from north to south, synchronous with the sun. Thus, the satellite
always visits the same zone at the same local time.

The time interval between one acquisition and the next one is the
temporal resolution. The possibility of monitoring the same place at
different time instant is very important to detect the possible changes
in the environment. For this reason, the satellites for earth observation
and environmental applications are generally sun synchronous.

Remote sensing image. A remote sensing image can be
conceptualized as a stack of multiple images, each corresponding to a
specific spectral band captured by the sensor. The number of layers in
this stack depends on the spectral configuration of the sensor, ranging
from a few broad bands in multispectral systems to hundreds of
narrow bands in hyperspectral sensors (Figure X).
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Figure X Example of a image stack and a composite image (from: Lechi (2001))

Each individual band is composed of a matrix of pixels, where
each pixel represents the average radiance or reflectance value
measured from a specific area on the ground (Figure XI).
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Figure XI Raster representation (from: Lechi (2001))

When these single-band images are combined, they can be
displayed in different color composites depending on which spectral
channels are assigned to the Red, Green, and Blue (RGB) display
components. By assigning the visible red, green, and blue bands to
their corresponding channels, one obtains a true color image, which
closely resembles what the human eye would perceive (Figure XII).
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Figure XII RGB composition (from: https://apps.sentinel-hub.com/eo-browsery/)

Alternatively, by assigning non-visible bands (e.g., NIR, red, and
green) to the RGB channels, a false color image can be produced.
False color composites are particularly useful for highlighting specific
surface features, such as vegetation vigor, soil moisture, or water
bodies. that may not be easily distinguishable in natural color imagery
(Figure XIII).
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Figure XIII False color composition (from: htips://apps.sentinel-hub.com/eo-
browser/)

This layered structure, often referred to as an image cube or band
stack, provides a rich source of spectral information that can be
analyzed to derive biophysical parameters, classify land cover, and
monitor environmental changes over time.
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The ability to combine and interpret these spectral bands is
fundamental to remote sensing analysis and underpins most modern
applications in environmental monitoring, agriculture, and water
resource management.
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