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Abstract

The agricultural sector is on the brink of a new digital revolu-
tion. With the availability of vast amounts of data generated from
both ground-based and remote sensors, alongside advanced data pro-
cessing capabilities provided by cloud-based systems, it has become
feasible to monitor and manage the complex and dynamic agricul-
tural landscape on a large scale. By applying machine learning (ML)
and deep learning (DL) algorithms, this study aims to tackle the in-
herent unpredictability of agricultural production by providing more
precise and scalable monitoring solutions.

The first phase of the research focuses on a reduced geograph-
ical scale, integrating satellite data with ground-based sensor mea-
surements to retrieve essential biophysical variables of crops. This
approach allows for localized analysis of key factors such as plant
health, growth stages, and stress conditions. The predictive power
of the ML and DL models used will be carefully evaluated, assessing
their accuracy and robustness in estimating these variables from the
combined data sources. This integration provides a more detailed un-
derstanding of the factors influencing crop performance and enables
targeted interventions to optimize resource use and improve yield.

In the second phase, the focus will shift to a broader agro-industrial
scale, where a specific crop will be mapped and analyzed using only
satellite imagery. The objective is to assess the feasibility of remote
sensing technologies in providing information on extensive agricul-
tural areas without the need for ground-based data after an accu-
rate mapping process. This phase will evaluate the capacity of satel-
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lite data alone to deliver detailed information on crop distribution,
growth stages, and health status, critical for large-scale monitoring
and management.

Finally, the research will expand to an even larger geographical
scale, demonstrating how vast and heterogeneous regions can be effec-
tively monitored. This phase will showcase the ability to map exten-
sive agricultural landscapes with significant environmental variability,
providing a framework for implementing wide-scale monitoring sys-
tems. The study will explore how these systems can be leveraged for
agricultural management decisions, enabling large-scale assessments
of processes and addressing challenges related to climate variability
and food security.

A key aspect of this research is the focus on the algorithms em-
ployed. Special attention will be given to the explainability of the ML
and DL models, ensuring transparency in how these models derive
predictions from input data. In this way, this study aims to indi-
rectly identify the fundamental mechanisms of crop growth and the
biophysical processes that drive agricultural production. By making
the models more interpretable, the research will contribute to a bet-
ter understanding of how specific variables influence crop health and
yield, thereby enhancing the reliability and applicability of AI-driven
solutions in precision agriculture.

Ultimately, this research aims to advance the field of precision
agriculture by demonstrating how AI technologies, combined with re-
mote sensing and ground-based data, can provide scalable, accurate,
and explainable solutions for both localized and large-scale agricul-
tural challenges.
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Sintesi in lingua italiana

Il settore agricolo è sull’orlo di una nuova rivoluzione digitale.
Con la disponibilità di enormi quantità di dati generati sia da sensori
a terra che da sensori remoti, insieme alle avanzate capacità di elab-
orazione dati fornite da sistemi basati su cloud, è diventato possibile
monitorare e gestire su larga scala il complesso e dinamico paesag-
gio agricolo. Applicando algoritmi di machine learning (ML) e deep
learning (DL), questo studio mira a contrastare l’intrinseca impreved-
ibilità della produzione agricola, fornendo soluzioni di monitoraggio
più precise e scalabili.

La prima fase della ricerca si concentra su una scala geografica
ridotta, integrando dati satellitari con misurazioni di sensori a terra
per recuperare variabili biofisiche essenziali delle colture. Questo ap-
proccio consente un’analisi localizzata di fattori chiave come la salute
delle piante, le fasi di crescita e le condizioni di stress. La capacità
predittiva dei modelli ML e DL utilizzati sarà attentamente valu-
tata, analizzando l’accuratezza e la robustezza nel stimare queste
variabili a partire dalle fonti di dati combinate. Questa integrazione
fornisce una comprensione più dettagliata dei fattori che influenzano
le prestazioni delle colture e permette interventi mirati per ottimiz-
zare l’uso delle risorse e migliorare la resa.

Nella seconda fase, l’attenzione si sposterà su una scala agroin-
dustriale più ampia, dove una specifica coltura verrà mappata e anal-
izzata utilizzando esclusivamente immagini satellitari. L’obiettivo è
valutare la capacità delle tecnologie di telerilevamento nel fornire in-
formazioni su vaste aree agricole senza la necessità di dati a terra
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dopo un accurato processo di mappatura. Questa fase valuterà la ca-
pacità dei soli dati satellitari di fornire informazioni dettagliate sulla
distribuzione delle colture, sulle fasi di crescita e sullo stato di salute,
critiche per il monitoraggio e la gestione su larga scala.

Infine, la ricerca si espanderà a una scala geografica ancora più
ampia, dimostrando come vaste ed eterogenee regioni possano es-
sere monitorate efficacemente. Questa fase illustrerà la capacità di
mappare ampi paesaggi agricoli con notevole variabilità ambientale,
fornendo un quadro per l’implementazione di sistemi di monitoraggio
su larga scala. Lo studio esplorerà come tali sistemi possano essere
sfruttati per decisioni nel managment agricolo, per la valutazione su
larga scala dei processi ed affrontare sfide legate alla variabilità cli-
matica e alla sicurezza alimentare.

Un aspetto chiave di questa ricerca è l’attenzione agli algoritmi
impiegati. Particolare attenzione sarà rivolta alla spiegabilità dei
modelli ML e DL, facilitando la comprensione dell’importanza di de-
terminate variabili nel processo attraverso il quale i modelli derivano
le previsioni dai dati di input. Lo studio mira quindi indiretta-
mente anche a fornire approfondimenti sui meccanismi sottostanti
alla crescita delle colture e sui processi biofisici che guidano la pro-
duzione agricola. Rendendo i modelli più interpretabili, la ricerca
contribuirà a una migliore comprensione di come variabili specifiche
influenzano la salute e la resa delle colture, migliorando così l’applicabilità
delle soluzioni basate sull’IA in agricoltura di precisione.

In definitiva, questa ricerca mira a far progredire il campo della
agricoltura di precisione, dimostrando come le tecnologie AI, combi-
nate con il telerilevamento e i dati a terra, possano fornire soluzioni
scalabili, accurate e spiegabili per le sfide agricole sia localizzate che
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su larga scala.

Parole chiave: Telerilevamento, Intelligenza Artificiale, Mod-
elli, Agricoltura, Mappatura delle Colture, Caratterizzazione delle
Colture
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Chapter 1
Introduction and Remote
Sensing Foundamentals

Agriculture worldwide is undergoing a significant transformation
[2][3]. Traditionally viewed as a conservative sector, often slower to
adopt advanced technologies [4], agriculture remains a critical source
of food, raw materials, fibers, and fuels, serving as a central driver
of economic stability for nations globally. According to various FAO
reports [5], global food demand is expected to rise steadily in the
coming years [6]. However, this growing demand is confronted by
persistent food insecurity and limited availability of new arable land,
as further agricultural expansion and intensification would result in
harmful ecological impacts [7].

Agriculture is in fact one of the primary human activities con-
tributing to soil consumption, greenhouse gas emissions, water eu-
trophication, and soil degradation, making it both a cause and a vic-
tim of climate change [8]. This cyclical relationship between agricul-
ture and environmental impact poses a threat to both ecosystems and
agricultural productivity. In response to this complexity and amid
the ongoing climate crisis, it becomes essential to advance smarter,
more sustainable farming practices [9]. Integrating human expertise
with the potential of artificial intelligence (AI) forms the foundation
of precision agriculture, a field aimed at carrying out each agricul-
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Figure 1.1. Variability of agricultural fields, source: Sentinel-2.

tural "optimal intervention at the right time and place" [10]. Despite
the promising potential of AI and robotics in agriculture, this sec-
tor poses unique challenges due to its inherent complexity and un-
predictability. Each agricultural field is uniquely characterized by a
multitude of interacting variables, including fluctuating weather pat-
terns, soil quality, management practices, climate conditions, pest
pressures, and organizational structures [11]. This inherent variabil-
ity is not incidental but intrinsic to agriculture, manifesting across
both space and time, as no two fields are identical, nor do they remain
constant over time. Such spatial and temporal diversity complicates
the implementation of models that can generalize to achieve dynamic
adaptability to evolving conditions.

To develop predictive models capable of operating across vari-
ous scales and parameters, and to support context-specific actions
through AI, an enormous amount of data is essential [12]. These
data sources include ground-based sensors and sampling, each with
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inherent limitations. For example, weather stations provide precise
meteorological data for a localized area, but conditions can vary con-
siderably over short distances, necessitating geostatistical techniques
for reliable broader predictions. This limitation similarly applies to
soil properties, which exhibit substantial variability even within small
spatial scales, impacting the effectiveness of uniform management
practices [13]. To address these spatial inconsistencies and achieve a
more comprehensive view, remote sensing emerges as a valuable tool
[14][15][16]. Remote sensing involves the use of satellite or drone-
based sensors to monitor conditions from a distance [17]. Satellites,
in particular, offer significant advantages as they can cover vast, re-
mote areas of the Earth’s surface, providing continuous, non-invasive
monitoring without the need for personnel to collect data on-site
[18]. Remote sensing itself is not new, early satellites, such as Land-
sat 1 launched in the 1972, used infrared sensors to assess vegetation
health. Since then, satellite technology has evolved to include high-
resolution multispectral [19] sensors capable of detecting important
physiological traits in plants, making real-time, highly accurate pre-
dictions possible .

However, as we will explore, satellite sensors often present chal-
lenges in terms of resolution [20]. For instance, a high spatial res-
olution satellite capable of capturing fine details may have a lower
revisit frequency or only operate on demand, thus lacking continuous
temporal data. Conversely, some satellites provide extensive spectral
information but have limited spatial resolution [21]. The data from
such satellites can also be costly, and their sheer volume can pose
significant processing challenges.

AI plays a pivotal role in addressing these challenges. Given the
vast quantity of data generated, AI can analyze and extract patterns
by integrating information across spatial, spectral, and temporal do-
mains, along with additional supplementary data [22]. This enables
the rapid and continuous computation of all critical parameters rel-
evant to agriculture at acceptable spatial, spectral, and temporal
resolutions [23]. Cloud-based platforms such as Google Earth Engine
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(GEE) facilitate access to these massive datasets, providing the in-
frastructure needed to train robust AI models on a scale previously
unattainable [24].

In a longer-term perspective, the knowledge gained from moni-
toring and forecasting specific crop cultivars in certain locations and
under specific climate conditions can be invaluable. Such insights can
support the adaptation of agricultural practices in the same areas as
climate conditions change, or in new locations with similar projected
climates, enabling more resilient and sustainable farming practices
[25].

Thesis Objective

The objective of this thesis is to demonstrate how, through the use
of artificial intelligence algorithms and the vast availability of satellite
data on cloud platforms, it is possible to obtain highly detailed in-
formation useful for precision agriculture, environmental monitoring,
and support for national statistical services and stakeholders. These
goals are achieved through work pipelines capable of performing fast
and effective analysis, both on a small scale and over large areas,
without losing detail.

The thesis is structured as follows:

• The Chapter 1 provides a theoretical introduction to remote
sensing, with an overview of existing platform and cloud solu-
tions and their applications.

• The Chapter 2 focuses on the types of data and scales of
analysis. Additionally, it covers the main machine learning and
artificial intelligence algorithms, with particular emphasis on
their application to satellite data.

• The Chapter 3 addresses the most commonly used variables
in agriculture derived from remote sensing, presenting a case
study in which data at a small scale is scaled up using satellites
to achieve a broader representation.
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• The Chapter 4 delves into the crop mapping research focus.
It presents a case study in an agro-industrial context where a
crop is deeply rooted in the local territory, analyzing phenolog-
ical status remotely. It then moves on to detailed crop mapping
on a national scale, demonstrating how well-prepared data, us-
ing logic and ensemble algorithms, can yield highly accurate
results. Finally, an example on a national scale is discussed, set
in the complex African context, characterized by many small-
holders, high variability, and heterogeneous climatic conditions,
compounded by a lack of data.

• The Chaper 5 presents the final conclusions, summarizing
the main findings of the thesis, highlighting its contributions,
and suggesting future research and application directions in the
field.

1.1 Remote Sensing

Remote sensing is the process of detecting and monitoring the
characteristics of an area by measuring the radiation reflected and
emitted from a distance, typically from satellites or aircraft. In
the context of agriculture, the primary focus of measurement is the
canopy, which represents the "vegetative cover" of agricultural crops,
encompassing both the plant tissue and the soil beneath [26].

All remote sensing techniques rely on the use of sensors, which
are systems capable of perceiving a signal originating from the object
or surface under examination and recording it. These remote sensing
systems exploit the interactions between electromagnetic radiation
and the materials from which information is derived [27].

As the radiation travels through the atmosphere, its electromag-
netic energy interacts with atmospheric and target components, re-
sulting in phenomena such as refraction or absorption [28]. When this
incident energy interacts with natural surfaces, it can be absorbed,
re-emitted, or reflected. This interaction leaves behind a distinctive
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signature known as a spectral signature. The varying spectral signa-
tures of different surfaces enable their differentiation. These signa-
tures are collected, measured, and processed to extract information
regarding the characteristics of the surfaces [27].

The electromagnetic wave serves as the medium for transmitting
information obtained through remote sensing. An electromagnetic
wave is a harmonic wave consisting of two orthogonal force fields:
the electric field and the magnetic field.

Electromagnetic waves are characterized by their wavelength, am-
plitude, and frequency. The amplitude corresponds to the height of
the wave, the wavelength is the distance between two consecutive
peaks, and the frequency indicates the number of peaks per unit of
time, T . Wavelength (λ) and frequency (ν) are intrinsically related
to the wave’s propagation speed, which, for electromagnetic waves,
is the speed of light (c = 300, 000 km/s).

c = λ · ν [ms−1]

An object that absorbs all incoming radiation and emits all ab-
sorbed energy across various wavelengths is defined as a black body,
or integral radiator. Such an object does not reflect any radiation,
which is why it is often imagined as being entirely black. All bodies
with a temperature above absolute zero (-273.15 °C) emit electromag-
netic radiation. The wavelength of the emitted radiation depends on
the temperature of the body. For instance, objects with high temper-
atures, like the Sun, emit radiation at shorter wavelengths compared
to cooler bodies, such as the Earth [29]. Bodies do not emit radiation
at a single wavelength, rather, they emit it across a range of wave-
lengths, which is referred to as a spectrum. The characteristics of
the incident electromagnetic radiation vary according to the different
wavelengths of specific regions in the spectrum, known as bands.

Based on wavelength, different regions of the spectrum can be
identified:

• Ultraviolet (UV): (10 - 400 nm)
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Figure 1.2. Example of a reflectance spectrum in the UV-SWIR range.

The ultraviolet region of the spectrum, while not visible to the
naked eye, plays a crucial role in various atmospheric stud-
ies [30]. UV can also be highly sensitive to certain chemical
compounds in crops, particularly pigments that serve ecologi-
cal functions like protecting against environmental stress and
attracting pollinators [31].

• Visible (VIS): (400 - 700 nm)
This part of the spectrum encompasses the range of light visible
to the human eye and is critical for assessing vegetation health
and land cover types. It can be subdivided into:

– Blue: (455 - 492 nm)
Blue light is absorbed by chlorophyll, aiding in the assess-
ment of water bodies and the health of aquatic ecosystems.

– Green: (492 - 577 nm)
Green light is predominantly reflected by healthy vegeta-
tion, making it vital for vegetation studies and chlorophyll
content analysis.

– Yellow: (577 - 597 nm)
Yellow wavelengths contribute to understanding soil mois-
ture levels and vegetation stress.

– Red: (622 - 700 nm)
Red light is crucial for monitoring vegetation health as it
is absorbed by chlorophyll; its reflection is indicative of
plant vigor and biomass.
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In the 400-700 nm range, we find the PAR (Photosynthetically
Active Radiation), which is the radiation utilized for photosyn-
thesis [32].

• Infrared (IR): (0.7 - 400 µm)
Infrared radiation is essential for distinguishing between differ-
ent types of vegetation and soil moisture content [32]. This
band can be further divided into:

– Near Infrared (NIR): (0.7 - 1.3 µm)
NIR behaves similarly to visible radiation, being reflected
by the Earth’s surface. It is often used in remote sensing
for vegetation analysis, as healthy plants reflect significant
amounts of NIR light, making it an excellent indicator of
plant health.

– Short Wave Infrared (SWIR): (1.3 - 2.5 µm)
SWIR radiation is both reflected and emitted by the sur-
face. It provides critical information for soil and canopy
moisture content and is effective in distinguishing between
different types of vegetation and land cover.

– Medium Wave Infrared (MWIR): (3 - 8 µm)
This range is particularly useful for detecting thermal emis-
sions from objects, helping in applications such as land
surface temperature monitoring and thermal analysis, is
sensitive to water stress.

– Thermal Infrared (TIR): (7 - 20 µm)
TIR is emitted by the Earth’s surface and is critical for
assessing land surface temperatures and heat patterns. It
plays an essential role in environmental monitoring, in-
cluding vegetation health assessment and urban heat is-
land studies. Is sensitive to water stress.

Moving beyond, we encounter the microwave or radar waves, cat-
egorized by letter bands [33]:
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Table 1.1. Overview of Radar Frequency Bands.

Band Frequency Range (GHz).

L Band 1 - 2
S Band 2 - 4
C Band 4 - 8
X Band 8 - 12
Ku Band 12 - 18
K Band 18 - 27
Ka Band 27 - 40
V Band 40 - 75
W Band 75 - 110

In this context, the wavelength does not interact significantly with
objects smaller than its own scale. Therefore, selecting an appropri-
ate wavelength is essential to effectively target specific features.
Satellite sensors can primarily be categorized into two types: active
and passive. The fundamental difference between active and passive
sensors lies in how they detect and receive information.

Active Sensors

Active sensors emit signals toward the Earth’s surface at spe-
cific wavelengths and analyze the return of these signals to obtain
detailed information about land cover. This category includes both
Radar (Radio Detection And Ranging) and Lidar (Light Detection
and Ranging or Laser Imaging Detection and Ranging) sensors [34].

Radar sensors emit radio waves into the environment and analyze
the return of reflected signals. They are distinguished by their abil-
ity to penetrate through clouds and rain, making them suitable for
applications in all weather conditions. Among radar sensors, Syn-
thetic Aperture Radar (SAR) is widely utilized, sending radar pulses
toward the Earth’s surface and measuring the backscattered signals.
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This technology leverages the platform’s movement to simulate an ex-
tended antenna, thereby achieving high-resolution imaging without
the need for a physically large antenna. SAR is effective for mon-
itoring topographical changes, detecting ground deformations, and
identifying objects on the Earth’s surface. An advanced application
of SAR, known as Interferometric SAR (InSAR), uses multiple SAR
images acquired at different times to measure ground deformations
and surface movements with high precision [35].

Another type of active sensor, Lidar, operates by sending laser
pulses toward the ground and measuring the time taken for the re-
flected signal to return. This technique allows for the creation of
high-resolution elevation models and detailed three-dimensional rep-
resentations of terrain [36].

Radar imaging, in particular, uses the backscattered signal to
derive information about the surface. As the radar signal interacts
with the surface, it returns to the sensor as backscatter, carrying
information on amplitude, phase, and polarization. Radar signals
are capable of detecting surface roughness and soil moisture condi-
tions due to their sensitivity to the dielectric properties of materials.
Polarization is another important aspect, the return of waves with
opposite polarization often indicates surfaces with varying reflective
properties, where multiple reflections change the signal’s polarization
[37].

Radar images, however, are generally less intuitive than optical
images, requiring specific interpretation logic and data preprocessing.
Radar data is often affected by random scattering noise, known as
speckle, resulting from the random interference of wave reflections.
Processing radar images thus demands techniques to reduce speckle
noise and must account for factors such as terrain configuration, ob-
servation angle, and multiple calibration steps.

Nevertheless, radar imagery has unique advantages: it is largely
unaffected by weather conditions except in extreme cases, operates
effectively both day and night, and can penetrate dense vegetation
canopy. These capabilities make radar a fundamental tool in re-
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Figure 1.3. Schematic diagram of different influences on backscatter
signal.

mote sensing applications where consistent, detailed information is
required regardless of environmental conditions [38].

Passive Sensors

Passive sensors do not emit their own energy but rely exclusively
on natural radiation from external light sources. The vast majority
of passive sensors operate within the optical and infrared domains,
exploiting the solar spectrum [39]. While some passive microwave
satellites exist, their applications are limited by the Earth’s low mi-
crowave emissivity, necessitating the use of larger areas to collect
energy, which consequently increases the pixel size [32].

Optical passive sensors face significant challenges related to cloud
cover. Clouds—whether cumulus, nimbus, or cirrus—can obscure up
to 100% of the images, rendering them unusable for their intended
purposes. In tropical regions, where cloud cover is persistent through-
out the year, the quantity of usable images is drastically reduced, thus
severely limiting the application of time series analysis.

Additionally, atmospheric scattering phenomena impact the ef-
fectiveness of these sensors. Electromagnetic energy interacts with
the atmosphere, with certain gases, such as ozone and water va-
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Figure 1.4. Raw S2 Product in DN (A), Top of Atmosphere (B),
Bottom of Atmosphere (C).

por, absorbing specific wavelengths. Conversely, solid particles like
aerosols scatter and reflect some energy, preventing it from reaching
the ground. The absorption windows of the atmosphere, through
which radiation can pass, are referred to as atmospheric windows.
Consequently, satellite sensors are often designed to capture signals
directly from the Earth’s surface while avoiding regions of absorbed
wavelengths.

A critical concept to consider is that sensors collect data as Dig-
ital Numbers (DN), which are linked to the radiometric resolution
of the sensor. These DNs must be converted into physical unit val-
ues, specifically reflectance. The DN is inherently influenced by the
amount of energy received at a specific wavelength from a specific
sensor.

To address this issue, a radiometric calibration is always per-
formed. This process converts the sensor’s response expressed in DN
into physical units of radiance (W cm−2 sr−1 nm−1), which is then
scaled based on the actual irradiance of the day and latitude, result-
ing in reflectance values.

Subsequently, atmospheric correction is applied. Simple meth-
ods, such as Dark Object Subtraction (DOS) [40], identify the pixel
with the lowest reflectance in the image and assume it to be entirely
non-reflective, calibrating the image accordingly. More sophisticated
approaches, such as Sen2Cor, utilize tools within the Sentinel-2 sys-
tem to capture various atmospheric aspects, yielding a final product
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that is corrected from atmospheric disturbance [41].
The "raw product" is expressed in digital numbers (DN). After con-
version to reflectance values, it becomes TOA (Top of Atmosphere)
reflectance, which represents the values above the atmosphere. Fol-
lowing atmospheric correction, it is referred to as BOA (Bottom of
Atmosphere) or "surface reflectance" (see Figure 1.4). There is also
a significant approach dedicated to cloud masking in optical remote
sensing. This includes techniques such as masking based on specific
bands that possess a cloud probability score, as well as thresholding
or ML methods. These techniques help identify and mask cloud-
covered areas in satellite images [42]. After masking, its possible to
fill the gaps by replacing them with values from the first previous or
subsequent image in which the null pixels had a valid value.

1.2 Resolution Metrics in Remote Sensing

In remote sensing, the resolution of a sensors is a crucial factor
that influences the quality and applicability of the acquired data. The
resolution can be categorized into four main types: spatial, spectral,
radiometric, and temporal [27].

Spatial (Geometric) Resolution

Remote sensing data are data digitized by a process of sampling
and quantization of the electro-magnetic energy which is detected by
a sensor. The spatial resolution of a sensor is linked to the size (area)
of the individual ground pixel. The sensor captures energy from the
underlying area and provides a value for each elemental unit (Pixel)
of the digital image. This unit (pixel) is defined as the Instantaneous
Field Of View (IFOV), which is a function of the object’s distance
from the sensor, the size of the detector, and the focal length of
the optical system. The IFOV is measured in steradians or meters.
The maximum angle through which a sensor can effectively capture
electromagnetic energy is referred to as the Field of View (FOV).
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The area on the ground that corresponds to this FOV is termed the
swath width (1.5).

Figure 1.5. Spatial resolution parameters for remote sensing.

The outcome of the image registration process, which involves
referencing each pixel to its corresponding position in a terrestrial
coordinate system, results in a surface composed of a series of rect-
angular units (pixels) arranged in a raster format, each one containing
one or multiple elements (1.6).

Figure 1.6. Pixel spatial resolution insight.

Spatial resolution is a critical factor in remote sensing. The size
of the pixel significantly influences the type of target that can be
effectively analyzed (as discussed in the following chapter) and the
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Figure 1.7. Comparison beetween high resolution image of a olive
groves and the same polygon at Sentinel 2 resolution (10 m).

type of algorithm used (1.7). Often, spatial resolution serves as a pri-
mary limitation for the application of precision agriculture, as pixels
can exhibit considerable edge effects or high heterogeneity inside the
pixel. These effects may hinder the accurate identification of specific
issues within a crop.

Spectral Resolution

The spectral resolution of a sensor is determined by the bandwidth
within the electromagnetic spectrum that the sensor can detect, as
well as the number of bands it can distinguish. The narrower the
bandwidth and the greater the number of bands available, the higher
the spectral resolution. When defining the spectral resolution of a
sensor, it specifically refers to the difference between the lower and
upper limits of the detectable spectrum (bandwidth, measured in
nanometers). To effectively characterize a spectral signature, high
spectral resolution is essential.

It is crucial to distinguish between two types of sensors:

• Multispectral Sensors: These sensors have a limited number
of acquisition bands, tipically from 3 to a 10, and a bandwidth
of 15-70nm, with most freely distributed satellites falling into
this category (1.8).
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Figure 1.8. Comparison of spectral resolution (nm) among different
multispectral satellites, with MODIS exhibiting the highest spectral res-
olution.

• Hyperspectral Sensors: In this case, the number of acquired
bands can reach into the hundreds, with a bandwith of 5-10 nm,
allowing for high spectral resolution and detailed spectral sig-
natures. These instruments are typically expensive but enable
discrimination of significantly more details in remote sensing
analysis. The output is referred to as a hyperspectral data
cube (1.9).

An important limitation to note in this context is that the vast num-
ber of bands in hyperspectral imaging often leads to the so-called
"curse of dimensionality." This phenomenon occurs when algorithms
struggle to analyze high-dimensional data effectively due to the expo-
nential increase in volume associated with adding more dimensions.

Radiometric Resolution

The electromagnetic energy incident on a detector is converted
into an electrical signal by the sensor. In this quantization process,
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Figure 1.9. Hyperspectral sensors provide a "data cube," extending in
x, y (coordinates), and z (number of spectral bands).

radiometric resolution refers to a sensor’s ability to detect variations
in radiance within the observed area, specifically the number of levels
into which the original signal can be decomposed.

The sensor transforms an analog signal into digital data by assign-
ing a binary number to each gray level. The total number of gray
levels is expressed in bits, which is a power of 2. A higher radiometric
resolution allows the sensor to detect smaller differences in ground
radiance within the same band (1.10) . For example, Sentinel-2 has a
radiometric resolution of 12 bits, enabling it to capture 4096 discrete
reflectance band values per pixel, with values ranging from 0 to 4095.
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Figure 1.10. Different radiometric resolution.

Temporal Resolution

Temporal resolution refers to the revisit time of a specific satellite
over a designated area. This time frame depends on the satellite’s or-
bit and varies with latitude. The revisit time for one of the Sentinel-
2 satellites (Sentinel-2A and 2B) is 5 days at mid-latitudes, while
Landsat has a revisit period of approximately 16 days (1.11). Some
satellites can be geostationary and thus monitor only specific regions
continuously. An example of satellites with high temporal resolution
is the LSA SAF (Land Surface Analysis) constellation, which mon-
itors the European soil with image availability every 15-60 minutes.
Although these satellites offer continuous monitoring of meteorologi-
cal conditions, fires, and other critical agro-meteorological data, they
generally have reduced spatial resolution.

1.3 Satellite platforms and sensors

1.3.1 Sentinel 2

Among the most widely utilized optical satellite platforms for
Earth observation is Sentinel-2 [43], part of the European Space
Agency’s Copernicus program. Sentinel-2 is designed for multispec-
tral imaging with high spatial resolution and a wide swath, offering
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Figure 1.11. Sun-synchronous orbit of a Landsat satellite.

a global revisit time of 3-5 days at mid-latitudes, which ensures high
temporal resolution.

Sentinel-2 operates as a twin-satellite constellation (Sentinel-2A
and Sentinel-2B), each satellite carries a Multispectral Instrument
(MSI), capable of capturing data in 13 different spectral bands (1.2),
spanning from the visible and near-infrared (NIR) to shortwave in-
frared (SWIR). The spectral configuration of the MSI, especially the
avalaibility of Red Edge bands is specifically designed to provide de-
tailed insights into the health and status of the vegetation.

Sentinel-2’s combination of high spatial resolution, frequent re-
visit times, and a broad range of spectral bands makes it particu-
larly well-suited for monitoring vegetation health and dynamics. To
ensure the reliability of the data, Sentinel-2 provides quality assess-
ment bands (QA), which allow users to assess the presence of clouds,
cirrus, and other atmospheric effects that may affect image qual-
ity. In GEE the Sentinel-2 collection can currently be found under
S2_SR_HARMONIZED. This collection provides surface reflectance val-
ues, or Level 2A products, meaning that images have been converted
from digital numbers (DN) to reflectance and corrected for atmo-
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Table 1.2. Sentinel-2 Spectral Bands.

Band Resolution Wavelength (S2A) Description

B1 60 m 443.9 nm (S2A) Aerosols
B2 10 m 496.6 nm (S2A) Blue
B3 10 m 560 nm (S2A) Green
B4 10 m 664.5 nm (S2A) Red
B5 20 m 703.9 nm (S2A) Red Edge 1
B6 20 m 740.2 nm (S2A) Red Edge 2
B7 20 m 782.5 nm (S2A) Red Edge 3
B8 10 m 835.1 nm (S2A) NIR

B8A 20 m 864.8 nm (S2A) NIR
B9 60 m 945 nm (S2A) Water Vapor
B11 20 m 1613.7 nm (S2A) SWIR 1
B12 20 m 2202.4 nm (S2A) SWIR 2

spheric effects. Alternatively, the S2_HARMONIZED collection offers
top-of-atmosphere (TOA) imagery, which has not undergone atmo-
spheric correction.

1.3.2 Landsat

Initiated in July 1972, the Landsat series represents the longest-
running and one of the most comprehensive multispectral archives
of Earth, providing unparalleled diachronic analysis capabilities [25].
Landsat 1 marked the beginning of this series with optical and in-
frared sensors at a spatial resolution of approximately 60 meters.
Subsequent missions, including Landsat 2 and 3, expanded coverage,
incorporating thermal sensing on Landsat 3 despite technical limita-
tions. Significant advancements were introduced with Landsat 4 and
5 through the inclusion of the Thematic Mapper (TM), which added
enhanced infrared and thermal bands. Landsat 5, operational until
2013, remains the longest-running satellite for temporal data conti-
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nuity.
Landsat 7, equipped with the Enhanced Thematic Mapper Plus

(ETM+), improved spatial resolution to 30 meters across multiple
spectral bands, with additional thermal and panchromatic capabili-
ties. Recent missions, Landsat 8 (2013) and Landsat 9 (2021), further
advanced data quality, using the Operational Land Imager (OLI) and
Thermal Infrared Sensor (TIRS) for multispectral imaging at 30 me-
ters in visible and infrared wavelengths and 100 meters for thermal
bands (resampled to 30 meters). Each satellite provides an updated
image of the same location every 16 days, yielding an 8-day revisit in-
terval when combined. The added spectral bands in Landsat 8, such
as the coastal aerosol (band 1) and cirrus (band 9), have enhanced
the breadth of data collected, facilitating comprehensive Earth sur-
face monitoring essential for long-term climate, land use, and resource
management studies.

Table 1.3. Landsat 9 Spectral Bands.

Name Pixel Size Wavelength Description

B1 30 meters 0.43 - 0.45 µm Coastal aerosol
B2 30 meters 0.45 - 0.51 µm Blue
B3 30 meters 0.53 - 0.59 µm Green
B4 30 meters 0.64 - 0.67 µm Red
B5 30 meters 0.85 - 0.88 µm Near infrared
B6 30 meters 1.57 - 1.65 µm Shortwave infrared 1
B7 30 meters 2.11 - 2.29 µm Shortwave infrared 2
B8 15 meters 0.52 - 0.90 µm Panchromatic
B9 30 meters 1.36 - 1.38 µm Cirrus
B10 30 meters 10.60 - 11.19 µm Thermal infrared 1
B11 30 meters 11.50 - 12.51 µm Thermal infrared 2

The Landsat satellites provide an invaluable archive that enables
retrospective study and the use of long temporal series, featuring
a moderate spatial resolution of 30 meters and a temporal revisit
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cycle of approximately 16 days. These characteristics make Land-
sat suitable primarily for monitoring large agricultural plots, such as
those in the United States, rather than small-scale fields. This is re-
flected in the foundational use of Landsat data for products like the
Crop Data Layer (see below). However, Landsat data are less practi-
cal for more heterogeneous landscapes, such as subsistence farms or
fragmented fields like those in Italy. Additionally, the 16-day revisit
cycle, combined with potential cloud cover, can limit temporal con-
tinuity, making Landsat more effective at broader spatial scales.

The Landsat collections in Google Earth Engine (GEE) are avail-
able in three formats: as raw collections with digital numbers (DN),
as top-of-atmosphere (TOA) reflectance, and as Level 2 products with
atmospheric correction applied (BOA).

1.3.3 Other Optical

Several other optical satellites are also applicable for agricultural
monitoring. A notable example is the Dove constellation, which is
equipped with multiple PlanetScope sensors. These sensors capture
data across a broad spectral range, including yellow, near-infrared
(NIR), and red edge bands, achieving a spatial resolution of 3 me-
ters with daily revisit capabilities. However, it is important to note
that this satellite system is commercial, limiting access to cloud data
compared to the publicly available datasets from previous missions.

Other high-resolution optical satellites, such as Pléiades, World-
View, and RapidEye, operate within a spatial resolution range of a
few centimeters to 1 meter. While these satellites offer exceptional
spatial detail, their high operational costs and limited spectral and
temporal resolution pose challenges for individual farmers, partic-
ularly given the minimal surface area required for effective orders,
which can significantly increase costs.

Conversely, various optical sensors, such as the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS), provide substantial spec-
tral resolution despite their coarser spatial resolution. Due to their
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Figure 1.12. Comparison of RGB images of the same area from
Sentinel-2 (A), Landsat (B), and MODIS (C).

larger pixel sizes, MODIS data are primarily utilized in ecosystem-
level studies rather than for direct agricultural monitoring. This dis-
tinction underscores the importance of carefully selecting satellite
systems based on specific research and monitoring objectives (1.12) .

1.3.4 Sentinel-1

The Sentinel-1 [44] mission operates utilizing a dual-polarization
C-band Synthetic Aperture Radar (SAR) instrument, transmitting
at a frequency of 5.405 GHz. Radar products are available in various
forms and levels of preprocessing. Commonly utilized base images
include the Single Look Complex (SLC) format, which consists of
original complex numbers and is employed for more complex appli-
cations such as interferometry. The more widely accessible product
is the Ground Range Detected (GRD) type, which provides values in
decibels (dB) and features two cross-polarizations, with a resolution
of 10 meters and an average revisit time of approximately 12 days at
mid-latitudes due to the failure of one of the two satellites.

Each GRD scene contains either one or two of the four possi-
ble polarization bands, depending on the instrument’s polarization
settings. The characteristics of the Sentinel-1 GRD bands are sum-
marized in Table 1.4.

The preprocessing of each scene of GRD collection on GEE is
conducted using the Sentinel-1 Toolbox and includes the following
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Table 1.4. Sentinel-1 GRD Bands.

Name Units Pixel Size Description

HH dB 10 meters Single co-polarization,
horizontal transmit/hor-
izontal receive

HV dB 10 meters Dual-band cross-
polarization, horizontal
transmit/vertical receive

VV dB 10 meters Single co-polarization,
vertical transmit/verti-
cal receive

VH dB 10 meters Dual-band cross-
polarization, vertical
transmit/horizontal re-
ceive

steps:

• Removal of thermal noise

• Radiometric calibration

• Terrain correction utilizing either the SRTM 30 or ASTER
DEM for regions above 60 degrees latitude, where SRTM data
is unavailable.

Sentinel-1 imagery currently holds significant interest from an
agricultural perspective. Its capability to operate day and night un-
der any weather conditions makes it particularly useful for monitoring
tropical regions. Additionally, the radar signal and polarization are
sensitive to the volume and high entropy levels of vegetation canopies,
aiding in the estimation of biomass, water content, and the retrieval
of phenological phases.
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Figure 1.13. Sentinel-1 RGB image over the same area as in 1.12,
displaying VV backscatter in red, VH in green, and the VH/VV ratio in
blue. Higher VH/VV values, represented by blue hues, can be indicative
of biomass presence.

At the present, Sentinel-1 GRD is the only collection available for
agricultural applications in the cloud. However, there is considerable
anticipation for the NISAR mission, which will provide L-band im-
agery at high resolution for the study of soil moisture content.

1.4 Spectral Indices

Multispectral satellites capture information across multiple spec-
tral bands, each with distinct spectral resolutions and characteris-
tics in different regions of the electromagnetic spectrum. A widely
adopted method in satellite data analysis is to calculate vegetation
indices (VIs), which are mathematical relationships derived from spe-
cific spectral band values. These indices often provide more inter-
pretable and consolidated information than individual bands and are



26 Chapter 1. Introduction and Remote Sensing Foundamentals

highly correlated with biological processes, phenological stages, or
stress factors, even with reduced data inputs. Many vegetation in-
dices have been developed and discussed in the literature, classified
as narrow or wide-band indices based on their specificity and required
spectral resolution. Below is a selection of commonly used indices;
for a comprehensive list, refer to the vegetation indices database at
https://www.indexdatabase.de/.

The most widely known and utilized vegetation index is the NDVI
(Normalized Difference Vegetation Index) [45], calculated as the nor-
malized ratio between near-infrared (NIR) and red bands (Eq. 1.1):

NDVI =
NIR − Red
NIR + Red

(1.1)

NDVI values range from -1 to 1. Negative values typically corre-
spond to areas covered by water, while low positive values indicate
soil and urban environments. Higher values are indicative of veg-
etation cover and health. NDVI has been extensively utilized in a
wide array of scientific research and demonstrates a significant cor-
relation with various biophysical variables of crops. NDVI is capable
of effectively discriminating between the most common land cover
classes, such as distinguishing vegetation from non-photosynthetic
surfaces. Furthermore, serves as a reliable metric for assessing plant
vigor, grounded in the principle that healthy, photosynthetically ac-
tive plants absorb red light while reflecting NIR, it is also sensitive to
soil moisture content (1.14). Despite its wide adoption and simplic-
ity, NDVI has some limitations, notably saturation, where beyond
a certain level of canopy biomass, NDVI values cease to increase,
causing a "saturation" effect in the sensor. Alternatives to NDVI,
such as the Wide Dynamic Range Vegetation Index (WDRVI) [46],
address this issue and account for variations in crop type. NDVI is
also sensitive to soil background, which can significantly impact pixel
values, leading to the development of indices like the Soil Adjusted
Vegetation Index (SAVI). SAVI [47], which is similar to NDVI, ap-
plies a correction factor to mitigate the influence of bare soil, making
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[h]

Figure 1.14. Relationship between NIR and RED (NDVI) in relation
to vegetation status and soil contribution [1].
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it suitable for low-vegetation areas and enabling comparison across
fields with different soil characteristics [31].

SAVI =
(NIR − Red)

NIR + Red + L
× (1 + L) (1.2)

Where L is a correction factor, typically set to 0.5, though it should
be adjusted based on soil type and moisture conditions.

To further address NDVI saturation, the Enhanced Vegetation
Index (EVI) was developed. EVI [48] includes correction factors that
minimize the influence of soil and atmospheric conditions by using
red, near-infrared, and blue reflectance. EVI is primarily sensitive
to vegetative growth and does not saturate at high canopy densities
[28].

EVI = 2.5× NIR − Red
NIR + 6× Red − 7.5× Blue + 1

(1.3)

Indices utilizing the shortwave infrared (SWIR) region are par-
ticularly valuable for their sensitivity to leaf water content. Among
these, the Normalized Difference Water Index (NDWI) [49] is widely
used to estimate canopy-level water content based on NIR and SWIR
bands [5].

NDWI =
NIR − SWIR
NIR + SWIR

(1.4)

A substantial body of literature has established linear and non-
linear correlations between indices and specific biophysical variables.
For example, NDVI has been shown to correlate with key parameters
such as FAPAR and LAI (see Chapter 3). Indices using the green
band often relate to chlorophyll content, while those involving the
red-edge and SWIR bands are associated with plant water status.
Thermal bands indices, in particular, are effective for assessing water
stress. Other optical indices may also offer insights into soil composi-
tion and chemistry, although significant limitations exist in applying
these indices to such parameters.

In the context of radar data, specific indices are utilized for esti-



1.4. Spectral Indices 29

mating biomass volume and monitoring phenology. The ratio of the
VH and VV bands serves as an indicator of the strength of the VH
signal compared to the original signal. In the GRD collection (in
dB), this ratio is given by:

VH/VV ratio (dB) −→ VH (dB) − VV (dB) (2.5)

This index highlights the presence of structures that can enhance
the VH signal when interacting with high-entropy surfaces, such as
canopies. Furthermore, the VV band is sensitive to leaf and soil water
content, making this ratio a valuable tool for assessing both biomass
and water content [50].

In 1.15, we observe the behavior of spectral indices in an agricul-
tural area. The indices have been further normalized between 0 and
1 to provide an unbiased view, independent of the different types of
data. It is evident that NDVI and SAVI exhibit similar patterns, with
the exception of the water body on the left, where NDVI displays a
more distinct separation from the vegetation values. In contrast, EVI
and NDWI show different behaviors; peaks in EVI and NDWI do not
align consistently, resulting in a significant skew towards the maxi-
mum EVI in some fields, while others show maximum NDWI values.

Interestingly, the VH/VV higher ratio indicates the forested area
near the sea, characterized by high biomass. However, some fields
that appear uncultivated or have low NDVI values are reported with
higher values, likely due to soil roughness.
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Figure 1.15. The image represents the median of each index for the
period from early June to late August 2023, with cloud cover filtered
at 20% max. In (1) the original image from Google Maps (copyright
Maxar), in (2) NDVI, in (3) SAVI, in (4) EVI, in (5) NDWI, and in (6)
VH/VV ratio. The images have been further normalized between 0 and
1 to observe differences in behavior independently of the magnitude of
the variable.
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1.5 Cloud Services and Google Earth En-
gine (GEE)

Given the wide array of data available and continuously collected
from active and decommissioned satellites, the total volume of these
datasets is on the order of petabytes. This scale of data categorizes it
as "big data", specifically, "geo big data." Managing this data volume
can be complex, as downloading, preprocessing, and applying AI to
these datasets is resource-intensive, both in time and computational
capacity, often making certain analyses impractical for end users [51].

In response to these challenges, new cloud-based platforms have
emerged that offer accessible, cost-effective solutions with adaptable
processing power, memory, and storage. Cloud computing is par-
ticularly advantageous as it enables scalable storage solutions that
can accommodate vast amounts of data. Various cloud services, such
as AWS and Microsoft Azure, provide satellite data repositories, yet
Google Earth Engine (GEE) has become one of the most globally
utilized platforms.

GEE [52] is a free, cloud-based environment designed for large-
scale geospatial data analysis, leveraging Google’s extensive cloud in-
frastructure to enable parallel processing on a global scale. It provides
several platform collections, with different levels of pre-processing.
Not only satellite but also satellite-derived parameters or data ready
to go, such as climate, soil, sociological, or biopsycal varabiales and
index. The platform benefits from Google’s computational power,
which allows users to perform complex geospatial analyses with sig-
nificantly reduced processing times all via server, avoiding download
and process data on their client-side. GEE provides APIs for both
JavaScript and Python. The GEE Code Editor, a web-based IDE,
supports JavaScript API scripts and provides a user-friendly environ-
ment for developing and executing geospatial scripts.

GEE is a foundational tool in geospatial analysis due to its robust
capabilities for aggregating data on a global scale. GEE enables
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Figure 1.16. GEE logo.

the computation of pixel-based metrics such as minimum, maximum,
average, median, and standard deviation within image collections,
providing spatio-temporal resolution insights (1.17). Additionally,
GEE supports a wide array of GIS tools for vector and raster data
manipulation, simplifying the pre-processing and analysis of satellite
imagery, with functionalities to filter collections based on predefined
temporal or quality constraints, optimizing dataset usability [53].

The platform also integrates a suite of AI tools, ranging from
basic models like nearest neighbor to advanced segmentation tech-
niques. These AI capabilities complement GEE’s aggregation and
spatial analysis functions, making it highly versatile for developing
models that are historical, real-time, or predictive [24].

In summary, GEE stands out as an essential platform for exten-
sive and in-depth satellite data exploration across both temporal and
spatial dimensions, empowering researchers across diverse fields to
develop predictive, real-time, and retrospective analysis.
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Figure 1.17. Sentinel-2 NIR-GREEN-BLUE images for June 2024,
with CC indicating cloud cover per tile. The median image (bottom
right) is calculated across all June 2024 images.





Chapter 2
Scales of Action and an
Overview of Learning
Algorithms

2.1 Working with Different Scales

Following the essential introduction to the platform and the data
it is fundamental to distinguish between different scales of action and
the corresponding operational methods. The type of analysis and
the results that can be obtained are intrinsically tied to the spatial
extent covered by the investigation, which is directly influenced by the
resolution of the sensors used [54]. Moreover, when working at larger
scales, the data typically exhibits greater variability, necessitating the
use of different modeling logics, data availability, and the capacity
of the models to generalize. The larger heterogeneity of land cover
and environmental conditions introduces greater complexity, which
impacts both the interpretability and the precision of the models
applied. In contrast, when the focus shifts to a smaller scale, such as
the monitoring of a specific agricultural field—perhaps spanning only
a few hectares—the principle of spatial autocorrelation becomes more
relevant. In this context, it is assumed that within the field, a set of
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conditions are relatively homogeneous compared to other fields of the
same crop located at different latitudes, altitudes, or with different
management [55].

2.1.1 Ecosystemic / Landscape Scale

In this context, we refer to the use of remote sensing at large
scales, which can range from several hectares to global coverage.
This approach leverages the extensive spatial coverage provided by
satellites, which would be impractical or prohibitively expensive to
achieve using other tools such as drones or airborne surveys. How-
ever, the advantage of covering large areas is often accompanied by
trade-offs, typically manifesting as reduced resolution in at least one
domain—whether spatial, spectral, temporal, or a combination of
these. This compromise is inherent to the use of satellite platforms,
where the need for wide-scale monitoring must be balanced against
the limitations imposed by sensor resolution capabilities. There are
several large-scale products derived from remote sensing, such as
LULC (Land Use/Land Cover), collections with biophysical data,
and data related to soil and climate conditions [56]. Below are some
examples:

LULC

LULC products describe land cover by associating each pixel with
a specific class, representing what is present in that pixel. These
products are often generated through temporal aggregation, result-
ing from a diachronic analysis of land changes, and vary in their level
of detail. A notable global example is the Copernicus Global Land
Cover Layer [57], which is based on PROBA-V satellite observations
and auxiliary datasets. It provide a primary discrete classification
with 23 classes aligned with the UN-FAO’s Land Cover Classification
System at 100 m/pixel resolution. Another prominent global-scale
product is the Dynamic World v1 [58], a recent collection generated
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using Sentinel-2 data and CNN. This dataset provides near-real-time
land cover classification at 10-meter resolution, which makes it in-
creasingly useful for small-scale agricultural landscape monitoring.
However, it currently offers a limited number of thematic classes, re-
duced to nine.

At the continental scale, several noteworthy LULC products are
available. One classical example is the CORINE Land Cover (CLC)
[59, 60], which began in 1985 and provides temporal snapshots for
1990, 2000, 2006, 2012, and 2018. This product describes land use
and cover across Europe with a spatial resolution of 100 meters and
a minimum mapping unit of 25 hectares. CORINE offers a more
detailed classification, with 44 classes grouped into five macro cat-
egories: urban areas, agricultural lands, forested areas, wetlands,
and water bodies. This dataset is produced by integrating multi-
ple sources, such as Landsat and SPOT imagery. When focusing
on more detailed analyses in the agricultural sector one example is
the Crop Data Layer (CDL) [61], a U.S.-based inventory of major
crops across the country, with 30-meter resolution and updated an-
nually. The CDL covers 133 crop types present on U.S. soil and is
derived from Landsat data combined with a series of models that are
evaluated on a state-by-state basis. At the continental level, the Eu-
roCropsMap [62] provides land cover classification for European crops
at a 10-meter resolution, offering 25 thematic classes corresponding
to the main crops grown in Europe. Another crop-specific dataset
is the ESA WorldCereal [63], which focuses on cereal crop presence
and is available globally at 10-meter resolution for the year 2021 only.
This product is aimed specifically at arable land and is designed to
provide insights into cereal crop distribution on a global scale.

Biophysical products

In the case of biophysical variables, the model output is generally
a physical unit rather than a class (see Chapter 3). In the context of
agriculture and remote sensing, various products exist with different
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spatial and temporal scales for predicting biophysical parameters re-
lated to crops or ecosystems in general, including natural areas. One
key example is the MODIS satellite, which provides daily temporal
resolution with a coarse spatial resolution of 500 meters [64]. From
MODIS, global Leaf Area Index (LAI) and Fraction of Absorbed
Photosynthetically Active Radiation (fPAR) are extracted every four
days. Additionally, MODIS provides global total evapotranspiration
(ET) with an 8-day temporal resolution and 1 km spatial resolution,
as well as land surface phenology, which tracks the growth and senes-
cence of plants, including crops, at a resolution of 500 meters.

Tools such as SNAP employ artificial neural networks (ANN)
to retrieve biophysical variables from higher-resolution satellites like
Sentinel-2 and Landsat. While these tools offer higher spatial detail,
several studies have shown that their accuracy during testing remains
relatively low [65].

Soil and Geomorphology

Another critical type of data for agricultural use is soil-related
information. One of the most prominent global products is SoilGrids
[66], which produces global maps of soil properties at a 250-meter
resolution using machine learning techniques based on ground sam-
ple. The models are based on soil observations and environmental
variables. The aim is to generate global maps of properties such as
organic carbon, nitrogen, pH, and texture fractions at different soil
depths. Additionally, digital elevation models (DEM) provide crucial
data. NASA’s SRTM mission [67], for example, mapped the entire
globe at 30-meter resolution, offering surface altitude data. DEMs
are useful not only for elevation but also for deriving other param-
eters, such as slope, aspect, and hydrological properties of the soil,
which are valuable for agricultural and environmental applications.
Another large-scale product is offered by the SMAP satellite, which
utilizes L-band radar capabilities and, following a calibration process,
provides estimates of soil moisture content. The revisit interval is ap-
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proximately 2-3 days, with a spatial resolution of around 10 km per
pixel [68].

Figure 2.1. Comparison between an agricultural field of 3.3 ha and
the pixel sizes of SoilGrids (red), MODIS at 500m (green), MODIS at
1km (orange), and SMAP (blue).

In light of this, the limitations of these satellite datasets in provid-
ing detailed information become apparent, particularly when it comes
to identifying specific crop types or assessing precise soil conditions.
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As illustrated in 2.1, the spatial resolution of these datasets is in-
sufficient for monitoring individual agricultural fields in fragmented
and heterogeneous landscapes, which characterizes the majority of
global agriculture. Exceptions to this are vast expanses of agricul-
tural land found in regions such as Brazil, the United States, Russia,
and Ukraine.

2.1.2 Canopy and Plant Scale

Canopy monitoring focuses on the study of specific agricultural
plots. In this context, remote sensing is used to assess various crop
conditions, including water status, physiological traits, nutritional
levels, and structural aspects (such as gaps). At the canopy scale,
different operational domains can be distinguished, but the spatial
resolution required often exceeds what most freely available satellite
platforms can provide. For example, as illustrated in 2.2, in a plot
of approximately 3.5 hectares, the usable pixels from Landsat are
limited, with a significant portion affected by edge effects (shown
in black). Sentinel offers better resolution, however, even in this
case, the number of pixels impacted by edge effects covers a non-
negligible area, resulting in around 210 usable pixels within a single
field. This allows for some within-field differentiation. By contrast,
Planet satellites, with a resolution of 3 meters, significantly reduce the
edge effect, yielding approximately 2750 within-field pixels unaffected
by edge impacts, which enables effective intra-field monitoring.

High-resolution satellite platforms, such as Planet, enable canopy-
level monitoring, while imagery from systems like Pléiades or World-
View supports analysis at the individual plant scale. At this reso-
lution, it is possible to retrieve critical physiological traits, particu-
larly when high spatial resolution is combined with adequate spectral
resolution. Additionally, employing Convolutional Neural Networks
(CNNs) and other neural network architectures can greatly enhance
data processing and interpretation.

It is important to recognize, however, that many of these advanced
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Figure 2.2. Pixel count within a 3.5-hectare field using the resolutions
of Landsat (1,4), Sentinel (2,5), and Planet Dove (3,6) satellites. In
the second row, pixels extending beyond the field boundary, and thus
affected by edge effects, are masked.

techniques remain predominantly confined to research settings. High-
resolution methods are often prohibitively expensive, and ultra-high-
resolution imagery generally suffers from lower temporal and spectral
resolution compared to other satellite products. This discrepancy
presents a substantial barrier to the widespread adoption of these
technologies, limiting their practical application in routine agricul-
tural management.

An alternative to satellite imaging is the use of drones. Although
the market for drones in precision agriculture, especially in precision
viticulture, is expanding rapidly, drones have limited area coverage,
typically not exceeding 1 squared km2 per flight. Drones are relatively
affordable and less affected by cloud cover or atmospheric conditions,
though they require careful planning (by qualified personnel) for op-
timal flight conditions and post-processing of imagery.

High-spatial-resolution instruments can also be mounted on air-
craft for commissioned flights. These systems can achieve resolutions
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from approximately 1 m2 (e.g., CASI, SASI, TASI at specific altitudes
and cruise speeds) to a few cm2. However, the high costs associated
with these methods currently limit their use primarily to research.

2.2 AI model in the Remote Sensing for
Agriculture

After a focus on the data, several machine learning (ML) and
deep learning (DL) algorithms will be explored, along with their ap-
plications in agriculture and remote sensing, with a focus on those
utilized in the subsequent chapters.

2.2.1 Ensemble Algorithm

Ensemble algorithms are a class of machine learning techniques
that combine multiple models to improve the overall performance and
accuracy of predictions. The key idea behind ensemble methods is
that by aggregating the outputs of several models, the ensemble can
reduce errors and increase robustness compared to individual models.
At the core of the majority of ensemble algorithms is a simple, easily
understandable, and widely used supervised classification algorithm:
the Decision Tree (DT) [69]. The DT can be utilized for both clas-
sification tasks and regression tasks. In the former case, the output
will be qualitative/discrete, while in the latter it will be continuous.

The DT is based on a tree diagram, where each node of the deci-
sion tree undergoes a split based on specific thresholds, starting from
the root node and progressing down to the leaf nodes. The nodes in
a Decision Tree (DT) serve as containers where data is “split” based
on specific criteria, while the leaves represent the terminal portions
of the tree where the desired classification output is revealed. The
DT algorithm identifies all the relevant variables and thresholds nec-
essary for data splitting, aiming to achieve the highest “purity” of the
leaves. If a node is determined to be “pure,” it becomes a leaf, oth-
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erwise, the splitting process continues, which can lead to increased
tree depth. This may result in difficulties in interpreting the data
and can contribute to overfitting.

To minimize the “impurity” of each node, the algorithm evalu-
ates the variables that yield the best splits. Specific metrics are em-
ployed to measure the variation of impurity between parent and child
nodes, a greater variation indicates a more suitable variable for the
split. High impurity occurs in datasets where the observations to be
divided exhibit some homogeneity across multiple classes, while low
impurity is present when there is a clear threshold concerning a spe-
cific variable. Impurity is calculated using specific metrics, among
which the Gini index and information gain (based on entropy) are
the most commonly used. These metrics should be minimized at
each split.

Gini Index

The Gini Index is utilized in the CART (Classification and Re-
gression Tree) algorithm:

Hgini(t) = 1−
∑
W

p(W |t)2 (2.1)

where W is the class, t is the node, and p(W |t) is the frequency
of class W in node t.

The Gini Index ranges between 0 and 1, the further the values
deviate from 0, the greater the impurity of the node. A practical
example is as follows:

In the case of a binary split, 0.5 is the maximum impurity value,
while if the categorical variable is divided into more levels, it can
be higher. During the construction of the tree, the Gini Index is
calculated at each level, and the procedure is repeated recursively.
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Table 2.1. Gini Index Table for Node 1 and Node 2.

Node Class Total Gini Index Gini Index

1 Yes 6 0 1−
(
0
6

)2 − (
6
6

)2
= 0

No 0

2 Yes 3 0.5 1−
(
3
6

)2 − (
3
6

)2
= 0.5

No 3

Information Gain (Entropy)

Information Gain is used in the ID3 (Iterative Dichotomiser 3)
algorithm:

Entropy(t) = −
∑
W

p(W |t) log2 p(W |t) (2.2)

where W is the class, t is the node, and p(W |t) is the frequency
of class W in node t.

To define information gain, we refer to a parameter utilized in
information theory, entropy, which characterizes the purity of a set
of observations. In the case of the ID3 algorithm, starting from the
calculated entropy, we derive the information gain, and the attribute
with the highest information gain will be chosen for the split.

Table 2.2. Entropy Table for Node 1 and Node 2.

Node Class Total Entropy Entropy

1 Yes 6 0 −
(
0
6

)
log2

(
0
6

)
−

(
6
6

)
log2

(
6
6

)
= 0

No 0

2 Yes 3 1 −
(
3
6

)
log2

(
3
6

)
−

(
3
6

)
log2

(
3
6

)
= 1

No 3

Other metrics can be utilized to calculate impurity based on
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error quantification, and the choice of a specific metric is context-
dependent.

Once the method for selecting splits is established, the depth of
the tree must be defined, which refers to the level at which no further
splits occur, consisting solely of leaves. Theoretically, starting from
a dataset, the algorithm can classify each training record with max-
imum accuracy by increasing the number of nodes. However, this
should be avoided, as it would lead to overfitting, thus the model
would become excessively specific with an excessive number of nodes.
As tree depth increases, the error on training data decreases, while on
test data it stabilizes and eventually tends to increase, as the model
becomes too tailored to learn the true nature of the relationships be-
tween records and attributes in the dataset. Practically, this model
would not be usable in a context different from the dataset on which
it was trained, or at least its performance would not be equally opti-
mal.

To address this issue, pruning is employed, which involves remov-
ing specific sections of the tree. Pruning approaches are generally
classified into two types: pre-pruning and post-pruning. Pre-pruning
stops the creation of the tree under certain conditions before overfit-
ting occurs (e.g., by adjusting the maximum tree size). Conversely,
post-pruning modifies the entire tree by eliminating sections that do
not meet specific conditions based on the test set. The Decision Tree
is a valuable tool in machine learning, known for its ease of use and
interpretability. However, the algorithm tends to be prone to over-
fitting. Modifications to the training data will lead to significant
changes in the tree, resulting in low stability and high variance in the
outcomes.

2.2.2 Random Forest

The Random Forest (RF) is an ensemble classifier, achieved through
the aggregation of multiple Decision Trees (DT) using the "bagging"
technique. Proposed in 2001 [70], the RF aims to enhance the ro-
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bustness of predictions made by individual DTs. The RF generates
predictions using multiple DTs together, with different subsets of
training data. The final prediction is not solely reliant on a single
tree, which may lead to erroneous prediction, but is based on the
majority vote obtained from the various trees.

Figure 2.3. Example with n=3 decision trees in RF for predicting
land use categories. Each node includes variables (different wavelength
bands), and the final output for each pixel is the most voted label from
all trees.

Bagging (Bootstrap Aggregating)

Bagging is a sampling technique used to reduce overfitting and
variance in results, ensuring accurate predictions. The training data
is randomly sampled multiple times from the dataset, with the un-
derlying idea being to simulate the variability of the data.

Operationally, bagging creates a multitude of training sets through
bootstrap sampling, subsequently constructing a decision tree for
each of these sets (aggregation) to obtain individual predictions from
each tree. The final prediction is made by majority voting if the task
is classification, or by averaging the predictions of each tree if the
task is regression.
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Out Of Bag Error (OOB) and Variable Importance

To obtain a performance metric for the model, approximately
one-third of the observations in each individual tree are not directly
used in the training process but are subsequently used to evaluate
prediction error, similar to cross-validation techniques. The average
of the errors from each prediction on the unused test set is known
as the Out-Of-Bag Error (OOB), and this value generally tends to
decrease as the number of trees increases, stabilizing beyond a certain
threshold.

Another crucial parameter to consider in the learning process via
RF is the importance of variables, i.e., the influence of each variable
in determining the split. Several metrics are utilized to establish the
importance of a variable in model construction: in the case of a clas-
sification task, the Mean Decrease in Gini Coefficient (see Chapter 4)
is generally used, indicating the average reduction in impurity accu-
mulated across all trees for each individual variable. For regression
tasks, the reduction in Mean Square Error (MSE) is assessed when
performing a split on each tree using a specific variable. The higher
the outputs of these metrics, the greater the influence these variables
have on the model.

Hyperparameters of RF

There are several model parameters for RF that can be adjusted
to achieve the best possible prediction:

• Number of Trees: The number of individual trees that col-
lectively constitute the RF. Literature on this parameter is in-
consistent, with different authors suggesting a number of trees
depending on the context and volume of data. As the num-
ber of trees increases, the OOB will decrease until convergence
is reached. An additional increase in the number n will not
improve prediction but will require a linearly increasing com-
putational effort. In literature, values of n = 100 − 500 are
found for satellite image classification tasks.
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• Number of Variables for Splitting: This refers to the set
of variables to be used in a single split node. The underlying
idea of this parameter relates to importance: if a variable is
excessively important in the model, it will always be selected
as the first split for all trees, reducing the variability among
them, which we aim to maintain through the bagging process.
Typically,

√
n or n/3 random variables are used for each node

of each tree, where n is the total number of variables used for
training.

• Maximum Depth: Defines the maximum number of levels or
layers in a decision tree, which determines how deep the tree
can grow by controlling the number of splits from the root node
to the terminal leaf nodes. A shallow tree may lead to underfit-
ting, as it fails to capture sufficient complexity within the data.
Conversely, increasing the maximum depth can enhance predic-
tive performance by capturing more intricate patterns, though
it also increases the risk of overfitting.

In addition to these fundamental hyperparameters, there are oth-
ers that can be calibrated during the training process, such as the
choice of criteria for variable importance, the volume of the boot-
strap dataset, and the size of the "bag" in the OOB calculation.

2.2.3 XGBboost

The XGBoost classifier [71] is recognized as one of the most ad-
vanced and versatile tools in the field of supervised machine learning,
excelling in both classification and regression tasks. As an ensemble
non-parametric algorithm, XGBoost leverages the collective decision-
making of multiple "weak" classifiers, which, in this case, are based
on decision trees. A key differentiating feature of XGBoost, compared
to other ensemble algorithms, is its use of gradient boosting [72], a
technique that iteratively trains a series of decision trees, where each
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tree is specifically designed to correct the residual errors of the pre-
vious model. This iterative training process effectively minimizes the
loss function across iterations, significantly enhancing the model’s
predictive performance.

XGBoost is also distinguished by its broad set of loss functions,
which can be tailored to specific learning objectives, as well as its
highly configurable hyperparameters, allowing for precise control over
the learning process. These hyperparameters include regularization
techniques that are crucial for reducing overfitting, thereby improv-
ing the generalization capability of the model. Furthermore, the al-
gorithm’s ability to parallelize computations significantly enhances
its efficiency, making it well-suited for processing large datasets and
handling high-dimensional data.

Due to its robust features, XGBoost has garnered widespread
recognition for its exceptional performance across various benchmark-
ing scenarios and competitions. Consequently, it is beginning to at-
tract considerable interest in the field of remote sensing [73, 74].

2.2.4 Ensemble in Agriculture-RS domain

There are several Ensemble algorithms, however, Random Forest
and, more recently, XGBoost standing out among the most widely
used methods in RS. Random Forest, in particular, has been suc-
cessfully employed in satellite image classification tasks, especially in
land cover classification [75, 76] and crop mapping applications for
crops such as rice, sugarcane, and hazelnuts [77, 78] . Additionally,
in its regression mode, Random Forest has been applied to estimate
physiological variables of crops, including evapotranspiration or yield
[79, 80]. According to a recent review, it is one of the most frequently
used algorithms in this field [81].

While some authors have reported benefits in using Support Vec-
tor Machines (SVM) or Artificial Neural Networks (ANN), Random
Forest offers distinct advantages [82]. One of the key advantages of
Random Forest is that it does not require data normalization, which
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is particularly beneficial when performing data fusion with datasets of
varying scales and units. Furthermore, it is resilient to the curse of di-
mensionality and multicollinearity, both common challenges in high-
dimensional datasets. Random Forest is also easily implementable in
widely used programming languages such as Python and R, making it
highly accessible for various applications. Moreover, Random Forest
provides inherent explainability, allowing for a better understanding
of the underlying processes driving the model’s predictions. This in-
terpretability is a significant advantage, as it not only improves the
trustworthiness of the model but also helps in identifying key fac-
tors influencing the predictions, which is essential in many applied
research domains, including environmental and agricultural sciences.

2.2.5 DL in Agriculture-RS domain

Deep learning (DL) algorithms differ from classical machine learn-
ing (ML) approaches, primarily due to their use of different training
metrics and their ability to learn deeper, more complex relationships
within data [83]. These algorithms are particularly effective in ex-
tracting patterns that may not be apparent from traditional tabular
data, such as recognizing sequential patterns or identifying objects
within images. In the context of remote sensing, DL has been widely
applied, with Convolutional Neural Networks (CNNs) being espe-
cially prominent. CNNs are capable of identifying specific objects
in images, which, in agricultural applications, could include different
tree compositions, types of trees, or distinguishing between healthy
and diseased plants [84]. CNNs come in various forms, capable of
operating on 1D sequential data, 2D images, or even 3D data. The
tasks performed by convolutional neural networks (CNNs) can vary
significantly. A major application is in segmentation, where each in-
dividual pixel is no longer treated as an isolated datum but rather as
part of different areas that exhibit similar textures or properties. This
approach is particularly useful in remote sensing because pixel-based
classifications, such as those performed using ensemble methods that
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treat each pixel as an independent data point, are often affected by
the "salt and pepper" effect. This phenomenon results in scattered
errors distributed across the area to be classified.

Figure 2.4. Example of segmentation of a high-resolution satellite
image in three channels (RGB) for Land Use/Land Cover (LULC) using
a U-Net.

However, one of the key limitations in this area of research is the
spatial resolution of the images, which can restrict the level of detail
that CNNs are able to capture. CNNs typically require significantly
more time for both training and inference compared to simpler classi-
fiers, moreover, these architectures often suffer from the "black box"
problem, which complicates the understanding of their internal work-
ings and decision-making processes.
An interesting and crucial aspect of DL in agriculture is the use of
time series data, which are essential for understanding and predicting
agricultural processes over time. Long Short-Term Memory networks
(LSTMs) are among the most commonly used DL architectures for
time series analysis, due to their ability to model temporal depen-
dencies and provide accurate predictions in agricultural studies [85].

2.2.6 LSTM

A Recurrent Neural Network (RNN) is a type of neural network
designed to process sequential data. Unlike traditional feedforward
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Figure 2.5. LSTM cell.

neural networks, RNNs retain a "memory" of previous inputs, allow-
ing them to capture temporal dependencies within the data. This
makes them well-suited for tasks like natural language processing
and time series analysis. However, standard RNNs struggle with the
"vanishing-exploding gradient" problem, which limits their ability to
learn from long sequences.

Long Short-Term Memory (LSTM) [86] networks are an advanced
form of RNN designed to overcome this issue. LSTMs incorporate a
series of gates that regulate the flow of information, enabling them to
store relevant information over long time intervals while discarding
irrelevant data. This architecture allows LSTMs to effectively man-
age long-term dependencies, making them highly effective for time
series forecasting, such as in agricultural predictions or dynamic sys-
tem modeling.

LSTMs have been widely employed in various areas of agricultural
remote sensing, including yield prediction, crop forecasting, classifi-
cation, and drought prediction [85].

In the literature, there is significant interest in hybrid models,
which are constructed using diverse architectures. Such models com-
bine the strengths of various approaches, such as CNN-LSTM or NN-
RF, to enhance predictive accuracy and robustness in complex tasks.
These hybrid architectures leverage the complementary features of
each model type, allowing for improved performance in applications
ranging from crop monitoring to environmental assessments [87, 88].
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2.2.7 Unsupervised Learning

The methods discussed previously have demonstrated substantial
efficacy in various applications, however, a significant drawback is
their reliance on labeled data, which can be challenging to obtain,
particularly in remote sensing applications where extensive ground
truth validation is often impractical or cost-prohibitive. Unsuper-
vised learning algorithms offer an alternative by enabling classifica-
tion of areas or phenomena without the necessity for labeled training
datasets. These algorithms autonomously discern patterns and struc-
tures inherent in the data, thereby facilitating analysis in scenarios
where labeled data is scarce or entirely unavailable.

A primary class of unsupervised algorithms is represented by clus-
tering techniques [89], which are extensively utilized across diverse
remote sensing classification tasks [90] .

Among all of clustering techniques, K-means clustering is one of
the most relevant. The K-means algorithm operates by partitioning
the dataset into k distinct clusters based on the proximity of data
points to the calculated centroids. This iterative process consists of
two primary steps: the assignment of each data point to the nearest
centroid and the subsequent recalibration of centroids based on cur-
rent cluster assignments. K-means is computationally efficient and
used in alot of RS works, however, the algorithm’s sensitivity to the
initial placement of centroids can lead to suboptimal clustering so-
lutions, and determining the appropriate number of clusters k often
necessitates domain-specific knowledge or additional methodologies,
such as the elbow method or silhouette analysis. It has been used
primarily for crop mapping applications [91, 92]. In contrast to K-
means, the ISODATA (Iterative Self-Organizing Data Analysis Tech-
nique Algorithm) presents a more flexible clustering approach. ISO-
DATA not only permits the merging and splitting of clusters based
on predetermined criteria but also enables dynamic adjustment of the
number of clusters throughout the iterative process. This characteris-
tic renders ISODATA particularly suitable for handling datasets with
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variable cluster shapes and densities, a common occurrence in remote
sensing applications. The adaptability of ISODATA makes it an ad-
vantageous tool for classifying land cover types that exhibit complex
spatial distributions, thus enhancing the accuracy of environmental
monitoring and resource management efforts. Like K-means, it has
been applied to land use and crop classification tasks [93].

There are various types of clustering algorithms that can be ap-
plied to remote sensing, each with distinct advantages. Fuzzy logic
approaches, for example, are useful for handling uncertainty and over-
lapping classes, making them well-suited for complex scenarios where
class boundaries are not clearly defined. Other methods include
manifold learning techniques, such as Principal Component Analysis
(PCA) and Partial Least Squares (PLS), which reduce data dimen-
sionality and simplify the analysis of complex features without losing
critical information. More advanced structures, like Self-Organizing
Maps (SOM), capture non-linear relationships within data, making
them particularly effective for identifying subtle patterns. Together,
these diverse approaches offer flexible, targeted solutions for classifi-
cation and mapping tasks in remote sensing [94].

Clustering algorithms can therefore be highly useful for discov-
ering hidden patterns within datasets. In extensive areas charac-
terized by significant variability, these algorithms can identify zones
that exhibit distinct peculiarities. By effectively grouping similar
data points, clustering techniques facilitate the detection of spatial
patterns and relationships that may not be immediately apparent
through conventional analysis methods.

This capability is particularly important in remote sensing appli-
cations, where large-scale datasets often encompass diverse land cover
types, environmental conditions, and temporal changes. By employ-
ing clustering algorithms, is possible to uncover regions with unique
characteristics, such as specific vegetation types, soil conditions, or
land use patterns [78].
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2.2.8 Accuracy metrics

To evaluate the performance of ML and AI algorithms in remote
sensing, several metrics are considered essential [95]. The training of
models occurs on a dataset referred to as the training set, where all
parameters are calculated. The model’s performance is subsequently
tested on a validation or test set (not used during training) to ver-
ify the model’s capacity to generalize. In the literature, a commonly
adopted split is 80:20, although 70:30 or 90:10 splits are also frequent,
depending on the objective and data availability. A particularly used
technique is cross-validation, in which the model is tested multiple
times on different partitions of the dataset to ensure a more general-
ized evaluation.

Regression

When the task involves predicting continuous values, regression
metrics quantify the deviation between the model’s predictions and
the observed values. Among these metrics are:

• Mean Absolute Error (MAE): The MAE measures the av-
erage of the absolute differences between predictions and ob-
served values:

MAE =
1

n

n∑
i=1

|yi − ŷi|

where yi represents the observed value, ŷi the predicted value,
and n the total number of observations. This metric is useful
for understanding the average accuracy of predictions in the
units of the target variable.

• Root Mean Square Error (RMSE): The RMSE calculates
the square root of the mean of the squared errors:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2
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It amplifies larger errors, penalizing more severely predictions
that are particularly inaccurate. This metric is useful for as-
sessing the overall accuracy of the model, especially when the
goal is to reduce the impact of large errors.

• R-squared (R2): The R-squared metric measures the propor-
tion of variance in the observed data explained by the model:

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2

where ȳ is the mean of the observed values. An R2 value close
to 1 indicates that the model explains the variability of the data
well, while a value close to 0 suggests low predictive capacity.

Classification

For classification tasks, predicted instances are compared against
actual instances, taking into account:

• True Positives (TP), True Negatives (TN), False Positives (FP),
and False Negatives (FN).

To visualize the performance of a classification model we can plot
a confusion matrix (CM). In a confusion matrix, the correct pre-
dictions are represented along the diagonal, while the off-diagonal
elements represent misclassifications.

The confusion matrix can be structured as follows:

Predicted Positive Predicted Negative
Actual Positive TP FN
Actual Negative FP TN

The most commonly used classification metrics include:
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• Recall (or sensitivity), which measures the model’s ability to
correctly identify positive instances:

Recall =
TP

TP + FN

In remote sensing studies, this is referred to as producer accu-
racy.

• Precision, which assesses the accuracy of positive predictions:

Precision =
TP

TP + FP

In remote sensing classification, it is known as user accuracy.

• Overall Accuracy, representing the proportion of correctly
classified instances:

Overall Accuracy =
TP + TN

TP + TN + FP + FN

This metric can be less reliable in the presence of imbalanced
data and is calculated on all the instances in case of a multiple
clase prediction.

• F1 Score, providing a harmonic mean between precision and
recall:

F1 Score = 2 · Precision · Recall
Precision + Recall

This metric is particularly useful for assessing the balance be-
tween precision and recall in classifications of specific classes.

• Kappa Score:
Kappa =

po − pe
1− pe

where po is the proportion of correctly classified observations
and pe represents the proportion of agreement expected by
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chance. A Kappa value close to 1 indicates that the classifi-
cation is significantly better than random assignment.

For segmentation performed with CNNs, one of the most com-
monly applied metrics is Intersection Over Union (IoU), also known
as the Jaccard index. This index is specifically used to assess the
degree of overlap between the predicted label area and the ground
truth area used for validation.

Figure 2.6. Example of Intersection Over Union (IoU) in segmentation
validation.

The IoU metric ranges from 0, indicating no overlap between the
predicted and actual areas, to 1, where the areas overlap perfectly.



Chapter 3
Parameters of Interest in
Agriculture Derived from
Remote Sensing: The Case of
Evapotranspiration

Accurate precision management in agriculture benefits from vari-
ous biophysical traits and parameters that interact with crops. These
parameters provide valuable insights -historical, real-time, and predictive-
into key variables influencing agricultural productivity processes. This
chapter examines essential agricultural parameters derivable from re-
mote sensing (RS), discussing their practical significance and estab-
lished methodologies from the literature. Furthermore, it includes an
in-depth exploration of evapotranspiration (ET), which serves as a
focal point due to a case study conducted as part of this doctoral
research.

Introduction to Variable Retrieval Approaches

Before exploring individual variables, it is crucial to note that
ground sampling for these variables is generally impractical due to
the intensive time requirements, high cost of equipment, and the lim-
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itation of measurements to very small and often non-representative
areas. Herein lies the advantage of remote sensing technologies, which
enable the large-scale detection and monitoring of these variables.
The retrieval of such variables via remote sensing can be approached
through two primary methodologies: the empirical approach and the
physics-based modeling approach [32].

The empirical approach involves establishing relationships, often
linear or ML based, between satellite observations and ground-based
measurements obtained through high-accuracy instruments, effec-
tively serving as a calibration process. However, empirical models
are typically constrained by their lack of generalizability, as they
are not readily applicable beyond the specific conditions under which
they were developed. Generally reliant on vegetation indices, this ap-
proach has shown promising results in several studies across diverse
crop types. While computationally efficient and straightforward to
implement, the empirical approach is influenced by a range of factors,
including the spatial-spectral resolution of the satellite sensor, intra-
pixel spectral confusion, and the intrinsic physiological and structural
complexity of crop canopies. These factors can result in a mixing of
structural and biological signals within the acquired image, further
complicating the retrieval process.

The second methodology utilizes physics-based models, specifi-
cally radiative transfer models (RTMs), which simulate the inter-
action and transfer of electromagnetic radiation within the canopy
structure. Inverting these models, where the objective is to identify
parameter sets that minimize the discrepancy between observed and
simulated reflectance, can yield more generalizable data compared to
empirical approaches. Among the most widely used RTMs are SAIL
(Scattering by Arbitrary Inclined Layers) and PROSPECT (leaf op-
tical PROperties SPECTra) [96], which simulate the canopy and leaf
reflectance, respectively, across varying conditions and parameter set-
tings. These models have demonstrated high accuracy, particularly
for homogenous crop canopies [97].

Despite the high accuracy and generalizability of physics-based
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models, they present inherent limitations, most notably the “ill-posed
problem.” This issue arises when multiple combinations of input
parameters yield nearly identical spectral outputs, leading to am-
biguity in the retrieval process. Regardless of the inversion tech-
nique employed— usually Artificial Neural Networks (ANN) or Look-
Up Tables (LUTs)— this intrinsic problem persists, as varying pa-
rameter sets can produce similar spectra. Consequently, solutions
obtained through these models are often constrained to parameter
ranges rather than precise values, reflecting the fundamental com-
plexity of spectral information retrieval.

Hybrid Approach and Key Agricultural Variables

To address these challenges, an additional approach —the hy-
brid method— integrates physical and empirical techniques, often
leveraging both parametric and non-parametric methods [98]. This
approach can exploit the vast quantity of remote sensing (RS) data
now available, employing AI and RTM to provide specific parameters
with high local detail [25].
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The following sections will examine the primary RS-derived vari-
ables of agronomic interest, along with established methodologies
found in the literature. While various approaches will be discussed,
particular emphasis will be placed on empirical methods, as the re-
cent advancements in AI and big data may hold substantial potential
within this domain. This focus also aligns with a preference for using
currently available, freely distributed sensors, maximizing accessibil-
ity and scalability in agricultural applications.

3.0.1 Structural, Phenological, and Yield Param-
eters

Leaf Area Index (LAI)

The Leaf Area Index (LAI) is a fundamental parameter represent-
ing the ratio of leaf surface area to ground area, effectively indicating
the canopy surface area over the underlying ground. LAI is crucial
in crop modeling due to its strong association with biomass, pho-
tosynthetic capacity, organic matter, and nitrogen content in plants.
LAI insights facilitate understanding of photosynthetic processes and
correlate directly with biomass, making LAI indispensable for yield
modeling and plant health monitoring [99].

While a straightforward correlation between the Normalized Dif-
ference Vegetation Index (NDVI) and LAI is observed in numer-
ous studies, this relationship often suffers from NDVI saturation,
which hinders LAI estimation as values increase. However, using
ML with RS data can yield to good results, for instance, [100] lever-
aged Sentinel-2 data to estimate LAI for winter wheat in China, using
synchronous ground data and found that RF models outperformed
both least squares regression and artificial neural networks (ANN),
achieving an R² of 0.72.

Other studies corroborate Sentinel-2 and RF models’ efficacy for
LAI estimation. [101] achieved an R² of 0.89 for argan plants using
vegetation indices. Radar data is crucial for estimating Leaf Area
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Index. Some studies emphasize the significance of polarimetric vari-
ables when fused with Sentinel-2 data. For example, [102] utilized
time series from Sentinel-1 and Sentinel-2, applying Gaussian regres-
sion and identifying radar variables as essential for accurate LAI es-
timation. Moreover, radar data on its own has also produced strong
LAI estimates, with [103] demonstrating effective results for wheat
and rapeseed using Random Forest models on radar time series.

Crop Phenology

Phenology describes plants’ growth stages from emergence, growth,
and maturation to senescence in annual crops, and from flowering
- dormancy in perennials. Phenological stages are frequently esti-
mated using remote sensing (RS) techniques, which allow tracking of
vegetative and reproductive cycles in response to environmental and
management factors. The BBCH scale (Biologische Bundesanstalt,
Bundessortenamt, und CHemische Industrie) is widely used to stan-
dardize phenological stages across species, facilitating global research
and administrative applications.

Several studies [104] emphasize Sentinel-2’s potential in phenol-
ogy estimation through time series, particularly by leveraging red-
edge bands and vegetation indices. Sentinel-1 SAR data also proves
effective for phenological monitoring in crops like canola, corn, soy-
bean, and wheat, using methods such as support vector machines
and artificial neural networks via polarimetric SAR decomposition
techniques.

Sentinel-1 SAR data remains instrumental in crop phenology un-
derstanding. For example, [105] demonstrated that time series com-
bining NDVI and SAR data effectively monitored phenology in win-
ter wheat and barley, achieving high accuracy in tracking key growth
stages.
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3.0.2 Biomass, Yield, and Canopy Height Estima-
tion

The previously discussed parameters are essential inputs for esti-
mating biomass, yield, and canopy height, all of which are intercon-
nected. Studies [106] have shown that RS-derived parameters, com-
bined with ancillary data, enable accurate estimates through both
empirical and simulation models.

Remote sensing, especially when combining SAR and optical data,
has proven invaluable. For example, [107] demonstrated that inte-
grating random forest (RF) models with Sentinel-2 (S2) and Sentinel-
1 (S1) time series yields high biomass prediction accuracy. Other
studies successfully employed deep learning approaches with Sentinel-
2 and crop growth simulation models to estimate durum wheat yield
[108].

3.0.3 Photosynthesis, Nutritional, and Water-use
Parameters

Chlorophyll

Chlorophyll (a and b) and carotenoid content are key photosyn-
thetic indicators of plant productivity. These pigments are essential
for photosynthesis and carbon sequestration. Various RS techniques
have been shown to accurately estimate chlorophyll and carotenoid
levels, particularly utilizing red-edge bands [109]. Studies such as
[110] report high predictability of chlorophyll content using random
forest models with Sentinel-2 bands. Other studies, such as [111], in-
dicate a strong correlation between narrow-band indices and chloro-
phyll content, although narrowband data is often unavailable on free
satellite platforms.

In cases where the full spectral range of a band serves as an input
variable, regression accuracy via RF inversion can reach R² = 0.89,
however, using VIs as input features further improved model accuracy
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to R² = 0.95 [112].

FAPAR

Photosynthetically Active Radiation (PAR) and the Fraction of
Absorbed PAR (FAPAR) are essential for evaluating photosynthetic
activity. PAR (400-700 nm) is the spectrum plants use for photosyn-
thesis, while FAPAR indicates the proportion of absorbed PAR, serv-
ing as an indicator of plant health and vigor. Italian studies on olives
show a high correlation between Sentinel-2 multispectral indices and
FAPAR under varied grass cover conditions [113]. Additionally, [114]
demonstrated that FAPAR for wheat could be predicted with good
accuracy using all-season models based on red-edge and NIR spectral
indices.

Fluorescence

Fluorescence, resulting from unused radiation dissipation, indi-
cates plant stress and functionality. It appears in the red and red-
edge spectra but requires narrow bands for accurate observation. De-
spite the challenges in detecting fluorescence due to interference from
stronger radiance signals, hyperspectral sensors have facilitated ad-
vancements in this area, laying a foundation for improved vegetation
monitoring [115].

Additional Biochemical Variables

Other key parameters, such as nitrogen (N) [116], phosphorus (P)
[117], potassium (K), anthocyanin, and xanthophyll content, form a
complex category within RS applications. These biochemical vari-
ables are challenging to estimate via satellite due to current reso-
lution limitations; however, hyperspectral narrow-band data proves
useful for estimating these components [118] [119]. Though direct
estimations can be complex, these parameters can often be inferred
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from previously discussed indices, using vegetation indices to enhance
retrieval models.

A significant research area also focuses on monitoring plant water
status. Many studies have identified correlations between spectral
indices and water stress, noting that water stress often manifests
through increased leaf temperature due to stomatal closure, making
thermal monitoring critical in water content [120]. RF and SVM
models have shown significant promise in classifying and predicting
water stress, although their application in remote sensing remains
underexplored for comprehensive water stress determination [121].
While a significant role in water content assessment is given by SWIR,
Visible, and NIR bands [122], thermal remote sensing is fundamental
for assessing water status in canopies. However, the thermal sensor
on current satellites has a coarser resolution compared to the spec-
tral bands, and the thermal balance may be influenced by various
contributing factors [32].
Rather than concentrating solely on the precise measurement of these
parameters, it may be more beneficial in agriculture to identify crop-
specific stress caused by deficiencies or misalignments of the men-
tioned factors [123].

3.0.4 Soil Parameters

Soil quality and structure play a vital role in agricultural produc-
tivity and management. Key parameters include soil texture (which
consists of sand, silt, and clay), soil organic carbon (SOC) content,
and the presence of macronutrients such as nitrogen (N), phospho-
rus (P), and potassium (K). Additionally, micronutrients, pH, and
bulk density also have a significant impact on crop productivity and
management decisions. Furthermore, soil water content is essential
for assessing crop health and yield. However, despite the importance
of these parameters, remote sensing techniques encounter significant
challenges in soil monitoring. Spectral readings can be affected by
vegetative cover, variations in soil moisture, and surface roughness,



67

making accurate soil assessments difficult [32]. Nevertheless, ad-
vancements in RS offer promising opportunities for large-scale soil
monitoring, helping to reduce the high costs and labor intensity as-
sociated with traditional field sampling methods [124].

The spectral properties of soil are influenced by the presence of
chromophores (radiation-absorbing substances) whose detection can
be impeded by fluctuating moisture conditions, vegetation cover, and
surface texture. Progress has been made in standardizing parameters
related to soil roughness and moisture, and the integration of narrow-
band indices with radar sensors could further enhance the precision
of RS in assessing soil chemical properties. Models that incorporate
topographical and climatic data—such as Digital Elevation Models
(DEM), Topographic Wetness Index (TWI), mean annual temper-
ature (MAT), and mean annual precipitation (MAP)—are essential
for improving the performance of machine learning models utilized in
soil property estimation [125].

Traditional models such as Support Vector Machines and Lin-
ear Models often struggle with the non-linear data typical of soil.
In contrast, Artificial Neural Networks (ANN) and Random Forest
(RF) models are generally better suited for handling such non-linear
relationships. ANN and RF have proven particularly effective in data
regression within complex biological matrices like soil, emphasizing
the need to identify the most relevant variables or combinations of
data that lead to the best predictive outcomes [125].
Currently, various spectral libraries are available for soil property
retrieval [126], however, these spectral data are not fully generaliz-
able at detalied scale due to individual conditions such as moisture,
surface roughness, and vegetative cover. Additionally, large-scale col-
lections like SoilGrid provide valuable information, but they also face
limitations in applicability across diverse conditions [127].
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Radar Technologies for Soil Monitoring

Radar technologies, while challenging to implement comprehen-
sively, offer significant potential for mapping soil texture on a broad
scale. Soil characteristics are sensitive to various radar wavelengths,
particularly regarding water content, roughness, and density [128].
For instance, the Soil Moisture Active Passive (SMAP) mission pro-
vides soil moisture content data based on calibrations performed with
L-band radar. For effective radar-based soil monitoring, it is essential
to assume that changes observed between two passes are solely re-
lated to variations in water content. Achieving this requires frequent
revisits of the area being monitored.

The upcoming NASA-ISRO Synthetic Aperture Radar (NISAR)
mission is anticipated to enhance these monitoring capabilities, as it
aims to provide high-resolution radar data that can contribute to im-
proved assessments of soil properties [129]. By integrating radar data
with optical remote sensing and machine learning models, next step
is to develop more accurate and efficient methods for soil property
estimation and monitoring in agricultural contexts.

3.1 Evapotranspiration and Its Role in Scal-
able Agricultural Water Management

Evapotranspiration (ET) is a critical process in agricultural water
management, representing the combined loss of water from soil via
evaporation and from plants through transpiration. The total water
requirement of a crop is directly linked to its evapotranspirative con-
sumption, which must be estimated on a daily, monthly, or seasonal
basis. The calculation of crop water requirements is fundamentally
based on reference evapotranspiration (ET0) and crop-specific coef-
ficients (Kc), typically expressed in millimeters of water per day or
per growth period [130].

ET refers to the water transferred from the soil to the plant roots,
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through the plant’s vascular system, and eventually released as va-
por through stomatal openings in the leaves. Understanding ET is
essential for estimating the amount of water that needs to be supplied
through irrigation to maintain optimal crop growth.

However, ET is highly variable due to a wide range of influencing
factors, which can be categorized as agricultural, soil, climatic, and
biological [131]:

• Phenology and Management: This includes crop species
and variety, growth stage, plant density, and agricultural prac-
tices such as weeding, irrigation, and fertilization. For example,
crops in their maximum growth phase typically consume signif-
icantly more water compared to seedlings.

• Soil Factors: The moisture content and texture of the soil are
strongly related to evapotranspiration (ET). Higher soil mois-
ture increases water consumption by crops at the same growth
stage. In dry soil conditions, some plants can close their stom-
ata to reduce ET.

• Climatic Factors: Evapotranspiration is influenced by radi-
ation, temperature, wind speed, relative humidity, and atmo-
spheric pressure. ET rates are highest during hot, dry, and
windy conditions and decrease in cold, humid, or still weather.

• Biological Factors: The efficiency of water uptake by the root
system and the stomatal behavior of plants (i.e., their ability
to open or close stomata) are significant factors affecting ET.
These factors are species-specific and can depend on nutritional
states, pathogens, or stress conditions.

Reference Evapotranspiration (ET0)

To standardize evapotranspiration measurements, the concept of
reference evapotranspiration (ET0) was introduced. ET0 refers to
the amount of water evaporated from a hypothetical, fully vegetated
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surface under a well-watered, uniformly cropped surface. ET0 is used
as a baseline to compare actual crop water requirements and to re-
move variability associated with vegetation type or soil conditions
[132].

Several mathematical models have been developed to estimate
ET0 by measuring key climatic variables. The most widely adopted
is the Penman-Monteith equation [133]:

ET0 =
0.408∆(Rn −G) + γ

(
900
Tk

)
U2(ea − ed)

∆ + γ(1 + 0.34U2)
(3.1)

Where: - ET0 = reference evapotranspiration (mm d-1), - ∆ =
slope of the vapor pressure curve in relation to temperature (kPa
°C-1), - Rn = net radiation (MJ m-2 d-1), - Tk = average temperature
at 2 meters above ground level (K), - U2 = wind speed at 2 meters
(m s-1), - G = soil heat flux (MJ m-2 d-1), - ea − ed = vapor pressure
deficit (kPa), - γ = psychrometric constant (kPa °C-1).

Other methods, such as the Turc, Thornthwaite, Blaney-Criddle,
and Hargreaves methods, also estimate ET0 based on various climatic
parameters [134].

Crop Coefficient (Kc) and Actual Crop Evapotranspiration
(ETc)

To refine the ET0 calculation for a specific crops, crop coefficient
(Kc) is introduced. The actual crop evapotranspiration (ETc) is cal-
culated as follows:

ETc = ET0 ×Kc (3.2)

Where ETc represents the actual water requirement of a crop at
a specific growth stage. This demand is influenced by the crop’s
vegetative development, with Kc values increasing as the crop grows
and its leaf surface area expands (3.1). During the maturation phase,
Kc values decrease as the leaves senesce and fall off [135]. Each crop
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have a specific Kc in a specific phnological phase [136].

Figure 3.1. Generalized crop coefficient (Kc) curve during a growing
season.

3.1.1 Challenges and Scalability of ET Estimation
in Agriculture

Direct measurement of ET is often performed using devices such
as porometers and lysimeters, but both methods have significant lim-
itations. Porometers measure ET at the leaf level, providing localized
data that is not representative of an entire crop field. Lysimeters, on
the other hand, are sophisticated and expensive systems installed at
research facilities to calibrate other instruments, making them im-
practical for widespread field use, particularly in large-scale agricul-
tural systems [137]. Despite the availability of various methods for
estimating ETc, their application often requires a significant amount
of data, obtained through costly and time-consuming ground-based
measurements. This raises challenges for large-scale agricultural sys-
tems where real-time, affordable, and scalable solutions are needed.
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3.2 Case study: Retrieval of Crop Tran-
spiration Based on Satellite Data

This work discusses experimental trials conducted on a pumpkin
crop to align ground sampling data with satellite-derived metrics.
The primary goal was to evaluate whether an ensemble model could
be trained to predict canopy parameters accurately based only on
satellite data and no other information. Moreover, we aim to de-
termine whether Sentinel-2 data alone, at a small scale and without
additional data sources, can reliably estimate essential crop parame-
ters: transpiration and electron transport rates, evaluating if there is
a better predicting performance for only bands alone or using index.
The interest in these variables is tied to their impact on primary
production and water consumption. While similar studies on evap-
otranspiration exist in the literature, this experiment stands out for
its specific timing and alignment with satellite data acquisitions. The
underlying hypothesis is that certain satellite bands can capture the
immediate physiological state of the plant. For instance, when wilt-
ing occurs, the plant closes its stomata, halting transpiration and
limiting photosynthesis, which in turn can affect reflectance in spe-
cific bands. Estimating these parameters from satellite images could
lead to optimized assessments of crop water needs and productivity.

The experiment was carried out on a one-hectare plot of pump-
kins (Cucurbita moschata) planted and managed uniformly (same
planting date and fertilizer protocols). Irrigation was divided so that
one-third of the field received daily rotation irrigation, with approx-
imately 10 m³ of water delivered through a micro-drip system. The
pumpkins were planted on May 15, 2022, with a density of approx-
imately 2,000 plants per hectare. Row spacing was set at 1 m be-
tween plants within rows and 4 m between rows. During the vegeta-
tive growth phase, the crop was fertigated with ammonium sulfate,
and during fruit development, ternary fertilizers were applied twice.
Canopy closure occurred on July 22, 2022, when a visual inspection
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indicated nearly complete ground cover, approximately 70 days post-
planting. The harvest took place on September 3, 2022.

3.2.1 Experimental Design

Using a porofluorometer and the Sentinel-2 overpass schedule,
ground sampling of various biophysical parameters was conducted
in close temporal alignment with satellite acquisition. Selected met-
rics included evapotranspiration, and electron transport rate, which
are linked to the vegetative health and productivity of the plant.

The instrument used, the LI-COR LI-600, is a compact porome-
ter with an optional pulse-amplitude modulation (PAM) fluorometer
that measures stomatal conductance and chlorophyll fluorescence on
the same leaf area. The LI-600 uses an open-flow differential measure-
ment to quantify transpiration (E) and stomatal conductance. E is
quantified by measuring the flow rate and water vapor fraction of the
air entering and exiting the chamber. The porometer measures var-
ious parameters related to the plant’s water flow, transpiration (E),
one of the primary outputs, is measured in mmol m-2 s-1. The fluo-
rometer measures chlorophyll fluorescence, and when paired with a
quantum sensor, it provides data on leaf quantum efficiency, electron
transport rate, and non-photochemical quenching. Electron trans-
port rate, abbreviated as ETR, is measured in µmol m-2 s-1 and is a
key indicator of photosynthetic properties.

Sentinel-2 satellite data were chosen for this study due to its favor-
able spatial, temporal, and spectral resolutions, which are well-suited
for monitoring a limited field area.

The Sentinel-2 overpass dates were as follows: 22/07, 24/07, 27/07,
29/07, 01/08, 03/08, 06/08, 08/08, 11/08, 13/08, 16/08, 18/08, 21/08,
23/08, 26/08, 28/08, 31/08, and 02/09. Data from 22/07 was ex-
cluded due to leaf wetness from rain, and data from 27/07, 11/08,
18/08, and 23/08 were omitted due to heavy cloud cover. Sampling
was generally conducted around 12:30 PM.
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Figure 3.2. Data acquisition with LI-600 on pumpkin leaves.

Figure 3.3. Sampling dates coinciding with S2 overpasses and crop
phenological stages. Dates in red indicate instances where satellite data
were unavailable or sampling was not possible.

The spatial unit for sampling, known as the Elementary Sampling
Unit (ESU), was defined in alignment with the study’s research ob-
jectives [138]. Twelve distinct ESUs were selected within the plot to
avoid edge effects (3.4). A GPS device and marker posts were used to
determine the approximate centroid of each pixel, utilizing the ‘sam-
pleregion scale = 10‘ method on GEE.

At each ESU, three measurements were recorded for each of the
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Figure 3.4. Sampling area in Lazio, Italy (42.005° N, 11.98° E) showing
the distribution of the 12 ESUs across the field.

ten sampling points. The average of these three measurements was
calculated, and the median of all ten values within each ESU was
then determined. This approach resulted in 12 median observations
per valid sampling day, corresponding to the dates of Sentinel-2 data
acquisition.

Given the considerable heterogeneity in pumpkin leaf size and dis-
tribution, representative leaves within each ESU were selected to ac-
curately characterize each sampling point. Satellite data were sourced
from the Sentinel-2 surface reflectance collection, using all available
bands except for B1, B8A B9, and resampling the RE-SWIR bands
at 10 mt using nearest neighbor interpolation.

Two datasets were constructed: one containing individual band
values (D1) and the other containing the NDVI, NDWI, and EVI
indices (D2), which are widely cited in the literature for their corre-
lation to the selected parameters. The final datasets comprises 156
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observations, representing one for each ESU on each sampling date,
with median values for transpiration (E) and electron transport rate
(ETR), along with satellite-derived pixel values for the closest cen-
troid and the days from planting (DAY). Median values were chosen
to minimize the influence of outliers from anomalous leaf readings.
Thus, an XGBoost regressor model was trained, incorporating hyper-
parameter tuning and 5-fold cross-validation, with 10% of the obser-
vations held out for independent testing. The selected hyperparame-
ters included the number of trees [50, 100, 200], maximum depth [3,
5, 7], and learning rates [0.01, 0.05, 0.1, 0.2] (see following chapter
for details). For each target variable, a 5-fold cross-validated grid
search was performed, optimizing for negative mean squared error
(neg_mean_squared_error), a metric for regression tasks.
After determining the optimal hyperparameters for D1 and D2, the
model was then fit to the entire dataset for each target variable
and predictions were generated. For model evaluation, Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE) and R-squared
(R²) was used to evaluate the models performances. Finally, after
identifying the best-fitting model, SHAP (SHapley Additive exPla-
nations) was applied to interpret variable importance. SHAP is a
library that provides an explainable framework to assess feature con-
tributions in complex models like XGBoost. By calculating Shap
values, it attributes the impact of each feature on the prediction, en-
abling a nuanced understanding of feature importance and how each
variable influences model output.

3.2.2 Results

From the exploratory analysis of the dataset (boxplot graphs), we
observe that the median line for E is approximately 4.5mmol m−2s−1.
There are some outliers and values higher than median, resulting
in an extended upper quartile, which indicates several observations
above the median line, reaching up to 10mmol m−2s−1.

For the parameter ETR, the median is around 300µmol m−2s−1.
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In this case, no outliers are present, though the first quartile is ex-
tended, suggesting a high concentration of values up to 50µmol m−2s−1.
Therefore, a certain degree of in-field data variability is observed.

Figure 3.5. Boxplot for E and ETR.

Table 3.1 presents the evaluation results for two transpiration
models, D1 (band-only) and D2 (index-based). Analyzing the pre-
dictive performance for the parameter E (transpiration rate) in units
of mmol m−2s−1 the D1 model outperforms D2 across training and
independent validation datasets, showing an R2 of 0.83 on the train-
ing dataset and 0.71 on the independent test set. D2 show relatively
good metrics in training, however, R2 significantly declines to 0.24 in
the test phase, indicating reduced generalizability.

The scatter plot in Figure 3.6 shows that the D1 model achieves
higher predictive accuracy at lower transpiration rates, while exhibit-
ing larger errors at higher transpiration rates. In contrast, D2 dis-
plays greater error variability even at lower transpiration rate.

For the electronic transport rate (ETR) predictions, shown in
Table 3.2, D1 again outperforms D2 , although with a lower R2 of
0.61 on the test set. Unlike the transpiration parameter, the D1
model shows smaller discrepancies between training and test set R2

values.
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Table 3.1. Performance Metrics for Datasets D1 and D2 and Param-
eter E (in mmol m−2s−1).

Metric Dataset D1 Dataset D2

Training Set Test Set Training Set Test Set

RMSE 0.92 1.22 1.42 1.97
MAE 0.73 1.03 1.11 1.73
R2 0.83 0.71 0.60 0.24

Figure 3.6. Scatter Plot of Observed vs. Predicted Transpiration
Parameter E for Datasets D1 and D2 on the 10% validation data subset.

Table 3.2. Performance Metrics for Datasets D1 and D2 for Electronic
Transport Rate (ETR).

Metric Dataset D1 Dataset D2

Training Set Test Set Training Set Test Set

RMSE 61.50 72.79 71.51 77.19
MAE 49.25 62.51 55.79 56.98
R2 0.65 0.61 0.53 0.46

The scatter plot in Figure 3.7 highlights a trend where the D1
model tends to overestimate ETR at lower rates, with slight under-
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Figure 3.7. Scatter Plot of Observed vs. Predicted ETR for Datasets
D1 and D2 in µmol m−2s−1 on the 10% validation data subset.

estimation at higher rates. This clustering effect is also observed in
D2, suggesting similar but less accurate predictive patterns.

Variable Importance Analysis for Models D1 and D2

The variable importance analysis in Figure 3.8 underscores the
prominence of "Day" across both D1 and D2 models for both E and
ETR parameters. Band B2 ranks as the second most influential fea-
ture, followed by B8 , which holds higher significance for ETR (third)
than for E (fourth). Lesser impact variables exhibit distributed in-
fluence on E predictions, whereas ETR’s predictive accuracy remains
sensitive mainly to DAY and bands B2 and B8.

For individual effects, higher DAY values consistently correlate
with reduced predictions for both E and ETR, while E decreases at
lower B2 and B12 values but increases significantly with higher B8
values. In contrast, for ETR, higher B2 values decrease predictions,
while low B8 values yield lower ETR predictions.

3.2.3 Discussion and Conclusion

This study demonstrates that working directly with spectral bands
and ensemble algorithms, rather than relying solely on widely used
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Figure 3.8. Beeswarm Plot for Variable Importance in Models D1 and
D2 for Parameters E and ETR.

vegetation indices, can yield more accurate predictions when scaling
from coarse satellite data to finer-scale biophysical parameters, effec-
tively capturing intrafield variability. Transpiration (E) predictions
achieved a higher accuracy, with an R2 close to 0.7, while electronic
transport rate (ETR) predictions achieved an R2 of approximately
0.6 in validation. However, both models underperform at higher tran-
spiration or ETR levels, suggesting a potential saturation threshold
beyond which model and data fail to predict accurately.

The variable importance analysis reveals, as expected, that the
number of days post-transplantation is the primary driver in both
models. This finding is related to the plant’s progression into senes-
cence, during which it experiences a significant decline in photosyn-
thetic capacity and reduces vital functions. The impact of band B2
(blue band) as a secondary predictor in both models is interesting,
consistently showing predictive power across parameters: transpira-
tion increases with higher B2 reflectance, whereas ETR decreases,
highlighting a unique inverse relationship. As anticipated, higher
B8 (NIR band) reflectance corresponds with elevated transpiration,
likely indicating healthy plant turgor and associated water content,
while lower B8 reflectance values (indicative of potential wilting) co-
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incide with reduced ETR. Conversely, band B12 (SWIR band) be-
haves unexpectedly, while one would expect lower transpiration with
increased SWIR due to reduced leaf water content, the model sug-
gests that transpiration actually increases as B12 values rise.

Interestingly, the D2 models, based on indices, achieves lower per-
formances compared to D1, potentially due to complex data patterns
that may be better explained with multiple bands, even if their indi-
vidual contributions are less impactful.

This study confirms the capability of satellite-derived data to
effectively predict in-field parameters, although limitations exist in
fully capturing the actual conditions on the ground, as previously
demonstrated in other works. Nonetheless, this research presents a
calibration approach with zero temporal offset and highlights that
even with limited input —satellite data and plant days alone— rea-
sonable proxies for real-time transpiration and electronic transport
rates can be achieved. Additionally, this approach identifies field
variability in a uniformly treated, albeit variably irrigated, environ-
ment.

The use of an ensemble model such as XGBoost proves effective for
these data, however, higher spatial and spectral resolution and ther-
mhal band, would likely improve predictive accuracy. Furthermore,
additional climate variables (e.g., temperature, humidity, wind) could
significantly influence predictions. Future work could leverage time-
series approaches, as opposed to tabular data, to capture temporal
patterns and evolving conditions that could better elucidate transpi-
ration and electronic transport dynamics.





Chapter 4
Mapping and characterization
of crops and agricultural space
at different geographical
scales.

4.0.1 General overview

One of the most widespread applications of remote sensing and ar-
tificial intelligence in the agricultural and ecological fields is the map-
ping of crops and plant species at various geographic scales [139, 140,
141]. Numerous ready-to-use products are available that describe
the types of crops or plant species present in specific regions; these
collections fall under the domain of Land Use Land Cover Change
(LULC), with varying geographic scales and thematic depths. These
data are crucial for a wide range of purposes, from land-use planning
to statistical monitoring, and for evaluating environmental changes,
providing stakeholders with valuable insights.

Although ground-based surveys are often conducted for statisti-
cal purposes, they tend to be expensive and typically result in gen-
eral estimates. These estimates may describe phenomena in absolute
quantitative terms but often lack detailed spatial distribution. More-



84
Chapter 4. Mapping and characterization of crops and agricultural space at

different geographical scales.

over, such field campaigns are costly and cannot be easily replicated
on an annual basis or in remote, dangerous areas.

In this context, remote sensing emerges as a vital tool for gener-
ating annual maps. The scientific literature contains numerous ex-
amples of studies conducted at various spatial, temporal, and detail
levels [142]. However, these collections often fall short in providing
accurate classifications at finer scales, particularly for specific crops.
A fundamental aspect of conducting such research is that the ability
to identify the types and locations of crops enables the more effective
scaling of other generalized output models, allowing for the adjust-
ment of coefficients specific to each crop. The following chapters will
illustrate how cloud-based satellite imagery services and AI have been
utilized to achieve highly accurate results targeted at specific crops
within particular contexts [78].

4.0.2 Crop Mapping Collections and purpose

The objective of creating maps of crops or even just LULC (Land
Use Land Cover) maps has various practical implications. Beyond
providing a statistical view of the changes occurring in a specific
area —thus helping to understand how the agricultural landscape
evolves— it opens up a research avenue that is still underexplored.
Once a class is isolated at different scales of detail, ranging from
a general category like "agricultural vegetation" to a specific crop,
whether permanent or annual, it becomes possible to pinpoint its area
of extension and location. This allows for targeted interventions.

For example, high-resolution imagery, which is often expensive,
can be acquired only for the areas of interest, thus avoiding the
need to purchase large volumes of unnecessary data. Furthermore,
by leveraging multispectral or hyperspectral data, it is possible to
characterize specific crops, while incorporating additional informa-
tion such as soil texture, climate, or geological data like proximity to
rivers, slopes, and erosion maps. Other data, such as average parcel
size or distance from major industrial centers, can also be overlaid,
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enabling differentiation of the unique characteristics affecting each
agricultural field. These factors may be driven by geography, cli-
mate, management practices, or a combination of them.

4.1 Mapping and charaterization of a spe-
cific crop on a regional level, case study
of hazelnut Agro-Industrial complex in
Viterbo - IT

The cultivation of hazelnuts holds significant importance in the
Italian national context. Although Turkey is the leading global pro-
ducer, accounting for around 70% of the world’s production, Italy
boasts several districts of excellence where hazelnut farming plays
a crucial role in the local economy, becoming the predominant crop
[143]. In Italy, there are five main hazelnut production districts [144],
with the most prominent in terms of volume and commercial value,
due to its excellent organoleptic qualities, being the Roman hazel-
nut, cultivated in the province of Viterbo, specifically in the Lake
Vico area. To illustrate the importance of this crop, it is worth
noting that although the province of Viterbo represents only about
1% of Italy’s land area, and only one-third of this territory is suit-
able for hazelnut cultivation, it accounts for 26% of the country’s
hazelnut-growing area, supporting over 8,000 families [145]. Beyond
its economic significance, hazelnut cultivation has expanded signifi-
cantly in recent years, occupying nearly the entire agricultural area
of the region and replacing other crops, such as vineyards. This ex-
pansion has led to the establishment of what can be defined as an
agro-industrial system, where a single crop becomes fundamental to
the region’s economy and the infrastructure surrounding it, including
processing facilities and dedicated consortia [146].

In this configuration, hazelnuts are often the subject of environ-
mental scrutiny due to their considerable impact, primarily related
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to the use of pesticides and herbicides [147, 148]. Additionally, the
intensive cultivation has led to the specialization of local pests, which
causes significant economic damage, along with issues related to wa-
ter availability. Mapping hazelnut cultivation at the regional level
allows for a comprehensive view of its spatial expansion and distri-
bution, facilitating the remote monitoring of all hazelnut fields as if
they were a single unit. This enables the assessment of spectral and
temporal differences, which may be linked to ecological or manage-
ment factors. Moreover, it aids in planning targeted interventions,
such as determining the optimal placement of insect monitoring traps
and estimating potential yields.

Corylus avellana sp.

The hazelnut plant belongs to the Betulaceae family and is a
perennial shrub. Once planted, it does not produce fruit during the
early years but begins to yield from the 5th year onwards. Hazelnuts
are planted in regular planting grids (4.2), which can range from 5x5
meters to narrower rows suited for mechanical harvesting—a practice
that has been gaining popularity in recent years. It is important to
note that in the early years of growth, especially when planted in
wider square grids, much of what a spectral sensor will capture—at
typical resolutions such as 10x10 meters from Sentinel satellites—will
primarily consist of bare soil or spontaneous undergrowth, making it
difficult to identify the crop based solely on its spectral signature
[149, 150, 151].

As the plant matures, it develops a dense canopy with interlock-
ing crowns (closed canopy), which prevents the underlying soil from
being visible, except during the dormant season when the leaves are
shed (4.1). In this case, the challenge for multispectral remote sens-
ing is the significant spectral similarity between the hazelnut crop
and natural woodland areas. This issue is particularly pronounced
in regions where wild hazelnut groves, often mixed with other tree
species, are commonly found in forested areas. This spectral similar-
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Figure 4.1. Phenological stages of the hazelnut tree.

ity is a typical challenge for perennial crops, which can be difficult to
distinguish from natural forested regions.

In the literature, there are several studies focused on mapping
hazelnut orchards. For instance, [152] utilized a Maximum Likelihood
Classifier on Landsat images of a Turkish region, achieving recall and
precision rates of 82% and 80%, respectively, for the ’hazelnut’ class
among six land cover categories. Similarly, [153] employed high spa-
tial resolution images over a 4 km² area, integrating spectral infor-
mation analyzed by a Maximum Likelihood Classifier with features
extracted using Gabor filters, attaining precision and recall rates of
97% for the ’hazelnut’ class.

Other research has underscored the importance of incorporating
texture analysis in hazelnut crop detection, ad example [154] high-
lighted the efficacy of Gabor filter textures in conjunction with veg-
etation indices. Their application of RF on high-resolution summer
and winter images yielded recall and precision rates of 65% and 67%
for winter images, and 92% and 71% for summer images. Further-
more, [155] implemented a hybrid 2D-3D CNN that integrated spa-
tial and spectral information from high-resolution imagery, achiev-
ing overall accuracies superior to traditional RF and SVM classifiers
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across various ground elements, including hazelnuts.
In a multi-crop classification study conducted in Australia, [156]

identified the lowest precision specifically in the "hazelnut" class. The
combined use of texture and spectral data, particularly in the summer
season, significantly enhances classification accuracy, emphasizing the
need for further research in this domain [154]. In this context, it is
essential to enhance the ability to harness the potential of large-
scale satellite data over time, allowing for a more comprehensive and
repeatable classification on a broad scale, especially in Italy, where
existing literature is limited and outdated [157].

Figure 4.2. Row of mature hazelnut trees. Source: Google Earth.

AOI

The study area is delineated by the administrative boundaries of
the Viterbo province in Italy (Figure 4.3), encompassing an area of
approximately 3,615 square kilometers. Geologically, the region can
be categorized into two main sectors: a coastal zone characterized
by gentle slopes, which is well-known for its horticultural activities
and olive oil production, and an inland hilly area of volcanic origin,
marked by the remnants of extinct volcanic formations. This region is
also home to three distinct lakes situated within volcanic craters. El-
evations within the study area can reach up to 1,000 meters, and the
landscape is predominantly covered by expansive forest ecosystems,
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which exhibit a rich diversity of flora, including extensive groves of
chestnut trees, oaks, beeches, and wild hazelnuts [158].

Figure 4.3. Area of Interest (AOI), illustrating the provincial bound-
aries of Viterbo in Italy, with a specific emphasis on the geographical
positioning of the Protected Designation of Origin (PDO) within this
AOI.

The two prominent hilly complexes in the region are the Monti
Sabatini and Monti Cimini. The latter serves as the primary area for
the cultivation of the Protected Designation of Origin (PDO) hazel-
nuts from Viterbo, commonly referred to as "Nocciola Romana". The
predominant hazelnut cultivar cultivated in these regions is "Tonda
Gentile Romana," although smaller quantities of the "Nocchione" va-
riety are also grown. Hazelnut farming in this area typically employs
a multi-stemmed bush system, with a planting density of approxi-
mately 500 trees per hectare (arranged in a 5 x 5 m inter-row and
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intra-row configuration). Recently, there has been a discernible trend
towards establishing higher-density plantations [150]. In certain loca-
tion, hazelnut groves may feature trees up to 30 years old, exhibiting
significant plant growth.

Regular pruning of hazelnut groves is performed periodically [159],
a practice that reduces canopy volume and can introduce variabil-
ity in reflectance due to the spectral mixing of soil and wood pixel
signatures. Pruning activities occur during the plant’s vegetative
dormancy. These phenological parameters can fluctuate based on
cultivar characteristics, environmental conditions, and various man-
agement practices employed by farmes.

Ground Truth

In order to obtain ground truth data, the study utilized Google
Earth through the Web Map Service (WMS) within the open-source
QGIS platform. High-resolution imagery from April 2022, augmented
by historical satellite images from Google Earth Pro, combined with
in-depth knowledge of the study area, facilitated the selection of
14,611 sampling points within the Area of Interest (AOI). These
points were strategically distributed across various altitude bands
and geographical configurations to minimize spatial autocorrelation
[160].

For the purposes of this research, five distinct land use categories
were delineated, as illustrated in Figure 4.4:

1. Non-Photosynthetic Surfaces (NPS): This category en-
compasses urban areas, bare soils, rocky terrains, and water
bodies, with a total of 1,168 points recorded.

2. Arable Lands (AL): Extensive regions dedicated to arable
farming or annual crop cultivation, characterized by the absence
of tree vegetation, accounted for 3,016 sampling points.

3. Mixed Agricultural Areas (MAA): These areas include
tree vegetation associated with olive groves, vineyards, and a
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variety of fruit orchards managed through diverse agricultural
practices, resulting in 3,060 points.

4. Vegetation (VEG): This category represents regions covered
by varying degrees of woodland vegetation, incorporating spon-
taneous flora, woodlands, coppices, chestnut groves, riparian
zones, and scattered vegetation. It encompasses a wide range
of habitats, including Mediterranean scrub, garigue, evergreen
and deciduous oak forests, pine forests, and beech woods, to-
taling 4,374 points.

5. Hazelnuts (HZ): This category consists of mature hazelnut
plantations, specifically those older than five years, amounting
to 2,993 points.

Figure 4.4. Classification of land use categories based on high-
resolution satellite imagery obtained from Google Earth and Maxar
WMS services.
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4.1.1 Satellite data and Classification method

The hazelnut crop, being a permanent crop, is well-suited to a
multitemporal data extraction approach. In the process of mapping
hazelnut orchards in the region, it was decided to utilize data from
Sentinel-1 and Sentinel-2 satellites. This choice is based not only
on their availability through free distribution but also on the fact
that these satellites offer the best compromise between temporal and
spatial resolution.

Sentinel 2 Pre-processing

To obtain optical data (Figure 4.5), we utilized the Sentinel-2 sur-
face reflectance dataset available through GEE.
The "COPERNICUS/S2_SR_HARMONIZED" collection includes satellite
images from Sentinel A and B that have undergone geometric and at-
mospheric corrections (Level-2A) using the Sen2Cor processing model
[161]. The data was selected based on the Area of Interest (AOI) and
covers the period from 2019 to 2022, ensuring that images with a
cloud cover of no more than 30% were included. This resulted in a
collection of 1182 images, each either partially or fully covering the
AOI. The images were organized into monthly subsets, with median
values calculated for the RGB bands (B2, B3, B4), Red-Edge/NIR
bands (B5, B6, B7, B8, B8A), and SWIR bands (B11, B12), all at
a resolution of 10 meters per pixel. Nearest-neighbor interpolation
was applied to the Red-Edge/NIR and SWIR bands to ensure they
matched this resolution, while bands B1, B9, and B10, due to their
lower resolution, were excluded from the analysis.

The selection of a four-year timeframe was motivated by the inher-
ent variability within agricultural systems, where annual anomalies
may result from both localized and broader environmental factors,
whether stemming from natural phenomena or specific agricultural
practices (e.g., drought or intensive pruning).
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Figure 4.5. Sentinel-2 Pre-processing and Optical Dataset in Google
Earth Engine (GEE). The images can fully or partially cover the AOI.

Utilizing median values for the monthly aggregation is particu-
larly effective in minimizing the influence of outliers, which are often
caused by cloud cover in the context of passive sensors like Sentinel-2
[162]. This technique enhances the reliability of the land use classi-
fication process by providing a more accurate representation of the
AOI’s temporal dynamics. However, it should be noted that young
hazelnut orchards (less than 4 years old) may not be adequately cap-
tured due to limitations in spatial resolution. The optical dataset
comprises 12 monthly median images, each containing 10 bands, re-
sulting in a total of 120 features.

Sentinel 1 Pre-processing

For the SAR data (Figure 4.6), we employed the GEE
"Copernicus/S1_GRD" (Ground Range Detected) dataset in Interfer-
ometric Wide-swath (IW) mode. The data underwent pre-processing
using the Sentinel 1 Toolbox [163], which included orthorectification
and radiometric corrections expressed in decibels, with the data pro-
jected onto a regular 10-meter grid. We filtered the images for the
AOI over a 12-month period (January to December 2022), specifically
selecting the VV and VH polarization.

To ensure data consistency given the differing viewing angles of
ascending and descending satellite passes, only the ascending orbit
data was included in this analysis. This resulted in a dataset of
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73 images pre-processed according to the methodology described by
[164], with necessary adaptations for our study. The acquired im-
ages from different orbits were treated as separate datasets, focusing
exclusively on those from ascending passes. To reduce speckle noise
while maintaining key image details, we applied the Lee Filter with
a 3 x 3 pixel configuration.

To account for variations in incidence angles affecting backscatter,
we implemented the Square Cosine Correction based on Lambert’s
law. This correction is derived from the mean incidence angle of each
cropped image within the AOI, serving as the reference angle. The
corrected values for the VV and VH bands are expressed as follows:

σcorr
0V V = σ0V V · cos2(θref)

cos2(θmean)
(4.1)

σcorr
0V H = σ0V H · cos2(θref)

cos2(θmean)
(4.2)

Where σ0V V is the original co-polarized radar backscatter measure-
ment for the VV (Vertical-Vertical) configuration. σ0V H represents
the original cross-polarized radar backscatter measurement for the
VH (Vertical-Horizontal) configuration. The term θmean denotes the
mean incidence angle of the image, expressed in radians. Meanwhile,
θref is a fixed reference angle, typically set to 37◦ (converted to radi-
ans). Lastly, cos2(θmean) and cos2(θref) represent the squares of the
cosine of the mean incidence angle and the reference angle, respec-
tively, accounting for geometric effects on radar backscatter intensity.

Following this, the data values were converted to linear units,
averaged monthly, and then converted back to decibels.
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Figure 4.6. Sentinel-1 Pre-processing and SAR Dataset in GEE. The
images can fully or partially cover the AOI.

The decision to utilize data exclusively from the year 2022 was
made to capture significant variations in backscattering related to
recent events, such as extensive eradication activities. These changes
may not be as evident when examining median or average data over a
four-year timeframe. This approach yielded 12 average images, each
featuring two frequency bands, resulting in a total of 24 features
representing the SAR dataset.

Digital Elevation Model (DEM)

The Shuttle Radar Topography Mission (SRTM) Global 1 arc-
second digital elevation model (DEM) provides a comprehensive global
elevation dataset with a resolution of approximately 30 meters [67].
This dataset was generated through single-pass interferometry dur-
ing the Space Shuttle Endeavour mission in February 2000. The
SRTM dataset was processed using GEE "SRTMGL1_003" collection
and cropped to fit the Area of Interest (AOI).

After pre-processing the SAR and OPTICAL dataset, they were
stacked into a spectral-temporal cube, incorporating the DEM band,
and then cropped to cover AOI. The resulting reference dataset for
classification consists in a dense cube of 145 bands. Out of these,
120 bands represent the median of 10 Sentinel-2 bands for each of
the 12 months, 24 bands represent the average VV and VH bands
of Sentinel-1 for 12 months, and one additional band represents the
DEM layer.
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Table 4.1. Summary of the data used.

Data Source Sentinel-2 Sentinel-1 DEM

EE-Collection S2_SR_HARM. S1_GRD SRTMGL1_003
Bands B2, B3, B4,

B5, B6, B7,
B8, B8A, B11,
B12

VV, VH elevation

Filters Max 30% Tile
Cloud Cover

Orbit: AS-
CENDING

-

01/Jan/2020 -
31/Dec/2022

01/Jan/2022 -
31/Dec/2022

-

N. Images 1182 73 1
Reducer Median,

Monthly
Average,
Monthly

-

The training points were exported from the QGIS environment
to GEE, where a sampling process was conducted on the reference
dataset at a pixel resolution of 10 meters. Consequently, the resulting
training dataset comprises 145 features and a total of 14,611 obser-
vations, each associated with a specific label and its corresponding
spectral-temporal signature (Figure 4.7).

Figure 4.7. Creation of the Reference Dataset through Stacking and
Training Dataset at 10 m/pixel Sampling.
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To enhance the robustness of the model evaluation, a stratified
random sampling technique was employed to extract 20% of the ob-
servations from each land cover class.

4.1.2 Spectral Separability Analysis

Following the creation of the training dataset, a comprehensive
spectral separability analysis was performed on the normalized me-
dian signatures of each land cover class. For each distinct land cover
category, median spectral-temporal signatures were calculated. Sub-
sequently, the values for each individual feature underwent normal-
ization using a Min-Max scaler, which constrains the data within a
range of 0 to 1. This normalization process is crucial for ensuring
that the features are comparable and suitable for subsequent analy-
ses.

The decision to utilize median values and Euclidean distance was
driven by the need to manage computational demands effectively,
given the high dimensionality of the data and the length of the vec-
tors involved. The spectral separability analysis facilitated the iden-
tification of clusters that served as the basis for training a series of
Hierarchical Random Forest algorithms. To accomplish this, the data
for each class were evaluated through a hierarchical cluster analysis
[165], employing Euclidean distance as the metric. This approach
enabled the identification of all nodes that effectively differentiated
hazelnut (HZ) from other land cover types. The primary objective
of this analysis was to achieve a robust spectral and temporal sepa-
ration of hazelnut (HZ) from the land cover class that exhibited the
greatest similarity, thereby enhancing the accuracy of classification.

This methodological approach not only improves the understand-
ing of the spectral characteristics associated with hazelnut crops but
also contributes to refining the classification model by ensuring that
the distinct spectral signatures of each land cover class are adequately
captured and utilized in the subsequent modeling phases.
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4.1.3 Classification method

In a previous study, a benchmark was conducted by comparing
hazelnut orchard data with other land surfaces, assessing the ability of
certain machine learning algorithms to distinguish hazelnut orchards
from other land covers. To achieve this, the spectral and temporal
signatures of hazelnut crops were aggregated and contrasted against
those of other crops and surfaces. The benchmark results clearly in-
dicated that the Random Forest algorithm, and ensemble methods in
general, are the most suitable for this type of data, which is charac-
terized by a high number of variables and an adequate dataset size,
achieving high accuracies [77]. Another crucial point to emphasize is
that, since many bands in the optical region of the spectrum are higly
correlated, issues of multicollinearity between variables arise. Ensem-
ble algorithms are particularly well-suited to handling this kind of
data, as they randomize variable selection during tree construction,
making them robust to the curse of dimensionality. Additionally, an
advantageous aspect is that the data, which spans a wide range from
reflectance values to backscattering in dB, does not require normal-
ization. In this study we decided to increase the number of classes
and extend the methodology to better understand the dynamics be-
hind the hazelnut crop mapping in a spectro-tremporal framework.

The methodology employed (4.8) involves using multiple RF clas-
sifiers, each trained at a specific hierarchical layer, to achieve accu-
rate separation of hazelnut areas. For training the classifiers, optimal
hyperparameters were searched using grid search and 10-fold cross-
validation to maximize model performance at each step. At each step
of the classification process, accuracy metrics such as overall accuracy,
precision, recall, and F1-score were assessed to evaluate the model’s
performance. These metrics were calculated both in cross-validation
and on the separate 20% test dataset, to provide a comprehensive
evaluation of the models’ performance using different sets of unseen
data.
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Figure 4.8. Workflow for Hierarchical Random Forest Training via
Euclidean distance Analysis of Spectral Signatures.
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4.1.4 Hazelnut Groves Characterization

After delineating the hazelnut groves within the Area of Interest
(AOI), the spectral-temporal signature for each pixel located within
the hazelnut (HZ) polygons was extracted from the reference dataset
with a 10 m/pixel resolution. The hazelnut-specific data was subse-
quently normalized to facilitate analysis. To address issues related
to dimensionality and inter-band correlation, Principal Component
Analysis (PCA) was employed. This technique enabled the selection
of the minimum number of principal components that collectively ac-
counted for at least 90% of the data variability, thus retaining the
most significant spectral information while reducing complexity.

Once the principal components were obtained, the scores matrix
underwent unsupervised clustering using the K-means algorithm, fol-
lowing a methodology similar to that described by [166]. The appro-
priate number of clusters was determined using the elbow method
[167], which relies on the analysis of the Sum of Squared Errors (SSE)
to identify an optimal clustering solution. By examining the rate of
change of SSE, a sharp inflection point in the curve indicated the
optimal number of clusters to be used for classification.

The resulting clusters were then projected back onto the AOI
in QGIS. To refine the classification, a sieve operation with a 20-
pixel size and 4-connectivity was applied to eliminate small, isolated
clusters.

To enhance the interpretability of the clustering results, two ap-
proaches were implemented:

1. Ground Validation and Historical Imagery: This ap-
proach involved validating the cluster classifications against
known land cover types using historical imagery.

2. Interpretation through Indices: A total of 1,700 random
sampling points were placed within the polygons of each clus-
ter, yielding 5,100 sampling points in total. Spectral-temporal
data was extracted from the reference dataset at these points,
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and three specific indices were utilized to analyze and interpret
the data. These indices, including the VH/VV ratio, NDVI,
and NDMI, are commonly employed in the literature to delin-
eate phenological stages and assess biophysical parameters of
vegetation [168, 169, 170].

In addition, a further analysis of the Digital Elevation Model
(DEM) data was conducted for each random point within the dif-
ferent clusters. This analysis aimed to evaluate potential differences
arising from temporal shifts in phenological phases associated with
varying altitude bands.

Figure 4.9. Workflow for characterization of different hazelnut areas
using unsupervised K-means Clustering.
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4.1.5 Results

This analysis employed normalized median spectral-temporal sig-
natures to evaluate the similarity patterns among different land cover
classes. The resulting distance matrix, presented in Table 4.2, illus-
trates the pairwise distances between the classes, calculated using the
Euclidean distance metric.

Table 4.2. Matrix of Euclidean distances on the normalized spectral-
temporal signatures of different land covers.

VEG HZ MAA AL NPS

VEG 0 3.4 5.7 9.5 8.9
HZ 0 5.7 8.0 8.5

MAA 0 6.4 7.6
AL 0 6.8
NPS 0

The analysis based on the Euclidean distance metric unveiled dis-
tinct relationships among the land cover classes. Specifically, the
classes VEG and HZ exhibited the highest level of similarity. In con-
trast, the classes NPS and AL demonstrated moderate similarity to
each other but were significantly distanced from the VEG, HZ, and
MAA classes, with MAA showing relatively less separability from the
VEG and HZ clusters. NPS and AL were distinctly separated from
classes representing various types of tree vegetation, as shown in Fig-
ure 4.10.

The cluster analysis produced three levels of differentiation for
the discrimination of hazelnut groves. At the first level, a cluster
distinctly separated NPS and AL from MAA, VEG, and HZ. At the
second level, another cluster differentiated MAA from VEG and HZ,
while at the final level, a separate cluster isolated VEG from HZ.
To training the various models, observations corresponding to each
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cluster node were selectively filtered. Initially, AL and NPS were
separated from MAA, VEG, and HZ (RF1). Following this, MAA
was distinguished from VEG and HZ (RF2). Finally, all observations
of VEG were distinctly separated from those of HZ (RF3).

Figure 4.10. Cluster analysis of the Euclidean distances between the
median spectral-temporal signatures of different land covers.

The models were then trained for each hierarchical level of the
classification using an extensive hyperparameter search with 10-fold
cross-validation. The selected hyperparameters for classification in-
cluded NT (number of decision trees, or estimators), which deter-
mines the number of trees that will each perform a separate clas-
sification. The NT values ranged from 50 to 200 in increments of
50. This metric can improve classification accuracy as the number of
trees increases, although it also raises computational time.

Additionally, two other metrics were defined: MS (minimum sam-
ples), which specifies the minimum number of samples required to
split a node, and max depth (MD), which refers to the depth of each



104
Chapter 4. Mapping and characterization of crops and agricultural space at

different geographical scales.

tree. These two metrics must be used carefully, as they can lead to
overfitting. For MS, the chosen values were 2, 5, and 10, while for
max depth, the values were set at 10, 20, and 30.

The list of hyperparameters that yielded the best results for each
model during cross-validation is presented in Table 4.3:

Table 4.3. Optimal Hyperparametrs for each model using cross-
validation.

Hyperparameters RF1 RF2 RF3

ES: 150
MS: 5
MD: 20

ES: 150
MS: 2
MD: 20

ES: 100
MS: 5
MD: 10

The RF models, along with the hierarchical classification strat-
egy, demonstrated exceptional performance throughout both cross-
validation and independent testing phases. Across the board, the
models consistently achieved average metrics—accuracy, precision,
recall, and F1-score over 0.99.

Table 4.4. Accuracy metrics for RF1, RF2, and RF3 models on the
training dataset in cross-validation.

Model Performance on Training Set RF1 RF2 RF3

Overall Accuracy 0.99 1 0.99
Precision 0.99 1 0.99
Recall 0.99 1 0.99
F1-score 0.99 1 0.99

In the testing phase, the models achieved high performance (Ta-
ble 4.5, Table 4.6, Table 4.7) with overall accuracies, precision, recall,
and F1 scores close to 1.
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Table 4.5. Confusion matrix of the RF1 model on the test dataset.

RF1 NPS ∪ AL VEG ∪ HZ ∪ MAA

NPS ∪ AL 822 2
VEG ∪ HZ ∪ MAA 10 2088

Table 4.6. Confusion matrix of the RF2 model on the test dataset.

RF2 MAA VEG ∪ HZ

MAA 605 6
VEG ∪ HZ 13 1462

Table 4.7. Confusion matrix of the RF3 model on the test dataset.

RF3 HZ VEG

HZ 584 2
VEG 2 822

Importance of variables

One of the key objectives of the hierarchical Random Forest pro-
cess is to evaluate feature importance at each hierarchical level, both
across time and within the spectral domain. This analysis helps to
better understand the factors that, based on spectral and temporal
characteristics, lead to the distinction of a specific crop.

To achieve this, we used the Mean Decrease in Impurity (MDI)
metric, which is based on the Gini coefficient. MDI represents the
total impurity reduction across the nodes for each splitting variable,
averaged over all the trees in the forest. The higher the MDI score
for a variable, the more influential that variable is in determining the
class assignment of an observation.

Random Forest splitting rules aim to maximize the impurity re-
duction introduced by a split. For the impurity importance, a split
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that results in a significant decrease in impurity is considered impor-
tant, and, consequently, the variables used for splitting at these im-
portant nodes are also regarded as important. Based on this concept,
the impurity importance for a variable Xi is computed by the sum of
all impurity decrease measures for all nodes in the forest where a split
on Xi occurred, normalized by the number of trees. For classification
tasks, the impurity is typically measured by the Gini impurity:

Γ̂(t) =
J∑

j=1

ϕ̂j(t)(1− ϕ̂j(t)),

where ϕ̂j(t) is the class frequency for class j at node t (see Chapter
2). The impurity decrease is the difference between the impurity of
a node and the weighted sum of the impurities of its two child nodes
(calculated using the Gini index). For regression tasks, the same
procedure is followed but with the sum of squares as the impurity
measure.
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In 4.11 we can observe that, for the separation between NPS and
AL compared to other vegetation-containing classes, the importance
is primarily concentrated during the summer period and in the visible
spectrum bands. The NIR and RE (Red Edge) bands do not show
significant importance. Interestingly, there is a noticeable importance
in the SWIR region, particularly in band 12, whose importance in-
creases during the summer and peaks in October. Regarding the
radar data, its importance is notably lower compared to the optical
data. However, during the spring and late summer months, the VH
band shows a minimal level of importance. This observation suggests
different scattering mechanisms involved, especially in high-entropy
surfaces such as vegetation, which can result in higher VH backscat-
ter.

Figure 4.11. Spectral-temporal importance plot in RF1.
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A similar pattern emerges in the separation of mixed agricultural
areas (MAA) from vegetation and hazelnuts, where the visible bands
show significant importance during the summer period. However,
there is a greater importance of the regions in the red edge band,
although this is secondary, while the SWIR bands, radar data, and
DEM show considerably lower importance (4.12).

Figure 4.12. Spectral-temporal importance plot in RF2.
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For the final classification step RF3, which distinguishes between
vegetation and hazelnuts, the only bands that appear to have signif-
icant importance are the SWIR bands, with their importance con-
centrated mainly during the summer period. Meanwhile, among the
radar bands, the VH in May seems to have some significance (4.13).

Figure 4.13. Spectral-temporal importance plot in RF3.
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4.1.6 Classification on AOI

Figure 4.14 show the land cover classification over the Area of
Interest (AOI). Along the Tyrrhenian Sea coastline, the dominant
NPS_AL class reflects a landscape defined by extensive arable lands
and rural settlements. Notably, the distinct patterns around Lake
Vico and Lake Bolsena enhance the recognizability of this class’s
spatial distribution.

Clusters of the MAA class appear prominently in specific areas,
particularly around the western slopes of Mount Cimino and the out-
skirts of Lake Bolsena. These regions showcase a blend of agricultural
practices, with a focus on vineyards and olive groves.

The VEG class is characterized by large, irregular patches that
represent a range of vegetation types such as Mediterranean maquis,
garigue, and oak forests. This green continuum extends inland, with
significant occurrences of chestnut trees and other shrub-like forma-
tions. In areas with steep terrain, where traditional agriculture is
less feasible, these vegetation types dominate the landscape. Addi-
tionally, the classification reveals the presence of riparian vegetation,
identifiable by branching, linear patterns within the broader vegeta-
tion mosaic.

The region occupied by the HZ class forms a well-defined central
core, covering the eastern volcanic slopes and the crater of Mount
Cimino, with substantial expansions surrounding Lake Vico. As we
move westward, the extent of the HZ class notably decreases, appear-
ing mainly as large, fragmented agricultural fields, particularly near
the coastal region and the vicinity of Viterbo. Following the sieving
process, the predicted HZ area encompasses 22,780 hectares, of which
22,670 hectares (99.5%) lie within the PDO boundary.
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Figure 4.14. Hierarchical classification result over the entire AOI.
For enhanced graphical interpretation, classes have been sieved using
different thresholds: NPS-AL at 100 pixels, HZ at 20 pixels, VEG and
MAA at 5 pixels.

PCA and Cluster identification

The PCA analysis revealed that 16 principal components are re-
quired to capture 90% of the variability in the HZ spectral-temporal
dataset (Figure 4.15). For each of these 16 components, score ma-
trices were generated, associating pixels with their respective values.
By assigning the first three principal components to the RGB chan-
nels (Figure 4.16), different spectral-temporal signatures can already
be observed within the area classified as hazelnut orchards.
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Figure 4.15. Explained variance of the principal components (PC)
that account for at least 90% of the total variance.

Figure 4.16. RGB Composite map using the first 3 components of the
PCA.
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These matrices were then analyzed using the elbow method (Fig-
ure 4.17) to determine the optimal number of clusters, which was
found to be N = 3. Subsequently, a K-means clustering algorithm
was applied to the reduced dataset in 3 clusters, assigning each pixel
to a specific cluster, as shown in Figure 4.18.

Figure 4.17. Curve of Inertia (SSE) values for K-means clustering,
with the Elbow Point highlighted.

Figure 4.18. K-means classification of the HZ cover.



114
Chapter 4. Mapping and characterization of crops and agricultural space at

different geographical scales.

4.1.7 Clusters Analysis

The boxplots depicting the VH/VV ratio (Figure 4.19) across the
different clusters highlight a consistent temporal pattern throughout
the year. A notable increase in the disparity between the two bands
is observed during late spring and summer, followed by a gradual
rise in the index through autumn and winter. Cluster 1 consistently
shows a higher VH band dominance over VV compared to Clusters 2
and 3, which display similar patterns with closely aligned medians.

Figure 4.19. Boxplots of the VH/VV ratio in dB for different clusters,
based on monthly data from the sampling points.

Regarding the NDVI index (Figure 4.20), the temporal evolu-
tion reveals distinct patterns across clusters. Cluster 3 shows stable
median values throughout the year but experiences a sharp drop in
November and December. This cluster also records higher values
during winter compared to Clusters 1 and 2, but significantly lower
values during the summer. Conversely, Clusters 1 and 2 follow a more
similar trajectory, peaking during summer and sharply declining in
late autumn. Cluster 2 generally maintains higher median values
than Cluster 1, except in the summer months, when Cluster 1 report
higher values.
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Figure 4.20. Boxplots showing the distribution of NDVI values across
various months for different clusters, obtained from the sampling points.

The NDMI index (Figure 4.21) shows a consistent trend across all
clusters, marked by two pronounced peaks in spring and late autumn,
followed by a decline in early-year and summer months. Among the
clusters, Cluster 3 exhibits higher values during the beginning and
end of the year, but much lower values in summer. In contrast,
Clusters 1 and 2 display a strong peak in spring and early summer,
with Cluster 1 generally maintaining higher values than Cluster 2
during this period, while Cluster 2 have higher values in winter.
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Figure 4.21. Boxplots depicting the distribution of NDMI values for
various months across different clusters, based on the sampling points.

Elevation data from random sampling points within the clusters
(Figure 4.22) shows that Cluster 1 is located at higher elevations
compared to Clusters 2 and 3, which are more similar in terms of
altitude. However, the boxplot analysis reveals substantial variability
in Cluster 3’s elevation data.

Figure 4.22. Elevation values of sampling points within different clus-
ters (meters above sea level).
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A non-parametric Kruskal-Wallis test was conducted to assess
statistically significant differences in elevation between the clusters,
given that the data violated normality assumptions. The consistently
low p-values, approaching zero, provide strong evidence to reject the
null hypothesis of equal elevation distributions across clusters (Ta-
ble 4.8).

Table 4.8. Results of the Kruskal-Wallis test comparing elevation val-
ues among clusters.

Comparison n Statistic p

Cluster 1 vs. Cluster 2 3400 1283 5.01e-281
Cluster 1 vs. Cluster 3 3400 506 3.90e-112
Cluster 2 vs. Cluster 3 3400 55.6 8.81e-14
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4.1.8 Discussion and Conclusion

The spectral analysis reveals a clear separability among different
land cover types. Specifically, NPS surfaces exhibit spectral dissimi-
larity compared to arboreal vegetation but show proximity to arable
or plowed fields (AL). This is likely influenced by post-harvest peri-
ods, which affect the spectral signature in a manner similar to artifi-
cial surfaces [171].

The MAA cluster demonstrates closer proximity to VEG and HZ,
which can be attributed to the prevalence of olive groves with irregu-
lar planting patterns. This results in significant areas of exposed bare
ground, influencing pixel spectral signatures while still retaining ar-
boreal vegetation coverage. VEG and HZ, characterized by compact
and uniform tree coverage with substantial canopy development, ex-
hibit a higher degree of similarity. Differences in phenological phases
may significantly impact the spectral-temporal signature similarities
among VEG, HZ, and MAA [172].

The performance of the Random Forest (RF) models and the
hierarchical workflow employed is exceptional, both during cross-
validation and testing on independent samples throughout the train-
ing process. The models consistently achieve average accuracies,
precisions, recalls, and F1 scores exceeding 0.99. The hierarchical
approach demonstrates how an optimal hyperparameter search and
cross-validation can lead to specific and generalized models, effec-
tively discriminating nested categories, such as the HZ class within
VEG.

The study emphasizes the crucial influence of the summer months
on spectral-temporal classification. The NIR and Red-Edge bands
show limited significance in RF1, aligning with prior research [173].
In contrast, significant importance is attributed to the B12 band
(SWIR). The combined NPS ∪ AL clusters exhibit heightened re-
flectance in the visible band, due to high reflectivity from soil and arti-
ficial surfaces, which distinguishes them from vegetated regions [174].
In RF1, radar-derived parameters, particularly VH, significantly in-
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fluence outcomes, reflecting the high entropy scattering of vegetated
tree surfaces [175] compared to flat surfaces such as AL. RF2 further
underscores the importance of visible bands, especially during sum-
mer, in differentiating MAA from VEG ∪ HZ. The spectral-temporal
signature of MAA, which includes olive groves and vineyards, appears
to be influenced by visible soil due to the inter-row spacing in olive
groves and biomass reduction during summer thinning in vineyards.
SWIR, DEM, and SAR variables show limited importance in this
classifcation step.

RF3 highlights the significance of SWIR variables during the sum-
mer, indicating lower leaf water content in hazelnut groves compared
to spontaneous vegetation (Figure 4.34). This difference could be
attributed to the hazelnut’s limited ability to regulate stomatal con-
ductance during periods of thermal stress. The noticeable variation
among SWIR variables during the summer period may indicate a
distinctive characteristic for differentiating hazelnuts from natural
vegetation.

Figure 4.23. Density plot for SWIR variables for HZ and VEG in the
training set during the summer period.
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The importanceof SAR variables in the classification process is
primarily observed during the initial stage (RF1) and specifically in
May for RF3. During this month, hazelnut groves exhibit lower VH
backscattering compared to spontaneous vegetation (Figure 20). This
difference is likely attributed to mowing and weeding operations con-
ducted in the inter-row spaces during this time.

Figure 4.24. Density plot for VHVV backscattering in May.

However, the overall importance across all variables and classi-
fiers remains consistently low, typically ranging from 0 to 0.1. While
certain variables may exhibit slightly higher significance, the cumula-
tive contribution of all features renders specific feature selection less
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critical in this context.
Following the sieving process, the final Area of Interest (AOI)

classification indicates a hazelnut coverage of 22,780 hectares, closely
aligning with national statistics that report a total of 23,900 hectares,
of which 21,700 hectares are in production for the year 2022. The
mapping delineates hazelnut groves primarily within the Protected
Designation of Origin (PDO) area (99.5%). Intensive cultivation is
particularly evident in the Monte Cimino region, especially around
the volcanic crater of Lake Vico, where extensive and compact exten-
sions are observed on the eastern and southern slopes. In contrast, the
western flank features mixed agricultural systems, with hazelnuts fac-
ing various environmental and social constraints. Additionally, some
large parcels outside the core area indicate emerging transformations
in agricultural landscapes. Currently, however, hazelnut cultivation
is largely confined to the PDO area.

Despite the effectiveness of our multi-year optical approach in
accurately capturing the spectral and temporal patterns of hazel-
nut crops, several limitations must be acknowledged. Specifically,
the method faces challenges in accurately identifying young hazel-
nut orchards due to temporal discrepancies; the crops may not fully
cover the ground three years prior, potentially leading to misclassi-
fication. Furthermore, during the preprocessing stage of radar data,
a three-pixel speckle filter is applied for noise reduction, which may
create confusion along the boundaries of classified patches. These
limitations are primarily attributed to the still coarse resolution of
currently available satellite sensors.

From a statistical perspective, it is evident that hazelnut cultiva-
tion may not always be reported or updated by producers, as these
areas are not eligible for EU subsidies except for agri-environmental
premiums or new installations co-financed by European Union aid.
Thus, relying solely on statistical data may lead to an underestima-
tion of the areas dedicated to hazelnut cultivation. This underscores
the utility and effectiveness of remote sensing techniques and satellite
image classification for mapping hazelnut-growing areas. Moreover,



122
Chapter 4. Mapping and characterization of crops and agricultural space at

different geographical scales.

it is crucial to develop a methodology and analysis tool that enables
the assessment of hazelnut orchard dynamics over the years in a repli-
cable, scalable, and exportable manner.

Characterization of a Hazelnut Polygon

By employing K-means analysis, a discernible geographical pat-
tern of distinct hazelnut classified zones emerges. Cluster 1, predom-
inantly located in the volcanic crater of Lake Vico and its surround-
ings, exhibits elevated altitudes and higher meteorological precipita-
tion levels. On-site observations and historical imagery confirm that
these hazelnut groves have matured beyond the 20-year age thresh-
old, with heights exceeding 3 meters and dense canopies.

Index analysis reveals that hazelnut groves in Cluster 1 exhibit in-
creased NDWI during summer, indicating heightened water availabil-
ity. A distinct temporal shift in vegetative vigor patterns is observed
in the NDVI index, potentially linked to lower temperatures during
the vegetative phase. The higher VH/VV ratio in Cluster 1 supports
the hypothesis of mature hazelnut groves, indicating a denser canopy.

Cluster 2, situated at lower altitudes, features mature hazelnut
groves with narrower spacing, lower heights, and less dense canopies.
Drip irrigation systems are consistently utilized in response to lower
precipitation levels. The lower VH/VV ratio suggests a less developed
canopy that facilitates mechanical intervention, while the NDVI index
indicates earlier vegetation development due to higher temperatures.
The NDMI index reveals reduced intensity in summer, likely resulting
from water deficit and elevated temperatures.

Field and historical investigations link Cluster 3 to young hazelnut
groves established after 2014–2015, indicating an expansion of culti-
vation. A lower VH/VV ratio and reduced vegetation indices during
summer suggest diminished canopy volume, attributed to significant
soil contributions. Higher NDVI values during winter imply robust
growth of inter-row weeds. Notably, Cluster 3 includes large recent
plantations or areas with sparse hazelnut coverage or gaps between



4.1. Mapping and charaterization of a specific crop on a regional level, case study
of hazelnut Agro-Industrial complex in Viterbo - IT 123

plants, necessitating subsequent agronomic ground studies.
In summary, the clusters represent discrete hazelnut cultivation

zones (Figure4.25). Cluster 1 hosts mature hazelnut groves at a
higher elevation with extensive canopies, coinciding with the his-
torical core of hazelnut cultivation. Cluster 2 comprises relatively
younger mature orchards with tighter spacing, irrigation systems,
earlier canopy development, and notable mechanized interventions.
Cluster 3 encompasses young orchards (less than 10 years old) as
well as areas lacking sufficient canopy coverage for various reasons,
warranting on-site agronomic investigations.

Figure 4.25. Ground investigation within the clusters. Photos A and
B were taken (by the authors) in June 2023, within Cluster 3 and Cluster
1 patches, respectively. Image C was captured from Google Earth, in
correspondence to a Cluster 2 patch (July 2019).The red box in Imace
C highlights the presence of the drip irrigation hose.

In conclusion, the increase in hazelnut cultivation in Italy, particu-
larly in the province of Viterbo, has led to significant social changes,
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with small producers being replaced by medium to large enterprises.
This study emphasizes the utility of multi-temporal and multi-platform
data in accurately identifying and analyzing perennial crops, reveal-
ing 22,780 hectares of hazelnut orchards within Viterbo’s agro-industrial
system, which closely aligns with official data from 2022. Three dis-
tinct geographic distribution patterns were identified: a historical
area in the Cimino volcanic system, a consolidated cluster along the
Tiber River, and new plantations characterized by larger parcel sizes.
To enhance the methodology, the integration of high-resolution or-
thophotos is proposed to further refine the analysis of various peren-
nial crops. This approach underscores the significant implications for
the industry in the context of Agriculture 4.0.

4.2 High-Resolution Mapping of Orchard
Distribution Across Italy

4.2.1 Overview

In the following section, a workflow for high-detailed mapping of
orchards on nationwide scale will be presented. While the previous
chapter focused on a specific crop that is widespread in the region
and generally subject to similar environmental conditions at that ge-
ographic scale —with the exception of altitude-, this chapter deals
with the entire country of Italy. Italy is characterized by a remark-
able diversity that spans in a wide latitudinal range, is bordered by
multiple seas, and is shaped by complex geomorphological forma-
tions, resulting in a rich variety of microclimates and plant species.
Additionally, Italy’s long and intricate history has significantly influ-
enced its civilizations, traditional practices, and agricultural systems,
reflected in the presence of site-specific, historically significant culti-
vars, and a wide variety of cultivation methods.

This study aims to develop a method that integrates satellite
imagery, ground-based data, and statistical information to identify
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an optimal approach for capturing large-scale spectral and temporal
patterns in orchard recognition. The goal is to create a pipeline for
detecting and classifying perennial crops, particularly the most com-
mon varieties, across a heterogeneous landscape while providing a
highly detailed layer that refines coarse-scale land use and land cover
(LULC) data.

4.2.2 AOI

To define the Area of Interest (AOI), an initial filtering step was
performed using the CORINE Land Cover (CLC) 2018 dataset, ac-
cessed through GEE via the collection
(COPERNICUS/CORINE/V20/100m/2018). This step allowed us
to effectively focus on agricultural areas. The CLC dataset, in fact,
dedicates the entire subclass 2 to agricultural zones. Some of these
CLC categories are already crop-specific, such as class 213 (rice pad-
dies), class 221 (vineyards), and class 223 (olive groves). Addition-
ally, there are mixed classes that encompass various elements, ranging
from areas predominantly used for arable farming, annual crops, and
regions where cereal cultivation prevails, to areas with complex agri-
cultural patterns and heterogeneous agricultural zones.

Although the CLC provides these detailed crop-specific classes,
such as vineyards and olive groves, we can observe in 4.26 that the
areas delineated as such are relatively coarse and fail to capture the
precise distribution of these crops on the ground. Instead, they pro-
vide only a general indication of areas where such crops are present
to a certain extent.

Similarly, in areas primarily dominated by annual crops, the layer
often fails to identify small plots, which, despite their small size, can
be significant at the national scale due to Italy’s complex landscape.
These small-scale agricultural plots are not easily discernible from
the CLC layer, limiting its accuracy in representing the true extent
of these land uses.
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Figure 4.26. CLC vineyards and olive polygons compared to high
resolution classification.
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For the purposes of this research, all areas classified under the
class 2 (Agricultural areas) from the CORINE Land Cover (CLC)
2018 dataset were extracted, with the exclusion of subclasses 213
(rice fields), 231 (pastures), and 244 (agroforestry areas), resulted in
an Area of Interest (AOI) of approximately of 130,000 km², entirely
within Italian territory (4.3).

Figure 4.27. Area of Interest (AOI), highlighting the areas extracted
from the CLC.
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4.3 Statistical data

Prior the study, an investigation was conducted to identify the
most relevant orchards in terms of production area in Italy. This
involved consulting the national statistical system to extract data
on production areas for each crop in 2022 [176]. This allowed us to
identify the most representative fruit tree species across the Italian
territory, including:

1. Olive (Olea europaea) (OLI): The olive tree, cultivated both
for oil production and as a table fruit, is the most widespread
tree crop in Italy, covering an estimated 1,120,000 hectares na-
tionwide. As a distinctly Mediterranean species, it is predom-
inantly found in the southern regions of Italy, where it has
traditionally been grown in hilly and marginal areas due to its
adaptability [177]. In recent years, however, its cultivation has
expanded into plain areas, often with intensive row planting
systems [178]. It is important to note that olive groves, which
have been cultivated for centuries, often consist of large, irregu-
larly planted trees. These groves may sometimes appear only as
perimeter plantings or within polycultural systems, complicat-
ing their identification as discrete "olive groves". The species
is evergreen, displaying a unique temporal growth pattern that
distinguishes it from other crops.

2. Vineyard (Vitis vinifera) (VIN): Vineyards play a crucial
role in the agro-economic development and landscape of Italy
[179]. Grapes are cultivated across the entire country, from
north to south and from east to west, encompassing a wide
range of varieties and cultivars. The management of vineyards
varies significantly [180], with traditional row plantings preva-
lent throughout Italy and canopy arrangements (such as "per-
gola" or "tendone") more common in southern regions. In some
cases, vineyards in the south are covered with plastic fabrics to
protect the grapes. Vineyards, whether for wine production or
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table grapes, represent the second most widespread tree crop
in Italy, covering an estimated area of 736,000 hectares.

3. Stone Fruits (S.F.): This category includes all stone fruits
such as peaches (Prunus persica), apricots (Prunus armeniaca),
plums (Prunus domestica), cherries (Prunus avium), and al-
monds (Prunus dulcis). These crops follow a similar phenolog-
ical phase, with a period of vegetative rest, spring flowering,
and a summer vegetative phase. Collectively, they represent
the third most extensive tree crop in Italy (estimates 173,000
h), with some polarizations and districts of excellence.

4. Citrus (CIT): The Citrus class encompasses all citrus fruits,
including oranges (Citrus sinensis), lemons (Citrus limon), man-
darins (Citrus reticulata), citrons (Citrus medica), bergamots
(Citrus bergamia), and a small percentage of less common cit-
rus varieties. The cultivation of these fruits is primarily concen-
trated in southern Italy. All these species are evergreen, which
results in a specific spectral and temporal pattern. CIT fruits
collectively rank as the forth most widespread tree crop in Italy,
with an estimated surface area of 120,000 hectares.

5. Apples (Malus domestica) (APP): Apple cultivation in
Italy is highly polarized, primarily occurring in compact row
systems often covered with hail protection nets. Approximately
95% of apples in Italy are produced in the valleys of the Trentino-
South Tyrol region, where the Apple finds its climatic optimum,
leading to the development of a true agro-industrial system.
However, there are also specialty apples from typical regions,
such as the Annurca apple, which is cultivated in the Campa-
nia region using traditional planting systems rather than nar-
row, high rows. The Apple estimated surface in Italy is 56,000
hectares.

6. Pears (Pyrus) (PEA): Like apples, Pear cultivation in Italy
is highly polarized in a very restricted area in the Emilia Ro-
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magna region where specific areas of vocation exist. Pears are
grown in tall rows suitable for collection via harvesting cart,
with a smaller surface area compared to other crops and a de-
creasing trend, with an estimate surface of 26,000 ha.

7. Actinidia (Actinidia deliciosa) (ACT): Actinidia (Kiwifruit)
cultivation is relatively recent in Italy and, like apples and
pears, is highly polarized in certain districts. In particular,
a significant percentage of kiwi production in Italy comes from
the provinces of Latina and Cuneo. The cultivation system is
a standard canopy often covered with protective plastic fabric.
The estimates surfaces covered by Actinidia is 25,000 ha.

Once the classification classes were established, the original statistical
dataset was divided by province. For each province, the percentage
of coverage for each orchard class relative to the total agricultural
area was calculated.

For the ground truth polygons, we relied on information from
Timac Agro Italia, which operates nationwide. Starting with the
company polygons and using the statistical dataset, we aimed to
select a significant number of polygons for each Italian province. For
some provinces, no polygons were available, which was due to a lack
of fruit cultivation in the area.

A total of 3,015 OLI polygons, 3,232 VIN polygons, 633 CIT
polygons, 595 S.F. polygons, 390 APP polygons, 232 ACT polygons,
and 247 PEA polygons were collected.

4.3.1 Sampling methods and points

After establishing the reference dataset for the entire AOI, sam-
pling points were extracted (Figure 4.28). A negative buffer of 20
meters was applied to each polygon to eliminate edge effects. Once
buffering was complete, a random number of points was generated
within each polygon. This number was determined by multiplying
the specific rounded number of hectares of each polygon by 5, with a
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minimum spacing of 30 meters between points. This method ensured
approximately one sampling point for every 2,000 square meters of
the field.

Figure 4.28. In step 1, an original VIN polygon is shown. In step 2,
the polygon is subjected to a 20-meter negative buffer to address edge
effects. In step 3, a number of sampling points is generated, calculated as
the number of hectares (in this case, 3) multiplied by 5, with a minimum
spacing of 30 meters. This results in a total of 15 sampling points for
this example.

The sampling scale size was subsequently determined (Figure 4.29).
One-third of the pixels were randomly selected to capture the spectral-
temporal signature at 10 meters, another third at 20 meters, and the
final third at 30 meters. Referring to the Earth Engine documenta-
tion, the "scale" parameter was used to set the sampling size. Earth
Engine employs a pyramidal system for data assembly. At 10 meters,
the pixel retrieves the array of data from the pixel it falls within, be-
ing the resolution of the reference dataset at 10 meters. Using scales
of 20 and 30 meters, Earth Engine performs an interpolation based
on the nearest neighbor using Euclidean distance, aggregating 4 and
9 pixels respectively for sampling at 20 and 30 meters. This provides
a value calculated with the nearest neighbor method. Consequently,
at 20 and 30 meters, the sampling point does not simply retrieve the
array of values from the pixel it falls within, but rather from aggre-
gated pixels within the field.
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Figure 4.29. In the first image, the sampling pixels are randomly di-
vided into three subsets. The second image illustrates how sampling
is conducted on a 10-meter grid using a scale factor of 10, which corre-
sponds to the base resolution of the dataset. This is followed by sampling
at 20 meters using a scale factor of 20, and at 30 meters using a scale
factor of 30.

The hypothesis is that sampling at different scales can allows for
more generalized spectral-temporal signatures, accounting for signif-
icant intra-field variability.
For classification, an "Other" (OTH) class was added to differentiate
areas that are not orchards from the selected categories. This class
serves as a background category in the machine learning model, help-
ing the algorithm identify and filter out non-relevant areas. To define
this class, spectral signatures were collected from various sources, in-
cluding other types of crops like arable land and chestnut trees, as
well as urban and aquatic environments using data from the CORINE
Land Cover. Additionally, polygons from forested and riverine ar-
eas were included. This process resulted in a total of 60,326 back-
ground training points. The training dataset thus consists of a total
of 169,836 (Table 4.9) sampling points.

For the use of satellite data, the same technique described in the



4.3. Statistical data 133

Class n
OLI 35,906
VIN 32,345
CIT 14,344
APP 12,302
S.F. 12,046
PEA 9,638
ACT 5,231
OTH 60,326
Total training points 169,836

Table 4.9. Number of sampling points for each class.

previous chapter was employed, with a spectral-temporal cube of op-
tical and radar images. However, in this instance, the DEM was not
included, as it has been observed that it may not contribute signifi-
cantly to classification accuracy, and because Italy’s complex orogra-
phy could introduce considerable confusion. The spectral-temporal
cube thus consists of 144 bands, 120 of which are optical and 24
radar, utilizing all available optical images from 2019 to 2023, and
radar images exclusively from 2023.

4.3.2 Classification methods

For the classification of the entire Area of Interest (AOI), a two-
step approach was implemented (Figure 4.30). In the first step, an
XGBoost machine learning model was trained using training points.
This model classified the entire AOI by generating a probability score
for each pixel, rather than making a definitive categorical prediction.
The output comprised of eight layers, each representing the proba-
bility of individual pixel belonging to specific classes.

In the second step, a Bayesian approach was employed to calibrate
the predicted probabilities. This process outputted probabilities from
the XGBoost model as indipendent variables and national statisti-
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cal data as Bayesian priors. The Bayesian calibration step biased
the probabilities of each classification according to the proportions of
each crop type within each Italian province. Subsequently, an argmax
operation was performed to assign each pixel to the class with the
highest probability, wich is the final classification. For provinces with-
out polygons or with a negligible proportion of orchards (less than
3% of the total land cover), the argmax result from the XGBoost
model was applied directly.

The rationale for using a two-step classification approach lies in
the inherent characteristics of discriminative machine learning algo-
rithms, which are fundamentally data-driven and focus solely on map-
ping input features to classifications. Models such as XGBoost are
particularly adept at identifying patterns within data and achieving
high accuracy classification [71]. However, these models are limited
in their ability to model the joint probability distribution of input
features and classifications [181]. As a result, discriminative models
may not capture the nuances of low-probability classifications under
certain conditions as effectively as generative models.

To enhance the calibration of these probabilities, techniques such
as Platt scaling and isotonic regression are commonly used. These
methods have proven to be effective, especially in bagging and en-
semble algorithms [182].

However, calibration techniques primarily focus on adjusting the
model’s output based on test data. A significant limitation is that the
available test data may be limited, and the calibration process relies
on the errors observed within this data. Incorporating a Bayesian
classifier, which integrates prior knowledge, can significantly improve
the final prediction. This integration allows for the consideration of
additional factors and reduces uncertainty in probability estimates,
resulting in more robust and accurate models.

In Italy, crop distributions are heavily influenced by agroecological
and cultural farming factors, leading to varying prevalences of specific
crops across different regions. Due to the challenges of integrating
this information directly into the XGBoost algorithm, we propose in-
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corporating prior information within a hierarchical Bayesian frame-
work. This approach introduces probabilistic bias into the classifica-
tions produced by the XGBoost model based on provincial crop/tree
proportions, providing an additional model layer that aligns classi-
fication probabilities more closely with their true regional distribu-
tions.

Figure 4.30. Classification pipeline overview.

4.3.3 Probabilistic XGBoost (XGB)

For the first step of classification, we use the XGBoost classi-
fier, we opted to use the model with the "softprob" loss function,
which returns the predicted probability of each data point belonging
to each class. To evaluate accuracy during validation, we employed
the "mlogloss" metric (Multiclass Log Loss). This metric quantifies
the accuracy of multiclass classification models by assessing the loga-
rithmic discrepancy between predicted probabilities and actual class
labels. Training and Validation set was split in a stratify 80/20 set
and to correct class imbalance, each sample in the training dataset
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was weighted using a "balanced" function. This function automati-
cally adjusts the weights inversely proportional to class frequencies.
This approach mitigates the imbalance among classes and ensures a
more balanced output. Subsequently, hyperparameter optimization
of the model was conducted, with particular attention paid to con-
straining parameters during the grid search to prevent overfitting:

• max_depth: maximum depth of a single tree, this parameter
goes from 1 to infinity. A lower depth can lead to underfitting,
while higher values lead to overfitting model. This parameter
is related to the number of predictors which in this case is high.
To contain overfitting, the parameter search was maintained
low: [5, 10, 20, 30].

• min_child_weight: specifies the minimum amount of obser-
vations required in each leaf node of the tree, this parameter
goes from 1 to infinity. Higher values of this parameter can help
to regularize the model preventing overfitting [10, 20, 50, 100].

• subsample: This parameter sets the fraction of observation in
each tree, this value ranges from 0 to 1. Setting this parameter
high leads to overfitting, so the data range was set to [0.4, 0.5,
0.6].

• colsample_bytree: is the ratio of the predictor used when
constructing each tree, with a range from 0 to 1. Setting this
parameter high leads to overfitting, parameter searched [0.4,
0.5, 0.6].

• eta (learning_rate, shrinkage): controls the step size at
which the optimizer makes updates to the weights. This value
ranges from 0 to 1, lower values help the model to converge,
but significantly slow down the training time. In grid search
we use [0.001, 0.01, 0.02, 0.05, 0.1, 0.2, 0.3].

• num_estimators: this parameter sets the number of trees
in the model, can range from 1 to infinity. Higher values of
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trees increase the complexity of the model leading to better
prediction but can lead to overfitting and harder computation.
Range used [100, 200, 300, 400].

Hyperparameter tuning was performed using 10-fold cross-validation.
After finding the best hyperparameters, the entire Area of Interest
(AOI) at 10m/pixel was classified.

4.3.4 Hierarchical Bayesian Model (HB)

In this section, we explain our approach to improving the prob-
abilistic classifications generated by the XGBoost algorithm using a
hierarchical Bayesian model. XGBoost produces predictions by sum-
ming the contributions of decision trees, each weighted by a learning
rate, across multiple iterations. These predictions result in a vec-
tor of class scores for each crop type, which are then converted into
probabilities using the SoftMax function. To enhance these clas-
sifications, our hierarchical Bayesian model incorporates provincial
crop proportions as prior knowledge, allowing for more accurate and
region-specific predictions.

Our hierarchical Bayesian model utilizes XGBoost-generated fea-
tures to estimate both global covariates and region-specific crop type
intercepts. This model is structured as a multinomial logistic regres-
sion, where the intercepts are informed by the regional proportions
of crop types. To formalize the priors, we use a Dirichlet distribu-
tion for the regional crop proportions, reflecting high confidence in
the known distributions, while the covariates’ priors are normally
distributed with a moderate degree of informativeness. Variational
inference is applied to approximate the posterior distributions of the
model parameters, providing a more tractable and computationally
feasible solution for probabilistic crop type classification, as often op-
posed to Markov Chain Monte Carlo (MCMC) methods [183]. The
XGBoost algorithm generates classifications of the form:
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ŵi =
T∑
t=1

αft(xi),

where ŵi is the predicted class category, α is the learning rate that
scales the contribution of each decision tree, and ft(xi) is a function
at the t-th iteration and xi is a vector of the input features at the
i-th instance. Each ŵi produces a vector of scores per class category
as:

ŵi = [wi1, wi2, . . . , wik]

where k is the number of class categories. Finally, the vector of
scores is passed through a softmax function that converts the scores
to probabilities, giving:

P (wi = k|xi)

where the classification is decided based on which class category
has the highest probability. We designed a hierarchical Bayesian
model to make crop type classifications by taking the outputs from
the XGBoost that considers the crop-type labels given the inputs.
we use 97 different provinces, as some of the province was missing
polygon ground trhut data or with very low coverage of orchard, thus
we take a matrix of class category proportions for each crop type with
dimensions 97×8, where k = 8, which defines the context of the model
about how we can include prior information to bias our classifications.
The general form of the hierarchical Bayesian model uses a feature
matrix of the XGBoost outputs to estimate global-level covariates and
region-varying crop-type intercepts estimated from the regional crop
proportions. The model form is a multinomial logistic regression with
region-varying intercepts and global, crop-type varying covariates:

ŷir = αr[i]k +Xβik = αr[i]k + x1βi1 + . . .+ xkβik

where ŷir is the final prediction of pixel classification for pixel i
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in region r, and αr[i]k is a region-varying intercept that biases the
classification of the i-th pixel by setting its initial class logit of the
crop-type k to the proportion of its region r. The subscript r[i]k is
meant to denote the i-th observation in region r, where k refers to
the logit for crop k. The matrix X ∈ RN×k contains the features
from the outputs of the XGBoost algorithm.

To incorporate our prior information about regional crop propor-
tions and the features generated from the XGBoost model, we define
the prior distributions as follows:

ar ∼ Dirichlet(prk, 10)

βf,k ∼ Normal(0, 0.1) n

We set informative priors on α, which uses a Dirichlet distribution
where the proportion of each crop k in region r is set to true propor-
tions of the region and with a concentration parameter equal to 10
to reflect high confidence in this prior. For the global-level covariate
weights, βf,k where f represents the feature and k represents the crop
type, we set the prior mean equal to zero with a standard deviation
of 0.1 to be a moderately informative prior. Our justification for this
is because the XGBoost classifications are already generating high
accuracy.

Finally, the likelihood function models the probability of observ-
ing a particular crop type given the features and regionally varying
crop type proportions. Per observation i, we have k logits,

P (y|X,α, β) =
∏
i

Multinomial(yi | softmax(logitsi))

where the logits for observation i in region r are defined as,

logitsi = αr[i]k +Xβik

We use variational inference to approximate the posterior distri-
butions of our parameters, p(α, β|y,X) by maximizing the Evidence
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Lower Bound (ELBO) criterion to make probabilistic inferences on
the classifications. This approach provides a more flexible method
for estimating posterior distributions by approximating them with a
simpler, tractable distribution (Blei et al., 2017). Hence, the final
classification is based on the logit corresponding to crop type k for
the given i-th observation.

4.3.5 Test areas

Upon completion of the model application, the entire Area of In-
terest (AOI) was classified using the XGB+HB model. To validate
the approach, field surveys were conducted to obtain ground samples
from various locations. Each site was examined to identify the range
of crops present, with attention to areas containing multiple crop
types. This was done to assess the model’s capability to discriminate
among different crops and to determine if the two-stage classification
approach was consistent, or if the statistical method disproportion-
ately favored the dominant crop in the region. Additionally, a false
positive test was performed in a non-agricultural area within the AOI,
including both fallow and forested regions, to evaluate the occurrence
of false positives in the background class.

The first test (Figure 4.31A) was conducted in the Trani-Barletta-
Andria province (Puglia Region, Southern Italy). The proportions
in the national-level statistical dataset reveal an abundant presence
of olive groves, covering 39% of the agricultural area in the region.
This is followed by 34% of areas cultivated with other crops (OTH),
22.5% of VIN, 4.5% of stone fruit. The test area presents homoge-
neous proportions of olive groves, VIN, and stone fruit, with a total
of 0.50 km², of which 19% are represented by interstitial or uncul-
tivated areas. The aim of this test was to evaluate the ability of
the two methods to identify a crop underrepresented in the provin-
cial proportions, as in the case of stone fruit, while also assessing
the effectiveness in discriminating the more dominant crops. For the
second test area (Figure 4.31B), a region with two equally dominant
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crops in the territory was chosen, in the province of Trento (North-
Eastern Italy), which has 42% apples and 42% VIN, with a minimal
area dedicated to other crops (about 3% distributed among the other
classes and 12% of OTH). The purpose of this test is to evaluate the
effectiveness of discrimination based on two equally present crops in
the territory, but not in the training data. The ground-classified area
is 0.5 km² and consists of 45% apples, 25% VIN, and 30% OTH. In
the third test (Figure 4.31C), the models’ ability to detect a crop
that is strongly underrepresented in the training dataset was evalu-
ated, in this case, ACT, which finds its maximum concentration in
the province of Latina (Lazio Region, Central Italy) with 10.7% of
agricultural coverage, compared to 19% of olive groves, 7% of VIN,
about 1% distributed among other orchards, and 62% of OTH. The
aim of this test is to evaluate whether the model can effectively use the
probabilistic approach to improve the prediction of a class strongly
underrepresented in the training data. The area contains large quan-
tities of ACT, in various growth stages (young and mature plants),
and some covered with plastic roofing. The test area consists of 35%
ACT, 37% olive groves, 24% OTH, and 4% VIN, totaling approxi-
mately 0.5 km². Finally, a false positive test was conducted (Figure
4.31D). Starting from a province with an abundant presence of or-
chards, an area covered primarily by arable land and wooded areas
was classified to evaluate the classifier’s tendency to force classifica-
tion toward a woody crop rather than the background class. The
province of Trapani (Sicily Region) was chosen for this area, which
stands out for its quantity of VIN (52% of the territory), 27% OLI,
and the remainder in the OTH category. The area presents as a vast
field of arable land with VIN on the sides. There are some interstitial
areas with spontaneous vegetation.
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Figure 4.31. Test areas and corresponding ground truth masks. (A)
Test Area 1, (B) Test Area 2, (C) Test Area 3, and (D) Test Area 4.

4.4 Results

4.4.1 XGBoost model metrics (XGB)

The hyperparameter optimization using cross-validation resulted
in the following settings:

Parameter Value
Max Depth 20
Min Child Weight 50
Subsample 0.5
Colsample Bytree 0.6
Learning Rate (Eta) 0.005
Number of Estimators 200

These settings achieved an overall accuracy (OA) and a weighted
F1 score of 0.90 in cross-validation. Using the XGBoost (XGB) model
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to classify pixels using an argmax, we can observe that it has already
produced good results (4.11). Overall, the model exhibits an accuracy
and a weighted F1 score of 0.9, with a balance between precision and
recall.

The classifier achieved higher recall than precision for all crops
except for the OTH class. The best results were obtained for ACT,
Apples, and Pears. CIT, Olives, and VIN followed, maintaining an
F1 score above 0.9.

The implementation of the statistical method XGB+HB (4.10)
has produced excellent results in terms of accuracy metrics, almost
always reaching 0.99.

XGB+HB
Precision Recall F1-Score

ACT 0.98 0.97 0.97
APP 0.98 0.99 0.99
CIT 1.00 0.99 1.00
OLI 0.99 0.99 0.99
OTH 0.99 0.99 0.99
PEA 0.99 0.99 0.99
S.F. 1.00 0.98 0.99
VIN 0.99 0.99 0.99
Accuracy 0.99 0.99 0.99
Macro Avg 0.99 0.99 0.99
Weighted Avg 0.99 0.99 0.99

Table 4.10. Metrics for XGB+HB model on validation dataset.
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XGB
Precision Recall F1-Score

ACT 0.96 0.99 0.97
APP 0.92 0.99 0.95
CIT 0.87 0.98 0.92
OLI 0.89 0.93 0.91
OTH 0.97 0.84 0.90
PEA 0.91 0.99 0.95
S.F. 0.69 0.94 0.80
VIN 0.88 0.92 0.90
Accuracy 0.90 0.90 0.90
Macro Avg 0.89 0.95 0.91
Weighted Avg 0.91 0.90 0.90

Table 4.11. Metrics for XGB model on validation dataset.

The confusion matrix 4.32 reveals that for XGB alone, except
for the OTH class, misclassification among the various crop types is
relatively low. However, there is a significant number of false positives
where samples originally classified as OTH are incorrectly categorized
as Stone Fruit, Olive, and VIN.
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Figure 4.32. Confusion matrix for XGB and XGB+HB on validation
dataset.

4.4.2 Test Area 1

In Test Area 1, the model reported an overall accuracy of 0.76 for
the XGBoost model and 0.83 for the XGB+HB model. Table 4.12
shows that for the OTH class, the XGB+HB model achieved a preci-
sion of 0.95 and a recall of 0.57, with an F1 score of 0.71. In contrast,
the XGB model exhibited lower accuracy, with an F1 score of 0.51, a
recall of 0.46, and a precision of 0.57, indicating a consistently higher
precision than recall.

Among the orchard classes, the OLI class stands out with an F1
score of 0.91 for the XGB+HB model and 0.84 for the XGB model;
for both models, recall was higher than precision. The VIN class
follows in accuracy, with an F1 score of 0.85 for the XGBoost model
and 0.82 for the XGB+HB model, showing similar values, and both
models displaying a comparable ratio between precision and recall.

For the S.F. class, the F1 score does not differ between the two
models. However, while the XGB model alone shows a narrow gap be-
tween precision and recall, the gap is wider for the XGB+HB model.
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Table 4.12. Metrics for XGB+HB and XGB models in Test Area 1.

Model Class Precision Recall F1 Score

XGB+HB OTH 0.95 0.58 0.71
XGB+HB S.F. 0.61 0.89 0.72
XGB+HB Olive 0.88 0.95 0.91
XGB+HB VIN 0.85 0.85 0.85

XGB OTH 0.57 0.46 0.51
XGB S.F. 0.69 0.77 0.73
XGB Olive 0.78 0.92 0.84
XGB VIN 0.85 0.78 0.82

The analysis of the confusion matrices demonstrates that both
models achieve strong performance. However, a common issue is the
frequent misclassification of the OTH class as an orchard by both
models. Among the dominant crops, the XGB+HB model shows a
slight edge in overall accuracy. Some misclassifications were observed,
particularly where OTH pixels were incorrectly identified as VIN.

Figure 4.33. Confusion matrix for each class and model in Test Area
1.

Regarding the spatial distribution of misclassifications, both mod-
els frequently show errors along the borders separating fields or be-
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tween crops and the OTH class. Notably, the XGB model exhibits a
more concentrated spatial error pattern, where entire parcels or sec-
tions are misclassified as OTH rather than as crops.

Figure 4.34. Misclassification maps for the XGB and XGB+HB mod-
els in Test Area 1, showing spatial errors and misclassifications along
field borders.

4.4.3 Test Area 2

In Test Area 2 (4.13), the XGBoost model alone achieved an over-
all accuracy of 0.65, compared to 0.75 for the XGB+HB model. In
terms of F1 score, the XGBoost model performed better for the OTH
class. However, it showed poorer results for the VIN and APP crops,
with lower F1 scores and low precision for the VIN displaying a large
gap between precision and recall. On the other hand, the XGB+HB
model performed better with higher F1 scores for the APP class and
higher precision for the VIN although precision remained generally
low for this category.
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Table 4.13. Metrics for XGB+HB and XGB models in Test Area 2.

Model Class Precision Recall F1 Score

XGB+HB OTH 0.91 0.47 0.62
XGB+HB APP 0.83 0.93 0.88
XGB+HB VIN 0.53 0.90 0.67

XGB OTH 0.92 0.65 0.76
XGB APP 0.90 0.52 0.66
XGB VIN 0.37 0.93 0.53

The confusion matrix analysis reveals that the XGBoost model
struggles to distinguish between APPand VIN with a high rate of un-
derclassification where apples are incorrectly classified as VIN. Mean-
while, the XGB+HB model better discriminates these crops but has
a substantial amount of false positives for VIN where other classes
are overclassified as VIN. Notably, a small portion of VIN is misclas-
sified by XGBoost as ACT.

Figure 4.35. Confusion matrix for each class and model in Test Area
2.

The spatial error (4.36) analysis indicates that a significant por-
tion of the misclassifications by the XGB+HB model arises from pro-
nounced border effects. These errors manifest predominantly along
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the boundaries of fields, creating a linear distribution pattern. In
contrast, the XGBoost model frequently misclassifies entire plots, of-
ten substituting one crop type for another or misassigning them to
the OTH category.

Figure 4.36. Misclassification maps for the XGB and XGB+HB mod-
els in Test Area 2.

4.4.4 Test Area 3

In Test Area 3 (4.14), the performance evaluation revealed signif-
icant differences in overall accuracy between the two methodologies.
The XGB+HB model demonstrated superior efficacy, attaining an
overall accuracy of 0.79 compared to 0.44 achieved by the standalone
XGBoost model. Notably, the XGB+HB model excelled in accurately
classifying the class and OLI. However, its performance declined for
the VIN class, where it exhibited lower precision coupled with higher
recall. Conversely, for the OTH class, the model achieved substan-
tially higher precision than recall.

Conversely, the base XGBoost model struggled to recognize VIN
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and ACT, yet it discriminated OLI relatively well and demonstrated
higher recall than precision for the OTH class.

Table 4.14. Metrics for XGB+HB and XGB models in Test Area 3.

Model Class Precision Recall F1 Score

XGB+HB ACT 0.87 0.81 0.84
XGB+HB OTH 0.88 0.54 0.67
XGB+HB OLI 0.79 0.94 0.86
XGB+HB VIN 0.35 0.68 0.47

XGB ACT 0.92 0.02 0.05
XGB OTH 0.41 0.62 0.50
XGB OLI 0.82 0.74 0.78
XGB VIN 0.05 0.37 0.09

The confusion matrix analysis (4.37) reveals that the XGB+HB
model performs better across various crop types compared to the
XGBoost model alone. However, it exhibits more errors in the OTH
class, which is frequently misclassified as one of the other crops. In
contrast, the standalone XGBoost model fails entirely in identifying
ACT, often misclassifying it as VIN or OTH.

Figure 4.37. Confusion matrix for each class and model in Test Area
3.
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The spatial distribution of misclassifications (4.38) highlights a
significant border effect for the XGB+HB model, with errors occur-
ring primarily along the field boundaries. In contrast, the standalone
XGBoost model frequently fails to accurately classify entire fields.

Figure 4.38. Misclassification maps for the XGB and XGB+HB mod-
els in Test Area 3.

4.4.5 Test Area 4

In Test Area 4 (4.15), the standalone XGBoost model outper-
formed the XGB+HB model, with overall accuracies of 0.90 and 0.81,
respectively. The XGBoost model excelled in distinguishing the OTH
class, which includes non-major crops, whereas the XGB+HB model
struggled more with this classification. The metrics indicate that the
VIN class had a slightly higher F1 score in the XGB+HB model,
characterized by high recall but low precision. The opposite pattern
was observed in the standalone XGBoost model, where precision was
higher than recall.
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Table 4.15. Metrics for XGB+HB and XGB models in Test Area 4.

Model Class Precision Recall F1 Score

XGB+HB OTH 1.00 0.81 0.89
XGB+HB VIN 0.29 0.86 0.43

XGB OTH 0.97 0.93 0.95
XGB VIN 0.64 0.30 0.40

The confusion matrix (4.39) analysis reveals that the XGBoost
model misclassified a substantial portion of VIN as OTH. In con-
trast, the XGB+HB model performed better in identifying the VIN
class, although it resulted in several false positives. Additionally,
a small proportion of misclassifications in the XGB+HB model in-
volved incorrectly labeling OTH areas as OLI.

Figure 4.39. Confusion matrix for each class and model in Test Area
4.

The spatial error (4.40) indicates that the XGB+HB model con-
tinues to exhibit the usual issue with boundary recognition. However,
in this case, there are multiple misclassifications corresponding to dif-
ferent wooded areas or scattered pixels within fields. The standalone
XGBoost model often misclassifies more compact sections, particu-
larly with VIN areas being identified as the OTH class.
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Figure 4.40. Misclassification maps for the XGB and XGB+HB mod-
els in Test Area 4, showing spatial errors and misclassifications along
field borders.

4.4.6 Final classification

In the final classification (Figure 4.41) , without any sieving op-
erations or other filtering, the distribution of various crops and their
extents is evident. Olive groves and vineyards are particularly no-
table, with areas of 1.3 million hectares and 820 thousand hectares,
respectively. Olive cultivation exhibits a compact distribution across
coastal sectors in central and southern Italy, with significant con-
centrations in Apulia and Sicily, and fragmented presence along the
coastal band. Noteworthy extensions are also observed in the north
around Lake Garda. Vineyards, conversely, display dense clusters in
Triveneto, Asti, Tuscany, and the westernmost part of Sicily, with
substantial extensions along the Adriatic coast. Citrus fruits account
for 131 thousand hectares and stone fruits for 150 thousand hectares.
Citrus cultivation is primarily located in southern Italy, extending
into eastern Sicily, Calabria, and the Metaponto region, while stone
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fruits are more dispersed, with notable clusters in the Ravenna, Forlì,
and Bologna areas, as well as in Campania, northern Apulia, and
Metaponto. Pears and apples show strong clustering, with apples
concentrated in the Alpine valleys and pears in the central Po Valley,
appearing as numerous small-scale orchards. Lastly, ACT cultivation
is heavily clustered in the provinces of Latina, Ravenna, and Cuneo,
with approximately 20 thousand hectares classified.

Figure 4.41. Final classifications of various land cover classes within
the area of interest (AOI), and surfaces area report.

4.5 Discussion and conclusion

This study focused on a method for high-resolution mapping of
orchards at a national scale in a heterogeneous context such as Italy.
The method involves a pyramid sampling approach of a multi-temporal
cube of Sentinel-1 and Sentinel-2 images. The process itself, using a
single classifier (XGB) is able to yield appreciable results with high
accuracy. However, the incorporation of probabilistic XGB and a
Bayesian model based on prior knowledge of regional crop distribu-
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tion led to improved discrimination of crops, particularly those un-
derrepresented in the dataset due to their lower abundance.

While XGB model achieves good accuracy, it often maintains
higher precision than recall in orchard crop recognition. This in-
dicates that some orchards are not being identified and are instead
classified as background or confused with more representative crops
in the dataset. This is particularly evident in Test 3, where the XGB
model achieved high precision but low recall, mistakenly classifying
ACT as OTH or VIN (vineyard). The VIN class is phenologically
similar to ACT but has a much larger number of samples. This sug-
gests that the model can only identify a limited number of ACT pix-
els, whereas the XGB+HB perform better on this underrepresented
class, thus achieving a better F1 score.

However, Test 4 reveals that the XGB+HB approach tends to
produce more false positives for crops, frequently classifying areas
covered by trees (OTH) that are spectrally and temporally similar
to perennial crops. This can lead to an overestimation of the ac-
tual proportions of some crops, particularly VIN and OLI, which are
the most extensive and prevalent in the national system, and in the
training data. In summary, while the XGB+HB model resulted in
higher overall accuracy, with most errors due to an edge effect, this
classifier risks to overestimating the crops in the large scale classifi-
cation, while underestimating the background areas. The XGB+HB
approach seems better suited for identifying specific subclasses that
may be underrepresented in the dataset but are heavily concentrated
in specific areas, such as ACT, PEA, and APP. Test 2 also indicates
that without territorial information, the XGB-only model tends to
overestimate the vineyard class, which is more represented in the
dataset compared to apples, while the XGB+HB model performs bet-
ter at identifying apples. However, for both crops, it yields a lower
precision than recall, indicating a possible actual overestimation of
crops while such pixels were background areas. In the case of Test 1,
in a varied context with many crops, both classifiers performed well
with similar F1 scores. However, looking at the distribution map of
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errors, it is confirmed that the XGBoost-only model often fails to
classify entire plots, while the XGB+HB model has errors mainly
along the edges or scattered, suggesting that certain plots may have
different phenology or treatment, making XGBoost’s predictions un-
certain and tending to classify all these uncertain pixels as OTH,
while the Bayesian model pushes these probabilities further.

The final analysis provides a comprehensive and reliable overview
of the Italian orchard system, highlighting regional trends and crop
concentrations. Vineyards (VIN) emerge as the most spatially widespread
crop, with a significant presence from north to south. Olive cultiva-
tion dominates in the central and southern regions, particularly in
Puglia, while citrus (CIT) is primarily concentrated in the south-
ernmost areas, with extensive coverage in eastern Sicily, Calabria,
and Metaponto. Stone fruits (S.F.) show a more fragmented distri-
bution, concentrated in specific districts such as the coastal areas of
Emilia-Romagna, Campania, and Puglia. Apples (APP) are predom-
inantly found in the alpine valleys of Trentino and South Tyrol, with
some presence in the Cuneo province. Pears (PEA) are strongly con-
centrated in the central Po plain, particularly around Ferrara, while
kiwis (ACT) are cultivated almost exclusively in Latina, Cuneo, and
Emilia-Romagna.

From a quantitative perspective, some limitations of pixel-based
classification must be considered. As noted in previous studies [184],
summing pixel data to determine the actual crop extent can intro-
duce biases. In this case a significant issue is the misclassification
of certain crops, particularly olives and vineyards, which dominate
national agricultural statistics and the training dataset. This leads
to an overestimation of these crops, with olive groves overestimated
by 58% and vineyards by 21%. Olive groves present specific chal-
lenges due to their irregular planting patterns, with trees often widely
spaced and scattered over large areas. Moreover, olive trees are fre-
quently found in mixed environments, such as polyculture systems
or private gardens, complicating their classification further. Vine-
yards class had misclassifications involving green areas that share
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similar phenology, particularly in regions with high concentrations
of vineyards. The other crops were generally underestimated, with
the largest discrepancy noted for stone fruits, which were underesti-
mated by 38%. Citrus crops were slightly underestimated by 16%,
while pears, apples, and actinidia were underestimated by 22%, 26%,
and 17%, respectively. These crops are typically distributed across all
provinces but are present in very low concentrations. Consequently,
the Bayesian approach may fail to capture their total occurrence, par-
ticularly in regions where their presence is minimal. Accuracy tends
to be higher in major growing areas, however, this is contingent on
the XGBoost model’s confidence levels. Variability in phenological
timing across different provinces can complicate XGB standalone pre-
dictions, making it difficult to achieve high confidence in areas with
significant temporal shifts and lack of training points.

Moreover, the use of protective structures, such as plastic green-
houses or anti-hail nets, particularly in apple, pear, stone fruit, and
kiwi orchards, further complicates classification. These structures
distort the spectral signatures of the crops, making accurate classifi-
cation more challenging. This often results in gaps or border effects,
spreading across small, fragmented polygons, which further reduces
classification accuracy.

Despite the positive results, the method presents certain limi-
tations. Its effectiveness is highly dependent on the availability of
georeferenced ground data, which is not always accessible. In areas
where this data is lacking, crop identification accuracy can suffer.
Additionally, the aggregation of satellite images over multiple years
may struggle to detect newly planted orchards, as these lack the dis-
tinct spectral characteristics of mature orchards.

To improve the accuracy of future classifications and reduce er-
rors, several strategies can be employed. First, incorporating addi-
tional data sources, such as maps of urban settlements, roads, rivers,
and buffer zones, can help eliminate non-agricultural areas that are
mistakenly classified as crops. Secondly, the use of higher-resolution
imagery, as it becomes available, will allow for more precise crop de-
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lineation, reducing border effects and misclassifications.
In conclusion, the study has demonstrated a valid methodology for

tracing and mapping orchards on a national scale. Although there
are some inaccuracies regarding the extent of the orchards mainly
due border effect, the approach is effective in accurately locating
them. By refining the models and integrating additional data, it
will be possible to achieve even more precise results, enabling precise
crop detection and facilitating comprehensive monitoring of the entire
national fruit sector.
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4.6 LSTM-Based Agricultural Mapping in
Data-Scarce Regions

This research is conducted in collaboration with the Food and
Agriculture Organization (FAO). As previously discussed, remote
sensing offers a unique advantage by enabling continuous and com-
prehensive monitoring of the Earth’s surface, thereby avoiding the
need for on-site inspections in hazardous or remote areas. This ca-
pability is effectively demonstrated in the present study, where the
cultivation areas of row crops, vital for both food security and the
productive sector, have been successfully delineated in Cameroon.
Cameroon covers an area of approximately 500,000 square kilome-
ters and faces frequent meteorological challenges [185], with large
portions of the country often cloud-covered and a constant threat of
food insecurity. This research shows how the vast amount of satel-
lite data, both optical and radar, can be effectively harnessed using
univariate Long Short-Term Memory (LSTM) models to precisely
identify the agricultural zones of the country. This information is es-
sential for integrating yield models or for more detailed classification
of crop types. A key innovation of this study lies in overcoming the
absence of ground sampling points, which were generated through a
novel methodology. Using high-resolution imagery to validate, this
approach led to very high accuracy in mapping agricultural areas.

Clustering of Agro-Ecological Zones

Cameroon is a vast country, covering approximately 500,000 square
kilometers, with a wide range of environmental and climatic condi-
tions [186]. The landscape stretches from equatorial coastal areas,
where a strongly tropical climate prevails with heavy rainfall and per-
sistent cloud cover, to arid regions in the north, where the scarcity
of precipitation forces populations to cultivate primarily along rivers
[187]. Additionally, there are mountainous zones at the boundary
between the desert and tropical regions, further contributing to the
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country’s environmental complexity. This diversity not only affects
the quality of satellite imagery —due to factors such as cloud cover
and precipitation— but also significantly influences agricultural sys-
tems, crop types, and phenological behaviors.

Given the high spatial variability across such a large and di-
verse region, Cameroon has been divided into distinct agro-ecological
zones. This spatial variability can infact poses challenges in develop-
ing one generalized model for subsequent classification phases, due to
the variety of environmental conditions. These differences result in
distinct temporal patterns, varied phenological behaviors, and vari-
ations in moisture content. These factors influence both canopy-
level and soil-level properties, altering the spectral and temporal
signatures. By dividing the country into agro-ecological zones, this
variance can be mitigated, allowing for a more accurate and region-
specific analysis of agricultural patterns.

To achieve this division, we leveraged data available through the
Google Earth Engine cloud platform, extracting meteorological, soil,
and spectral data.

Meteorological Data

The meteorological data were provided by the ERA5 satellite
(ECMWF/ERA5_LAND/DAILY_AGGR), which has a spatial resolution of
approximately 11 km per pixel. The period of interest spans from
January 2017 to December 2023, with the following data being ex-
tracted:

• Average annual total rainfall (mm), forming the first layer.
The standard deviation was also derived as an additional layer.

• Average monthly aggregated precipitation (mm), with
standard deviation layers included.

• Average monthly aggregated temperature (°C), along with
its standard deviation.
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The inclusion of standard deviations for annual and rainfall is cru-
cial for capturing local variations and pronounced seasonality. This
approach enables the evaluation of sporadic or seasonal phenomena
and helps define stable zones. By incorporating standard deviations,
we highlighted both stable areas and regions with significant temporal
changes, ensuring a comprehensive understanding of the environmen-
tal conditions within each agro-ecological zone. A total of 6 layers
were extracted for meteorological variables.

Soil Data

For soil data, we utilized the SoilGrids dataset, which offers
a spatial resolution of 250 meters per pixel, providing comprehen-
sive information on soil textures and other biophysical parameters.
The SoilGrids collection is estimated globally and includes a layer of
uncertainty, particularly high in tropical regions. Despite this lim-
itation, it serves as the best and most comprehensive reference for
characterizing entire regional sectors with considerable accuracy.

The dataset encompasses various depth intervals, specifically: 0-
5 cm, 5-15 cm, 15-30 cm, 30-60 cm, 60-100 cm, and 100-200 cm.
However, it often presents anomalous values in areas with water or
hybrid zones at the interface between land and water. Although
we aimed to include organic matter content in our analysis, the layer
exhibited too many erroneous values, leading us to exclude it from our
study. Therefore, we focused exclusively on soil texture parameters
(sand and clay) and pH values, as these factors are primary drivers
in describing the varying capacities of soils to manage water content
and chemical composition. To simplify the analysis, we computed the
average values across all depth intervals for the selected parameters.

In addition to the SoilGrids dataset, we obtained soil moisture
data from the Soil Moisture Active Passive (SMAP) satellite,
which provides daily acquisition with a spatial resolution of 9 km per
pixel
(NASA/SMAP/SPL3SMP_E/006). The SMAP mission aims to enhance
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our understanding of soil moisture dynamics, contributing vital infor-
mation for agricultural practices, climate modeling, and hydrological
studies. The data collected by SMAP enables us to analyze the tem-
poral and spatial variability of soil moisture, providing essential in-
sights into the interactions between soil moisture levels, plant health,
and overall ecosystem functioning.

Combining these datasets allows for a more robust analysis of the
soil’s physical and chemical properties, facilitating a deeper under-
standing of how these factors influence water management and land
use practices across different agro-ecological zones.

• Average clay and sand fractions at different soil depths
(0–200 cm).

• Average pH values at different soil depths (0–200 cm).

• Average daily soil moisture content (cm3/cm3) at 5 cm
depth, including its standard deviation.

Soils are a fundamental factor influencing plant growth, as well
as spectral signatures in satellite images and soil moisture content.
Soil moisture is crucial for identifying areas subjected to prolonged
aridity or bimodal moisture patterns, which affect both crop type
and spectral-temporal patterns. Including the standard deviation of
soil moisture allows for assessing uniformity or significant variation
in soil moisture content, which in turn affects cultivation capacity. A
total of 5 layers were extracted for soil variables.

Given that soil data can be misleading and considering that the
southern region of Cameroon consists of vast expanses of dense trop-
ical forest, we supplemented our analysis with spectral data to better
define areas characterized by forest cover. In densely vegetated areas
such as equatorial forests, soil moisture data derived from radar sen-
sors may exhibit reduced reliability. To enhance the characterization
of these regions, we incorporated a median NDVI layer within the
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same temporal window. This layer integrates median NDVI values
obtained from Landsat 8 satellite data (LANDSAT/LC08/C02/T1_L2),
calculated from all images filtered using the cloud bit mask from 2017
to 2023.

Topographic data, such as DEM (Digital Elevation Model) or
slope, were not included, as their high level of detail could introduce
significant pixel variability and lead to an excessive number of clus-
ters.

Clustering Methodology

A total of 12 layers were acquired and stacked: 6 meteorological, 5
soil, and 1 spectral layer (NDVI). Outliers, particularly in coastal and
marshy areas, were excluded from the analysis due to anomalous soil
and NDVI values. The data were normalized, and the elbow method
was applied to determine the optimal number of clusters.

Based on this method, five clusters were identified as optimal. A
K-means model with n = 5 + 1 (an additional cluster to account for
pixels with zero values, representing areas with ’no data’) was applied
to classify the entire area.

The final raster underwent gap filling and sieving operations within
a GIS environment to eliminate noise and ’no data’ areas. The re-
sulting classification of agro-ecological zones is shown in Figure 4.42.

• Cluster 1 (Red): This cluster covers the southernmost region
of Cameroon, characterized by dense, contiguous equatorial for-
est cover. The region’s forest ecosystem plays a crucial role in
regulating local climate conditions and supporting high biodi-
versity.

• Cluster 2 (Dark Green): This zone represents a transitional
area between the southern forest regions and the northern sa-
vanna. Vegetation gradually shifts from tropical rainforest to
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Figure 4.42. Agro-ecological zones in Cameroon based on multi-
satellite imagery.
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mixed savanna landscapes, indicating a marked change in eco-
logical conditions.

• Cluster 3 (Light Green): A second transitional zone, Clus-
ter 3 is predominantly mountainous and impacts the western
regions of Cameroon. The complex topography influences mi-
croclimatic variations and biodiversity patterns, with notable
agricultural potential in elevated areas.

• Cluster 4 (Blue): This zone represents the Littoral region, en-
compassing Cameroon’s entire coastal marine belt. The cluster
includes a buffer zone extending approximately 200 km inland
and incorporates the major urban center of Douala. The re-
gion’s climatic regime is heavily influenced by maritime condi-
tions, supporting diverse agricultural and fishing activities.

• Cluster 5 (Purple): Spanning from the Adamawa Moun-
tains to Lake Chad, this cluster covers the northern provinces
of Cameroon. The region is predominantly influenced by Sa-
helian climatic conditions, characterized by sparse vegetation,
high temperatures, and low rainfall. Agricultural activities in
this zone are primarily subsistence-based, with a reliance on
drought-resistant crops.

4.6.1 Classification Methodology

After identifying the Agro-Ecological zones, a crop mask for the
entire Cameroon is created using models and data from various sources
tailored to each specific Agro-Ecological zone. One limitation of spec-
tral imagery is the risk of misclassifying non-agricultural areas as
agricultural due to the spectral-temporal similarities of certain re-
gions such as prairies, sparse woodlands, riverbanks, or forests, which
might be mistaken for potential agricultural areas. These limitations
are typical of the current freely available multispectral tools, where
spatial resolutions are still too coarse to identify specific textures and
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patterns necessary for discriminating crops based on image texture
analysis. Additionally, a study based on short temporal patterns can
also be misleading, as phenological stages may vary according to local
conditions or farmer decisions. This issue is exacerbated in a context
characterized predominantly by small-scale farms [188] with limited
surface area, often organized in polycultures and poorly mechanized,
frequently resulting in an excess of weeds or non-agricultural vege-
tation. To address this issue, the methodology we chose to imple-
ment involves analyzing each pixel at a resolution of 10 meters using
Sentinel-1 and Sentinel-2 satellite temporal series, within a supervised
deep learning context utilizing Long Short-Term Memory (LSTM)
networks. Once we identified points within the high-resolution his-
torical images and current multispectral data, multiple models were
created and tested to determine which combination of models and
temporal series was most effective in identifying areas exhibiting a
clearly agricultural pattern. The LSTMs will, therefore, be capable
of providing a probability for each pixel based on its temporal series,
indicating whether the pixel corresponds to 0 (no crop) or 1 (crop).

Sampling Point

Due to the absence of ground truth points, a three-phase approach
was adopted to identify sampling points for agricultural versus non-
agricultural areas. These phases are: area study, multitemporal and
multispectral analysis, and photointerpretation.

• Area Study: This first phase involves examining high-resolution,
multi-temporal images to identify typical field shapes based on
perimeter and texture characteristics indicative of cultivated
fields. To achieve this, high-resolution images from Google
Earth Pro were utilized, allowing the visualization of multiple
historical high-resolution images. Initially, the analysis begins
with a geographical assessment of the area, understanding the
primary layout of cultivated regions. This is followed by an
analysis of the agricultural systems, including farm sizes and
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specific agricultural practices unique to the area.

Figure 4.43. Evidence of agricultural systems in Cameroons. Source:
Maxar Technologies.

The sequence of images above (4.43) presents various examples
of agricultural systems in Cameroon. In images 1 and 2, in-
tensive farming systems can be observed near lakes and rivers
in the Northern region, featuring plots of 1/4 hectares that fol-
low a cycle of vegetation and residue burning. Image 3 shows
checkerboard-patterned fields typical of the arid region in the
far north. Agriculture in this region is intermittent and moves
from place to place based on rain availability, and abandoned
once the water is depleted. Image 4 highlights a typical agri-
cultural system in the valleys of the northern and Adamawa
regions, characterized by densely packed cultivated fields even
away from watercourses. In contrast, the Extreme North, as
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shown in image 5, features agricultural systems situated near
a village on the riverbanks. Image 6 displays a typical config-
uration of the Western region, where oil palm plantations are
interspersed with agricultural fields along the river path. In im-
age 7, the coastal region is depicted with extensive monoculture
systems, usually bananas and other crops such as oil palm and
rubber trees. Image 8 shows an urban spread in the Western
region, where individual homes have subsistence agricultural
plots extending to the river (in dark green). Finally, image 9
illustrates a typical setup in the hilly mountainous areas of the
western region, with varied fields often exceeding one hectare
in size.

• Multispectral and Multitemporal Analysis: The second
phase relies on multispectral and multitemporal analysis of the
area. Layers of standard deviation indices, such as the NDVI
and NDMI, along with their respective medians for the past
year, are downloaded from GEE) using the collection
("COPERNICUS/S2_SR_HARMONIZED"). This methodology is based
on the concept that while non-photosynthetic surfaces and peren-
nial woody vegetation remain relatively unchanged over time
(at least in equatorial areas), crops undergo a typical soil-vegetation
cycle. In this cycle, crops grow, are harvested, and then exposed
soil is detected; this process leads to variability in the indices
throughout the year. Generally, non-photosynthetic surfaces
exhibit low NDVI and NDMI values with low standard de-
viations, whereas perennial woody vegetation maintains high
NDVI and NDMI values with minimal variation. In contrast,
crops typically have intermediate annual NDVI and NDMI val-
ues with high standard deviations, reflecting their temporal
variability. The layers from the previous year are stacked, and a
K-means clustering is performed to distinguish non-photosynthetic
components, perennial vegetation, and areas with high variabil-
ity based on standard deviation. Layers of median indices and
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standard deviations of the indices are downloaded (4.44). These
images are then processed and subjected to a K-means cluster-
ing algorithm. In this case, (A) shows the standard deviation
of the NDVI index, represented by values ranging from red (0.1
standard deviation) to blue (0.5 standard deviation). Higher
standard deviation values are observed in the central areas of
the images occupied by agricultural surfaces.

Figure 4.44. Analysis of the standard deviation of NDVI in cloud-free
Sentinel-2 images of the study area (A); clustering via K-means of the
variables in the study area, leaving unmasked the region with features
similar to crops (B).

Although this method provides a preliminary way to delineate
agricultural zones, several critical limitations should be noted.
Variations in NDVI and NDMI can stem from local factors such
as fires, deforestation, seasonal growth cycles of grasslands re-
sponding to rainfall and subsequent desiccation, and specific
crops such as perennial green cover crops like bananas in coastal
areas. Furthermore, the availability of satellite imagery is con-
strained by frequent cloud cover, leading to limited temporal
coverage and potential gaps in data acquisition. These factors
underscore the necessity for additional validation and contex-
tual interpretation when using remote sensing techniques for
agricultural mapping and monitoring.

• Photointerpretation: Hence, the third phase introduces pho-
tointerpretation, where the initially generated mask is overlaid
onto a high-resolution image, ideally the most recent available
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from various satellites accessible via WMS in QGIS. In this
phase, within the unmasked areas, specific patterns typical of
agricultural fields are sought, encompassing distinct shapes and
textures. As depicted in the subsequent image (4.45), is possi-
ble to discern the square and delineated form of fields with a
striated texture akin to row crops or soil tillage.

Figure 4.45. Detail of the shapes of a field in high-resolution images.

In the photointerpretation process, training points for crop and
non-crop areas are collected. For each cluster, 40,000 Crop
points (label = 1) and 40,000 Non-Crop points (label = 0) have
been identified using a grid to reduce spatial autocorrelation.
In selecting the No-Crop points, efforts were made to include
areas such as urban regions, perennial forests, water bodies,
desert environments, or areas with sparse vegetation on bare
soil. This approach ensures a comprehensive representation of
non-agricultural land covers within the study area.

Classification method

For the classification, a temporal scale spanning 5 years was cho-
sen, from January 2019 to December 2023, utilizing monthly se-
quences with 60 observations (12 months over 5 years). The analyzed
data includes three indices: NDVI, SAVI, and NDMI. The selection
of these indices was guided by their ease of interpretation and their
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application in determining canopy phenology and water status. Ad-
ditionally, SAVI’s sensitivity to bare soil enhances its applicability in
agricultural mapping projects.

To address the issues associated with frequent cloud cover in op-
tical imagery, particularly in equatorial regions, radar time series (VH
and VV bands from Sentinel-1) were also incorporated into the pro-
cess. The VH and VV bands underwent similar temporal processing
as the optical indices, capturing backscatter data that contributes to
refining classification where optical indices may be hindered by cloud
interference.

The following pipeline was employed to extract data at sampling
points:

• Selected all images from the Google Earth Engine (GEE) Sentinel-
2 (S2) Harmonized Surface Reflectance dataset for the period
from January 2019 to December 2023.

• Selected all images from the Google Earth Engine (GEE) Sentinel-
1 (S1) Ground Range Detected dataset for the period from Jan-
uary 2019 to December 2023, including both orbits.

• Mapped indices (such as NDVI, SAVI, NDMI) across the entire
image collection.

• Single backscattering band (VV, VH) for S1.

• Aggregation in monthly data using median aggregation, result-
ing in a temporal series of 60 data points (one for each month)
for each band/index.

• Filled gap in optical time series using a backward/forward fill
gap.

• Performed data smoothing using the Savitzky-Golay method,
improving overall interpretability of temporal series for index
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analysis [189]. The Savitzky-Golay filter is a smoothing tech-
nique that applies polynomial regression to data points to re-
duce noise while preserving essential features such as peaks and
valleys. Given a data set {yi}Ni=1, the smoothed value ŷi at each
point yi is calculated as:

ŷi =
k∑

j=−k

cjyi+j (4.3)

where cj are the filter coefficients determined by fitting a poly-
nomial of order p to a moving window of size w = 2k + 1. The
coefficients are computed by minimizing the least squares error:

min
k∑

j=−k

(yi+j − P (i+ j))2 (4.4)

where P (x) is a polynomial of degree p. The coefficients can be
found using the normal equations:

c = (ATA)−1ATb (4.5)

with A containing the polynomial terms.

This process is crucial for addressing potential gaps caused by
cloud cover in optical time series and for managing the high
noise levels often encountered in radar time series. In its imple-
mentation, the Savitzky-Golay filter allows for the adjustment
of two key parameters related to polynomial fitting and window
width. Tuning these variables is complex, and no one-size-fits-
all solution exists, as the intensity of the smoothing depends
on the type of optical or radar data, as well as the presence
and uniformity of missing data that have been gap-filled (4.46).
Missing data can manifest in various ways, such as being en-
tirely absent during certain periods (e.g., the rainy season) or
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being sporadically distributed throughout the dataset. This
unpredictability poses significant challenges in defining the op-
timal parameters, which must be chosen empirically.

LSTM Model for Time-Series Classification

A series of univariate LSTMs were trained, each corresponding
to a single time series representing an index or band, for each agro-
ecological zone. After experimenting with different model structures
to optimize the univariate LSTMs, a compromise was reached be-
tween model performance and execution time. A unified architecture
(4.47) was chosen that demonstrated good results on a dataset split
into 70% training, 20% validation, and 10% testing.

Input data was reshaped into the sequence format required by
the LSTM network, where the dimensions represented the number of
samples, timesteps, and features per timestep. The LSTM architec-
ture consisted of three layers of LSTM units, with 100, 100, and 50
units, respectively. Batch normalization and dropout (with a dropout
rate of 20%) were applied after the first two LSTM layers. A dense
layer with 50 units and ReLU activation was added before the final
output layer, which used softmax activation for multi-class classifica-
tion.

The model was compiled using the Adam optimizer, with the
spars_categorical_crossentropy loss function and accuracy as the
evaluation metric.

The model is trained for up to 100 epochs with early stopping
(patience of 10 epochs) and learning rate reduction on plateau (with
patience of 5 epochs). The training process was carried out on an
NVIDIA Geforce RTX 4000 GPU with 16GB. The output of each
model will be a value between 0 (no crop) and 1 (crop). Validation is
performed using the argmax approach, where values greater than 0.5
are classified as "crop" and values below this threshold are classified
as "no crop."
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Figure 4.46. In (A) a raw time series of NDVI, contains gaps due to
cloud cover. These gaps are filled using the backward/forward gap-filling
method in (B), interpolating missing values with the nearest available
data. In (C), the SG filter is applied with a window size (ws) of 3 and
a polynomial order (Poly) of 2, retaining the overall temporal pattern
while preserving significant variations that may indicate anomalies or
drastic land-use changes, such as flooding, harvest or tillage. In contrast,
(D) shows a more robust smoothing approach with a ws of 5 and a Poly
of 1, with a clear seasonal pattern typical of summer vegetation cycles,
although some variations, potentially linked to agricultural practices like
harvesting and subsequent tillage, are lost.
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Figure 4.47. Architecture of the Lstm model used. Source: Netron.

Model Evaluation

After training the models, the Python itertools tool was employed
to test all possible combinations averaging the results obtained from
the LSTMs for each band or index. The goal was to identify the
combination that best predicted the test points.

In the northern region (Cluster 5), the highest overall accuracy
(OA) of 97.4% was achieved using the average classification of op-
tical indices. In contrast, coastal regions (Cluster 4), with high cloud
cover, reached an accuracy of 89% using only the VH radar band.
Interestingly, in mountainous and inland regions, the best result was
obtained by averaging the VH time series with the NDMI index pre-
dictions. This combination yielded an accuracy of 96.8% in Clusters
2 and 3.
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4.7 Results and Examples

After running each model and classifying every pixel within each
agroecological zone, maps were generated based on the classification
results. Instead of enforcing a hard classification using the argmax
function, the classification results retained the probability values from
the final step, which range between 0 and 1. This approach allowed
for a visual evaluation of the classification accuracy.
In Cluster 5 (northern region), the classification based on the av-
eraged probability thresholds from the three optical indices (4.48)
highlights specific districts where consistent agriculture is practiced.
However, certain areas show probabilities slightly above the 50%
threshold. These regions are typically located at higher elevations,
suggesting the presence of rainfall-dependent, non-permanent agricul-
tural activities. In contrast, the Benue valleys and areas near major
rivers exhibit patches of high-confidence agricultural land, indicating
stable cultivation practice.
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Figure 4.48. Crop-No Crop confidence mask in the northern cluster
(Cluster 5).
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In examining the classification within the northern cluster, we
observe that the classification system effectively identifies small sub-
sistence plots within the villages in an arid context (4.49). This
nuanced classification is crucial for understanding the agricultural
practices and land use in these areas. The areas adjacent to the

Figure 4.49. Identification of Subsistence Plots within Villages in the
Northern Cluster.

river (4.50) highlight the significance of water availability in the arid
environment of the Sahel. The necessity for water compels farmers to
cultivate near riverbanks, where agricultural activity is consistently
maintained. In contrast, more inland regions often face challenges
due to a lack of mechanization, which hampers irrigation efforts and
results in more intermittent crop yields.

Figure 4.50. Agricultural areas Near Riverbanks in Nothern Cluster.
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Cluster 4 presents a different scenario (4.51) compared to the
northen cluster. As previously indicated, the efficacy of optical re-
mote sensing imagery is significantly lower due to the prevalent cloud
cover, resulting in a scarcity of usable images. This limitation un-
derscores the utility of SAR, particularly the VH polarization, which
demonstrates a high sensitivity to biomass variations throughout the
agricultural cycle, encompassing both cultivation and harvest phases.

An additional observation is that the classification on radar data
consistently yield values near the extremes of the range, either ap-
proaching 1 or 0 , thereby limiting interpretative possibilities. The
overall classification outcomes reveal a realistic representation of land
use, with the sole cultivated zone situated in the valley that extends
inland, aligned with the transport corridor linking Douala to north-
ern cities. This area is indicative of anthropogenic activity, as the
surrounding landscape predominantly comprises forest cover. Conse-
quently, agricultural land is limited, with industrial crops prevailing
over subsistence farming.
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Figure 4.51. Distribution of Agricultural Areas within Cluster 4 using
only VH time series.
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The area in Cluster 4 is infact dominated by oil palm plantations
and other perennial species utilized for industrial applications, such
as rubber. These species, being woody and perennial, fall outside
the classification of crops. A detailed analysis on a small area (4.52)
reveals that forested regions containing oil palms and other species
are excluded from the classification. In contrast, the central patch,
characterized by the cultivation of bananas and cassava, is accurately
classified as agricultural land. An higher incidence of misclassifica-
tions can be noticed compared to the Northen Cluster, however, the
overall accuracy is still appreciable.

Figure 4.52. Crop mask in a plantation area in the littoral cluster
(Cluster 4). In the central and lower parts of the images, the darker
patches correspond to oil palm plantations, which are not taken into
account as a crop by the algorithm.
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In the analysis of the other clusters (2, 3) (4.53), it was observed
that the optimal combination for classification was achieved through
the integration of the NDMI amd VH models. Following a compre-
hensive investigation of the clusters, similar to the findings in the
littoral zone, it became evident that the model predictions based on
the VH time series exhibited a binary behavior, with values predom-
inantly clustering around 0 and 1.

Figure 4.53. Classification map in the Western Region, occupated
mainly by agro ecological cluster 2 e 3.

To mitigate discrepancies with the NDWI series and to avoid am-
biguous pixel classifications with probabilities intermediate between
0 and 1 values, the square root of the product of the probabilities
from the two models was calculated. This technique effectively min-
imized the presence of indecisive pixel values while simultaneously
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reinforcing or eliminating pixels that exhibited clear concordance or
discordance. The outcome of this operation demonstrated credible re-
sults, revealing extensive agricultural clusters surrounding the city of
Bafoussam, one of the primary urban centers in the region, with vast
agricultural expanses extending into the adjacent valleys along river
systems. A detailed examination of this area indicates that the model
effectively discriminated between agricultural patterns, forested ar-
eas, and urban developments, showcasing its capacity for precise land-
use classification.

Figure 4.54. Crop mask detail in Western region.

4.7.1 Discussion and conclusion

This study was conducted within a challenging framework, char-
acterized by a lack of comprehensive ground data and focused on one
of the most complex regions for remote sensing analysis. The com-
plexity arises from persistent cloud cover and highly dynamic land-
use patterns, with small agricultural plots and highly diverse farming
practices, often lacking mechanization and dominated by polyculture
systems. The temporal dimension of the analysis proved to be crucial
for understanding these dynamics, and the extensive use of satellite
data allowed for a clear differentiation between areas subjected to
varying environmental and anthropogenic pressures.

The analysis of the Sahel region, for instance, showed that agri-
cultural zones could be effectively delineated using optical imagery, a
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method facilitated by the availability of a large number of cloud-free
images. In these areas, a combination of temporal satellite indices
enabled accurate identification of agricultural land. For tropical re-
gions, where cloud cover severely limits the use of optical imagery,
SAR data proved to be indispensable. Despite the higher rate of
misclassifications due to the inherent noise in radar data, SAR was
effective in detecting annual crop area.

Furthermore, in transitional regions between tropical and Sahe-
lian zones, the combination of VH polarization from SAR and the
Normalized Difference Moisture Index (NDMI) yielded excellent re-
sults. This promising outcome warrants further investigation into
the potential of these indices for broader applications. The valida-
tion against high-resolution imagery confirmed the accuracy of the
classification, suggesting that this approach could be a valuable tool
for better monitoring agricultural areas in regions that are often dif-
ficult to assess and monitor.

The robustness of the results opens the door for future work,
where these datasets can be used in conjunction with other clus-
tering algorithms to detect interannual spectral variations that may
provide more detailed descriptions of crop types. Additionally, pre-
dictive yield models could be applied to the identified agricultural
zones, improving the ability to estimate harvest potential, particu-
larly in countries that face food security challenges. This approach
holds significant promise for enhancing agricultural monitoring and
supporting efforts to address global food security issues.



Chapter 5
Conclusions

Over the past three years, this research has aimed to bridge the
needs of the agricultural sector with advancements in remote sensing
and artificial intelligence. Throughout this work, it has become clear
that one of the primary challenges with satellite data lies in the reso-
lution limitations of freely available imagery. However, the innovation
of this research demonstrates how AI, paired with the computational
power of cloud platforms, can yield substantial advantages for over-
coming these limitations.

The initial studies revealed a strong predictive capacity for bio-
physical parameters when using specific satellite bands and ensem-
ble algorithms. Working directly with spectral bands showed better
performance than using indices, as ensemble algorithms are adept
at detecting patterns within the multidimensional space of satellite
bands, even with inherent multicollinearity in the data. Although
some variance remains unexplained, it is noteworthy that no addi-
tional meteorological variables were included in this analysis. Thus,
in assessing crop biophysical variables, remote sensing and AI can
supplement existing models with valuable data, ultimately enhanc-
ing predictive capabilities.

A second key focus of this research has been crop mapping and its
critical significance. Although the importance of crop mapping may
not be immediately evident from a research perspective, it is essen-
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tial for better control over variability. Knowing the specific crop and
its physiological traits, combined with physics-based models and lo-
cally derived satellite data, can produce highly accurate predictions.
For instance, with real-time monitoring at a 10-meter scale, using
parameters such as crop coefficient (Kc), temperature, and humidity
tailored to the specific crop, model predictions can become signifi-
cantly more precise.

A pivotal point that enables this research is the cloud’s ability to
process temporal data streams. This is a key consideration: rather
than focusing solely on a single high-resolution image, maintaining
consistent temporal data at a moderate resolution can yield highly
accurate predictions. In studies on hazelnut orchards and other fruit
crops in Italy, the focus has shifted from analyzing individual spec-
tral data points to combining temporal spectral data. While aggre-
gating data into indices may simplify the analysis, it can also result
in a loss of crucial information. Ensemble algorithms better man-
age this complexity by retaining it, offering more detailed insights
than simple indices. Although methods in the literature, such as 3D
Convolutional Neural Networks (CNNs), handle spatiotemporal data
cubes and leverage temporal components, they often require substan-
tial computational power and processing time. In contrast, ensemble
algorithms deliver competitive results with considerably less compu-
tational cost.

The complexity of this approach is further underscored by re-
search conducted in Cameroon, where environmental variability is
extremely high. Reducing data variance through agroecological clus-
tering, based on satellite-derived information, was crucial for iso-
lating ground-level variability. In this context, short-term tempo-
ral band analysis may be less effective due to heterogeneous agri-
cultural practices, such as small fields and mixed cropping systems.
Ensemble algorithms can struggle here, as generalizing differences be-
tween crop and non-crop areas is challenging due to erratic growth
patterns linked to sporadic rainfall. Nevertheless, using temporal
data smoothing and combining predictions across indices with deep



187

learning (LSTM), enabled us to achieve high accuracy in identifying
agricultural zones characterized by cyclical growth, irrigation, and
harvest patterns, as opposed to regions with sporadic or seasonal
vegetation. The primary point to emphasize is that with current
multispectral satellite resolutions, cloud infrastructure facilitates the
processing of large data volumes, bolstering AI-driven models that
outperform other approaches when applied to temporally rich data.
This long-term, large-scale approach was previously impractical due
to extensive download and processing requirements. A final consid-
eration is that while satellites and AI offer significant value to Agri-
culture 4.0, we must remain aware of the limitations posed by data
quality and resolution. Navigating detailed information to provide
immediate practical insights in small-scale contexts remains complex.
However, through crop mapping and the integration of various mod-
els, it is possible to effectively explain and predict management out-
comes.

A key takeaway from this research is that there is often no need
to rely on highly complex algorithms; simpler classifiers, such as ran-
dom forests, can yield satisfactory results across various contexts.
Understanding the logic and limitations of the data has been the
most significant realization of this study.

Moreover, knowing the processes and the subsequent contexts is
essential. The goal is to establish a comprehensive network of di-
verse sources and models —whether AI-driven or based on physical
processes— ensuring that all agricultural variability is kept under
control.

Looking ahead, while full crop variability is not yet entirely ex-
plainable through remote sensing, advancements in satellite technol-
ogy —such as L-band radar (e.g., NISAR) and high-resolution optical
satellites— promise to further enhance remote sensing capabilities.
These innovations pave the way for more comprehensive monitoring
of the spatiotemporal dynamics of crops, enabling increasingly pre-
cise, sustainable, and targeted decision-making.
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