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 ÉÚÛÙÈÊÛ 

Effective agricultural management hinges on the comprehensive monitoring of both 

crops and soil. This is because soil health, encompassing nutrient levels, structure, and pH 

balance, fundamentally dictates crop performance. Consequently, a synergistic approach to 

monitoring both is essential. This thesis investigates the combined application of the Italian 

Space Agency's (ASI) PRISMA (PRecursore IperSpettrale della Missione Applicativa) 

hyperspectral satellite and machine learning (ML) to analyse key agronomic variables and 

soil properties. 

A central objective is to leverage multi -temporal PRISMA data to identify the driest 

bare soil pixels. This focused approach aims to enhance the training of ML  algorithms, 

ultimately boosting prediction accuracy across the broader dataset. Furthermore, this 

research will examine soil moistureɀs influence on retrieving soil variables. 

Accurate retrieval of vegetation biophysical parameters also depends critically on the 

parameter distributions within the PROSAIL radiative transfer model. While machine 

learning inversion methods using look -up tables can lessen the sensitivity to these 

distributions, they do not entirely resolve the issue. To address this, this study will employ 

domain adaptation techniques, utilising  a hybrid dataset of both simulated and real -world 

data. This innovative strategy seeks to decouple the performance of machine learning 

training from inherent assumptions about parameter distributions within the radiative 

transfer model. 

Soil Organic Carbon (SOC) is shown to be significantly affected by soil moisture, and 

Clay content exhibits some sensitivity. In contrast, Sand and Silt appear less responsive to 

moisture variations . Notably, SOC estimation using Savitzky -Golay first derivative applied 

to absorbance and Gaussian Process Regression (GPR) showed a performance decline (R² = 

0.64, RMSE = 1.22, RPD = 1.67) compared to dry soil conditions using a Standard Normal 

Variate (SNV) applied to absorbance with GPR (R² = 0.73, RMSE = 0.73, RPD = 1.97), 

underscoring moisture's impact.  

Domain adaptation techniques, particularly TrAdaBoostR2, were evaluated for 

PROSAIL model inversion. While acknowledging TrAdaBoostR2's need for in -situ 

calibration, the study highlights the effectiveness of baseline detrending with spline 

interpolation an d Partial Least Squares Regression (PLSR) on Leaf Area Index (LAI) 

retrieval . Without domain adaptation, this combination achieved  an R² of 0.65, an RMSE of 

0.89, and an RPD of 1.70. Crucially, with domain adaptation, performance significantly 

improved to R² of 0.95, an RMSE of 0.34, and an RPD of 4.46., demonstrating the substantial 

benefit of this approach for PRISMA data analysis in agricultural monitoring.  
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1 (ÕÛÙÖËÜÊÛÐÖÕ 

1.1 Motivation  of the Study 

3ÏÌɯÞÖÙÓËɀÚɯ×Ö×ÜÓÈÛÐÖÕɯÐÚɯÌß×ÌÊÛÌËɯÛÖɯÊÖÕÛÐÕÜÌɯÎÙÖÞÐÕÎɯÍÖÙɯÈÕÖÛÏÌÙɯƙƔɯÖÙɯƚƔɯàÌÈÙÚȮɯ

reaching a peak of around 10.3 billion people in the mid -2080s, up from 8.2 billion in 2024 

[1]. This population growth will require substantial increases in food production, placing 

additional pressure on limited agricultural resources. Public awareness of these issues has 

increased, leading to calls for the agricultural sector to develop innovative solutions. Digital 

agriculture (DA) provides an important opportunity to respond to several of these 

challenges[2]. Precision agriculture (PA) is a management strategy for addressing 

geographical and temporal variabilities in agricultural fields that involve  data and 

contemporary technologies[3]. 

The combined monitoring  of soil and crops is crucial for effective agricultural 

management. Soil health directly impacts crop performance through nutrient levels, soil 

structure, and pH balance. Crops, in turn, influence soil through nutrient uptake, root 

structures, and erosion prevention, necessitating joint monitoring for comprehensive 

management. Soil conditions also affect pest and disease prevalence, so observing both 

enables early detection and effective control measures. Efficient  water management relies 

on understanding soil moisture levels, which impact  crop water availability, ensuring 

optimised  irrigation practices. A full  approach supports environmental sustainability by 

preventing nutrient runoff, enhancing carbon sequestration, and promoting sustainable 

farming practices.  

One example of the importance of joint  supervision is the Nitrogen (N) content 

estimation in the plant and soil . At the plant level, w hile substances like Chlorophyll are 

critical, Leaf Nitrogen Content (LNC) is a proxy of the photosynthetic capacity. At the soil 

level, proper management of N  content is required to achieve optimal crop yields , typically 

through  fertilization. Insufficient fertilization  inevitably leads to a decline in the yield in 

terms of quantity as well as quality [4]. Conversely, over-fertili sation causes short and long 

terms negative consequences: plant stress, reduction in the quality of the products, yield 

losses [5], and environmental pollution [6]. For these reasons, improved N fertilisation rates 

are instrumental in modern agriculture to maximise crop yield while reducing the 

environmental impact. Having information on both LNC and soil N would be highly useful 

for planning fertilization.  

Earth Observation (EO) techniques, including satellite and airborne remote sensing 

(RS), offer significant advantages for environmental monitoring compared to traditional, 

ground -based (in situ) methods. EO provides a cost-effective, large-scale, periodic, and non-

invasive approach to acquire vast quantities of data. This wealth of information can be 

integrated into Crop Simulation Models (CSMs).  

CSMs are mathematical models designed to simulate crop growth, development, and 

yield under diverse environmental, soil, and management conditions. Several well -

established CSMs are used in agricultural research, including: 



 

¶ Agricultural Production Systems sIMulator (APSIM): is a process-based model 

operating on a daily time step. It integrates biophysical and management factors to 

simulate crop growth, development, and the dynamics of soil water, phosphorus, 

carbon, and nitrogen. This comprehensive approach allows for scenario analysis 

under both current and future climate conditions [7]. 

¶ Decision Support System for Agrotechnology Transfer (DSSAT): is a process-

oriented, management-level model that simulates soil water and nitrogen dynamics, 

crop growth, yield, and management strategies at the field scale. It operates on a 

daily time step, using inputs such as climate data, genotype, soil properties, and 

management practices to provide decision support for agricultural planning [8]. 

¶ Simple Algorithm For Yield estimates (SAFY): is a "lightweight" crop model that 

primarily uses Leaf Area Index (LAI) to drive biomass accumulation.  SAFY has been 

extended to SAFY-".ƾȮɯÞÏÐÊÏɯÐÕÊÖÙ×ÖÙÈÛÌÚɯÛÏÌɯÌÍÍÌÊÛÚɯÖÍɯÌÓÌÝÈÛÌËɯÈÛÔÖÚ×ÏÌÙÐÊɯ".ƾɯ

on crop growth. This makes SAFY-".ƾɯ×ÈÙÛÐÊÜÓÈÙÓàɯÝÈÓÜÈÉÓÌ for assessing the 

impacts of climate change on agriculture[9]. 

 

Research indicates that incorporating detailed soil information as input can 

significantly enhance the performance of CSMs, especially for models like SAFY. While 

SAFY utilizes direct crop information, improved yield estimations can be achieved by 

integrat ing indirect soil information such as soil moisture content, nutrient levels, and  Soil 

Organic Carbon (SOC) [10], [11]. Crucially, parameters like LAI and SOC are essential in 

advanced models like SAFY-".ƾȭɯ 3ÏÌÚÌɯ ÔÖËÌÓÚɯ ÜÛÐÓÐáÌɯ ÛÏÌÚÌɯ ×ÈÙÈÔÌÛÌÙÚɯ ÛÖɯ ÌÚÛÐÔÈÛÌɯ

ÊÖÔ×ÖÕÌÕÛÚɯÖÍɯÕÌÛɯÌÊÖÚàÚÛÌÔɯ".ƾɯÍÓÜßÌÚȮɯÈÕÕÜÈÓɯàÐÌÓËȮɯÈÕËɯÛÏÌɯÕÌÛɯÌÊÖÚàÚÛÌÔɯÊÈÙÉÖÕɯÉÜËÎÌÛɯ

(NECB) [12], providing a more complete understanding of agricultural ecosystem carbon 

dynamics.  

1.2 Objectives 

Driven by the rapid evolution of machine learning  (ML)  and the advent of new 

hyperspectral (HS) missions, this thesis investigates innovative approaches to enhance the 

effective application of HSR in PA.  While ML  and HS sensors have shown promise for 

agricultural monitoring, significant challenges remain in accurately retrieving key crop and 

soil parameters.  To address these challenges, this dissertation employs a dual case study 

approach:  one focused on the retrieval of soil properties and the other on crop monitoring, 

both leveraging advanced ML  regression algorithms and data from the Italian Space 

 ÎÌÕÊàɅÚɯ ȹ 2(Ⱥɯ /1(2, ɯ ȹɁ/1ÌÊÜÙÚÖÙÌɯ (×ÌÙ2×ÌÛÛÙÈÓÌɯ ËÌÓÓÈɯ ,ÐÚÚÐÖÕÌɯ  ××ÓÐÊÈÛÐÝÈɂȺɯHS 

satellite. Specifically, this research aims to demonstrate the combined power of PRISMA HS 

data and ML  for analysing critical agronomic variables, with a particular emphasis on 

improving the estimation of LAI and SOC. The findings of this study will provide valuable 

insights into both current and future opportunities and challenges for advanced RS 

applications in PA. 



1.3 Problem statement and Research Questions 

1.3.1 Case Study I: PROSAIL Parameter Distribution and Transfer 

Learning  

Accurate retrieval of vegetation biophysical parameters using radiative transfer 

models (RTMs), such as PROSAIL, is highly dependent on the distribution of model 

parameters. While ML  algorithms employing look -up table (LUT) inversion methods can 

lessen the sensitivity to these parameter distributions, they do not fully overcome this 

challenge.  Furthermore, the limited availability of in situ reference data can impede the 

accurate estimation of these distributions, especially as some parameters are not routinely 

measured in the field. 

Research Questions: 

¶ To what extent does the parameter distribution influence the performance of ML -

based LUT inversion for vegetation parameter retrieval.  

¶ How can transfer learning techniques be effectively used to reduce or eliminate the 

need to pre-define the distribution of PROSAIL model parameters. 

¶ What are the optimal pre -processing and modelling strategies for inverting LUTs 

derived from PROSAIL using PRISMA HS data. 

1.3.2 Case Study II: Soil Moisture Influence on Spectral Retrieval  

Visible and near-infrared diffuse reflectance spectroscopy has demonstrated 

potential for inferring soil properties, particularly in controlled laboratory environments. 

However, the application of this technique to field -collected data or airborne imaging 

spectrometer imagery faces significant obstacles. These challenges stem from uncontrolled 

variations in surface soil conditions, including vegetation cover, soil moisture content, and 

surface roughness[13]. 

Research Questions: 

¶ How significantly do varying soil moisture levels affect the accuracy of ML  

regression models in retrieving soil properties from spectral data.  

¶ Is it more effective to train regression models for soil property retrieval using datasets 

representing consistently dry soil conditions, or datasets encompassing a wider 

range of soil moisture levels. 

¶ To what extent can a regression model, trained on soil data with a specific moisture 

level, be reliably applied to EO imagery of soils exhibiting different moisture 

conditions.  

¶ What are the most effective pre-processing and modelling approaches for leveraging 

the capabilities of the PRISMA HS satellite to accurately retrieve soil properties under 

varying moisture conditions.  



1.4 Methodology Overview  

1.4.1 Case Study I: Addressing PROSAIL Parameter Distribution 

using Transfer Learning  

Accurate retrieval of vegetation biophysical parameters relies heavily on the 

distribution of PROSAIL RTM parameters. While ML  algorithms using look -up table (LUT) 

inversion can reduce sensitivity to these distributions, this approach does not fully resolve 

the inherent challenges. To overcome this limitation, our methodology for Case Study I 

integrates Domain Adaptation techniqu es with a hybrid data strategy. This strategy 

combines simulated data, which allows for controlled manipulation of PROSAIL 

parameters, and real-world datasets from PRISMA. By leveraging Domain Adaptation and 

hybrid data, we aim to decouple the quality of ML  training from reliance on pre -defined 

assumptions about parameter distributions within the RTM. To identify the most effective 

approach for PROSAIL inversion with PRISMA data, we will systematically test various 

combinations of pre-processing techniques and ML  models. 

1.4.2 Case Study II: Investigating Soil Moisture Influence on 

Spectral Retrieval  

This research leverages multi-temporal PRISMA data to create specialized datasets 

representing soil under varying moisture conditions. A key element of this case study is the 

creation of a dataset comprised exclusively of the driest soil samples, identified through 

multi -temporal analysis. We will then rigorously analyse the impact of soil moisture content 

on the ML -based retrieval of soil variables. This analysis will involve testing diverse 

combinations of pre-processing techniques and ML  models.  To determine the most robust 

approach for soil property retrieval under different moisture regimes, prediction accuracy 

will be comprehensively evaluated across the entire dataset, including comparisons 

between models trained on dry soil versus models trained on soil with varying moisture 

levels.  



2 %ÜÕËÈÔÌÕÛÈÓÚɯÖÍɯ1ÌÔÖÛÌɯ2ÌÕÚÐÕÎ 

To effectively utilize RS technologies for PA, it is crucial to understand the 

fundamental principles governing how electromagnetic  (EM) radiation interacts with the 

Earth's surface and atmosphere. This section lays the theoretical groundwork for RS, 

beginning with an exploration of EM radiation  itself ɬ its nature, properties, and key 

radiometric terms. Following this, we will delve into the fundamental interactions between 

EM and different types of matter, particularly focusing on the processes of absorpt ion, 

reflection, and transmission. This foundational knowledge is essential for interpreting 

remotely sensed data and forms the basis for the methodologies employed in this thesis to 

analyze crop and soil properties using HS imagery. 

2.1 Electromagnetic Radiation: Principles and Properties  

RS is a collection of techniques that allow us to determine the physical and chemical 

characteristics of a material from a distance. In PA, the materials we study using RS can 

include:  

¶ Soil 

¶ Crop plant tissues 

¶ The crop canopy: specifically, the aboveground parts of crops, including individual 

plant crowns.  

All RS techniques rely on sensors to detect EM radiation. These sensors can be 

positioned at varying distances from the target, from a few meters to hundreds of 

kilometers, and are deployed on different platforms:  

¶ Proximal sensors: Integrated directly into agricultural machinery.  

¶ Airborne sensors:  Mounted on aircraft or drones.  

¶ Satellite sensors: Operating from orbiting satellites.  

2.1.1 Electromagnetic Radiation  

The foundation of all RS techniques is the interaction between electromagnetic (EM) 

radiation and the objects or surfaces  we want to study.  EM radiation is energy that can be 

described in two complementary ways:  

¶ Wave Model:  EM radiation propagates as oscillating electric and magnetic fields. 

These fields are perpendicular to each other and to the direction of travel. These 

oscillations are called electromagnetic waves . 

¶ Particle Model:  EM radiation can also be viewed as a stream of photons , which are 

discrete packets of energy. 

 

Electromagnetic waves travel through space, carrying both momentum and radiant 

energy. They are defined by three fundamental properties:  



¶ Amplitude : The maximum displacement of the electric or magnetic field from its 

equilibrium position, related to the wave's energy.  

¶ Wavelength  ȹϞȺȯɯ3ÏÌɯËÐÚÛÈÕÊÌɯÉÌÛÞÌÌÕɯÛÞÖɯÊÖÕÚÌÊÜÛÐÝÌɯÞÈÝÌɯÊÙÌÚÛÚɯÖÙɯÛÙÖÜÎÏÚȮɯ

typically expressed in meters or its submultiples.  

¶ Frequency ȹϠȺȯɯ3ÏÌɯÕÜÔÉÌÙɯÖÍɯÞÈÝÌɯÊàÊÓÌÚɯ×ÈÚÚÐÕÎɯÈɯÎÐÝÌÕɯ×ÖÐÕÛɯ×ÌÙɯÜÕÐÛɯÛÐÔÌȮɯ

measured in Hertz (Hz), where 1 Hz equals one cycle per second. 

 

Radiation of all wavelengths travels at a single speed, this is referred to as the speed 

of light, universally denoted by the symbol c  Eq.(1). 

 
ὧ  ’‗ (1) 

2.1.2 Radiometric Terms  

To precisely describe how EM radiation interacts with surfaces and the atmosphere, 

we use specific radiometric terms. These terms quantify the energy transfer, distribution, 

and emission of EM waves: 

¶ Radiant Energy  (Qe): the total energy transmitted in the form of electromagnetic 

waves. Measured in joules (J). 

¶ Radiant Flux  ȹ͖ɯǻɯȇ0ɤȇÛȺȯɯthe rate at which radiant energy is transferred between two 

points or surfaces. Measured in watts (W). (The derivative of Radiant Energy to time).  

¶ Radiant Intensity  ȹ(ɯǻɯȇ͖ɤȇ͙Ⱥȯ the radiant flux emitted by a source per unit solid 

angle ( )͙ in a given direction. Measured in watts per steradian (W·sr Ǹƕ). (The 

derivative of Radiant Flux to solid angle).  

¶ Radiance ȹ+ɯǻɯȇƴ͖ɤȇ ɯȇ͙ɯÊÖÚɯϛȺȯɯthe radiant flux per unit area (A) and per unit solid 

angle ȹ͙Ⱥ, describing the directional energy from a specific point on a surface. 

Measured in watts per square meter per steradian per micrometre(W·mǸƖ·srǸƕɇϟÔǸƕ). 

(The second derivative of Radiant Flux to Area and solid angle, considering 

ÛÏÌɯÝÐÌÞÐÕÎɯÈÕÎÓÌɯϛȺȭ 

¶ Irradiance  ȹ$ɯǻɯȇ͖ɤȇ Ⱥȯɯthe power of EM radiation incident on a surface per unit area. 

Measured in watts per square meter per micrometre (W·mǸƖɇϟÔǸƕ). (This is also the 

derivative of Radiant Flux to Area).  

o Note: Irradiance is used for radiation incident on a surface, while radiance 

describes radiation emitted from a surface. 

¶ Emissivity  a measure of how efficiently a surface emits thermal radiation :(צ) 

compared to a black body  at the same temperature. It is defined as the ratio of a 

surface's emitted radiance to the radiance of a black body at the same temperature. 

 

A black body  is an idealized object that perfectly absorbs all EM radiation that hits 

it, regardless of wavelength or angle. It also emits radiation with maximum possible 

efficiency. The spectrum of radiation emitted by a black body is uniquely determined by its 

temperature and is described by Planck's law . 



2.2 Interactions Between Electromagnetic Radiation and 

Bodies 

EM radiation interacts with materials in various ways, and the nature of these 

interactions is determined by both the material's properties and the wavelength of the 

radiation. These fundamental interactions are crucial to RS and include:  

 

I. Absorption  

When EM radiation strikes a material, absorption occurs when some of the radiation's 

energy is taken into the material. This absorbed energy increases the material's internal 

energy, often leading to a rise in temperature. Absorption is selective; it happens most 

effectively when the energy of the radiation matches the specific energy levels of the 

material's atoms or molecules. This principle is fundamental to techniques like thermal RS 

(which measures emitted heat) and spectroscopy (which analyzes absorption patterns to 

identify materials).  

 

II.  Reflection  

Reflection is the process where EM radiation "bounces off" a surface. The way 

radiation is reflected depends on the surface's characteristics: 

¶ Specular Reflection:  This type of reflection occurs from smooth surfaces, like a 

mirror or calm water. Specular reflection is characterized by a highly directional 

reflection, where the angle of reflection is equal to the angle of incidence. 

¶ Diffuse Reflection:  This type of reflection happens from rough surfaces, such as 

leaves, soil, or paper. Rough surfaces scatter the incoming radiation in multiple 

directions. Lambertian reflection  is a specific type of diffuse reflection where 

radiation is scattered equally in all directions.  

 

III.  Transmission  

Transmission occurs when EM radiation passes through a material with minimal 

alteration. Highly transmissive materials allow radiation to propagate through them 

without significant absorption or reflection. The degree of transmission depends on the 

material and the wavelength of the  radiation. For instance, visible light transmits through 

glass, but not through a brick wall.  

 

IV.  Scattering  

Scattering is similar to reflection, but it involves radiation interacting with particles 

or irregularities within a medium, causing it to change direction unpredictably. 

Atmospheric scattering, for example, occurs when sunlight interacts with air molecule s, 

aerosols, and water droplets in the atmosphere. The type of scattering is largely determined 

by the size of the particles relative to the radiation's wavelength:  

¶ Rayleigh Scattering:  Occurs when particles are much smaller  than the wavelength 

of the radiation (e.g., air molecules scattering sunlight). Rayleigh scattering is 



wavelength -dependent, scattering shorter wavelengths (like blue light) much more 

strongly than longer wavelengths (like red light). (This is why the sky is blue.)  

¶ Mie Scattering:  Occurs when particles are comparable in size  to the wavelength of 

the radiation (e.g., aerosols, dust, water droplets in clouds). Mie scattering affects a 

broader range of wavelengths than Rayleigh scattering and is less wavelength 

dependent. (It contributes to the white appearance of clouds and haze.) 

¶ Non -selective Scattering:  Occurs when particles are much larger  than the 

wavelength of radiation (e.g., water droplets in fog, large dust particles). Non -

selective scattering scatters all wavelengths of visible light approximately equally. 

(This is why fog appears white.)  

 

V. Refraction  

Refraction is the bending of EM radiation as it passes from one medium to another 

medium with a different refractive index (optical density). This change in direction occurs 

because the speed of light changes as it enters a new medium. Refraction is responsible for 

phenomena like atmospheric distortion in RS imagery. For example, EM radiation  bends 

when it enters water from air, or when passing through different layers of the atmosphere 

with varying densities.  

 

VI.  Emission  

Emission is the process by which objects release EM radiation as a result of their 

temperature. All objects with a temperature above absolute zero (0 Kelvin) emit radiation. 

The intensity and spectral distribution of this emitted radiation are governed by Planck's 

Law (black body), and the total emitted energy is described by the Stefan-Boltzmann Law . 

Emission is the fundamental principle behind thermal RS, where sensors detect infrared 

radiation emitted by objects to measure their temperature  

 

Wavelength Dependence:  

It's important to note that materials do not interact uniformly with all wavelengths 

of EM radiation. Instead, the degree of absorption, reflection, transmission, scattering, and 

emission varies significantly across the electromagnetic spectrum. When EM radiation 

interacts with a surface, the reflected radiation's characteristics change depending on the 

wavelength . This variation in reflected radiation across different wavelengths is captured 

as a reflectance spectrum . The reflectance spectrum is a crucial tool in RS, as it represents 

the proportion of incident light reflected by a material at each wavelength and serves as a 

unique "fingerprint" for identifying and characterizing different materials based on their 

spectral signatures. 

2.3 Spectral reflectance 

Spectral reflectance is a fundamental concept in RS that describes how different 

surfaces interact with EM radiation across the spectrum. Essentially, it quantifies the 

proportion of incident light that is reflected by a surface at each wavelength. This 

wavelength -dependent interaction creates unique spectral reflectance curves for various 



materials, allowing us to distinguish between vegetation, water, soil, and artificial surfaces 

using RS data. 

Spectral reflectance, denoted as ”(‗), is mathematically defined as the ratio of the 

spectral radiance reflected by a surface to the spectral irradiance incident upon that 

surface at a specific wavelength (‗), as shown in Equation (2): 

 

”‗
“ὒ

Ὁ
 (2) 

where: 

¶ ”(‗) is the spectral reflectance at wavelength ‗. It is a unitless ratio , typically ranging 

from 0 to 1, representing the fraction of incident radiation reflected.  

¶ LϞ is the spectral radiance of the surface at wavelength ‗. (W·mǸƖ·srǸƕ·ϟmǸƕ) 

¶ EϞ is the spectral irradiance  incident on the surface at wavelength ‗. (W·mǸƖ·ϟmǸƕ) 
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The factor of ϣ present in the denominator of Equation (2), defining spectral 

reflectance, originates from Lambert's Cosine Law. This law becomes relevant when 

considering ideal Lambertian surfaces, theoretical constructs representing perfectly diffuse 

reflectors.  Lambert's Cosine Law posits that the radiant intensity emanating fro m such a 

surface, or an ideal diffuse radiator, is directly proportional to the cosine of the viewing 

ÈÕÎÓÌɯȹϛȺɯÔÌÈÚÜÙÌËɯÍÙÖÔɯÛÏÌɯÚÜÙÍÈÊÌɯÕÖÙÔÈÓɯȹFigure 2-1). 

 
Figure 2-1 Diffuse reflection from a surface element dA, illustrating Lambert's Law. Reflected 

ÙÈàÚɯÈÙÌɯÚÊÈÛÛÌÙÌËɯÐÕɯÔÜÓÛÐ×ÓÌɯËÐÙÌÊÛÐÖÕÚɯÞÐÛÏɯÐÕÛÌÕÚÐÛàɯÝÈÙàÐÕÎɯÈÚɯÛÏÌɯÊÖÚÐÕÌɯÖÍɯÛÏÌɯÝÐÌÞÐÕÎɯÈÕÎÓÌɯȹϛȺɯ

relative to the surface normal. 

3ÖɯÊÖÔ×ÙÌÏÌÕËɯÛÏÌɯϣɯÍÈÊÛÖÙȮɯÐÛɅÚɯÊÙÜÊÐÈÓɯÛÖɯÙÌÊÖÎÕÐáÌɯÛÏÈÛɯÚ×ÌÊÛÙÈÓɯÙÈËÐÈÕÊÌɯὒ is a 

directional quantity. Determining the total reflected flux Ὁ from a Lambertian surface, 

representing the energy reflected across all directions within the hemisphere above, 

necessitates integrating the radiance across this hemisphere. This integration, employing 

Ú×ÏÌÙÐÊÈÓɯÊÖÖÙËÐÕÈÛÌÚɯÞÐÛÏɯÛÏÌɯÚÖÓÐËɯÈÕÎÓÌɯÌÓÌÔÌÕÛɯË͙ ǻɯÚÐÕȹϛȺËϛËϯȮɯàÐÌÓËÚɯ$ØÜÈÛÐÖÕɯ(3): 
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2.4 Interactions Between Electromagnetic Radiation and 

Atmosphere 

2.4.1 Atmospheric Influence on Remote Sensing Radiometry  

Accurate retrieval of surface spectral reflectance, a prerequisite for quantitative RS of 

ground feature properties, necessitates accounting for atmospheric effects on solar 

radiation. The atmosphere, through its constituent gases and aerosols, modifies the spectral 

and radiometric characteristics of solar radiation as it traverses from the  sun to the Earth's 

surface and subsequently to the remote sensor. These atmospheric alterations can introduce 

significant distortions into the received radiance, thereby  obscuring the true spectral 

signature of the Earth's surface. 

2.4.2 Mechanisms of Atmospheric Interaction: Absorption and 

Scattering 

Atmospheric gases and aerosols interact with EM radiation primarily through 

absorption  and scattering . These processes attenuate and alter the radiation field 

propagating through the atmosphere. 

 

¶ Absorption:  Atmospheric absorption is a spectrally selective process whereby 

specific gases absorb electromagnetic energy at discrete wavelengths. These 

wavelengths correspond to atmospheric absorption bands . The primary 

atmospheric absorbers in the solar spectrum are: 

o Water Vapor (H 2O): Exhibits strong absorption in the infrared.  

o Carbon Dioxide (CO 2): Significant absorption bands in the infrared.  

o Ozone (O3): Strong absorption in the ultraviolet and visible (particularly in 

the UV-B range). Atmospheric absorption reduces the overall irradiance 

reaching the surface and the radiance available for detection by the sensor. 

 

¶ Scattering: Atmospheric scattering refers to the redirection of EM radiation by 

atmospheric particles. Scattering is a complex phenomenon dependent on the 

wavelength of radiation and the size, shape, and refractive index of the scattering 

particles. In RS, atmospheric scattering manifests in two principal forms:  

o Path Radiance (Atmospheric Backscatter):  Radiation scattered by the 

atmosphere directly into the sensor's field of view  (FOV) without interacting 

with the surface. Path radiance constitutes an additive noise component, 

particularly pronounced at shorter wavelengths (e.g., blue and visible), 

diminishing image contrast and accuracy.  



o Reduced Surface Irradiance (Forward Scattering):  Radiation scattered away 

from the direct solar beam, reducing the amount of direct sunlight reaching 

the surface. While some scattered radiation still reaches the surface as diffuse 

skylight, the reduction in direct irradiance can affect overall illumination 

levels and spectral signatures, especially at longer wavelengths. 

2.4.3 Atmospheric Windows: Spectral Regions of Enhanced 

Transmission  

Despite the attenuating effects of atmospheric absorption and scattering, specific 

spectral intervals exhibit minimal atmospheric interaction, allowing for relatively 

unimpeded transmission of EM radiation. These spectral intervals are designated as 

atmospheric windows . Atmospheric windows are spectrally defined regions where the 

atmosphere is largely transparent, facilitating effective RS measurements. Figure 2-2 

illustrates the principal atmospheric windows across the electromagnetic spectrum, 

highlighting their utility for RS applications in both reflective and thermal infrared 

domains. 

 

 
Figure 2-2 Principal atmospheric windows in the electromagnetic spectrum, crucial for RS 

across reflective and thermal infrared wavelengths. Electro-optical sensors are designed to operate 

within infrared atmospheric windows spanning approximately 0.7 ɬ ƕƘɯϟÔȭɯ3ÏÌɯƗɯɬ ƙɯϟÔɯÙÌÎÐÖÕɯÐÚɯ

useful for monitoring hot targets such as forest fires and geothermal activity. The 0.4 ɬ ƖȭƙɯϟÔɯÈÕËɯ

8 ɬ ƕƘɯϟÔɯÞÐÕËÖÞÚɯÈÙÌɯÖ×ÛÐÔÈÓÓàɯÚÜÐÛÌËɯÍÖÙɯÚÜÉÖÙÉÐÛÈÓɯRS of terrestrial features such as vegetation, 

soil, and rocks. The 10.5 ɬ ƕƖȭƙɯϟÔɯregion is used when thermal imagery is acquired from orbital 

ÚÌÕÚÖÙÚɯÈÉÖÝÌɯÛÏÌɯ$ÈÙÛÏɀÚɯÖáÖÕÌɯÓÈàÌÙȭɯ(Adapted from[14]. 

2.5 Remote Sensing Systems Classification 

RS systems can be categorized in multiple ways based on their radiation source, 

spectral range of operation, and sensing mechanisms.  Understanding these classifications 

is crucial for selecting appropriate RS data and systems for specific applications. 

2.5.1 Active vs. Passive Sensors: Source of Illumination  



A fundamental distinction in RS sensor types is based on the source of EM radiation 

they utilize:  

 

¶ Active Sensors: Active sensors provide their own source of EM radiation  to 

illuminate the target. The sensor then detects and measures the radiation reflected or 

backscattered from the target. A prime example of active RS is radar (Radio 

Detection and Ranging) , which typically operates in the microwave portion of the 

spectrum. Microwave radiation employed by radar possesses the significant 

advantage of penetrating clouds and many atmospheric conditions . This capability 

ensures continuous data acquisition, regardless of weather conditions. 

¶ Passive Sensors: In contrast, passive sensors detect naturally occurring EM 

radiation . This radiation can be either: 

o Emitted radiation:  Energy radiated by the object itself (e.g., thermal infrared 

emission). 

o Reflected radiation:  Energy reflected from an external source, most 

commonly solar radiation . Passive sensors are dependent on the availability 

of natural illumination and are thus affected by factors such as time of day 

and atmospheric conditions (e.g., cloud cover). 

2.5.2 Spectral Classification of Passive Sensors  

Passive remote sensors are further classified based on the specific regions of the 

electromagnetic spectrum in which they operate. These spectral regions, often referred to as 

spectral bands, are designed to capture specific information related to the interaction of EM 

radiation with different materials . Figure 2-3 illustrates the common spectral classifications 

for passive remote sensors: 

 

¶ Visible (VIS):  The visible portion of the spectrum, ranging from approximately 0.38 

to 0.74 µm. Sensors in this range detect wavelengths perceptible to the human eye.  

¶ Near Infrared (NIR):  Extending beyond the visible, the Near Infrared region covers 

wavelengths from approximately 0.7 to 1.3 µm. NIR is highly sensitive to vegetation 

health and biomass, as vegetation strongly reflects in this region.  

¶ Short Wave Infrared (SWIR):  The region spans wavelengths from approximately 1.3 

to 2.5 µm. SWIR is sensitive to moisture content in soil and vegetation, as well as 

mineral composition.  

¶ Thermal Infrared (TIR):  The Thermal Infrared region detects emitted heat energy. It 

is further subdivided into:  

o Mid -Wave Infrared (MWIR):  Approximately 3ɬ5 µm, useful for detecting 

high-temperature targets and some thermal properties. 

o Long-Wave Infrared (LWIR):  Approximately 8ɬ14 µm, optimal for measuring 

land surface temperature and thermal properties of various materials.  



 
Figure 2-3 The Electromagnetic Spectrum and Common Spectral Bands for Passive RS. The 

boundaries depicted for the visible to far-infrared spectrum are approximate and may vary slightly in 

literature. Key spectral regions illustrated include: Visible (VIS): 0.38-0.74 µm; Near Infrared (NIR): 

0.74-1.4 µm; Mid Infrared (MIR): 1.4-3 µm; Thermal Infrared (TIR): 3-15 µm; and Far Infrared 

(FIR): 15-1000 µm (Adapted from [15], [16] ). 

2.5.3 Spectral Regions with Limited Remote Sensing Utility  

Certain spectral ranges are less commonly exploited in RS due to atmospheric or 

signal limitations:  

 

¶ 2.5ɬ3 µm (Transition Zone):  This range marks the transition between predominantly 

solar reflectance (dominant in SWIR)  and thermal emission (dominant in TIR) . The 

mixed signal from both reflectance and emission, coupled with strong water vapour 

absorption , makes data interpretation challenging in this region.  

¶ 5ɬ8 µm (Atmospheric Absorption Band):  This spectral region experiences 

significant atmospheric absorption , primarily by water vapour (H 2O) and carbon 

dioxide (CO 2). This strong absorption severely limits the amount of radiation 

reaching the sensor. Furthermore, typical Earth surface temperatures result in 

relatively low thermal emission  in this band, further reducing signal strength. It is 

important to note that the adjacent atmospheric windows within the 3ɬ5 µm (MWIR) 

and 8ɬ14 µm (LWIR)  regions are specifically chosen to minimize atmospheric 

absorption and maximize signal for thermal RS. 

2.5.4 Key Parameters for System Characterization  



RS systems are also characterized and evaluated based on several key parameters 

that determine their data quality and application suitability:  

 

¶ Spatial Resolution:  This parameter defines the smallest discernible object  or feature 

that can be distinguished by the sensor. Spatial resolution is typically expressed in 

meters and corresponds to the ground area represented by a single pixel in the 

imagery. A higher spatial resolution (smaller pixel size) allows for finer detail and 

the detection of smaller objects. 

¶ Spectral Resolution:  Spectral resolution describes the sensor's ability to 

differentiate between fine wavelength intervals  within the electromagnetic 

spectrum. It is determined by the number and width of spectral bands  that the 

sensor measures. Sensors can be broadly categorized as: 

o Multispectral Sensors:  Acquire data in a limited number of relatively broad 

spectral bands (e.g., typically 3-10 bands). 

o HS Sensors: Acquire data in a large number (hundreds) of very narrow, 

contiguous spectral bands . HS sensors provide much finer spectral detail, 

enabling more precise material identification and characterization.  

¶ Temporal Resolution:  Temporal resolution refers to the frequency with which a 

sensor acquires data over the same geographic location . It is often expressed as the 

revisit time , the time interval between successive passes of a satellite over the same 

area. Higher temporal resolution (shorter revisit time) is crucial for monitoring 

dynamic phenomena and temporal changes, such as vegetation growth cycles, land 

cover changes, and rapid environmental events.  

2.5.5 Scanning Mechanisms  

RS systems also differ in their image acquisition or scanning mechanisms: 

 

¶ Whiskbroom (Across -Track Scanning):  A whiskbroom system employs a rotating 

mirror  to scan across the ground track, perpendicular to the satellite's direction of 

motion. The mirror sweeps back and forth, directing reflected or emitted radiation 

onto a single detector or a small array of detectors. Data is acquired in sequential 

lines, forming image "swaths" . 

¶ Pushbroom (Along -Track Scanning):  A pushbroom system utilizes a linear array of 

detectors (or multiple arrays) aligned perpendicular to the satellite's flight path 

(across-track). As the satellite moves forward, each detector in the array 

simultaneously records data from a contiguous line on the ground. This 

"pushbroom" action effectively sweeps along the surface, acquiring a complete image 

swath line by line. HS sensors commonly employ pushbroom scanning  due to its 

efficiency in acquiring data across numerous spectral bands. 

 

 

 



For pushbroom HS sensors, the FOV  defines the total angular extent of the sensor's 

view, which directly translates to the swath width , the width of the ground area imaged in 

a single pass (Figure 2-4). The Ground Instantaneous Field of View (GIFOV) , or pixel size, 

determines the spatial resolution  of the HS data, representing the area on the ground that 

each pixel captures. 

 
Figure 2-4 Pushbroom Scanning Mechanism for HS Image Acquisition. In 

pushbroom systems, the detector array provides the instantaneous spectral and spatial 

(across-track) dimensions of the spectral cube. The satellite's motion provides the temporal 

dimension (along -track), enabling continuous image acquisition (Adapted from [17] ). 
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3.1  General Overview  

This chapter provides a comprehensive literature review on the application of RS in 

agriculture. It traces the historical development of this field, highlights key applications in 

agricultural monitoring and management, examines the increasing integration of ML  

techniques, and explores potential future directions and advancements. 

3.1.1 Evolution of Spectral Resolution in Agricultural Remote 

Sensing 

The advent of RS in agriculture can be traced back to 1972 with the launch of the 

Landsat Multi -Spectral Scanner (MSS) satellite. A seminal early application was 

demonstrated by Bauer and Cipra (1973), who successfully classified corn and soybean 

fields in  the Midwestern U.S. using Landsat MSS data [18]. Since this pioneering work, RS 

has evolved into an indispensable tool for agricultural system monitoring and management.  

The breadth of RS applications in agriculture is reflected in the Index DataBase (IDB), which 

lists 519 vegetation indices specifically developed for agricultural RS [19]. Among these, the 

Normalized Difference Vegetation Index (NDVI) stands out as the most widely utilized. 

NDVI, calculated from the normalized difference between a near -infrared (NIR) band 

(centered at 850 nm) and a red band (centered at 680 nm), effectively highlights vegetation 

health and density [20]. 

While multispectral remote sensors, such as those onboard Sentinel-2, Landsat, 

SPOT, IKONOS, and WorldView satellites, have become workhorses for agricultural 

monitoring, their spectral resolution limits their ability to precisely estimate surface 

properti es.  HS sensors, also known as imaging spectrometers, represent a significant 

advancement, offering a substantially higher level of spectral detail ( Figure 3-1).  HS sensors 

acquire data in a large number of contiguous, narrow spectral bands. This fine spectral 

sampling enables the detection of subtle spectral features that are often indiscernible with 

the broader bands of multispectral sensors. 

 



 
Figure 3-1 Comparison of spectral signatures from HS and multispectral sensors. Vertical 

bars indicate the approximate bandwidths of Landsat/MODIS sensors, with blue, green, and red bars 

representing visible wavelengths. HS data (right) allows for finer discrimination between spectrally 

distinct materials compared to multispectral data (left), even though broad material categories remain 

identifiable with multispectral data (Adapted from [21]). 

A key advantage of HS sensors lies in their ability to capture the full, continuous 

spectrum for each pixel. This eliminates the need for a priori knowledge of optimal spectral 

bands for a specific application. While band selection remains a crucial step in HS data 

processing, it can be effectively performed post hoc, after data acquisition. 

HS sensor technology has undergone significant development over the past four 
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airborne HS platform. Numerous airborne HS sensors have since been developed, including 

AVIRIS, CASI, HyperCAM, and HyMap. These airborne systems have convincingly 

demonstrated the potential of HRS for agricultural applications, paving the way for the 

development of spaceborne HS missions. 

Currently, several HS satellite missions are operational or under development by 

space agencies globally. These missions, listed below, aim to provide global coverage with 

enhanced spatial and spectral resolution, significantly advancing our capacity for 

agricultural and natur al vegetation monitoring:  

 

¶ PRISMA (PRecursore IperSpettrale della Missione Applicativa) ɬ Italy  

¶ EnMAP (Environmental Mapping and Analysis Program) ɬ Germany 

¶ HISUI (Hyperspectral Imager Suite) ɬ Japan 

¶ Resourcesat-3 ɬ India  

¶ CHIME (Copernicus Hyperspectral Imaging Mission for the Environment) ɬ ESA 

¶ SBG (Surface Biology and Geology) ɬ NASA  

¶ AHSI (Advanced Hyperspectral Imager) ɬ China (onboard Gao Fen-5 satellite) 

¶ DESIS (Earth Sensing Imaging Spectrometer) ɬ Germany (onboard the International 

Space Station) 

 

The fundamental difference in spectral resolution between multispectral and HS 

sensors underpins their distinct capabilities. Multispectral sensors typically employ 4 -10 

broad bands, with bandwidths ranging from 15 to 70 nm. This broader spectral sampling 



limits their ability to discern fine details within reflectance spectra. Conversely, HS sensors 

acquire data in hundreds of narrow bands, with bandwidths of 5 -10 nm. This fine spectral 

resolution enables the identification of subtle spectral absorption features characteristic of 

specific substances, such as photosynthetic pigments. As illustrated in Figure 3-1, HS data 

more closely approximates a continuous spectrum, allowing for the observation of true 

spectral signatures, which is not achievable with multispectral sensors [22]. Consequently, 

HS imagery contains richer spectral information on vegetation compared to multispectral 

imagery. This enhanced spectral detail makes HS data particularly valuable for 

discriminating plant varieties, detecting subtle vegetation stress, and estimating biomass 

with greater accuracy [23]. Furthermore, vegetation indices constructed using the narrow 

bands of HS imagery provide improved estimates of biophysical parameters (e.g., biomass 

and leaf area index) compared to indices derived from multispectral data. HS data also 

holds promise for enhancing the estimation of soil organic matter  (SOM) and moisture 

compared to current multispectral imagers  [24], [25]. 

3.1.2 Machine Learning and Deep Learning in Remote Sensing for 

Agriculture  

The rapid advancement of computational techniques has led to the increasing 

integration of ML and deep learning (DL) algorithms within the RS research community, 

particularly for PA applications [26], [27], [28]. These data-driven methods offer significant 

advantages for: 

 

1) Establishing Complex Relationships:  ML and DL are adept at modeling complex, 

non-linear relationships between RS data and biophysical variables, facilitating 

improved retrieval accuracy.  

2) Solving Complex Classification and Prediction Problems:  These techniques excel 

at handling high -dimensional RS data and addressing challenging classification and 

prediction tasks in agricultural monitoring.  

 

ML , a subfield of artificial intelligence (AI), focuses on developing algorithms that 

learn from data and make data-driven decisions. ML draws upon diverse disciplines 

including statistics, engineering, mathematics, cognitive science, and information theory 

[29]. The core objective of ML is to optimize performance in specific tasks by learning from 

past data, enabling the efficient modeling of relationships between input variables and 

effective analysis of large datasets [30]. In RS applications, ML models are trained on sample 

datasets, known as training datasets , to learn patterns and relationships. Once trained, 

these models are applied to classification and prediction tasks. The model's performance 

is typically validated using a validation dataset , which helps refine the model and enhance 

its accuracy in real-world scenarios [31]. 

3.1.3 Remote Sensing and ML in Agriculture  



The application of HS technology for precise quantification of crop and soil 

biophysical variables across spatial scales is paramount for advancing modern agricultural 

management and monitoring [22], [32], [33], [34]. The integration of HS data with 

agricultural models enables a more nuanced understanding of the complex and dynamic 

nature of agricultural systems. By assimilating retrieved biophysical parameters into 

agricultural models, it becomes possible to derive valuable agronomical pro xy variables that 

capture the multi -scale and multivariate characteristics inherent in agricultural data. For 

instance, crop yield prediction can be significantly enhanced through models that integrate 

diverse factors such as weather patterns, soil properties, pest infestations, disease 

prevalence, and crop-specific characteristics [35]. HS imaging, therefore, provides a 

transformative potential for advancing agricultural practices, particularly within the 

domain of PA. The rich spectral information content of HS data, sensitive to both 

biophysical and biochemical properties of vegetation and soil, offers a unique advantage for 

high-resolution monitoring of crop health and soil conditions [32], [33]. 

The synergistic combination of HRS and ML  is revolutionizing agricultural 

monitoring. It provides both detailed spectral information and advanced data -driven 

analysis capabilities. These combined technologies enable high-precision estimation of 

crucial soil and crop biophysical variables across spatial scales, from regional to intra -field 

levels. As space agencies worldwide continue to develop and deploy next-generation HS 

satellite missions, and as ML  techniques become increasingly sophisticated, these 

concurrent advancements are poised to have a transformative impact on PA. This 

transformation will facilitate more efficient, data -driven decision -making, ultimately 

promoting sustainable and optimized crop production.  

3.1.4 Applications of Hyperspectral Remote Sensing for Crop 

Monitoring  

HRS offers substantial advantages for precise crop status monitoring, particularly 

through the retrieval of leaf -level traits that induce subtle but diagnostic spectral changes in 

narrow regions of the electromagnetic spectrum. Capturing these subtle spectral variations 

is critical for accurate assessment of crop health and for optimizing agricultural 

management practices [36]. Effective crop monitoring necessitates the comprehensive 

characterization of both: 

 

¶ Leaf Biochemical Traits:  These traits, such as photosynthetic pigments, directly 

influence plant physiology and spectral response. 

¶ Canopy Structural Traits:  These traits, such as LAI  and canopy architecture, 

determine the overall canopy reflectance and influence light interception.  

 

At the leaf level , photosynthetic pigments, notably chlorophyll, play a central role in 
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quantification of leaf chlorophyll content (LCC), encompassing both chlorophyll a and b, is 

essential for assessing photosynthetic efficiency and for early detection of crop stress [37]. 



Furthermore, measuring leaf water content (LWC) provides critical insights into plant water 

status. LWC information can inform optimized irrigation strategies, improving water use 

efficiency and promoting sustainable water management in agriculture [38]. 

Beyond leaf-level characteristics, the leaf area index (LAI), defined as the green leaf 

area per unit ground surface area, represents a key canopy structural trait . LAI serves as a 

fundamental indicator of vegetation density and plays a critical role in regulating carbon, 

energy, and water fluxes within terrestrial ecosystems [39]. It is a critical factor in 

understanding plant productivity, photosynthesis, evaporation, transpiration, and overall 

ecosystem functioning. 

However, the accurate retrieval of vegetation trait maps for variables such as LAI, 

LCC, and LWC from EO imagery presents considerable challenges. Precise retrieval of these 

biophysical traits necessitates the use of contiguous spectral bands capable of effectively 

characterizing subtle variations in canopy reflectance [40]. 

For example, HS observations are uniquely suited for detecting subtle spectral 

features associated with water content. Water molecules (OɬH bonds) exhibit light 

absorption across the electromagnetic spectrum, with maximum absorption features 

occurring at specific wavelengths such as 970, 1200, 1400, 1940, and 2500 nm [41]. Similarly, 

HS data enhances the accuracy of chlorophyll content retrieval by exploiting narrow 

absorption features diagnostic of chlorophyll pigments . 

3.1.4.1 Retrieval Methods for Vegetation Traits in the Literature  
Quantitative estimation of vegetation traits is critically dependent on the retrieval 

method employed. Existing literature categorizes retrieval methods into four primary 

methodological types [42], [43]: 

 

¶ Parametric Methods:  These methods establish explicit, mathematically defined 

relationships between spectral observations and specific biophysical variables. 

Parametric approaches typically involve defining parameterized expressions, often 

utilizing vegetation indices, and ca librating these expressions to estimate the variable 

of interest.  

¶ Non -Parametric Regression Methods:  These methods directly derive regression 

functions from RS data using statistical or ML  techniques. Non-parametric regression 

methods, such as neural networks and support vector machines, are powerful and 

flexible but require large, representative training datasets and may exhibit limited 

generalization to conditions outside the training dat a.  

¶ Physically -Based Algorithms:  Physically-based algorithms leverage fundamental 

physical laws and RTMs to establish cause-and-effect relationships between 

biophysical variables and observed spectral radiances. RTM-based inversion 

methods aim to infer biophysical parameters by inverting  the RTM, effectively 

simulating the radiative transfer processes within vegetation canopies.  

¶ Hybrid Approaches:  Hybrid methods represent a synthesis of non-parametric and 

physically -based approaches. These methods seek to combine the strengths of data-

driven regression techniques with the physical realism and interpretability of RTMs, 



offering a promising avenue for improved vegetation trait retrieval from satellite 

data. 

3.1.5 Applications in Soil Analysis  

Comprehensive understanding of soil characteristics is paramount for optimizing 

agricultural practices, as soil health exerts a direct influence on crop yields and overall 

ecosystem productivity. Soil degradation processes, including erosion, contamination , and 

nutrient depletion, can substantially reduce agricultural productivity [44], [45], [46]. 

Traditional soil assessment methods, reliant on field sampling and laboratory 

analysis followed by spatial interpolation, are often resource -intensive, time-consuming, 

and may not provide spatially representative information, particularly over large areas.  The 

emergence of RS technology in the late 1990s has revolutionized soil mapping and 

monitoring. RS data, especially from airborne and satellite-based sensors, offers broad 

spatial coverage and temporal revisit capabilities, enabling continuous monitoring  of soil 

properties across landscapes [47]. Compared to traditional in situ methods, RS provides a 

timely, cost-effective, and non-destructive approach to soil characterization and allows for 

the detection of spatial patterns in soil attributes.  

However, the application of multispectral broadband RS for quantitative soil 

property estimation faces inherent limitations, primarily due to its coarse spectral 

resolution. The broad spectral bands of multispectral sensors result in a loss of critical 

spectral information contained within narrow spectral features, particularly in the 

shortwave infrared (SWIR) region (1100ɬ2400 nm), which is crucial for soil analysis [25]. 

HRS, with its high spectral resolution, overcomes these limitations. HRS enables the 

acquisition of spectrally detailed data, facilitating refined analysis of soil surface properties. 

Consequently, soil scientists have increasingly adopted HRS for soil analysis, focusing on 

the retrieval of key soil attributes such as [48]: 

 

¶ SOC 

¶ Soil texture (clay, silt, and sand content)  

¶ Soil moisture content  

¶ Soil nutrients (Nitrogen (N), Phosphorus (P), Potassium (K))  

 

While some studies have explored the application of HRS for mapping soil nutrients, 

research efforts have predominantly concentrated on SOC and soil texture. SOC and texture 

are recognized as master soil variables, exerting a significant influence on a wide array of 

chemical and physical processes within soil environments[25], [49]. 

Soil moisture content is another critical soil parameter, playing a fundamental role in 

the water cycle and influencing numerous hydrological and ecological processes. Accurate 

assessment of soil moisture is essential for predicting changes in regional water balance and 

for applications in precision irrigation management. While recent studies have 

demonstrated the potential of integrating HRS data into hydrological models for improved 

estimation of soil moisture profiles, this approach remains relatively un derexplored and 

underdeveloped. Despite its promising potential, several challenges persist in HRS-based 



soil moisture retrieval, including: low signal -to-noise ratios in certain spectral regions, 

variability and unreliability of spectral band responses across sensors, atmospheric 

interference effects in raw data, the continued need for ground -based validation data, and 

a limited availability of robust pixel -based physical or chemical models directly relating 

spectral data to soil moisture content [48]. 

3.1.5.1 Retrieval Methods for Soil Properties in the Literature  
In the domain of soil parameter prediction using RS, numerous studies have 

employed established statistical methods. These include, but are not limited to, partial least 

squares regression (PLSR), multiple linear regression (MLR), support vector machines 

(SVM), and Gaussian Process Regression (GPR) models. While these statistical methods 

have demonstrated effectiveness in specific contexts, they often exhibit limitations in terms 

of physical interpretability and generalization capability across diverse stud y areas or 

sensor platforms [50]. Although satellite -based HRS data offers significant advantages, 

including synoptic coverage and repetitive data acquisition, its application for accurate and 

spatially extensive estimation of soil properties has primarily been limited to small -scale 

agricultural plots and bare soil areas. Scaling these technologies to broader regions and 

achieving robust soil information retrieval across diverse and complex landscapes remains 

a significant challenge. Nonetheless, HRS holds substantial promise for advanci ng soil 

monitoring capabilities and providing valuable, spatially detailed insights into soil health 

and soil function  [25], [48]. 

  



3.2  Detailed Review: Quantitative Crop and Soil Property 

Estimation Using PRISMA Hyperspectral Data and 

Machine Learning Regression  

This chapter provides a comprehensive literature review of the key biophysical 

properties of crops and soil, the satellite-based HS data used for their retrieval (PRISMA), 

and the RS methods employed for quantitative parameter estimation. This review 

establishes the context and background for the subsequent methodological and 

experimental chapters. 

3.2.1 PRISMA Hyperspectral Imaging Platform  

The "PRecursore IperSpettrale della Missione Applicativa" (PRISMA) mission, 

launched by the Italian Space Agency (ASI) in March 2019, serves as the primary HS data 

source for this research. PRISMA is a pioneering Earth observation mission designed to 

advance RS applications across diverse domains, including resource management and 

environmental monitoring. The PRISMA platform acquires co -registered HS and 

panchromatic (PAN) imagery. OHB Italia Spa served as the prime contractor for the satellite 

development , with Leonardo Space & Airborne Systems responsible for delivering the 

sophisticated payload, comprising a Visible and Near -Infrared ɬ Shortwave Infrared (VNIR -

SWIR) imaging spectrometer and a high-resolution PAN  camera[51], [52]. Key technical 

specifications of the PRISMA payload are summarized in Table 3-1. 

Table 3-1 PRISMA Payload key technical features. 

 VNIR  SWIR PAN 

Spectral range 400-1010nm 920-2500nm 400-750 nm 

Spectral resolution  12nm 12nm  

Spectral bands 66 173 1 

SNR > 200:1 on 400 ɬ 1000 nm 

> 600:1 @ 650 nm 

> 200:1 on 1000 ɬ 1750 nm 

> 400:1 @ 1550 nm 

> 100:1 on 1950 ɬ 2350 nm 

> 200:1 @ 2100 nm 

> 240:1 

 

MTF @ Nyquist Frequency > 0.3 @ Nyquist Frequency > 0.3 

 

@ Nyquist 

Frequency > 0.2 

 

Swath width  30 Km; 2.77° 

Spatial resolution  30 m 30 m 5 m 

Telescope aperture 210 mm (diameter) 

Orbital altitude  615 Km 
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employing prism -based spectral dispersion. This design enables the simultaneous 



acquisition of spectral information across the entire 400ɬ2500 nm range for each ground 

strip.  The HS instrument suite comprises two distinct spectrometers: a VNIR spectrometer 

covering the 400ɬ1000 nm range with 66 bands, and a SWIR spectrometer spanning 943ɬ

2500 nm with 173 bands. Both spectrometers feature a fine spectral sampling interval and 

bandwidt h of less than 12 nm. 

Operating in a Sun-Synchronous Low Earth Orbit at an altitude of 615 km and an 

inclination of 97.85°, PRISMA has an orbital period of 98 minutes. The mission is designed 

for a five-year operational lifetime, with a nominal nadir revisit time of 29 days. Of f-nadir 

viewing capabilities enable a reduced revisit interval of 7 days for specific target areas. 

PRISMA provides geographic coverage extending from 70°S to 70°N latitude and 180°W to 

180°E longitude at equinoxes. Each PRISMA scene encompasses a 30 × 30 km area, with a 

Ground Sampling Distance (GSD) of 30 m for the VNIR-SWIR HS data and 5 m for the PAN  

band. 

PRISMA data products are distributed in the HDF -EOS5 (Hierarchical Data Format 

ɬ Earth Observing System) format. These products include comprehensive metadata 

pertaining to platform and instrument parameters, along with ancillary information 

necessary for geometric and radiometric processing. Data products are accessible through 

the ASI PRISMA data portal (https://prisma.asi.it ) at several processing levels: 

 

¶ Level 1 (L1): Top-of-Atmosphere (TOA) Radiance ɬ radiometrically corrected data in 

sensor geometry. 

¶ Level 2C (L2C): Ground Reflectance ɬ atmospherically corrected surface reflectance, 

provided without geometric correction.  

¶ Level 2D (L2D):  Geocoded Ground Reflectance ɬ atmospherically and geometrically 

corrected surface reflectance, orthorectified and georeferenced. 

 

Detailed information regarding the ASI standard processing algorithms and HDF -

EOS5 data format specifications can be found in the PRISMA Algorithm Theoretical Basis 

Document (ATBD) [17] which serves as a comprehensive guide to understanding PRISMA 

data products and processing methodologies. For this study, atmospherically corrected L2D 

products were utilized to ensure accurate surface reflectance analysis. 

3.2.2 Crops biophysical properties  

3.2.2.1 Key Properties and Their Importance 
LAI is a dimensionless, fundamental biophysical parameter extensively employed in 

forest and agricultural studies. LAI quantifies vegetation canopy structure by representing 

the total one-sided area of green leaves per unit ground surface area. Formally, LAI is 

defined as the ratio of the hemi-surface area of all leaves within a vegetation canopy to the 

horizontal ground surface area, as expressed in Equation (4): 

 

ὒὃὍ
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(4) 

 

https://prisma.asi.it/


LAI is a critical indicator of the amount of photosynthetically active foliage within a 

vegetation canopy, often referred to as the Green Leaf Area Index (GLAI). It ranges from 

near zero for bare soil to values exceeding 7 or more for dense canopies. LAI is directly 

related to canopy photosynthetic capacity, transpiration rates, and overall vegetation 

productivity, serving as a proxy for vegetation biomass and vigor.  

LAI is a valuable variable because it is related to crop productivity; serves as a key 

indicator of vegetation health, productivity, and overall ecosystem functioning [53]. It 

provides essential information about the size and distribution of the leaf canopy, relating to 

various processes such as: 

 

¶ Photosynthesis : LAI directly influences the rate of photosynthesis by determining 

the leaf surface area available for light interception, thereby affecting the energy 

input into the ecosystem[54]. 

¶ Evapotranspiration : The density of leaf area impacts transpiration rates and canopy 

interception, influencing the water cycle within an ecosystem [55]. 

¶ Carbon Assimilation:  LAI is pivotal in carbon sequestration processes, as it affects 

ÛÏÌɯÊÈ×ÈÊÐÛàɯÖÍɯÝÌÎÌÛÈÛÐÖÕɯÛÖɯÈÉÚÖÙÉɯÈÛÔÖÚ×ÏÌÙÐÊɯ".ƾɯËÜÙÐÕÎɯ×ÏÖÛÖÚàÕÛÏÌÚÐÚɯ[56]. 

 

Accurate estimation of LAI is essential for:  

 

¶ Estimating Biophysical Parameters:  LAI serves as a basis for determining other 

vegetation characteristics, such as biomass and leaf area density, which are crucial 

for ecological modeling.  

¶ Monitoring Vegetation Growth:  Regular assessment of LAI aids in tracking changes 

in vegetation cover and health, providing valuable data for environmental 

management.  

¶ Studying Global Climate Change:  LAI data contribute to understanding the 

interactions between vegetation and climate systems, informing predictions about 

climate change impacts.  

¶ Modeling Biosphere -Atmosphere Exchanges: LAI plays a crucial role in stimulating 

the exchange of mass, energy, and momentum between terrestrial ecosystems and 

the atmosphere, which is vital for accurate climate modelling.  

 

LAI is a valuable metric. However, its accurate measurement and definition are 

challenging. This is because reported LAI values are often inconsistent due to differences in 

measurement techniques, instrumentation, and computational models used across studies. 

 

3.2.2.2 In Situ LAI Measurement Methods 
Literature classifies LAI measurement techniques into two categories: direct and 

indirect methods [54], [57]. Direct methods  involve physical contact with plants and 

generally provide more accurate results. However, they tend to be labour intensive , 

expensive, and impractical for large or heterogeneous vegetation areas [58], [59]. Indirect 

methods , on the other hand, estimate LAI non-destructively through optical measurements 



and empirical models, making them more suitable for large -scale assessments [57]. Among 

indirect methods, the most common approaches include: 

¶ Hemispherical Photography : One of the earliest indirect techniques, this method 

captures fisheye images of the canopy from the ground. Initially, researchers 

analysed the images manually, but today, specialised software is used to differentiate 

vegetated from non-vegetated pixels. 

¶ 1ÈËÐÈÛÐÖÕɯ3ÙÈÕÚÔÐÛÛÈÕÊÌɯȹ!ÌÌÙɀÚɯ+ÈÞȺ: Commercial instruments estimate LAI based 

on the amount of light transmitted through the canopy. Denser canopies absorb more 

light than sparse ones, establishing a relationship between LAI and light interception. 

This principle is theoretically supported  Éàɯ!ÌÌÙɀÚɯ+ÈÞȮɯÞÏÐÊÏɯËÌÚÊÙÐÉÌÚɯÏÖÞɯÓÐÎÏÛɯ

attenuation correlates with canopy density.  

¶ Radiation Reflectance : This method relies on the spectral characteristics of reflected 

light. Healthy green vegetation exhibits a distinct reflectance spectrum, with low 

reflectance in the visible range (~400-700 nm, also known as the Photosynthetically 

Active Radiation or PAR re gion) and high reflectance in the near-infrared (NIR) 

region (>700 nm), sometimes reaching 50%. The exact reflectance at each wavelength 

depends on factors such as leaf pigment concentrations (e.g., chlorophyll) and 

canopy structure (e.g., leaf arrangement and layering). 

 

In recent years, technological advancements have revolutionised the way we 

measure leaf area. Surface reflectance data captured by moderate-resolution sensors have 

been employed in the generation of several global LAI products  [60], [61], and these 

products have been extensively validated using field measurements and upscaled high-

resolution LAI reference maps [62], [63]. 

3.2.2.3 Methods for Retrieval  in Remote Sensing Retrieval of LAI 
One of the indirect methods to measure the LAI is the use of RTMs that simulate the 

reflectance signal of the canopy. Obtaining  the crops parameter from the simulated signal 

can be done by employing different inversion techniques , the most common ones are: 

 

(i)  inversion based on cost functions [64] 

(ii)  hybrid regression method [65]. 

 

Hybrid retrieval strategies dominate a combination of RTM, providing physical 

ÊÖÕÚÛÙÈÐÕÛÚɯÈÕËɯËÖÔÈÐÕɯÒÕÖÞÓÌËÎÌȮɯÞÐÛÏɯÍÈÚÛɯÈÕËɯŘÌßÐÉÓÌɯ,+ɯÙÌÎÙÌÚÚÐÖÕɯÈÓÎÖÙÐÛÏÔÚȭɯ

Typically,  conventional single models are being used, whereas the development of DL 

models has not yet been applied frequently [43], [66].  

Two widely used RTMs in vegetation modelling studies are the leaf optical 

properties model PROSPECT and the Scattering by Arbitrarily Inclined Leaves SAIL. The 
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function  of canopy reflectance, mainly related to leaf biochemical contents, with its 

directional variation, primarily related to canopy architecture and soil/vegetation contrast.  

This modelling scheme, called PROSAIL, can be used to establish training databases 

composed of vegetation properties (input ), and simulated spectral signals (output ), also 



known as look-up tables (LUT). Extending this idea to the framework of a hybrid approach, 
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database, to learn relations between input and output. Finally, the established retrieval 

models can be applied over satellite scenes to map vegetation functional traits in a fast 

manner Figure 3-2.  

 

 
Figure 3-2 PROSAIL inversion method with ML. 

 

The PROSAIL signal can be very similar to HS satellite data. The only difference is 

that the signal of sensors can contain noise as we can see in Figure 3-3 where we compare 

PRISMA crops signal with a simulated PROSAIL one. 

 
Figure 3-3 PRISMA signal compared to PROSAIL simulated one. 



3.2.2.4 PROSPECT and SAIL models 
The PROSAIL model, integrating the PROSPECT leaf optical properties model and 

the SAIL canopy bidirectional reflectance model, has been a cornerstone in plant canopy 

spectral and directional reflectance analysis within the solar domain for over sixteen yea rs 

[66], [67]. Its enduring application has significantly contributed to the development of novel 

methodologies for retrieving vegetation biophysical properties across various scales, 

benefiting fields such as agriculture, plant physiology, and ecology. Over time, PROSAIL 

has evolved to incorporate a broader range of input parameters, expanding to a total of 16 

(detailed in Table 3-2). This expansion has notably enhanced its capacity to simulate canopy 

reflectance with greater accuracy and flexibility.  

Table 3-2 PROSAIL model input parameters 

Parameter Description Unit 
Model 

Versions 

N Leaf structure parameter - Prospect (all) 

C_Cab Leaf Chlorophyll a+b content µg cm -̂2 Prospect (all) 

C_W Leaf Equivalent Water Thickness (EWT) cm Prospect (all) 

C_m Leaf Mass per Area g cm -̂2 Prospect (all) 

C_car Leaf Carotenoids content µg cm -̂2 Prospect 5 

C_Brown Leaf Brown Pigments parameter - Prospect 5b 

C_anth Leaf Anthocyanins content µg cm -̂2 Prospect D 

LAI Leaf Area Index m^2 m -̂2 4SAIL 

LIDF or ALIA Leaf Inclination Distribution Function  Deg 4SAIL 

Hspot Hot Spot size parameter - 4SAIL 

ˊψǎƻƛƭ Soil Reflectance - 4SAIL 

P_soil Soil Brightness Parameter - 4SAIL 

SZA Sun Zenith Angle Deg 4SAIL 

OZA Observer Zenith Angle Deg 4SAIL 

rAA relative Azimuth Angle Deg 4SAIL 

skyl Ratio of diffuse to total incident radiation - 4SAIL 

 

PROSPECT: Modeling Leaf Optical Properties  
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ÔÖËÌÓɂ[68]. Unlike SAIL, PROSPECT does not directly simulate the canopy. Instead, it 

focuses on modeling leaf-level optical properties.  The initial version of PROSPECT 

simulated these properties based on three key input parameters [69]: 

 

¶ N: The internal structure parameter of the leaf mesophyll.  

¶ C_Cab: Chlorophyll a + b concentration.  

¶ C_W: Leaf water content. 

 

Subsequent versions of PROSPECT have expanded its capabilities by incorporating 

additional parameters to enhance its accuracy and realism. These include: 

 

¶ C_m (or LMA):  Dry matter content or Leaf Mass per Area. 



¶ C_Brown (or Cbp):  Brown pigments.  

¶ C_car (or Ccx): Total carotenoid content. 

 

Significant advancements in PROSPECT include: 

 

¶ PROSPECT-D (2017) [70]: This version introduced a recalibration of specific 

absorption coefficients (SAC) for each pigment and added C_anth (Canth):  leaf 

anthocyanin content as a new parameter. 

¶ PROSPECT-PRO (2021) [71]: The latest iteration, PROSPECT-PRO, further refines 

the model by separating nitrogen -based constituents (proteins) from CBC (including 

cellulose, lignin, hemicellulose, starch, and sugars), providing a more detailed 

representation of leaf biochemical components. 

 

SAIL: Modeling Canopy Bidirectional  
The SAIL RTM, the second key component of PROSAIL, builds upon the 1-D model 

developed by Suits [72] to simulate the bidirectional reflectance of a plant canopy. A key 

distinction from simpler models is that SAIL does not treat the canopy as isotropic. Instead, 

it acknowledges the anisotropic nature of vegetation.  SAIL achieves this by: 

 

¶ Leaf Inclination Distribution Function (LIDF):  Modeling the directional 

distribution of leaves using the LIDF, which accounts for the fact that leaves within 

a canopy are generally not uniformly oriented but inclined at various angles.  

¶ Incorporating PROSPECT Outputs:  Utilizing leaf reflectance and transmittance 

values derived from PROSPECT as essential inputs [67], [72], [73]. 

¶ Accounting for Viewing Geometry:  Including information about viewing 

geometries, specifically sun and sensor (observer) zenith angles (SZA and OZA) and 

the relative azimuth angle between them (rAA).  

 

The most recent version, the speed-optimized hybrid two -layer version 4SAIL , 

incorporates further refinements. 4SAIL enhances the model by: 

 

¶ Improved Hot Spot and Clumping Effect Modeling : Providing more accurate 

representation of these canopy reflectance phenomena. 

¶ Corrected Canopy Absorbance Output : Improving the accuracy of simulated 

canopy absorbance. 

¶ Additional Parameters for Forest Analysis:  Including crown cover and tree shape 

factor, making it more suitable for forest ecosystem studies [74]. 

 

3.2.2.5 Limitations of PROSAIL Model and Inversion  
Despite its advancements, the PROSAIL model and its application in inversion 

processes are subject to certain limitations. These limitations can impact the stability and 

accuracy of retrieved parameters: 



¶ Parameter Instability due to Equifinality:  Different combinations of input 

parameters can yield similar simulated reflectivity values [75]. This equifinality can 

lead to instability in inversion results, making it challenging to uniquely determine 

the correct parameter set. 

¶ Influence of Measurement Geometry:  Reflectance measurements acquired with 

similar geometric configurations tend to exhibit autocorrelation, while random noise 

can be linked to vegetation structure [76]. This geometric dependency needs careful 

consideration. 

¶ Viewing Angle Dependency in ML  Applications:  While simulating a Look -Up 

Table (LUT) with a fixed viewing angle can simplify ML  training, the resulting 

algorithms may be restricted to images acquired with the same viewing angle as the 

LUT. 

¶ Redundancy and Noise with Multiple Observation Directions:  Incorporating 

observations from multiple directions, while seemingly beneficial, can introduce 

redundant information and amplify noise in the input data. This can paradoxically 

increase uncertainty in parameter retrieval [77]. 

¶ Local Minima in Inversion Optimization:  Iterative optimization techniques used in 

the inverse process may converge to a local minimum rather than the global 

minimum [78]. This can lead to inaccurate parameter estimations. 

 

These factors collectively highlight potential challenges in achieving high accuracy 

in LAI and other biophysical parameter inversions using PROSAIL, emphasizing the need 

for careful consideration of these limitations in practical applications.  

3.2.3 Topsoil Properties  

3.2.3.1 Key Properties and Their Importance 

Soil Organic Carbon (SOC)  
 SOC is the carbon stored within the organic components of soil. It originates from 

the decomposition of plant and animal residues, microbial activity, and the stabilization of 

organic matter within soil particles. SOC is typically quantified as mass per u nit mass of soil 

(g/kg or %). 

As a fundamental component of SOM, SOC exerts a significant influence on soil's 

physical, chemical, and biological characteristics. Comprising roughly 58% of SOM by 

weight, SOC serves as a crucial metric for estimating a soil's organic matter content [49]. Its 

importance lies in several key areas [79], [80], [81]: 

 

¶ Improved Soil Structure:  SOC enhances soil aggregation, making it more resistant 

to erosion and promoting improved root development.  

¶ Enhanced Water Retention:  SOC increases the soil's capacity to hold water, making 

it more available for plants.  

¶ Regulated Nutrient Cycling:  SOC plays a critical role in nutrient cycling processes 

within the soil.  



¶ Carbon Sequestration:  SOC is a vital component of terrestrial carbon storage, 

contributing to climate change mitigation.  

It plays a key role in improving soil structure, enhancing water retention, regulating 

nutrient cycling, and contributing to carbon sequestration. SOC strengthens soil 

aggregation, making it more resistant to erosion and promoting better root development  

[79], [80], [81].  

Furthermore, a strong positive correlation exists between SOC content and soil 

nutrient availability. SOM acts as a reservoir for essential plant nutrients, particularly 

nitrogen and phosphorus. While nutrients like potassium are more closely tied to soil 
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Capacity (CEC). This increased CEC improves the soil's ability to retain and exchange 

essential nutrients, making them more accessible to plants. 

 

Impact of Land Management on SOC  
Land management practices have a direct and substantial impact on SOC levels. 

 

¶ Depletion of SOC:  Practices like deforestation, intensive agriculture, and 

overgrazing can lead to SOC depletion. This depletion degrades soil fertility and 

structure, making soils less productive and more vulnerable to degradation.  

¶ Maintenance and Enhancement of SOC:  Conversely, sustainable land management 

practices are crucial for maintaining or increasing SOC levels. These beneficial 

practices include:  

o Conservation tillage  

o Organic farming  

o Cover cropping  

o Composting  

o Afforestation  

 

Adopting these sustainable approaches improves overall soil health and enhances 

soil resilience to the adverse effects of climate change [79], [80], [81]. 

 

Soil Texture and SOC Retention  
Soil texture, determined by the relative proportions of sand, silt, and clay (as 

illustrated in Figure 3-4, the USDA Soil Texture Triangle), significantly affects SOC retention 

and decomposition rates. Fine-textured soils (clay and silt) exhibit a greater capacity to 

retain both nutrients and water. This enhanced retention creates favourable conditions for 

microbial activity and plant growth. These soils also promote SOC stabilization through 

multiple mechanisms:  

¶ Physical Protection:  Organic matter becomes physically trapped within soil micro -

aggregates (ranging from 50 to 250 µm), effectively increasing its residence time 

within the soil [82], [83]. 

¶ Chemical Protection:  SOC forms bonds with fine mineral particles, which reduces 

its rate of decomposition by microorganisms [84], [85]. 



¶ Pore Size Distribution:  The smaller pore sizes characteristic of fine-textured soils 

physically limits  the access of microorganisms to SOC, further slowing down its 

breakdown. In contrast, coarse-textured soils are generally better aerated. The higher 

oxygen availability in these soils leads to a more rapid decay of organic matter [86], 

[87], [88]. 

 

However, it is important to note that while finer -textured soils generally support 

higher SOC levels, soil texture alone is not always a reliable predictor of SOC stocks [86], 

[87], [88]. Factors such as climate, land use history, and specific management practices also 

play crucial roles in determining SOC variability [89]. 

 
Figure 3-4 United States Department of Agriculture USDA Soil Texture Triangle. 

3.2.3.2 Methods for SOC Measurement 

Traditional Laboratory Analysis of SOC  
Traditional laboratory analysis remains the gold standard for accurate SOC 

quantification. Common methods include:  

 

¶ Dry Combustion (Elemental Analysis):  This highly accurate method involves 
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emissions released during combustion are precisely measured to determine the SOC 

content. 

¶ Loss on Ignition (LOI):  LOI estimates organic matter content indirectly. It measures 

the weight loss of a soil sample after it is heated to high temperatures (typically 

between 500ɬ600°C). The weight loss is attributed to the combustion of organic 

matter. 

¶ Wet Oxidation (Walkley -Black Method):  In the Walkley -Black method, SOC is 

oxidized using a solution of potassium dichromate and sulfuric acid. The amount of 

remaining dichromate is then titrated to estimate the carbon content. It is important 

to note that this method may underestimate SOC content as it can result in 

incomplete oxidation of the organic carbon.  



 

Soil Spectroscopy for SOC Estimation  
Soil spectroscopy has emerged as an alternative to traditional soil sampling and 

laboratory analysis for SOC estimation[90], [91], [92], [93], [94], [95] . This technique 

leverages the fact that biochemical components of Organic Matter (OM), such as 

chlorophyll, cellulose, starch, oil, pectin, lignin, and humic acids [96], have characteristic 

spectral signatures in the Visible Near-Infrared (VNIR) and Short -Wave Infrared (SWIR) 

spectral regions. 

Spectroscopic techniques offer a rapid and non -destructive means of assessing both 

SOC and soil texture. They achieve this by analyzing the soil's reflectance properties across 

different spectral region  (Figure 3-5) [97], [98], [99], [100], [101], [102], [103], [104], [105]: 

 

¶ Visible (VIS) region (550ɬ700 nm). 

¶ Near-Infrared (NIR) region (850 nm) . 

¶ Short-Wave Infrared (SWIR) region (1700ɬ1900 nm and 2100ɬ2400 nm).  

 

 
 

 

Figure 3-5 The reflectance of three samples with a large range in SOC content. Besides the 

overall decrease in reflectance with an increase in SOC, the shape of the spectral signature also varies. 

(Adapted from [105]) 

 

3.2.3.3 Methods for Retrieval in Remote Sensing 
Estimating soil properties, including texture, soil moisture  (SM) content, and organic 

matter (OM), from optical RS data has been extensively studied using multivariate methods. 

Multispectral data acquired by satellites like Sentinel -2 and the Gaofen (GF) series have 

demonstrated effectiveness in estimating soil properties, particularly SOC [13], [106], [107], 

[108], [109], [110], [111]. However, the practical application of multispectral data is often 

limited to specific, relatively homogeneous test areas characterized by bare soil conditions, 

such as seedbeds. 

While multispectral RS has been widely adopted for general soil characterization, the 

potential of HS data for operational agricultural soil mapping remains relatively 

underexplored  [112], [113]. A primary challenge in topsoil property estimation lies in 

minimizing the influence of various disturbing factors, even at the subpixel level within RS 

images. The requirement for nearly ideal soil conditions (bare soil, minimal atmospheric 

interference) significantly restricts the time window available for acquiring useful imagery 

[13]. Furthermore, the broad spectral band passes inherent to multispectral sensors limit 



their capacity to capture the fine-scale spectral features associated with soil chromophores. 

This limitation is particularly pronounced in the SWIR spectral range, which is crucial for 

detecting certain soil properties. 

 

Advantages of Hyperspectral Data  
The increasing availability of current and upcoming HS missions, such as GF-5, 

PRISMA, EnMAP, and HysUI, offers significant advantages for soil property retrieval. HS 

sensors provide: 

¶ Higher Spectral Resolution:  Capturing more detailed spectral information across a 

wider range of wavelengths.  

¶ Improved Signal -to-Noise Ratio (SNR) in the SWIR region:  Enhancing the ability 

to detect subtle spectral features in the SWIR range, which is highly sensitive to soil 

properties. 

 

These improvements enable more accurate estimation of key soil variables compared 

to what is achievable with traditional multispectral sensors. Recent research studies have 

consistently shown that HS data outperforms multispectral data in retrieving crucial soil 

parameters, including Clay, Sand, and, most notably, OM content  [25]. Looking ahead, 

future HS missions, such as NASA SBG, ESA CHIME, and ASI PRISMA-2G, are anticipated 

to further enhance the retrieval accuracy and generalizability of soil parameter estimations, 

making them more robust and widely applicable.  

 

Approaches to Soil Property Retrieval  
A diverse range of approaches are employed to retrieve soil properties from EO data. 

These methods span from simple spectral indices and continuum removal  (CR) techniques 

to sophisticated multivariate statistical and ML methodologies. These approaches can be 

broadly categorized as: 

 

¶ Spectral-Based Methods: These methods directly utilize the spectral reflectance 

properties of soil.  

o Spectral indices:  Leverage soil scattering characteristics to derive indices 

directly related to specific soil properties.  

o Absorption features:  Utilize specific absorption features in the soil reflectance 

spectrum, which are intrinsically linked to soil chemical composition. 

Techniques like CR are often employed to enhance and analyze these subtle 

absorption features. 

¶ Multivariate Statistical Methods:  These methods utilize statistical techniques to 

relate spectral data to soil properties. 

o Principal Component Analysis (PCA) and Partial Least Squares Regression 

(PLSR): These are commonly applied multivariate statistical techniques to 

infer soil properties directly from spectral data [25], [91], [113]. 

o Machine Learning Regression Algorithms (MLRA):  MLRA  are increasingly 

being applied to estimate various soil properties. MLRA methods have 



demonstrated improved accuracy and enhanced adaptability across diverse 

environmental conditions compared to traditional statistical methods  [13], 

[25], [95], [114]. 

o Semi-empirical Approach:  This approach represents a hybrid methodology 

that integrates RTMs with empirical data. By incorporating RTMs, these 

methods enhance the accuracy of soil property retrieval by explicitly 

accounting for the underlying physical processes governing soil reflectance 

[115], [116]. 

 

3.2.3.4 Limitations Affecting Retrieval  
The applicability of these soil retrieval methods, particularly remote sensing-based 

approaches, has been historically limited to relatively small geographic areas. The accuracy 

of retrievals is also sensitive to several environmental factors, including illumination and 

viewing geometries, atmospheric conditions, and the spectral and spatial resolutions of the 

sensor used. Key environmental factors that can significantly impact the accuracy of soil 

property retrieval from RS data include: 

 

1. Vegetation Cover  [13]: The presence of vegetation, whether Photosynthetic 

Vegetation (PV) or Non-Photosynthetic Vegetation (NPV), acts as a major obscuring 

factor, limiting the direct observation of the soil surface and diluting the soil signal 

in remotely sensed data. 

o Spectral Interference:  Two primary organic compounds present in 

vegetation, lignin (characterized by absorption features between 1600 and 

1800 nm and at 2100 nm) and cellulose (with absorption at 2100nm), can 

spectrally interfere with soil signals, especially in the SWIR region , where 

many soil properties are also spectrally active. 

o Mitigation Strategies: Researchers are actively exploring spectral index 

thresholds and spectral unmixing techniques [13]. These methods aim to 

effectively isolate the bare soil contributions from mixed pixels containing 

both soil and vegetation, allowing for more accurate soil property estimation 

even in partially vegetated areas. 

2. Soil Moisture (SM ): SM is another critical environmental variable that significantly 

influences soil reflectance and complicates soil property retrieval . 

o Reduced Reflectance: High SM content generally leads to a reduction in 

overall soil reflectance, particularly in the NIR spectral region. This effect can 

mask or distort spectral features related to other soil properties . 

o Absorption Features:  Water itself has strong absorption features at specific 

wavelengths, notably around 1400 nm and 1900 nm. These water absorption 

bands can spectrally interfere with and complicate the estimation of SOC and 

other soil constituents that also have spectral features in these regions [100], 

[101], [102], [103], [104], [117].  

o Methods such as the Radiative Transfer Model MARMIT  [118], 

mathematical corrections like External Parameter Orthogonalization (EPO)  



[119], [120], [121], [122] and Direct Standardization  [123] improve SM 

differentiation.  

3.2.4 Machine Learning Regression Algorithms  

This section provides an overview of supervised ML  regression algorithms 

commonly employed for soil parameter retrieval and Look -Up Table (LUT) inversion. It 

highlights the key methods explored within this study.  

3.2.4.1 Ordinary Least Square Linear Regression (OLS) 
Regression analysis is a statistical method used to model the relationship between 

one or more independent variables (predictors ) and a dependent variable (response). 

Ordinary Least Squares Linear Regression (OLS) is a fundamental regression technique that 

fits a linear model to data by finding the coefficients that minimize the sum of squared 

differences between the observed and predicted values. 

 

Mathematical Formulation  
The linear relationship is represented by Equation (5). 

ώ ‍ὼ ‍ (5) 

Where: 

¶ Y is the dependent variable (target), 

¶ x is the independent variable (features),  

¶ ‍ are the model coefficients, 

¶ Ὥ represents the index of the independent variables (features/wavelengths). 

 

Objective  
.+2ɯÈÐÔÚɯÛÖɯÍÐÕËɯÛÏÌɯÊÖÌÍÍÐÊÐÌÕÛÚɯȹϕȺɯÛÏÈÛɯÔÐÕÐÔÐáÌɯÛÏÌɯ1ÌÚÐËÜÈÓɯ2ÜÔɯÖÍɯ2ØÜÈÙÌÚɯȹ122ȺȮɯ

as shown in Equation (6) This means minimizing the total squared difference between the 

actual observed target values and the target values predicted by the linear model. 

 

ÍÉÎᴁὼ‍ ώᴁ (6) 

3.2.4.2 Partial Least Square Regression (PLSR) 
Partial Least Squares Regression (PLSR) is a linear multivariate statistical method 

particularly useful for analyzing datasets with high dimensionality and multicollinearity 

among predictors [117]. It combines principles from PCA and Multiple Linear Regression 

(MLR). 

 

Core Principles  
The PLSR model operates by: 

1. Dimensionality  Reduction:  Generating orthogonal (uncorrelated) weight vectors 

that maximize the covariance between the explanatory variables (X) and the response 



variables (Y). This reduces the dimensionality of the predictor variables while 

retaining the information most relevant to predicting the response.  

2. Latent Variables:  Transforming the original predictors (x 1,...,xp) into a smaller set of 

uncorrelated latent variables (z1, ... zm), where m is less than p. These latent variables 

(also known as PLS factors) are weighted linear combinations of the original 

predictors. 

 

Mathematical Formulation  
1) Latent Variable Creation (Equation (7)): 

ᾀ ᶮ ὼ

 

 (7) 

Where: 

 

o zm : The i-th observation of the m-th latent variable . 

o xi : The i-th observation of the j-th original predictor variable.  

o jɲm : The weight for the j -th original predictor in the m -th latent variable.  

 

2) Linear Regression on Latent Variables (Equation (8)): The linear regression model is 

then fitted using these latent variables (PLS factors) in an orthogonal space (m). 

ώ ʃ ʃᾀ ʀ (8) 

Where: 

 

o i= 1,...n: Index for observations. 

o ϛ0: the regression intercept. 

o ϛm: the regression coefficient for each of the PLS factor z across n observations. 

o ᾀ : the i-th observation of the m-th PLS factor. 

o y i: the response variables for the i -th observation. 

o Ϙi: the residuals for the i -th observation.  

 

3.2.4.3 Epsilon-Support vector regression (SVR) 
Epsilon-2Ü××ÖÙÛɯ 5ÌÊÛÖÙɯ 1ÌÎÙÌÚÚÐÖÕɯ ȹϘ-SVR) is a powerful ML  algorithm for 

regression tasks, particularly effective in modeling non -linear relationships.  

 

Core Principles  
SVR is an extension of Support Vector Machines (SVM) whose idea is to find a 

maximum marginal hyperplane(MMH) that best divides the dataset into classes.  

The basic idea behind SVR is to solve the linear regression problem by non-linearly 

mapping the input data into a higher -dimensional  feature space. To describe the non-linear 

relationship between a feature (xi) and target variable (y i), an appropriate function f (x) , the 

hyperplane, must be constructed. 

 

https://www.sciencedirect.com/topics/engineering/feature-space


Mathematical Formulation  
The hyperplane is shown in Equation (9): 

Ὢὼ ύ Ͻʒὼ ὦ (9) 

where: 

 

o ϯȹßi) is a nonlinear transform function that maps x into a feature space 

o w is the weight vector  

o b is the bias 

 

w and b are estimated by minimizing the so -called regularized risk function, as 

shown in the following Equation (10). 

Ὑύ
ρ

ς
ᴁύᴁ ὅ ὒ ώȟὪὼ  (10) 

Where: 

o C is the penalty coefficient 

o ᴁύᴁ is the regularization term  

o LϘ(y i,f(x i)) ÐÚɯÛÏÌɯϘ-insensitive loss function  

3ÏÌɯϘ-insensitive loss function (Equation (11)) defines ÏÖÞɯÌÙÙÖÙÚɯÈÙÌɯ×ÌÕÈÓÐáÌËɯÐÕɯϘ-

SVR: 

ὒ ώȟὪὼ ÍÁØπȟȿώ Ὢὼȿ ʀ (11) 

'ÌÙÌȮɯϘɯÙÌ×ÙÌÚÌÕÛÚɯÛÏÌɯÈÓÓÖÞÈÉÓÌɯÌÙÙÖÙɯÛÏÙÌÚÏÖÓËȭɯ(ÍɯÛÏÌɯÈÉÚÖÓÜÛÌɯdifference between 

ÛÏÌɯ×ÙÌËÐÊÛÌËɯÈÕËɯÛÈÙÎÌÛɯÝÈÓÜÌɯÐÚɯÞÐÛÏÐÕɯϘȮɯÛÏÌɯÓÖÚÚɯÐÚɯáÌÙÖȮɯÐÔ×ÓàÐÕÎɯÕÖɯ×ÌÕÈÓÛàȭɯ.ÛÏÌÙÞÐÚÌȮɯ

ÈɯÓÐÕÌÈÙɯ×ÌÕÈÓÛàɯÐÚɯÈ××ÓÐÌËɯ×ÙÖ×ÖÙÛÐÖÕÈÓɯÛÖɯÛÏÌɯÌÙÙÖÙɯÌßÊÌÌËÐÕÎɯϘ. The Ϙ-tube  defines a region 

around the predicted regression function where errors are tolerated without incurring any 

loss. To solve the optimization boundary  (Equations (12) & (13)): ÛÞÖɯÚÓÈÊÒɯÍÈÊÛÖÙÚɯϡǶɯÈÕËɯ

ϡǸɯÈÙÌɯÐÕÛÙÖËÜÊÌËɯFigure 3-6: 

άὭὲÆ×ȟ‚ȟ‚
ρ

ς
ᴁύᴁ ὅ ‚ȟ‚ײ  (12) 

Subject to 
ώ ×ẗ•Ø ὦ ‐ ‚ȟ‚ π

×ẗ•Ø ὦ ώ ‐ ‚ȟ‚ π
 

(13) 

 
Figure 3-6 The soft margin loss setting for a linear SVM (from [124]) 

https://www.sciencedirect.com/topics/engineering/weight-vector


The approximate regression function in terms of kernel functions is derived  in 

(Equation (14)): 

Ὢὼ ‬ײ ‬ +ØȟØ ὦ (14) 

Where: 

¶ K(x i, xj) is the kernel function , determines the relationship for each couple of 

features xi, xj. 

This is done by formulating a Lagrangian function H and solving the optimization 

problem under the constraints (Equations (15) & (16)). The objective is to find the best-fitting 

curve to the data, but two things  need to be balance: making the curve fit the data closely 

and keeping the curve simple. The Lagrangian function can be defined as a sum of three 

terms: 

1. В Вײ ‬ײ ‬ ‬ ‬ +ØȟØ : this represents the regularization 

term, encourages the algorithm to find a smoother, more general solution. 

2. В ‬ώײ ‬ : this represents the error term, encourages the algorithm to 

find a regression function that accurately predicts the target values  ώ. 

3. ‐В ‬ώײ ‬ : this is related ÛÖɯ ÛÏÌɯ Ϙ-insensitive loss function , 

encourages the algorithm to find a regression function that fits the data within 

ÛÏÌɯϘ-tube. 

For each data point (x, y ), the values of ‬ȟ‬ (Lagrange multipliers ) indicate how 

much that particular point's deviation from the Ϙ-tube affects the regression function. ‬  is 

ÙÌÓÈÛÌËɯÛÖɯÛÏÌɯÌÙÙÖÙɯÖÍɯÈɯ×ÖÐÕÛɯÛÏÈÛɯÓÐÌÚɯÈÉÖÝÌɯÛÏÌɯÜ××ÌÙɯÔÈÙÎÐÕɯȹÛÏÌɯϘ-tube), ‬  of a point 

that lies below the lower margin .  

 

άὥὼὌ‬ȟ‬
ρ

ς
ײ ‬ײ ‬ ‬ ‬ +ØȟØ 

‬ώײ ‬ ‐ ‬ώײ ‬

 (15) 

Subject to 

‬ײ ‬ πȟ‬ȟ‬ ᶰπȟ# 
(16) 

 

Kernel Functions  
In this study, both Linear and Radial Basis Function (RBF) kernels (Equation (17)) are 

tested to evaluate their impact on the model performance: 
+ÐÕÌÈÙ ɯȯɯὑØȟØ ØẗØ

1ÈËÐÈÓ !ÈÚÐÚ %ÜÕÊÛÐÖÕ ȡὑØȟØ ÅØÐ 
ᴁØ Øᴁ

ς„

 (17)ɯ 

  



3.2.4.4 Gaussian Process Regression (GPR) 
GPR is a non-parametric, probabilistic ML  approach used for both regression and 

classification. Unlike parametric methods that assume a fixed functional form, GPR directly 

models the probability distribution over possible functions.  

 

Core Principles  
GPR is based on the concept of a Gaussian Process, which is defined as a collection 

of random variables where any finite subset has a joint Gaussian distribution [125] :A GPR 

is fully specified by its:  

 

¶ Mean function:  Representing the average predicted value . 

¶ Covariance (Kernel) function:  Measuring the similarity between input features. This 

kernel function is crucial as it determines the shape and properties of the function 

space that GPR can model, allowing it to capture complex relationships. 

 

GPR is trained within a Bayesian framework. It starts with a prior distribution over 

functions, representing initial beliefs about the function. This prior is then updated using 

the observed data to obtain a posterior distribution, which represents the ref ined beliefs 

about the function after seeing th 

e data. Both the prior and likelihood are typically modeled as Gaussian distributions 

in GPR [126]. 

 

Mathematical Formulation  
The objective is to learn a function Ὢ that predicts the unknown target variables (y) 

from a given set of input features x. This is modeled as an additive noise process (Equation 

(18): 
ώ Ὢὼ ‭ (18) 

Where: 

 

o Ὢὼ: The underlying, unknown function we want to learn.  

o ‭ȡ Additive noise, assumed to follow a normal distribution with zero mean 

and variance and variance „ὲ (Equation (19). 

 
‭Ḑﬞ πȟ„ Ȣ (19) 

The joint distribution of the observed target values and the unknown function values 

Ὢz  is given by: 

ώ

Ὢz
Ḑﬞ πȟ

ὑ „Ὅ ὑz

ὑz ὑzᶻ
 

(20) 

Where: 

 



o K Covariance matrix for training inputs (N x N), with elements k(x♯, x) 

representing similarity between training feature values . 

o K  zis the covariance matrix between the training inputs and the test inputs, 

with elements Ὧ(ὼὭ,ὼz). 

o Kᶻ z is the covariance matrix of the test inputs, containing Ὧ(ὼz,ὼz), which 

represent the variances among test feature values. 

 

If the dataset has N training points, then the matrix K is a N×N matrix. Similarly,  if 

there are ὔz  test data points then the K  zis a ὔ×ὔz matrix.  

The posterior predictive distribution, which describes the distribution of the target 

variable for new, unseen inputs, is obtained by conditioning the joint distribution on the 

observed data. This results in another Gaussian distribution (Equation (21)): 

Ὢz ὢ᷄ȟώȟὢz ḑﬞ Ὢzȟɫz  (21) 

Where: 

¶ Ὢz represents the mean of the predictive distribution, providing the point estimate of 

the target variable being retrieved. 

¶ ɫz represents the covariance of the predictive distribution, quantifying the 

uncertainty in the estimate.  

 

Predictive Mean and Variance 
An important advantage of GPR is its ability to provide an uncertainty estimate, 

making it preferable for prediction tasks where understanding model confidence is 

essential. The mean and variance of the predictive distribution are given by (Equation (22)):  

 

Ὢz ὑz ὑ „Ὅ ώ

ɫz ὑzᶻ ὑz ὑ „Ὅ ὑz
 

(22) 

 

These expressions highlight that the predictive mean is a linear combination of the 

observed targets, rather than the inputs themselves. 

 

Kernel Functions  
The choice of covariance or kernel function is critical in GPR as it defines the 

similarity measure and dictates the model's ability to learn different patterns. Common 

kernel types include:  

¶ Stationary kernels:  Similarity depends only on the distance between input points 

(e.g., RBF kernel). 

¶ Dot -product kernels:  Similarity depends on the dot product of input points (e.g., 

Linear kernel). 

¶ Non -stationary kernels:  Similarity depends on the specific location in the input 

space. 

The role of these covariance or kernel functions is to capture the underlying linear 

and non-linear relationships among the features. During this study, we applied both linear 



and non-linear kernels have individually to understand their performances on the features  

(Equation (23)). 

 
+ÐÕÌÈÙɯȯɯὑØȟØ ØẗØ

1ÈËÐÈÓ !ÈÚÐÚ %ÜÕÊÛÐÖÕɯȡὑØȟØ ÅØÐ 
ᴁØ Øᴁ

ς„

 

(23) 

  

Kernel Hyperparameter Optimization  
Selecting an appropriate kernel and optimizing its hyperparameters is crucial for 

GPR performance. Hyperparameters control the shape and scale of the kernel function, 

influencing the model's flexibility and generalization ability. A common approach for 

optimization is maximizing the log marginal likelihood (Equation (24)), also known as the 

evidence: 

 
ÌÏÇ ὴώ —᷄ȟ„ ÌÏÇ ﬞ ώ π᷄ȟὑ „Ὅ (24) 

where — represents the set of model hyperparameters that need to be optimized. 

So the optimal set of hyperparameters —ᶻ will be (Equation (25)): 

 
—ᶻ  ÁÒÇÍÁØ ÌÏÇ ὴώ᷄ —ȟ„  (25) 

3.2.4.5 Random Forest (RF) 
Random Forest (RF) is a powerful ensemble learning method that improves 

prediction accuracy and robustness by combining multiple decision trees. It utilizes 

Bootstrap Aggregating (Bagging) to reduce variance and enhance generalization. 

 

Ensemble Learning and Bagging:  
Ensemble learning combines multiple "base learners" (individual models) to create a 

stronger, more accurate predictive model. Key ensemble methods include: 

 

¶ Bagging (Bootstrap Aggregating):  

o Trains multiple models independently, typically decision trees.  

o Each tree is trained on a random subset of the training data, sampled with 

replacement (bootstrapping).  

o Predictions from individual trees are aggregated (averaged for regression, 

majority voted for classification) to obtain the final prediction.  

o RF is a prominent example of a bagging algorithm.  

¶ Boosting:  

o Sequentially builds models, with each new model focusing on correcting 

errors of previous ones. 

o Assigns higher weights to misclassified samples, forcing subsequent models 

to concentrate on difficult examples.  

o Examples: AdaBoost, Gradient Boosting, XGBoost. 



¶ Stacking:  

o Combines predictions from multiple diverse base models using a "meta -

model." 

o The meta-model learns to optimally weigh and combine the base model 

predictions.  

o Aims to leverage the strengths of different model types.  

 

Core Principles  
The core idea of the RF algorithm is to grow a large number of decorrelated decision 

trees and aggregate their predictions to enhance robustness and accuracy. A Decision Tree 

for regression is a model that predicts numerical values using a tree-like structure  [127]. It 

splits data based on key features, starting from a root question and branching out. Each 

node asks about a feature, dividing data further until reaching leaf nodes with final 

predictions. The key steps in the RF algorithm are: 

 

1) Bootstrapping:  

¶ Create multiple bootstrap samples: Random subsets of the training data are drawn 

with replacement.  

¶ Train individual trees: Each bootstrap sample is used to train a separate decision tree. 

2) Random Feature Selection: 

¶ Feature subset at each split: When growing each tree, at each node split, only a 

random subset of features is considered for splitting.  

¶ Diversity and decorrelation: This random feature selection reduces correlation 

between trees, increasing the diversity of the forest and improving generalization.  

3) Tree Growth: 

¶ Full tree growth: Decision trees are typically grown deeply and without pruning in 

RF, allowing for complex models.  

4) Aggregation:  

¶ Regression: For regression tasks, the final prediction is the average of the predictions 

from all trees in the forest. 

¶ Classification: For classification tasks, the final prediction is determined by majority 

voting. The class predicted by the most trees is selected. 

  



 

3.2.4.6 Domain Adaptation  
Domain Adaptation is a specialized subfield of Transfer Learning. It addresses 

scenarios where the statistical properties of data differ between the source domain (where 

a model is trained) and the target domain (where the model is applied). The primary go al 

is to enable a model trained on the source domain to generalize effectively to the target 

domain despite these differences in data distributions [128]. 

 

Distinction from Active Learning  
Domain adaptation is distinct from Active Learning [65]. While Active Learning 

focuses on efficiently labeling the most informative samples to improve model performance 

within the same data distribution, Domain Adaptation tackles the challenge of 

distributional shift between training and application data.  

 

Transfer AdaBoost for Regression (TrAdaBoostR2)  
In this study, Transfer AdaBoost for Regression (TrAdaBoostR2) [128], [129] is used. 

It is a supervised, instance-based domain adaptation method tailored for regression tasks. 

TrAdaBoostR2 operates on a reverse boosting principle: during each boosting iteration, it 

assigns decreasing weights to poorly predicted source instances while increasing the 

weights of target instances. This iterative reweighting mechanism enables the model to shift 

its focus towards accurately predicting target domain samples, making it particularly 

effective when only a small amount of labelled target data is available. 

TrAdaBoostR2 is a variant of the AdaBoost  algorithm designed for transfer learning, 

particularly in regression tasks. The goal is to improve the performance of a model when 

the target domain has limited data, but there is ample data from a related source domain. 

The "R2" refers to its focus on regression, as opposed to classification. AdaBoost (Adaptive 

Boosting) is an ensemble learning technique that combines weak learners (usually decision 

trees) to form a strong model. It assigns weights to training examples, emphasizing those 

that are misclassified by previous learners. These weights are adjusted after each iteration, 

focusing the model on the harder examples.  



4 ,ÌÛÏÖËÖÓÖÎà 

This section details the methodology employed in the study, encompassing the study 

area locations and data collection procedures for both field measurements and RS data. 

4.1 Study Area and Data Collection  

Field data collection was conducted across three distinct locations in Italy, 

strategically chosen to represent diverse agricultural environments : 

 

¶ Maccarese 

¶ Jolanda di Savoia 

¶ Pignola 

 

Maccarese and Jolanda di Savoia are prominent agricultural enterprises in Italy, 

recognized for their significant contributions to national agricultural output and their 

adoption of innovative farming practices ( Figure 4-1). Both are at the forefront of integrating 

modern agricultural technologies and sustainable methodologies.  The agricultural 

landscape of Pignola is characterized by a focus on alternative and traditional crops . 

 
Figure 4-1 This figure shows the geographical distribution of the three study sites: Jolanda di 

Savoia in Northern Italy, Maccarese in Central Italy, and Pignola in Southern Italy. 

  



4.1.1 Maccarese Farm 

,ÈÊÊÈÙÌÚÌɯ%ÈÙÔȮɯÚÐÛÜÈÛÌËɯÕÌÈÙɯ1ÖÔÌɯÐÕɯ"ÌÕÛÙÈÓɯ(ÛÈÓàɯȹƘƕȘƙƖɛ-ȮɯƕƖȘƕƗɛ$ȮɯÈÓÛÐÛÜËÌɯƜɯÔɯ

a.s.l.), covers an extensive area exceeding 3,200 hectares (Figure 4-2). It is well -known for its 

advanced agricultural techniques and commitment to sustainable practices, particularly in:  

 

¶ Dairy farming  

¶ Crop cultivation  

¶ Environmental conservation  

 

Located within a coastal plain agricultural zone, Maccarese primarily cultivates four 

major crops: 

 

¶ Soft wheat (Triticum aestivum) 

¶ Durum wheat ( Triticum durum) 

¶ Triticale (Triticosecale) 

¶ Barley (Hordeum vulgare) 

 

The soil is classified as Cutanic Luvisol , characterized by a sandy clay loam texture 

that becomes progressively more clayey toward the northeast. The region experiences a 

temperate Mediterranean climate with hot, dry summers and mild, wet autumns. The 

average annual temperature is approximately 16°C, supporting a diverse and productive 

agricultural ecosystem. 

 
Figure 4-2 This figure displays a PRISMA RGB image (Red = 655.41 nm, Green = 567.2 

nm, Blue = 482.54 nm) of Maccarese, captured on 02/02/2023 during the 2023 growing 

season.  



4.1.2 Jolanda di Savoia Farm  

Jolanda di Savoia Farm (44.87°N, 11.97°E) is located in the Po Valley of Northern Italy 

and encompasses a large area of fertile land (Figure 4-3). It is a leading agricultural 

producer, particularly of high -ØÜÈÓÐÛàɯÙÐÊÌȮɯÉÌÕÌÍÐÛÐÕÎɯÍÙÖÔɯÛÏÌɯÙÌÎÐÖÕɀÚɯÙÐÊÏɯÈÎÙÐÊÜÓÛÜÙÈÓɯ

heritage and favorable growing conditions.  

The soils at Jolanda di Savoia are characterized by significant variability, largely 

influenced by the area's historical landscape evolution. The presence of buried paleo -

channels reflects the remnants of ancient marshlands that once dominated the region. These 

channels contribute to the heterogeneous soil properties observed across the area. 

During the late 1800s, extensive land reclamation projects were undertaken to 

convert the marshlands into productive agricultural fields. This process involved the 

construction of drainage systems, canal networks, and embankments, which reshaped the 

hydrol ogy and soil characteristics of the region. 

The soils are predominantly Gleyic and Haplic Fluvisols, which are typical of 

floodplain environments.  

 
Figure 4-3 This figure shows PRISMA RGB image (Red = 655.41 nm, Green = 567.2 nm, 

Blue = 482.54 nm) of Jolanda di Savoia (acquired on 07/04/2023). 

4.1.3  Pignola  

Pignola (40.34°N 15.47°E) is situated in the Basilicata region of Southern Italy. It  is 

known for the Pantano di Pignola Red Bean, a traditional crop that flourishes in the specific 

microclimate around Lake Pantano di Pignola at altitudes over 600 meters . 

This region is characterized by a predominantly mountainous and hilly terrain,  a 

stark contrast to the flat landscapes of Maccarese and Jolanda di Savoia. Pignola itself is a 



historic hill town in the province of Potenza, nestled at the foot of Mount Vulture.  The 

altitude of the inhabited canter is around 926 meters above sea level, with the broader 

territory ranging from 700 meters to 1476 meters. The soil around Lake Pantano di Pignola, 

where the traditional red bean is cultivated, is described as well-drained and highly 

productive, with a clayey -silty composition. This soil type is considered perfect for growing 

the Pantano di Pignola Red Bean . The clayey-silty composition i ndicates a mixture of fine 

clay particles and larger silt particles, which typically results in good water retention and 

nutrient availability . 

 
Figure 4-4 This figure shows PRISMA RGB image (Red = 655.41 nm, Green = 567.2 nm, 

Blue = 482.54 nm) of Pignola (acquired on 24/02/2022). 

4.1.4 In Situ Measurement of Crop Biophysical Variables  

Crop biophysical variables were measured exclusively at Maccarese during the 2023 

growing season. The LAI -2200 instrument was employed to determine the LAI, providing 

a non-destructive method for analysing plant canopy structure and density. This advanced 

tool utilizes optical sensors to capture light transmission through the canopy, offering 

accurate LAI estimations. 

To ensure compatibility with the spatial resolution of PRISMA, a structured sampling 

approach was implemented. Within each 30 × 30 m plot, a transect-based sampling method 

was applied. Specifically: 

 

¶ Five transects were established per plot. 

¶ Transects were marked using stakes to ensure precise measurement locations. 

¶ Measurements were systematically recorded along each transect to capture spatial 

variability within the plot.  



 

This method allowed for a representative  and consistent  assessment of LAI across 

the study area, ensuring that the data aligned with the resolution and requirements of RS 

applications  (Figure 4-5) 

 
Figure 4-5 LAI sampling points scheme. 

LAI -2200 Instrument Details  
The LAI -2200 (Figure 4-6) is a specialized instrument designed for accurate and non-

invasive  measurement of the LAI. It operates by detecting the fraction of blue light (320 ɬ

490 nm) that passes through the plant canopy compared to an unobstructed view of the sky. 

The device is equipped with multiple optical sensors that capture light at different zenith 

angles, allowing for a detailed analysis of canopy structure.  

Similar to hemispherical photography, the LAI -2200 measures the gap fraction , or 

the proportion of diffuse sky radiation  that penetrates the canopy at various angles. 

Traditionally, both methods have required uniform, overcast sky conditions  to minimize 

the interference of sunlit leaves, which can introduce measurement errors. However, the 

LAI -2200C incorporates a post-measurement correction model that accounts for direct 

sunlight using a sophisticated scattering algorithm, enhancing its accu racy under vary ing 

lighting conditions.  

To optimize measurements across diverse crop types and vegetation structures, the 

LAI -2200 is equipped with accessories: 

 

¶ View -Restricting Caps (Five types):  To limit the azimuthal FOV, tailored for specific 

vegetation types. 

¶ Pinhole Cap:  For more focused measurements. 

¶ Solid Cap:  To block unwanted light when necessary. 

¶ Diffuser:  To distribute light more evenly in certain conditions . 



 
Figure 4-6 This figure displays the LAI-2200 instrument used for measuring LAI in the 

field. 

About 15 measurements were taken for each transept. At the end, we average all the 

measurements for each square, for a total of 42 measured squares Figure 4-7. 

 

Figure 4-7 Maccarese crops measurements. 

The basic statistics of the in situ data samples are shown in Figure 4-8 and Table 4-1. 

The LAI distribution closely resembles a Gaussian distribution, with an average value of 

5.9. 



 

Figure 4-8 Histogram of measured LAI 

values. 
 

Table 4-1 Measured LAI values basic 

statistical metrics. 
 

  LAI  [m2/m2] 

MIN  0.86 

MAX  8.32 

Average 5.19 

STD 1.71 

4.1.5 EO Data related to Crop Biophysical Variables  

In conjunction with the field campaign, two PRISMA images of Maccarese were 

acquired in February and March 2023, specifically on 02/02/2023 and 21/03/2023 (Figure 4-9). 

Images were downloaded from the PRISMA User Portal of the Italian Space Agency (ASI) 

(https://prisma.asi.it/).  

 

 

Figure 4-9 This figure displays PRISMA RGB images (Red = 655.41 nm, Green = 567.2 nm, 

Blue = 482.54 nm) of Maccarese, acquired on 02/02/2023 (left) and 21/03/2023 (right) during the 

2023 growing season. 

  



4.1.6 In Situ Measurement of Soil parameters  

Soil sampling was conducted at all three study sites (Maccarese, Jolanda di Savoia, 

and Pignola) using standardized procedures to ensure representative samples. These 

samples were subsequently analysed in the laboratory to determine various soil properties.  

At the Jolanda di Savoia and Pignola sites, the focus was exclusively on collecting soil 

samples for the analysis of SOM and other soil properties, with no crop parameters being 

considered. The sampling campaigns were carried out during the off -season (between 

harvest and planting)  when the fields were bare and not during the growing season:  

 

¶ Maccarese: 11 November 2019 to 17 February 2020 

¶ Jolanda di Savoia: May 2021 

¶ Pignola: 20 January 2020 

 

A consistent sampling protocol, based on an Elementary Sample Unit (ESU) scheme 

(Figure 4-10) was followed at all sites. The ESU design was intended to align with the 

PRISMA spatial resolution (30 × 30 m quadrats). Each ESU contained 10 sampling points, 

positioned 15 m apart to ensure consistent coverage and representation of the field. 

 

 

Figure 4-10 This figure illustrates the Elementary Sample Unit (ESU) scheme, showing the 

arrangement of 10 sampling points within a 30 x 30 m quadrat. 

At each sampling point, three soil samples were collected within a 1 m radius using 

an Ejkelkamp auger from the 0-10 cm depth layer. To optimize the sampling strategy in 

alignment with the PRISMA pixel size, the samples collected from the 10 ESU points were 

processed in the laboratory with two different sets of analyses. Soil samples from points 1 

to 5 and from points 6 to 9 were kept separate during laboratory analysis, resulting in two 

average soil property values per ESU. 

  



The data from points 6 to 10 could be used to define a 15 × 15 m sub-ESU, suitable for 

higher resolution sensors, such as those compatible with the Sentinel-2 spatial scale, and for 

evaluating variability within the ESU.  A total of 94 ESUs were sampled: 

 

¶ 43 from Maccarese,  

¶ 33 from Jolanda, 

¶ 18 from Pignola. 

 

The soil samples were analyzed for clay, silt, and sand content using the pipette 

method according to United States Department of Agriculture ( USDA) textural thresholds  

(Figure 4-11), as well as for SOC content using the Walkley-Black method (Table 4-2). 

Table 4-2 Measured soil properties basic statistical metrics. 

 Clay % Silt %  Sand % SOC % 

MIN  4.4 1.1 2.8 0.2 

MAX  79.8 64.7 93.0 8.9 

Average 44.6 25.0 30.4 2.0 

STD 19.7 14.0 25.8 1.9 

 

 
Figure 4-11 This figure displays a USDA Soil Texture Triangle. The locations are 

differentiated by colour: Red for Jolanda di Savoia, Blue for Pignola, and Green for Maccarese, 

illustrating the textural distribution of soil samples from each site. 
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4.1.7 EO Data related to Soil proprieties  

Along with the field campaign, several PRISMA images were acquired over the study 

areas on dates with the highest probability of identifying bare soil pixels Figure 4-12. Images 

were downloaded from the PRISMA User Portal of the Italian Space Agency (ASI) 

(https://prisma.asi.it/).  

 
Figure 4-12 PRISMA images were acquired over the study areas on dates with the highest 

probability of identifying bare soil pixels.  



4.2 Signal Extraction  

Georeferencing Challenges with PRISMA L2D Data  
It is important to acknowledge that PRISMA (Hyperspectral Precursor of an 

Application Mission) Level 2D (L2D) imagery is not perfectly geolocated. These images 

exhibit a geometric shift ranging from 30 to 120 meters, which corresponds to a 

displacement of 1 to 4 pixels [13]. This inherent geometric distortion arises because the 

PRISMA satellite does not observe the Earth at nadir (directly below). Instead, it acquires 

images from various acquisition geometries, characterized by differing sensor zenith, sensor 

azimuth, solar zenith, and solar azimuth angles. 

 

Co-registration with Sentinel -2 using AROSICS  
To ensure accurate geolocation and enable reliable analysis, it was necessary to co-

register the PRISMA imagery with temporally nearby Sentinel -2 imagery. This process 

corrects for the geometric distortions present in the PRISMA L2D data. 

For this co-registration, the Python library AROSICS  (Automatic and Robust 

Orthorectification and Co -registration of optical Satellite Images), developed by Daniel 

Scheffler at the German Research Centre of Geosciences, was employed. AROSICS is 

specifically designed for the precise alignment of satellite images. 

To simplify this procedure due to the large number of images, an executable with a 

graphic user interface was created as shown in Figure 4-13 (available at 

https://github.com/FRUNIROMA1/EOSIAL_PCRT) . Given a PRISMA image, this interface 

automatically downloads the corresponding Sentinel -2 via the OData API from the 

Copernicus Data Space Ecosystem and co-registers the two using the local co-registration 

function of AROSICS. AROSICS detects and corrects both local and global misregistration  

between the two input images at the subpixel scale, which are often present in satellite 

imagery. The algorithm is robust against the typical challenges of multi -sensor and multi -

temporal image analysis. Clouds are managed using different  outlier detection algorithms  

(i.e. RANSAC). A dense grid of tie points is automatically generated. For each point in the 

grid, a window is considered, with its dimensions defined by the input parameters. Within 

each window, the displacement is calculated using phase correlation, leveraging its 

frequency response in the Fourier domain and the Fourier shift theorem, between two 

selected bands of the image. Only tie points not marked as false positives are used to 

compute the parameters for an affine transformation. The target image is warped using an 

appropriate resampling technique (cubic interpolation by default), in our istance, the 

Nearest Neighbour  method was chosen to avoid influencing the values of reflectance during 

the interpolation . 



 
Figure 4-13 User interface of the EOSIAL PRISMA Coregistation tool. 

EO Signal to In -Situ Measurements and LUT Construction  
By linking the EO signal with in -situ measurements, we constructed tables using a 

Look-Up Table (LUT) template generated as the output of RTMs. Each in-situ measurement 

is associated with a corresponding PRISMA pixel, equivalent to a reflectance spectrum. The 

satellite signal was extracted using a Python script that employs the GDAL and GeoPandas 

libraries designed for working with raster and geospatial data. Specifically, GeoPandas 

enables the dataset to be saved in both GeoJSON vector format and as a comma-separated 

value (CSV) table Table 4-3. 

 

Table 4-3 Sample table for input data 

Sample ID  Measured Features 1ÌÍÓÌÊÛÈÕÊÌɯÝÈÓÜÌɯÈÛɯÞÈÝÌÓÌÕÎÛÏɯϞ 

1              

ȱ              

m              

 

The LUT table generated by the PROSAIL model, which has been used to train the 

ML  models, follows the same format and is also stored as a comma-separated value (CSV) 

table. 

  



4.3 Retrieval Algorithms  

4.3.1 Algorithms for Crop Biophysical Variables  

Under the hypothesis that the parameter distribution of PROSAIL affects the quality 

of ML  regression estimations for retrieving crop biophysical variables, the following cases 

were analysed: 

 

Crop_case 1) A baseline evaluation was conducted using simple ML  algorithms 

applied to a LUT generated by PROSAIL, without domain adaptation techniques.  

Crop_case 2) The same simple ML  algorithms were applied with domain adaptation 

approach, calibrated on a subset of the in-situ dataset. 

 

Two different datasets were used: 

¶ The source dataset was simulated using the PROSAIL (PROSPECT + 4SAIL) RTMs. 

¶ The target dataset was built with PRISMA signal and in situ measurement  as 

mentioned in  paragraph 4.2. 

 

The parameter ranges utilised  for the PROSAIL source dataset, as detailed in Table 

4-4, were derived from Berger et al. 2018 [43]. During the 2023 growing season, when our 

measurements were taken, the fields were predominantly covered with cereal crops. 

Consequently, we applied the wheat parameter range and to not assume a parameter 

distribution; we used a normal distribution.  

 

Table 4-4 PROSAIL Parameter Ranges for Simulated Wheat Crop Types in the Source 

Dataset. This table, presented in Berger et al. (2018) [43], overview the biophysical parameter 

ranges employed in the PROSAIL model, published in the literature, for simulating maize, 

wheat, rice, soybean, and sugar beet. 

Parameter Symbol  Units  Maize  Wheat Rice Soybean 

Sugar 

Beet 

Leaf structure index N Unitless 1.2-1.8 1.0-2.5 1.2-2.0 1.2-2.6 1.0-1.5 

Chlorophyll a + b content Cab µg/cm² 0-80 0-80 0-80 0-80 20-45 

Total carotenoid content Ccx µg/cm² 1-24 1-24 4-17 - - 

Total anthocyanin content  Canth µg/cm² - - - - - 

Brown pigments  Cbp Unitless 0-1 0-1 0-1 0-1 0-1 

Dry matter content  Cm/LMA  g/cm² 0.004-0.0075 0.001-0.02 0.001-0.002 0.001-0.02 

0.004-

0.007 

Equivalent water thickness or 

water depth  EWT/Cw  cm 0.01-0.03 0.001-0.03 0.001-0.002 0.001-0.05 0.03-0.08 

Leaf area index LAI  m²/m²  0-7 0-8 0-10 0-7 0-4 

 Leaf inclination distribution 

function (LIDF)  LIDF degrees 20-70 20-90 20-80 27-68 20-40 

Hot spot parameter Hot  m/m  0.01-0.2 0.01-0.1 0.01-0.1 0.20 0.2-0.4 

Soil reflectance psoil % - - - - - 

Soil brightness factor ϔÚÖÐÓ Unitless 0.5-1.5 or 0.1 

Fraction of diffuse illumination  skyl  Unitless 23% for standard clear sky 



Sun zenith angle 29 ɤϛÚ degrees 

According to actual conditions during data/image acquisition  Viewing (observer) zenith angle h½!κʻǾ degrees 

Relative azimuth angle Ǌ!!κʻǎǾ degrees 

 

The target dataset was split randomly with a 70/30% calibration/validation. Crucially, 

the calibration portion was exclusively used to fine -tune the weights of the Transfer 

AdaBoost for the Regression DA  algorithm ( crop_case 2). This calibration dataset was 

deliberately excluded from the standard machine learning models ( crop_case 1) to ensure a 

consistent validation dataset across both cases, enabling a better comparison of their 

performance. Different regression models as described in paragraph 3.2.4 were tested like: 

PLSR, SVR, GPR, RF. Data was subjected to different preprocessing to reduce noise and 

scattering effects. To compare the Domain Adaptation results, we also conducted training 

without using Domain Adaptation on  a combined dataset consisting of both the source and 

target calibration datasets Figure 4-14. 

 

 
Figure 4-14 Illustrates the workflow for crop biophysical variable retrieval using Domain 

Adaptation techniques. 



From the input dataset, different preprocessing methods were applied to the 

PRISMA signal to make it more comparable to the simulated one. In particular, the signal 

was smoothed by interpolation  using a spline or with a median filter (MF), or more 

commonly in the literature, a Savitzky -Golay filter (SG0). Sometimes, the signal may present 

a trend, so detrending methods like simple baseline detrending or more complex methods 

like Zhang baseline correction [130] were also used. A summary of the algorithms  and their 

parameters can be found in the following Table 4-5. 

 

Table 4-5 Lists the preprocessing methods applied to the signals for crop biophysical variables 

retrieval, along with their specific parameters. 

Algorithm  Parameter 
Raw Origina l PRISMA signal 

Spline interpolation  degree=3 

Median Filter (MF)  window = 5  

Savitzky -Golay filter (SG0)  window=5 , polyorder=3, derivative=0 

Locally Weighted Scatterplot Smoothing (LOWESS) fractiom=0.3 iteration=2 

Denoise Wavelet (DW)  mode='soft', wavelet_levels=3, wavelet='sym8' 

Baseline detrend  - 

Zhang baseline removal  lambda=100, porder=1, repetition =15 

 

All these algorithms were implemented in Python using open -source libraries, 

primarily SciPy (SciPy documentation: https://docs.scipy.org/doc/), statsmodels 

(statsmodels documentation: https://www.statsmodels.org/stable/), and BaselineRemoval 

(Zhang et al., 2010 [130]). Detailed descriptions of the parameters for each algorithm can be 

found in the respective library documentation and the cited paper for BaselineRemoval.  

These techniques were also used in combination so a detrending applied to a spline 

interpolation was also possible as shown in Figure 4-15. 

 
Figure 4-15 Depicts the workflow of preprocessing methods and their combinations. 

Algorithms within the green border are categorized as noise smoothing techniques, while those within 

the blue border are detrending methods. 



4.3.2 Algorithms for Topsoil Properties  

If different values of SM are impacting the training of the algorithms, the best spectral 

library to train ML  models should be composed only of dry samples. Due to the variability 

of environmental factors, it is difficult to accurately monitor SM without in situ ground 

sensors or laboratory measurements. In our work , we used the availability of time series 

data to select the lowest SM level samples for each sample point. Under this hypothesis, we 

evaluated four different cases Figure 4-16: 

 

Soil_case 1) Tenfold cross-validation was performed on the dataset containing only 

the driest samples (Dataset A) to achieve the best possible result without the 

influence of SM.  

Soil_case 2) Tenfold cross-validation was conducted on the dataset containing all 

samples (Dataset B) to assess the impact of including SM, compared to the dry case. 

Soil_case 3) The model was trained on the driest soil samples (Dataset A) and 

validated on the remaining samples (Dataset B). This case aimed to evaluate model 

performance when trained on a dry soil library and then applied to satellite images 

with varying SM. 

Soil_case 4) The opposite of soil_case 3, where the model was trained on the dataset 

with all samples (Dataset B) and validated on the driest samples (Dataset A). 

 

 
Figure 4-16 Illustrates the creation of different datasets by identifying the driest 

samples for each sampling point. 

 

Two datasets were generated, both derived from the same ESU (Elementary 

Sampling Unit) averaged laboratory measurements but associated with different PRISMA 

signals. Each dataset is filtered to include only instances where the pixel linked to the ESU 

displayed visible bare soil. Because of this shared origin, their fundamental parameter 

distributions are statistically similar : 

 

A. dataset with the driest bare soil samples Table 4-6. 

B. dataset of all the bare soil samples without the dryest Table 4-7. 

 



Table 4-6 Measured laboratory values and basic 

statistical metrics for dataset A. 

  Clay % Silt %  Sand % SOC % 

MIN  4.4 1.1 2.8 0.2 

MAX  79.8 64.7 93.0 8.9 

Average 44.7 24.7 30.6 2.0 

STD 20.4 15.0 28.0 2.0 
 

Table 4-7 Measured laboratory values and 

basic statistical metrics for dataset B 

  Clay % Silt %  Sand % SOC % 

MIN  4.4 1.1 2.8 0.2 

MAX  79.8 64.7 93.0 8.9 

Average 37.4 27.2 35.4 1.6 

STD 21.1 19.4 33.4 1.4 
 

 

To select only bare soil signals while excluding both photosynthetic and NPV, 

various methods have been proposed in literature [114]. For simplicity, we applied a 

combination of spectral indices: the Normalized Difference Vegetation Index (NDVI) 

(Equation (26)) and the normalized Cellulose Absorption Index (nCAI) ( Equation (27)), 

using predefined thresholds of 0.25 for NDVI and 0.03 for nCAI ( Figure 4-17). 
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Figure 4-17 Workflow for Topsoil proprieties retrieval. 

Dry soil typically exhibits higher reflectance values across the spectral range due to 

the absence of water, which absorbs specific wavelengths. Therefore, the driest sample was 

selected based on the maximum area (the integral) under the reflectance Figure 4-18.  

 



 
Figure 4-18 Reflectance spectrum of the same sample at different soil moisture levels. Adapted 

from [131]. 

The datasets underwent different preprocessing techniques  to reduce the impact of 

noisy bands and enhance relevant spectral features. Some of these preprocessing algorithms  

are similar to those used for crop parameter retrieval, but they are applied using different 

criteria. 

For example, the signal was smoothed using interpolation with a spline, a median 

filter (MF), or a Savitzky -Golay filter (SG0). The primary purpose of smoothing was to 

reduce noise in the dataset. However, for the soil (case study II ), it was crucial to carefully 

balance the smoothing parameters to avoid excessive smoothing, which could inadvertently 

remove important spectral absorption features indicative of soil properties. We maintained 

the same parameters for the smoothing algorithms as reported Table 4-8, as these 

parameters represent a balanced choice between noise reduction and feature preservation.  

Signal detrending was also implemented to address potential trends in the spectra, 

using methods like simple baseline detrending and the more complex Zhang baseline 

correction[130].In addition to the previous case study  I (i.e. PROSAIL Parameter 

Distribution ) (Table 4-5), as shown in Table 4-8 we also utilized : 

 

¶ Absorbance and the first-order derivative were used to decrease or enhance the 

resolution of overlapping peaks, respectively, making it easier to distinguish 

between closely related components. 

¶ Standard Normal Variate (SNV) was applied to correct scattering noise in the spectra 

caused by non-uniform particle sizes and to ensure that all samples have an equal 

impact on subsequent multivariate regression. SNV normalizes the signal by 

subtracting th e mean and dividing by the standard deviation of each sample.  
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Table 4-8 Details the preprocessing algorithms employed for soil properties retrieval, along 

with their parameters. 

Algorithm  Parameter 

Raw Original PRISMA signal  

Spline interpolation  degree=3 

Median Filter (MF)  window = 5  

Savitzky -Golay filter : different order of derivatives 

(SG0, SG1, SG2).  

window=5 polyorder=3,  derivative=0, 1, 2 

Locally Weighted Scatterplot Smoothing (LOWESS)  fractiom=0.3 iteration=2 

Denoise Wavelet (DW)  mode='soft', wavelet_levels=3, wavelet='sym8' 

Baseline detrend  - 

Zhang baseline removal  lambda=100, porder=1,repetition =15 

Derivative  - 

Absorbance ǸÓÖÎ10(R) 

Standard Normal Variate (SNV)  - 

 

All these algorithms were implemented in Python using open -source libraries, 

primarily SciPy (SciPy documentation: https://docs.scipy.org/doc/), statsmodels 

(statsmodels documentation: https://www.statsmodels.org/stable/), and BaselineRemoval 

(Zhang et al., 2010 [130]). Detailed descriptions of the parameters for each algorithm can be 

found in the respective library documentation and the cited paper for BaselineRemoval.  

These techniques were also used in combination, so SNV applied to the Savisky Golay filter 

first derivative smoothed absorbance was also possible as shown in Figure 4-19. 

 
Figure 4-19 Shows the workflow of preprocessing methods and their combinations for soil 

property retrieval. Algorithms within the green border are categorized as noise smoothing, those 

within the blue border as detrending, and those within the red border as scattering correction 

methods. 



4.4 Validation and Accuracy Assessment 

To evaluate the performance of our predictive models, we employed a suite of widely 

accepted statistical metrics: the Coefficient of determination ( R2) (Equation (28)), the RMSE 

(Equation (29)) and the residual deviation of prediction (RPD) (Equation (30)) defined as: 
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Where:  

¶ ώ represents the measured value for the i-th sample. 

¶ ώ refer to the estimated value for the i -th sample. 

¶ ώ is the average of the measured values. 

¶ i is the index of the data point, ranging from 1 to n.  

¶ n denotes the number of samples. 

¶ STD is the standard deviation of the test values. 

The Coefficient of Determination (R²)  quantifies the proportion of variance in the 

dependent variable (the biophysical variable or soil property being estimated) that is 

predictable from the independent variables (spectral data) in our regression models. A 

higher R² value, closer to 1, indicates a better fit, suggesting that the model effectively 

explains the variability in the observed data.  

The Root Mean Squared Error (RMSE)  measures the average magnitude of the 

errors between the predicted and measured values. It provides an absolute measure of the 

goodness of fit. Lower RMSE values are desirable, indicating more accurate predictions with 

smaller deviations from the observed  values. 

The Ratio Performance to Deviation  (RPD) is calculated as the ratio of the standard 

deviation of the measured values to the RMSE. In soil science, RPD serves as a valuable 

index for assessing model quality, offering a relative measure of model performance [132], 

[133], [134]. Established guidelines for RPD interpretation in soil science are: 

 

¶ RPD > 2.0: The estimation model is considered reliable and exhibits good predictive 

capability.  

¶ 1.ƘɯǾɯ1/#ɯȀɯƖȭƔȯ The model's performance is considered fair, suggesting potential for 

improvement through further refinement.  

¶ RPD < 1.4: The model is deemed to have poor predictive ability for soil properties, 

indicating significant limitations.  

 

 



Moreover, considering that the retrieval process involves: (i) multiple data 

transformations (pre -treatment) and (ii) different MLR algorithms, identifying the best 

regression model using a single parameter can be challenging. For instance, one model 

might achieve a higher R² while exhibiting a slightly higher RMSE compared to another . To 

address this, the Taylor diagram [135], [136] was used to evaluate the performance of the 

regressive models. The plot (Figure 4-20) is based on a polar coordinate system and includes 

the following statistical measures:  

 

¶ Correlation Coefficient (”Ⱥȯɯ1Ì×ÙÌÚÌÕÛÌËɯÖÕɯÛÏÌɯÈÕÎÜÓÈÙɯÈßÐÚɯȹϛȺȮɯÛà×ÐÊÈÓÓàɯÙÈÕÎÐÕÎɯ

from 0 to 1. A higher value (closer to 1) indicates a stronger linear relationship 

between the model and observed data (Eq. (31)). 

¶ Standard Deviation (STD): Represented as the radial distance from the origin. The 

observed standard deviation is marked as a reference, and model deviations are 

compared against it. 

¶ Root Mean Square Error (RMSE): Shown as the distance between the model point 

and the reference (observed) point. 

 

”
„

„„
 (31) 

 
Figure 4-20 Taylor plot. The red star dot represents the reference dataset. Blue dotted circular 

lines show RMSE. Green lines indicate the Pearson correlation coefficient. On the x and y axes is the 

Standard Deviation STD of the datasets. 

  



Models closer to the reference point (observed data) are more accurate, as they have 

a combination of high correlation, a standard deviation close to that of the observations, and 

a low RMSE. /ÖÐÕÛÚɯÈÓÖÕÎɯÛÏÌɯÚÈÔÌɯÊÖÙÙÌÓÈÛÐÖÕɯÈÙÊɯȹÚÈÔÌɯϛɯÝÈÓÜÌȺɯÐÕËÐÊÈÛÌɯÔÖËÌÓÚɯÞÐÛÏɯ

similar correlation but possibly different standard deviations : 

 

¶ If they are to the left of the reference standard deviation, the models tend to predict 

values close to the dataset's average for every input. This suggests that the model 

struggles to capture the relationship between the features and the target variable. 

¶ If they are to the right of the reference standard deviation, the models exhibit greater 

variability than the observations. This often indicates that they have captured noise 

in the features rather than the true underlying relationship, the model reacts 

excessively to fluctuations in the input data.   



5 1ÌÚÜÓÛÚ 

5.1 Retrieval of Crop Biophysical Variables  

This section presents the results of estimating crop biophysical parameters using 

various preprocessing techniques and regression algorithms.  We will focus on comparing 

the performance of standard ML  approaches with those incorporating domain adaptation .  

5.1.1 Standard machine learning vs Domain adaptation  

As illustrated in Figure 5-1 the Taylor Plots show minimal differences among the top 

ten combinations of algorithms and preprocessing techniques. However, in both test cases 

(standard ML vs. DA) , the optimal combination was baseline detrending with spline 

interpolation of the PRISMA spectra coupled with Partial Least Squares Regression (PLSR): 

Crop_case 1) Without DA, this combination achieved an R² of 0.65, an RMSE of 0.89, 

and an RPD of 1.70 on the validation dataset. 

Crop_case 2) With DA, there was a significant improvement, reaching an R² of 0.95, 

an RMSE of 0.34, and an RPD of 4.46. 

This performance enhancement with domain adaptation was consistent across all 

combinations of datasets and preprocessing methods examined, as visually demonstrated 

by the Taylor Plots in Figure 5-1. Without the domain adaptation technique , all the datasets 

tend to estimate the average value of the validation dataset for each sample. This trend is 

also visible in the Taylor Plot, where all the estimated datasets have a standard deviation 

significantly lower than the reference standard deviation (indicated by the red star points).  

 

Standard machine learning  Domain adaptation  

  



  
Figure 5-1 LAI validation results. Left column: Results of standard ML algorithms' 

estimation on the validation dataset. Right column: Results of the same algorithms' estimation on 

the same validation dataset, but this time trained using Domain Adaptation techniques. The red star 

in each Taylor plot represents the reference dataset (observed LAI values). 

Despite achieving good R² and Pearson correlation coefficients ”, the model trained 

without DA still tends to predict average values for each sample in the validation set. This 

indicates an issue with the model's training, as it's not capturing the underlying patterns in 

the data. This greatly affects the estimation maps as we can see in Figure5-2. 

 
 Standard machine learning  Legend Domain adaptation  
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Figure5-2 Estimation maps of LAI Maccarese. Left Column: Standard machine learning LAI 

estimation on the date of 02/02/2023 and 21/03/2023. Right Column: LAI estimation with Domain 

Adaptation Technique on the same date of 02/02/2023 and 21/03/2023. 

5.1.2  LAI Estimation Map  

Some central crop fields estimated to have an LAI of 0 by DA on the image from 

02/02/2023 have been estimated as having a low LAI value by standard ML  algorithms. In 

reality, there weren't crops in those fields during that time, as confirmed by the absence of 

in situ measurements Figure 5-3. Furthermore, from the same image, we can see how the 

estimated LAI closely follows the spatial distribution of the LAI values obtained from in 

situ observations. 

 

 

 

Figure 5-3 LAI estimation with Domain Adaptation Technique  and PLSR trained on 

a detrended spline interpolation of the reflectance. The map is estimated on the PRISMA 

image of 02/02/2023 compared with the blue in situ measurement of LAI -2200.   

2
1

/0
3

/2
0

2
3 

LAI  

LAI  



5.2 Retrieval of Topsoil Properties  

This section presents the results from estimating soil properties using different 

preprocessing techniques and regression algorithms.  For clarity and conciseness, we will 

report the performance metrics for only the top four performing combinations in each  test 

case. 

5.2.1 Soil_cases 1 and 2 

In soil_ case 1 (i.e. signals of the dryest soil cross-validated ) predictive performance 

of different models varied across soil properties, with SVR demonstrating the highest 

accuracy for Sand and SOC estimation (Table 5-1,Table 5-2,Table 5-3,Table 5-4): 

 

¶ SOC: The application of Savitzky-Golay first derivative (SG1) to absorbance followed 

by SVR resulted in R² = 0.74, RMSE = 1.02, RPD = 1.95. 

¶ Clay: Compared to other soil properties, clay content estimation exhibited the lowest 

performance in soil_case 1. Applying SG1 to absorbance with GPR, yielded R² = 0.58, 

RMSE = 13.13, RPD = 1.54. 

¶ Silt: The use of Savitzky-Golay filtering applied to baseline -detrended signals with 

RF produced R² = 0.73, RMSE = 7.81, RPD = 1.91. This approach, while effective, did 

not outperform the models used for Sand and SOC. 

¶ Sand: The best performance was achieved using Zhang baseline removal in 

combination with SVR, yielding R² = 0.75, RMSE = 12.91, RPD = 2.00. 

 

Table 5-1 Best SOC four results for soil_case 1 

Preprocessing Algorithms  RMSE R2 RPD 

SG1abso SVR 1.02 0.74 1.95 

DER SVR 1.04 0.73 1.91 

SG1abso GPR 1.04 0.72 1.91 

DER GPR 1.11 0.69 1.79 
 

Table 5-2 Best Clay four results for soil_case 1 

Preprocessing Algorithms  RMSE R2 RPD 

SG1abso GPR 13.13 0.58 1.54 

DER GPR 13.42 0.56 1.51 

zangf_br SVR 13.43 0.56 1.51 

zangf_br PLSR 13.63 0.55 1.49 
 

Table 5-3 Best Silt four results for soil_case 1 

Preprocessing Algorithms  RMSE R2 RPD 

SG0_det_bas RF 7.81 0.73 1.91 

DER GPR 7.86 0.72 1.90 

SG1abso GPR 8.01 0.71 1.87 

SG1abso RF 8.64 0.67 1.73 
 

Table 5-4 Best Sand four results for soil_case 1 

Preprocessing Algorithms  RMSE R2 RPD 

zangf_br SVR 13.91 0.75 2.00 

SG1abso SVR 14.21 0.74 1.95 

SG1abso PLSR 14.26 0.74 1.95 

DER SVR 14.68 0.72 1.89 
 

 

In soil_ case 2 (i.e. signals with different SM cross-validated ), where samples 

exhibited different moisture content, SOC estimation experienced a significant decline in 

accuracy, while Sand estimation slightly improved (Table 5-5,Table 5-6,Table 5-7,Table 5-8): 

 



¶ SOC: SG1 applied to absorbance with SVR, resulting in R² = 0.47, RMSE = 1.01, RPD 

= 1.37. The low R² suggests a weak correlation between predicted and actual values, 

indicating that SOC retrieval was highly affected by SM. 

¶ Clay: The use of SG1 applied to absorbance with GPR resulted in R² = 0.65, RMSE = 

12.46, RPD = 1.69, indicating a moderate enhancement in predictive performance. 

¶ Silt: Using SG1 applied to absorbance with GPR, the model produced R² = 0.76, RMSE 

= 9.37, RPD = 2.06, demonstrating a slight improvement compared to soil_case 1. 

¶ Sand: The highest performance was achieved using SG1 applied to absorbance with 

GPR, yielding R² = 0.80, RMSE = 14.77, RPD = 2.26. 

 

Table 5-5 Best SOC four results for soil_case 2 

Preprocessing Algorithms  RMSE R2 RPD 

SG1abso SVR 1.01 0.47 1.37 

SG1abso GPR 1.02 0.45 1.35 

DER SVR 1.03 0.44 1.34 

SG1abso RF 1.04 0.43 1.32 ¶  

Table 5-6 Best Clay four results for soil_case 2 

Preprocessing Algorithms  RMSE R2 RPD 

DER GPR 12.46 0.65 1.69 

SG1abso GPR 12.74 0.63 1.66 

snv_SG1_abs GPR 12.81 0.63 1.65 

zangf_br GPR 13.11 0.61 1.61 
 

Table 5-7 Best Silt four results for soil_case 2 

Preprocessing Algorithms  RMSE R2 RPD 

SG1abso GPR 9.37 0.76 2.06 

DER GPR 9.58 0.75 2.02 

SG1abso PLSR 10.91 0.68 1.77 

DER PLSR 11.10 0.67 1.74 
 

Table 5-8 Best Sand four results for soil_case 2 

Preprocessing Algorithms  RMSE R2 RPD 

SG1abso GPR 14.77 0.80 2.26 

DER GPR 14.82 0.80 2.25 

DER PLSR 17.27 0.73 1.93 

SG1abso PLSR 17.33 0.73 1.92 
 

5.2.2 Soil_cases 3 and 4 

The results from soil_ case 3 (i.e. trained on the dryest signals and validated  on 

different SM signals) indicate that different combinations of preprocessing techniques and 

regression algorithms yielded similar levels of performance across various soil properties. 

However, GPR and standard normal variate (SNV) preprocessing frequently emerged as 

top-perform ing approaches, demonstrating their robustness in soil property estimation  

(Table 5-9,Table 5-10,Table 5-11,Table 5-12): 

 

¶ SOC: The best results were obtained using SNV applied to absorbance with GPR, 

achieving R² = 0.73, RMSE = 0.73, RPD = 1.97. 

¶ Clay: The combination of SNV applied to reflectance with Partial Least Squares 

Regression (PLSR) resulted in R² = 0.76, RMSE = 10.38, RPD = 2.06. 

¶ Silt: The lowest performance among the texture-related properties was observed for 

Savitzky-Golay first derivative (SG1) applied to absorbance, paired with GPR, 

yielding R² = 0.75, RMSE = 9.02, RPD = 2.02. 

¶ Sand: The highest accuracy was achieved using baseline detrending applied to a 

spline interpolation, combined with GPR. This method produced R² = 0.79, RMSE = 

14.56, RPD = 2.20. 



 

Table 5-9 Best SOC four results for soil_case 3 

Preprocessing Algorithms  RMSE R2 RPD 

snvabs GPR 0.73 0.74 1.97 

snvrefl  GPR 0.74 0.73 1.94 

snvabs SVR 0.75 0.73 1.93 

snvrefl  SVR 0.75 0.73 1.92 
 

Table 5-10 Best Clay four results for soil_case 3 

Preprocessing Algorithms  RMSE R2 RPD 

snvrefl  PLSR 10.38 0.76 2.06 

SG1abso GPR 11.33 0.72 1.89 

snvabs GPR 11.71 0.70 1.83 

snvrefl  GPR 11.76 0.70 1.82 
 

Table 5-11 Best Silt four results for soil_case 3 

Preprocessing Algorithms  RMSE R2 RPD 

SG1abso GPR 9.02 0.75 2.02 

DW PLSR 9.06 0.75 2.01 

original  PLSR 9.06 0.75 2.01 

snvrefl  PLSR 9.07 0.75 2.01 
 

Table 5-12 Best Sand four results for soil_case 3 

Preprocessing Algorithms  RMSE R2 RPD 

det_bas_Spline GPR 14.56 0.79 2.20 

SG0_det_bas GPR 14.59 0.79 2.20 

zangf_br PLSR 14.75 0.79 2.17 

Spline GPR 14.89 0.78 2.15 
 

 

The results from soil _case 4 (i.e. trained on different SM signals and validated  on the 

dryest signals) indicate a decline in overall performance compared to soil _case 3, 

suggesting that SM variability in the training dataset negatively impacted regression 

accuracy. This effect was particularly evident in the estimation of SOC and clay content, 

while sand estimation remained stable (Table 5-13,Table 5-14, Table 5-15, Table 5-16). 

 

¶ SOC: The best results were obtained using Savitzky-Golay first derivative (SG1) 

applied to absorbance with GPR, achieving R² = 0.64, RMSE = 1.22, RPD = 1.67. This 

represents a decline from soil _case 3 (R² = 0.73, RMSE = 0.73, RPD = 1.97), 

highlighting the strong influence of moisture content on SOC estimation.  

¶ Clay: The combination of standard normal variate (SNV) applied to absorbance with 

GPR resulted in R² = 0.68, RMSE = 12.77, RPD = 1.67, showing a decline compared to 

soil _case 3 (R² = 0.76, RMSE = 10.38, RPD = 2.06). 

¶ Silt: The best results were obtained using Savitzky-Golay smoothing (SG0) applied 

to absorbance with Partial Least Squares Regression (PLSR), yielding R² = 0.72, RMSE 

= 7.84, RPD = 1.88, slightly lower than soil _case 3 (R² = 0.75, RMSE = 9.02, RPD = 2.02). 

¶ Sand: The highest accuracy was maintained using spline interpolation, combined 

with GPR, yielding R² = 0.79, RMSE = 14.19, RPD = 2.16. This performance is 

consistent with soil _case 3 (R² = 0.79, RMSE = 14.56, RPD = 2.20), indicating that Sand 

estimation is less affected by SM variations.  

 

These results indicate that moisture variability significantly impacts SOC and clay 

predictions, while Sand estimation remains stable. The GPR algorithm, despite performing 

well in previous cases, experienced a drop in accuracy under moisture-influenced 

conditions, particularly for SOC and clay.  

 

 



Table 5-13 SOC four results for soil_case 4 

Preprocessing Algorithms  RMSE R2 RPD 

DER GPR 1.22 0.64 1.67 

SG1abso GPR 1.22 0.64 1.66 

SG2abso GPR 1.23 0.63 1.65 

SG2abso RF 1.38 0.53 1.46 
 

Table 5-14 Clay four results for soil_case 4 

Preprocessing Algorithms  RMSE R2 RPD 

snvabs GPR 12.77 0.68 1.77 

snvrefl  GPR 12.79 0.68 1.77 

snvabs PLSR 13.02 0.67 1.74 

snvrefl  PLSR 13.38 0.65 1.69 
 

Table 5-15 Silt four result for soil_case 4 

Preprocessing Algorithms  RMSE R2 RPD 

SG0 PLSR 7.84 0.72 1.88 

SG2abso PLSR 8.34 0.68 1.77 

zangf_br PLSR 8.36 0.68 1.76 

SG1abso GPR 8.36 0.68 1.76 
 

Table 5-16 Sand four result for soil_case 4 

Preprocessing Algorithms  RMSE R2 RPD 

Spline GPR 14.19 0.79 2.16 

MF GPR 14.29 0.78 2.14 

zangf_br PLSR 14.48 0.78 2.12 

Abso GPR 14.63 0.77 2.10 
 

5.2.3 Measurement vs estimated soil _case 1 and 2 

When analysing SOC, the soil property most influenced by moisture variability, a 

comparison of 10-fold cross-validation results from soil_cases 1 and 2 reveals a clear trend. 

The top four models consistently include the Savitzky -Golay first derivative applied to 

absorbance, combined with either Support Vector Machine (SVM) or GPR. This repeated 

success highlights the robustness and effectiveness of this preprocessing-method pairing for 

SOC estimation, even under varying moisture conditions.  Figure 5-4 compares SOC 

estimation performance between soil_case 1 (i.e. signals of the dryest soil cross-validated ) 

and soil_case 2 (i.e. signals with different SM cross-validated ). As shown, the number of 

samples differs significantly between the soil  cases, with soil_case 1 having 72 samples and 

soil_case 2 having 233 samples. Despite the smaller dataset size, soil _case 1 generally yields 

better validation metrics for SOC.  

 

Soil _case 1 Soil _case 2 

  



  
Figure 5-4 Compares SOC estimation performance between soil_case 1 (left column - driest 

soil) and soil_case 2 (right column - varying moisture). 

 

In the scatter plots for soil_case 2, a distinct columnar pattern of scatter points is 

evident, where samples with similar soil properties form vertical columns. This columnar 

pattern arises from temporal variations in the PRISMA signal at each sampling point across 

the time series, influenced by factors such as atmospheric conditions and acquisition 

geometry. While images underwent standard atmospheric correction by ASI and the 

influence of acquisition geometry is minimal due to the sensor's characteristics, the primary 

factor contributing to this column effect is attributed to variations in SM content across 

different acquisition dates.  

In the case of Sand, unlike other soil properties, the top four results do not exhibit 

similar combinations or consistent patterns between soil_case 1 and soil_case 2. Overall, 

soil _case 1 demonstrates somewhat weaker performance, which is likely attributable to the 

smaller number of samples in comparison to soil_case 2 (Figure 5-5). Moreover, distinct 

columns of scatter points remain evident in soil_case 2. 

  



 

Soil _case 1 Soil _case 2 

  

  

  
Figure 5-5 Compares Clay, Silt, and Sand estimation performance between soil_case 1 (left 

column - driest soil) and soil_case 2 (right column - varying moisture). 



5.2.4 Comparison of Taylor Plots  

Observing the Taylor plot Figure 5-6 and Figure 5-7, comparing soil _case 1 (i.e. 

signals of the dryest soil) with soil _case 2 (i.e. signals with different SM), training a ML  

algorithm on a soil spectral library composed of dried soil versus one with varying humidity 

levels appears to have little effect on Sand, Silt, and Clay content estimation. However, for 

SOC, training on the driest samples increases the correlation between measured and 

estimated values. Some noise in the signal seems to obscure relevant information (soil_case 

2). In both soil  cases, the algorithm's predictions deviate from the dotted black line 

representing the standard deviation (STD) of the reference dataset (red star symbol). 

Specifically, all models tend to estimate values with a lower STD than the reference, 

ÐÕËÐÊÈÛÐÕÎɯÈɯÛÌÕËÌÕÊàɯÛÖɯ×ÙÌËÐÊÛɯÛÏÌɯËÈÛÈÚÌÛɀÚɯÔÌÈÕɯÝÈÓÜÌɯÈÊÙÖÚÚɯÈÓÓɯÚÈÔ×ÓÌÚȭ Regarding the 

shape of the scatter point clouds, they appear elongated in most cases, except for Sand 

(Figure 5-6, Figure 5-7). This shape reflects the influence of different preprocessing methods 

and algorithm combinations. While no single best combination emerges, selecting the 

appropriate algorithm remains crucial for model performance.  

Soil _case 1 Soil _case 2 

  

  
Figure 5-6 Compares Taylor plots for SOC and Sand estimation between soil_case 1 (left 

column - driest soil) and soil_case 2 (right column - varying moisture). 



Soil _case 1 Soil _case 2 

  

  
Figure 5-7 compares Taylor plots for Silt and Clay estimation between soil_case 1 (left column 

- driest soil) and soil_case 2 (right column - varying moisture). 

For soil _cases 3 and 4. Figure 5-8 and Figure 5-9 despite the metrics of the best-

performing algorithms appearing comparable, a significant difference is evident when 

examining SOC. Training models on a dataset with varying SM content (soil_case 4) results 

in model predictions exhibiting a considerably lower standard deviation (STD) compared 

to models trained on dry soil ( soil _case 3). The validation metrics for soil property 

estimations, especially SOC and Clay, are enhanced when the models are trained 

exclusively on datasets comprising dry soil samples (soil_case 3) and subsequently applied 

to EO images, even if those images contain pixels representing bare soil with varying 

moisture levels.  



 

Soil _case 3 Soil _case 4 

  

  
Figure 5-8 Compares Taylor plots for SOC and Sand estimation between soil_case 3 (left 

colum-trained on the dryest signals and validated on different SM signals) and soil_case 4 (right 

column-trained on different SM signals and validated on the dryest signals). 

Soil _case 3 Soil _case 4 

  



  

Figure 5-9 Compares Taylor plots for Silt and Clay estimation between soil_case 3 (left 

column-trained on the dryest signals and validated on different SM signals) and soil_case 4 (right 

column-trained on different SM signals and validated on the dryest signals). 

5.2.5 SOC Estimation Maps  

The estimates from soil _case 3 (i.e. trained on the dryest signals and validated on 

different SM signals) can be observed in the images of Jolanda di Savoia from 

24/04/2021(Figure 5-10), Maccarese from 04/09/2021 (Figure 5-12) and Pignola (Figure 5-14) 

where the predicted values are consistent with the measured ones. These dates were 

selected as they correspond to the images with the highest number of bare soil fields visible. 

For these locations, the combination of GPR trained on SNV applied to absorbance was 

used. Additionally, the GPR model enabled the generation of uncertainty maps associated 

with the estimates, represented by the standard deviation (STD)(Figure 5-11, Figure 5-13, 

Figure 5-15). The range of SOC values in Maccarese is lower than that in Jolanda, which is 

consistent with the field measurements. 

Obtaining an optimal estimation map for the Pignola site proved difficult, as full bare 

soil conditions for the fields were rarely captured in the available PRISMA images, likely 

due to the farm's smaller scale and the resulting limited image acquisition. Despite a similar 

range of estimated SOC values compared to Maccarese, the uncertainty associated with 

these estimates was considerably higher (Figure 5-13, Figure 5-15). This raise in uncertainty 

can be attributed to the vegetation cover at the Pignola site, clearly visible in the NDVI map  

(Figure 5-16), which negatively influenced the SOC retrieval process. However, this very 

increase serves as a valuable validation of the GPR model's performance. The model 

correctly identifies and quantifies the reduced reliability of the estimates in vegetated areas, 

as demonstrated by the increasing standard deviation in the uncertainty maps with higher 

NDVI values.  

  



  
Figure 5-10 SOC estimates map for the region of Jolanda di Savoia (image of 24/04/2021). 

The combination of GPR trained on SNV applied to absorbance was used. The blue dots are the lab 

measured values. 

  
Figure 5-11 SOC uncertainty map for the region of Jolanda di Savoia (image of 24/04/2021). 

The combination of GPR trained on SNV applied to absorbance was used. The blue dots are the lab 

measured values. 
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Figure 5-12 SOC estimated map for the region of Maccarese (image of 04/09/2021). The 

combination of GPR trained on SNV applied to absorbance was used. The blue dots are the lab 

measured values. 

  
Figure 5-13 SOC uncertainty map for the region of Maccarese (image of 04/09/2021). The 

combination of GPR trained on SNV applied to absorbance was used. The blue dots are the lab 

measured values. 
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Figure 5-14 SOC estimated map for the region of Pignola (image of 23/08/2021). The 

combination of GPR trained on SNV applied to absorbance was used. The blue dots are the lab 

measured values. 

  

Figure 5-15 SOC uncertainty map for the region of Pignola (image of 23/08/2021). The 

combination of GPR trained on SNV applied to absorbance was used. The blue dots are the lab 

measured values. 
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Figure 5-16 NDVI  map for the region of Pignola (image of 23/08/2021). The blue dots are the 

lab measured values 
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6 #ÐÚÊÜÚÚÐÖÕ 

6.1 Crop Biophysical Variables  

Overall, the results obtained using a hybrid approach are in line with previous 

studies. Most of the literature testing hybrid approaches focused on the retrieval of LAI, 

reporting R² values between 0.63 and 0.96, and RMSE values between 0.37 and 0.73 m²/m² 

([117], [124], [125], [126], [137], [138]). 

 

Comparison with Active learning.  
Active Learning was introduced to address the challenge that crop type mapping 

often loses accuracy when applied to different regions, years and phenological stages. In 

fact, literature states that an appropriate model parameterization is recommended to ensure 

accurate retrievals of biophysical and biochemical products of interest [139], [140], [141], 

[142], [143].  

Active learning algorithms are used to optimise the initial set of simulated data by 

extracting only the most informative samples, while discarding the unrealistic ones with 

respect to the real-world  conditions. The model is still built exclusively on the simulated 

data. One limitation of Active Learning is its iterative nature.  It involves repeatedly adding 

simulated signals to an initial pool based on various criteria and evaluating the resulting 

retrieval performance. If the added training samples lead to a reduction in RMSE, they are 

retained; otherwise, they are discarded. This iterative process can be time-consuming, 

particularly for non -linear ML  regression algorithms (MLRA) like GPR and RF. 

Furthermore, Active Learning may encounter difficulties if the real -world data contains 

substantial noise. 

In our study, the accuracy of the LAI results, with an R² of 0.95 and an RMSE of 0.34, 

is comparable to other hybrid retrieval methods based on Active Learning. For instance, 

Tagliabue et al. (2022) [65] reported an R² of 0.84 and an RMSE of 0.57. It is worth noting 

that in their research they used PRISMA and they had a dataset that consisted of 47 samples, 

compared to the 42 samples used in this study. Other studies that specifically examined the 

use of active learning algorithms for the hybrid estimation of LAI: Upreti et al. (2019) [144] 

tested various criteria for retrieving winter wheat LAI from Sentinel -2 data, achieving an R² 

of 0.78 and an RMSE of 0.68. Similarly, Pipia et al. (2021) [145] used Sentinel-2 data to 

estimate the LAI of various crops, obtaining an R² of 0.63 and an RMSE of 0.73. 

 

Comparison with other Domain adaptation studies.  
Several studies recognize that the generalization issue, related to model 

parameterization, is fundamentally linked to parameter distributions. Decreasing in 

retrieval accuracy arises from differences in the distribution of source and target data  [146], 

[147] commonly referred to as domain shift, and they try to overcome this with a supervised 

domain adaptation technique  [148], [149] or unsupervised ones [146], [147], [150]. In this 



study, we used supervised domain adaptation considering that the domain shift of source 

and target can also be attributed to the phenological stages of crops and improve the 

retrieval of LAI on a single area . While both supervised and unsupervised domain 

adaptation studies generally demonstrate improvements in evaluation metrics, direct 

comparisons across studies are challenging. This is because even when retrieving the same 

parameter, studies often utilize dif ferent sensors and crop types, making a direct 

quantitative c omparison difficult.  

 

Effectiv nes and Limitation of the TrAdaBoostR2 .  
A Look -Up Table (LUT) was generatedusing the PROSAIL model, ensuring a 

uniform distribution of all input parameters , without assuming anything about the 

phenological stages of the crops in the imageȭɯ3ÏÌɯ+43ɯÊÖÕÚÐÚÛÌËɯÖÍɯƕƔɀƔƔƔɯÚÈÔ×ÓÌÚȭɯ%ÙÖÔɯ

this dataset, a sub-LUT of 1007 samples was extracted by selecting only those samples that 

were compatible with the acquisition geometry of the PRISMA images captured over 

Maccarese on 02/02/2023 and 21/03/2023. The selection was based on the following 

parameters: 

 

¶ Sun zenith angle, 

¶ View zenith angle,  

¶ Relative azimuth angle. 

 

The histogram below illustrates the distribution of the LAI parameter within the sub -

LUT. Notably, this distribution still closely resembles a uniform distribution, indicating that 

the selection process did not introduce significant bias in the LAI values ( Figure 6-1). 

 
Figure 6-1 LAI parameters of input of PROSAIL histogram. 

The weights assigned by TrAdaBoostR2 to the source dataset, especially for the best-

performing PLSR setup on baseline-detrended spline interpolated data, exhibit a 

distribution that closely resembles the pattern of the measured LAI ( Figure 6-2). This 

indicates that the TrAdaBoostR2 algorithm successfully identifies and gives more 

importance to source data samples that share similar characteristics with the target LAI 

distribution. The resulting improvement in R 2 reinforces the literature's assertion that an 

appropriate representation of RTM parameter distribution is crucial for effective LUT 

inversion.  



  
Figure 6-2 Comparison of the in situ LAI histogram (on the left) with the weight assigned on 

the source dataset by the TrAdaBoostR2 algorithm (on the right). 

The TrAdaBoostR2 algorithm required a portion of the in -situ dataset for calibration. 

This calibration dataset included both reflectance information and field -measured LAI, as 

TrAdaBoostR2 is a supervised algorithm requiring labelled data for training. Consequently, 

accurate crop property retrieval still necessitates field measurements, which are often time-

consuming and resource intensive. 

Despite this reliance on supervision, TrAdaBoostR2 offers significant advantages for 

domain adaptation. Unlike traditional ML  algorithms that are trained solely on labelled 

target data, TrAdaBoostR2 can effectively transfer knowledge from related but distinct 

source domains. It achieves this by iteratively reweighting training samples, prioritizing 

those most relevant to the target domain. This characteristic makes TrAdaBoostR2 

particularly valuable when in -situ measurements are limited or expensive to acquire. By 

leveraging existing data from related environments, TrAdaBoostR2 improves estimation 

accuracy while reducing the need for extensive new field campaigns. 

Nonetheless, exploring unsupervised domain adaptation techniques which require 

only feature information for calibration remains crucial [146], [147], [150], [151]. Such 

methods could enable the automatic adaptation of ML  regression models to the Look-Up 

Table (LUT) structure based on the specific characteristics of the image scene, potentially 

further improving efficiency and scalability.  

6.2 Topsoil Properties  

Soil Moisture  influence on soil parameter retrieval . 
When comparing soil _cases 1 and 2, it is not immediately  evident that dry soil  is 

better for training ML  algorithms . Only SOC yields better scores in soil _case 1 (i.e. signals 

of the dryest soil cross-validated ), the others are comparable, probably because we have to 

account for the different dimensions of the datasets. 

But the fact that soil _case 3 (i.e. trained on  the dryest signals and validated on 

different SM signals) outperforms soil _case 4 (i.e. trained on different SM signals and 

validated on the dryest signals) confirms that it is  more effective to train a ML  algorithm to 

estimate soil parameters from EO images using dry soil samples. This is supported by many 

papers that try to isolate the dry soil signal by the use of mathematical methods like the 

External Parameter Orthogonalization (EPO). 



For Wijewardane, N.K., et al. (2016), among the eight soil properties, EPO improved 

the prediction of organic carbon (OC), inorganic carbon (IC), and total carbon (TC) 

significantly. The prediction of Sand and Clay was improved only marginally, and the 

improvement is not consistent among different modelling techniques [152]. Another paper 

by Ge, Y., et al. (2014) found that the use of EPO to remove the effects of moisture improved 

the prediction of Clay content to a larger extent than SOC content. Nevertheless, all the EPO 

research about SM found improvement in the SOC retrieval [120]. 

Based on the results of this study, SOC is significantly influenced by SM levels, as 

observed in soil _cases 1 and 2. Clay content also shows some sensitivity to SM, as seen in 

soil _cases 3 and 4. However, Sand and Silt content appear to be less affected by variations 

in SM. 

 

Soil Parameter Spectral Signatures.  
To understand the varying influence of SM on different soil parameters, it's crucial 

to examine the specific spectral features most closely associated with each parameter. While 

SM is a significant factor, it's important to remember that other environmental variables also 

impact spectral signatures. Studies comparing airborne and laboratory SOC retrievals, for 

example, often show reduced airborne performance due to uncontrolled fact ors like surface 

roughness and temperature [153], which are absent in prepared laboratory samples. 

Therefore, while acknowledging that factors beyond moisture may be present in our 

datasets, let's now examine the literature most correlated spectral for each parameter: 

 

Soil Moisture : SM itself has a strong and characteristic spectral signature, 

particularly in the NIR and SWIR regions  (Figure 6-3) [154], [155]. 

 

¶ 1400-1800 nm (NIR-SWIR): Overall reflectance decreases as water content increases, 

especially within this range. This is due to strong water absorption bands centred 

around 1450 nm and 1900 nm. 

¶ 1890-2100 nm (SWIR): The slope of the reflectance curve in this region shows a clear 

relationship with water content. The difference in reflectance between moisture 

levels is more pronounced and spectrally separated at longer wavelengths within 

this range. This is again due to the nature of water absorption features becoming 

stronger towards longer wavelengths in the SWIR.  

 



 
Figure 6-3 Spectral reflectance curves of soil samples with three distinct SOC levels: (a) 

0.33%, (b) 2.25%, and (c) 4.49%. The areas highlighted with red squares indicate the spectral regions 

most significantly affected by changes in Soil Moisture (SM). Adapted from [156]. 

 

Soil Organic Carbon (SOC):  SOC exhibits key absorption features primarily in the 

Visible and Near-Infrared (VNIR) and Short -Wave Infrared (SWIR) spectral regions (Figure 

6-4) [157], [158]. Specifically: 

 

¶ Visible (VIS) region (550 ɬ700 nm): This region contains primary absorption features 

related to electronic transitions in organic molecules. These features are often broad 

and relatively subtle but are important indicators of SOC content.  

¶ Near-Infrared (NIR) region (around 850 nm):  Another significant absorption feature 

for SOC is found here, also linked to molecular vibrations within organic matter.  

¶ SWIR region (1700ɬ1900 nm and 2100ɬ2400 nm ): While less prominent than VNIR 

features, secondary absorption features in these SWIR ranges further contribute to 

SOC's spectral signature. 

 

 
Figure 6-4 Spectral reflectance curves of soil samples with three distinct SOC levels: (a) 

0.33%, (b) 2.25%, and (c) 4.49%. The areas highlighted with blue squares indicate the spectral 

regions most significantly affected by changes in Soil Moisture (SM). Adapted from [156]. 

SOC is sensitive to SM probably because its spectral features, particularly in the VNIR 

and NIR regions, overlap significantly with the ones of water. Water strongly absorbs 

radiation in these same regions. When SM increases, the water absorption features become 

more dominant, masking or attenuating the subtle spectral features of SOC. Also since SOC 








































