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Introduction

Photosynthesis is one of the most important biochemical processes occurring on the Earth.

Vegetation of the terrestrial ecosystem absorbs solar light, water (H2O) from the soil and carbon

dioxide (CO2) from the atmosphere and, by means of the photosynthetic process, produces

carbohydrates and releases molecular oxygen (O2) [1]. The photosynthetic process drives the

growing of plants, the production of biomass, food and grassland for livestock, as well as gas

exchange with the atmosphere [2].

Vegetation monitoring by using remote sensing techniques in the visible and near infrared

spectral ranges has undergone a rapid development during the past decades. By means of

remote-sensed reflectance measurements, several vegetation indexes are used to derive

information mainly related to the amount of vegetation [3]. However, as regards the dynamic

processes strongly related to vegetation photosynthesis, detecting the photosynthetic rate at

global and seasonal scales by remote sensing techniques could result essential (i) in the field of

research on climate change for evaluating the annual carbon uptake [4], [5] and (ii) for

monitoring the vegetation health status affected by the environmental stress factors (radiation

intensity, low or high temperature extremes, water deficit, nutrient insufficiency) [6], [7].

In absence of stress factors due to environmental conditions, the vegetation under solar

light emits the steady-state Solar Induced Fluorescence (SIF) in the ≈ 640 − 800 nm spectral

range. Under stress, or high exciting radiation, non radiative de excitation resulting as heat

emission occurs as well [8]. SIF and non radiative de excitation are processes in competition

with the photochemistry, evolved by plants as regulation processes of light harvesting to balance

the absorption and utilization of light energy [9], [10], [11]. Although the SIF and the heat

dissipation are processes in competition with photochemical conversion, they are probes of the

photosynthetic activity and, consequently, of the carbon sequestration by plants, termed Gross

Primary Production (GPP) [12], [13], [14].

Measuring SIF at Top-Of-Canopy (TOC) (hereafter the term SIF will be used to refer to
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the SIF at Top-Of-Canopy level), land surface temperature and the reflectance-based indexes at

global and seasonal scales could permit to monitor the photosynthetic activity and to quantify

GPP and make prediction on the CO2 concentrations in Earth’s atmosphere as well, reducing

the uncertainty in their quantification.

Within European Space Agency’s 8th Earth Explorer mission, FLuorescence EXplorer

(FLEX) was selected to provide information on the photosynthetic activity and health of the

terrestrial vegetation by means the SIF estimation at global scale [15]. FLEX mission is

planned for launch by 2022. The satellite will orbit in tandem with Sentinel-3, one of the

Copernicus constellation satellites. Sentinel-3 is equipped with an optical and thermal sensor,

specifically a spectrometer and radiometer. The mission represents a unique opportunity to

study and monitor at global scale and on seasonal cycles the vegetation by using

synergistically data from others sensors as well. Main objective of the mission is to retrieve

SIF emitted by vegetated targets exposed to solar light from radiance spectra measured in

visible and near-infrared spectral ranges at the spatial resolution of about 300 m.

The potential assessment of photosynthetic activity by means of passive remote sensing

from space-borne platforms has been widely investigated during the last decade. SIF has been

evaluated at landscape level by means of radiance measurements sensed from space by

Greenhouse Gases Observing Satellite (GOSAT) [16], [17], ENVIronmental SATellite

(ENVISAT) [18], Global Ozone Monitoring Instrument-2 (GOME-2) [19] and Copernicus

Sentinel-5 Precursor [20] satellites. Although the above mentioned satellites were designed to

monitor Earth’s atmosphere chemistry and ecosystems, they provided first estimates of SIF at

global scale and opened the possibility to investigate the correlation between remotely sensed

SIF and flux tower-based GPP [21]. Additional results on the SIF-GPP correlation have been

obtained from airborne platforms [22], [23], [24].

SIF is a weak signal superimposed on the signal reflected by the vegetation. It is only

1 − 5% of the total radiance in the near infrared spectral range. This, besides the fact that the

reflectance of the vegetation is unknown as well, makes the SIF retrieval a hard challenge.

Several spectral methods have been proposed so far to retrieve SIF and the reflectance spectra

simultaneously from radiance measurements acquired by a hyperspectral passive system on

space-borne platform [25], [17], [26], [27], [28]. These methods are based on (1) a modelling

of the reflectance and SIF spectra and (2) spectral fitting procedures. The need to operate a

compromise on the number of used regressors to build the forward model, and the inability of
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the proposed methods to take into account statistical representativeness of the vegetation

features, make that the proposed methods encounter in the underfitting and overfitting issues

[29]. Both issues prevent from describing accurately the reflectance and SIF spectra separately.

Another aspect that should be considered concerns the spectral band to be set within the visible

and near-infrared spectral range for the SIF retrieval. So far, the success of the methods is

ensured by using measurements at (solar and telluric) absorption bands. In the case solar

absorption bands are used, instruments with high spectral resolution (subnanometer) are

necessary, making a compelling requirement on the instruments properties [30], [15].

In this dissertation, a statistical-based method to retrieve the SIF spectra is proposed. The

major aim was to develop and propose a new procedure able to overcome the limits and

requirements of the methods proposed so far. The new method is based on a data-driven model

that links the SIF spectra, or in-band-averaged/integrated SIF intensities, to the corresponding

radiance spectra, measured at Top-Of-Atmosphere (TOA), by means of a proper linear

relationship. The linear model here proposed is a totally way original to model the SIF as a

function of the TOA radiance spectrum. The insight leading to the new method is supported by

an analytical proof reported in this work. The method consists of two steps: (i) a supervised

learning step, followed by (ii) a predictive step. The coefficients of the linear model are

obtained by means of a multiple linear least square fitting applied to a training dataset

composed by noisy TOA radiance spectra and the corresponding SIF spectra; hence, the

method is termed ML-SIF method. Once the model coefficients are evaluated, SIF spectra are

predicted by applying the learning result to independent TOA radiance spectra measurements.

The accuracy of the predictive performances of the proposed method, as in the case of any

data-driven model, depends strongly on the supposed model and the implementation of the

learning step. Compared to the radiance-based methods proposed in literature, the ML-SIF

method is based on a model and an operating procedure which offer several advantages, as

regards both the implementation of the method and the instrumental requirements.

In detail, in this thesis the fundamentals of the new method have been discussed from a

mathematical point of view and the implementation has been accurately described. Besides,

performance assessment and robustness analysis of the ML-SIF method have been also carried

out. The lack of both spectra of reflectance and SIF at canopy level for several vegetation

species and the related SIF radiance spectra prevented the direct implementation of the learning

procedure with actual measurements.
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As a consequence, this study relied on the use of two simulators: (1) the Scope Canopy

Observation, Photochemistry and Energy Balance (SCOPE) code [31], which can be used to

simulate reflectance and SIF spectra for different species of vegetation, (2) an in-house

developed radiance image simulator. The latter has been specifically implemented during this

work to simulate realistic radiance spectra containing SIF contributions. Given a set of

user-defined atmospheric parameters and the SIF emitted by vegetation at top-of-canopy level

it simulates the radiance spectra as measured by a space-borne hyperspectral passive imaging

system. Besides, the simulator is able to take into account instrumental parameters of imaging

spectrometers and it implements an accurate noise model.

The present work is organized as follows:

• Chap. (I) describes the origin of the SIF spectra emitted by the vegetation and revisits the

theoretical and experimental results leading to parametrize the GPP as a function of the

SIF;

• Chap. (II) concerns the rationale to measure the SIF passively at leaf, canopy and

landscape scale and it summarises the state of the art for SIF data retrieved up to now;

• Chap. (III) recalls the spectral methods proposed to retrieve the SIF of vegetation so far;

• Chap. (IV) concerns the fundamentals of the ML-SIF method and its implementation;

• Chap. (V) describes the developed radiance image simulator and shows the simulation

products;

• Chap. (VI) and Chap. (VII) focus on the performances assessment and the robustness

analysis, respectively.

Finally, Summary and Conclusions are reported.
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Chapter I

Photosynthesis of terrestrial plants

Photosynthesis is a physiological process by which the plants produce the O2 by atmospheric

CO2 uptake. It was estimated that the largest carbon exchange between the biosphere and the

atmosphere occurs through the photosynthesis of terrestrial plants. The excessive levels and

high accumulation rate of atmospheric CO2 explains the growing international efforts made

to understand the photosynthesis activity of the terrestrial plants at global scale. The current

chapter illustrates the main mechanisms of the photosynthetic process and the main regulatory

mechanisms evolved by plants to adjust the absorbed energy. Main optical signals related to

photosynthesis and measurable in the VISible (VIS) and Near InfraRed (NIR) spectral region

are introduced. Finally, the potential of these optical signals for the improvement of modelling

concerning the atmospheric CO2 photosynthetic assimilation is discussed.

1.1 The photosynthetic process

Photosynthesis is the most important bioenergetic process on our terrestrial planet that

permits the plants growth and productivity. By means of this process, plants exploit the light

energy, the H2O and the CO2 to produce organic compounds (in addition to O2 and H2O) [1].

The photosynthetic apparatus of plants is located within the chloroplasts, subunits found in

the cells of leaves and in all other green parts such as, for example, the young stems and buds.

The chloroplasts are bounded by a double membrane containing the stroma and thylakoids.

The stroma is a fluid surrounding the thylakoids, structures grouped in stacks surrounded by

membranes where the photosynthetic pigments are bound by proteins to form photosynthetic

antenna complexes.
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Main photosynthetic pigments composing the antenna complexes are the Chlorophylls a

(Chl a) and Chlorophylls b (Chl b) and Xanthophylls. Chlorophylls give green color to the

leaves, while the Xanthophylls are yellow-orange color pigments. The structural differences

of the Chl a and b determine the differences in their absorption spectra. On the other hand,

Xanthophylls comprise a diverse group of oxygenated carotenoids with different structures and

multiple functions. These pigments are able to absorb the radiation at wavelengths different

from those absorbed by the chlorophylls pigments.

Fig. (I.1) shows the absorption spectra of Chl a, Chl b and carotenoids solutions in organic

solvents: the absorption maxima to about 420 nm and 660 nm are present for the Chl a, while

absorption maxima at 475 nm and 642 nm for the Chl b. Carotenoids absorb light in the purple

and blue, three absorption maxima are at 420 nm – 425 nm, 440 nm – 450 nm and at 470 nm –

480 nm depending on the carotenoid type.

Figure I.1: The absorption spectrum of the major photosynthetic pigments (figure adapted from [1]).

The combination of an antenna complex and a reaction centre is termed photosystem.

Higher plants have two types of photosystems: PhotoSystem I (PSI) and PhotoSystem II

(PSII). PSII lies in the thylakoids membrane, it is composed by an external antenna complex,

termed Light Harvesting Complex of the PSII (LHCII), by an internal antenna and by a

reaction centre with absorption maximum at 680 nm. The reaction centre is composed by

chlorophylls molecules and proteins. PSI is located on the thylakoids membrane in contact

with the stroma. It is composed by an external antenna complex, Light Harvesting Complex of

the PSI (LHCI), an internal antenna and by a reaction centre with absorption maximum at 700

nm. PSII and PSI have different absorption spectra due to differences in pigments composition

as, for example, different concentration of Chl a and Chl b.
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1.1.1 Light and carbon fixation reactions

Photosynthesis involves two main reactions: (1) the light reaction, (2) and the carbon

fixation reaction [2], [3]. During the light reaction, photosynthetic pigments composing LHCII

and LHCI absorb the Photosynthetically Active Radiation (PAR) at wavelengths between 400

nm and 700 nm and transfer it, from one molecule to the next, to their reaction centres (P680

and P700). PSI and PSII absorb the radiation simultaneously but, given that the electrons are

transferred from PSII to PSI by means of the Cytochrome complex (Cyt b6f), they operate in

series in the opposite order.

The energy absorbed by PSII and PSI during the light reaction can be dissipated by means of

several pathways, among which the photochemistry. The latter concerns the electrons transfer

by means of the photochemical reactions leading to the final products of light reaction (e.g.

Adenosin Tri Phosphate (ATP) and Nicotinamide Adenine Dinucleotide Phosphate (NADPH)).

Fig. (I.2) shows how the light reaction occurs in the thylakoid membrane leading to the

production of NADPH and ATP used in the Calvin cycle, in which occurs the CO2 reduction

with the production of sugars in the stroma.

Figure I.2: The two phases of photosynthesis and their interaction within the chloroplast (figure reprinted from

[4]).

Photochemistry starts with the PAR absorption by PSII and PSI reaction centres. Once the

energy absorbed by the antenna complex arrives at PSII reaction centre (P680), the excited

P680∗ is produced. The excited P680∗ gives an electron to the primary acceptor, the Pheophytin
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(Pheo) producing Pheo- and the chlorophyll molecule remains in an oxidated state (P680+).

At the donor side of PSII, P680+ receives an electron originated from the Tyrosine-Z (TyrZ)

(namely TyrZ is reduced). In turn, TyrZ+ takes up an electron from the Oxygen Evolving

Complex (OEC) by means of that the H2O molecule releases O2 and protons. Photolysis of

water generates a concentration of protons between the lumen of the thylakoid and the stroma

of the chloroplast, which is exploited for the production of ATP.

At the acceptor side of PSII, Pheo- reduces the electron acceptor Quinone-A (QA), obtaining

QA-. Subsequently, QA- passes an electron to Quinone-B (QB), a mobile acceptor quinone,

which leaves its binding site when double reduced (QB–) and protonated (QB-) by stromal

protons. QB- reduces the PlastoQuinone (PQ) which is subsequently reoxidized by the Cyt b6f,

eventually transferring the protons to the thylakoid lumen.

Simultaneously, energy with absorption maximum at 700 nm is absorbed by the chlorophyll

molecules of the PSI reaction centre. Once the energy arrives at PSI reaction centre (P700), the

excited P700∗ is produced. As well as for the PSII reaction centre, the excited P700∗ gives an

electron to the primary acceptor of the PSI, the Ferrodoxin (Fd), and the chlorophyll molecule

remains in an oxidated state (P700+).

At the donor side of PSI, the oxidated chlorophyll molecule (P700+) is reduced to P700 by

taking an electron from PlastoCyanin (PC).

At the acceptor side of PSI, the electron is passed from ferredoxin Fd- to oxidized NADP+

and, by the addition of one electrons and one proton taken from the stroma, NADPH is

produced.

To sum up, the absorbed energy for the photochemistry, namely the energy transferred to

reaction centres, is converted into chemical energy in the form of ATP and NADPH by means

of the electrons transport in photochemical reaction.

Fig. (I.3) shows a version of the "Z-scheme" that summarizes the steps involved in the

electron flow in photosynthesis. The scheme depicts the electron transport from H2O to NADPH

leading to the release of O2.

During the carbon fixation reaction, ATP and NADPH are used to produce sugars by means

of the absorbed atmospheric CO2 and H2O. The cycle consists in the fixation of CO2 and the

synthesis of sugars by means of reduction–oxidation reactions. This represents the Gross

Photosynthetic Assimilation (GPA). Net Photosynthetic Assimilation (NPA) is the net quantity

of CO2 uptake, measurable by gas exchange systems. NAP is related to GPA by the R and PR
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Figure I.3: The "Z-scheme" of photosynthesis for electron transfer from water to nicotinamide adenine

dinucleotide phosphate (figure adapted from [5])

of plants according to the following [3]

GPA = NPA + R + PR (I.1)

1.2 Energy partitioning at the molecular level

In order to optimize the photochemistry and minimize the potential risk for photooxidative

damage, plants have evolved regulation processes of light-harvesting to balance the absorption

and utilization of light energy. During the light reaction of the photosynthesis, the energy

absorbed by Chls molecules composing the antenna complexes of the PSII and PSI can be

dissipated by radiative (fluorescence emission) and non-radiative pathways (photochemistry,

heat dissipation, decay by intersystem crossing) [3]. The energy partitioning mechanisms have

been described by models that invoke excited-state populations along discrete energy levels.

Fig. (I.4) shows an idealized representation of the Jablonski diagram illustrating the energy

partitioning of absorbed photons by Chl molecules composing the antenna complexes. The

diagram shows the energy levels and some of the possible energy dissipation pathways.

After absorbing the light, molecules move from the ground state level (S0) at a higher level

(S∗). In the diagram, the ground, first, and excited electronic states are depicted by S0, S1, and

S∗, respectively. At each of these electronic energy levels, the molecules can exist in a number

of vibrational energy levels, depicted by 0, 1, 2, etc.
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Figure I.4: Jablonski diagram depicting the ground and excited states (the vertical axis is energy). Several ways

to leave the excited state for the molecules are depicted (figure adapted from [5])

Chl molecule absorbs photons of blue and red light very efficiently. By absorbing a blue

photon, the electrons of Chls raise from the ground-state orbital S0 to an orbital of a high excited

state S∗. Part of the energy is rapidly dissipated and, consequently, electrons switch from the

orbital of a higher excited state to S1 level (first singlet state) by thermal relaxation. S1 is a state

produced by the directly absorption of red photon as well.

From S1, the partitioning energy can take place among several pathways [5] (1) Chlorophyl

Fluorescence emission (ChlF), (2) non-radiative de excitation, (3) energy transfer to another

molecule by Forster Resonance Energy Transfer (FRET), and (4) spin conversion to the first

triplet state by intersystem crossing.

If the molecules are excited to a higher electronically excited state than S1, or if they are

excited to higher vibrational states, the energy is very quickly and efficiently dissipated (thermal

relaxation) so that the molecules generally end up in the lowest energy level of the first excited

state before any of the pathways of de excitation can happen.

ChlF generally results from the lowest energy vibrational state of S1. It typically occurs

with a lifetime of the order of 10−8 s at lower wavelengths than that of absorption because part

of the energy is lost by thermal relaxation.

FRET is an extremely efficient migration mechanism by means of which the captured light

energy arrives to the reaction centres of photosynthetic systems. Thanks to this mechanism,

the extra energy of a molecule in an excited electronic state (the donor) is transferred to a

molecular chromophore (the acceptor). Donors and acceptors are in this case the molecules
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composing the antenna complexes. In both cases, the energy is not emitted by the donor

molecule as a photon being absorbed by the acceptor. FRET accounts for the weak coupling

between molecules, the donor and acceptor are coupled by a dipole–dipole interaction [6].

New modes of energy transfer between molecular systems were introduced to take into

consideration that the intermolecular coupling could be stronger than assumed for FRET. This

transfer mechanism is called Coherent Resonance Energy Transfer (CRET). It is a transfer

mechanism of energy among the molecules based on exciton theory to account for the strong

coupling [6].

Non radiative de excitation results as heat emission by means of the internal conversion

mechanism. Thermal energy dissipation is often divided into basal and regulated components.

Spin conversion of the molecules in the S1 state to the first triplet state T1 undergoes by

intersystem crossing. Transition from T1 to the singlet ground state is forbidden and, as a

result, the rate constants for triplet emission are several orders of magnitude smaller than those

for fluorescence. T1 can be deactivated via phosphorescence or reaction with oxygen to form

singlet oxygen or by transfer to other acceptor molecules [6].

1.2.1 Fluorescence quenching

The possible pathways for an excitated Chl molecule in the first singlet state (1Chl∗) to

return to the ground state are processes competitive with the ChlF. These processes are called

quenching, or decrease, of the ChlF [7].

Fig. (I.5) shows a diagram that depicts the dissipation pathways. These are (1) the ChlF;

(2) the photochemistry is termed Photochemical Quenching (PhQ); the pathway (3) is related to

non radiative dissipation and it is commonly referred to as the sum of basal Thermal Dissipation

(TD) - defined as the minimum thermal dissipation rate obtained in the absence of stress and

down-regulation - and the regulated mechanisms - termed as Non-Photochemical Quenching

(NPQ); the (4) is Photooxidative Damage (PhD).

At molecular level, the four processes are linked among them by relationships describing the

efficiencies of energy transfer, also called the quantum yields of energy transfer. The quantum

yield ΦF of fluorescence process can be expressed as:

ΦF =
kF

kF + kPQ + kNPhQ + kPhD
(I.2)

where:
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Figure I.5: De-excitation pathways for excited Chls (1Chl∗): (1) Chl fluorescence emission, (2) thermal dissipation

processes (TD+NPQ),(3) transfer to reaction centers used to drive photochemistry, (4) photooxidative damage

(PhD) due to decay via the triplet state (figure adapted from [7]).

• kF is the rate constant of fluorescence emission; it depends on the properties of the Chl

molecule and is assumed to remain constant in physiological processes

• kPQ is the rate constant of energy transfer to a neighbouring pigment molecule; it includes

two main mechanisms: coherent energy transfer, and Forster or fluorescence resonance

energy transfer (FRET)

• kTD is assumed to be the constant associated with the process of internal conversion; it is

invariable by definition

• kNPQ is the rate constant of regulated thermal energy dissipation (NPQ)

• kPD is the rate constant of intersystem crossing leading to chlorophyll triplet states; it is

orders of magnitude smaller than kTD or kF.

All reactions are of the first order and therefore the rate constants are expressed as inverse

time unit. The average lifetime of 1Chl∗ depends on the yields of the all pathways, thus it is the

inverse of the sum of all rate constants (τ = 1/Στi).

The yields of the photosynthetic pathway (ΦP) and non-photochemical pathway (ΦNPhQ)

can be expressed in a similar way as shown in Eq. I.2. Since these three pathways compete

simultaneously, the sum of the yields has to be equal to one. Being the photosynthetic

organisms very sensitive to changes in environmental factors, energy partitioning will result
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highly dynamic in response to physiological status of the plants, stress and environmental

conditions (e.g. radiation intensity, low or high temperature extremes, water and nitrogen

deficit). Depending on the environmental conditions, the yields vary consequently.

1.3 Solar induced fluorescence and reflectance-based indices: probes of

the photosynthetic activity of plants

When the vegetation is exposed constantly to Sun light, several optical signals connected

to the regulation in energy partitioning are involved macroscopically. The processes related to

the energy partitioning generate both the steady-state SIF spectrum and the spectral features

detectable in the reflectance spectrum at specific wavelengths. The following Sec. (1.3.1) and

Sec. (1.3.2) focus on these optical signals measurable at macroscopic scale.

1.3.1 Solar induced fluorescence

Under solar light impinging constantly, the plants emit the steady-state SIF spectrum in the

VIS and NIR spectral ranges showing maxima near 685 nm and 740 nm [1], [3]. SIF spectra

can be measured from leaf to landscape scale.

At the chloroplast-level, SIF spectrum results as the sum of spectral florescence emitted by

the PSII and PSI. PSI and PSII are composed of different proportion of Chl a and Chl b,

consequently the light absorption by PSs will change, depending on the conformation and

structure of two antenna complexes of the photosystems. PSII fluorescence occurs at

wavelengths between 640-780 nm and presents a peak around 685 nm, while PSI emits

fluorescence at wavelength longer than 700 nm with a peak at around 740 nm, both giving rise

to a typical SIF spectrum with two peaks. The fluorescence signal emitted by chloroplasts and

its relationship to the photosynthetic process increase in complexity with the increasing scale.

At leaf and canopy scales, the structures of the leaf and canopy affect the fluorescence signal.

At these scales, the radiation absorption at blue and red wavelengths involves two wavelength-

dependent phenomena:

• the radiation penetration within a leaf and the canopy

• the fluorescence re-absorption.
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The first process implies that the red light penetrates deeper into the leaf and the canopy,

while the blue light is scattered and absorbed to a larger extent. These absorption and

scattering processes generate a gradient in the PAR intensity that affects the organization of the

cells and of their chloroplasts within the leaf. The different scattering/absorption extent at the

different wavelengths occurs also to the fluorescence light, so that the fluorescence

measurements carry information from different layers of the leaf or the canopy. These

wavelength-dependent phenomena involve that the fluorescence measurements carry

information from different layers of the leaf or the canopy.

For a specific wavelength of measurement (λr), SIF at leaf-level can be expressed as shown

in I.3 [3]

SIF(λr) =

∫
λS

I(λS)A(λS)[aII(λS)ΦFIIFPSII(λr) + aI(λS)ΦFIFPSI(λr)]

·[1 − pr(λr,Chl)]dλr

(I.3)

where λS is the Sun wavelength varying within the PAR spectral range, I(λS) is the Sun

irradiance at leaf-level, A(λS) is the leaf-level absorption expressed as a function of the

excitation wavelength, aII(λS) and aI(λS) are the cross-sections of two photosystems, ΦFII and

ΦFI are the quantum yields of two photosystems, FPSII(λr) and FPSI(λr) account for the spectral

shapes emitted by the PSII and PSI, pr(λr,Chl) accounts for the fluorescence re-absorption,

chlorophyll content and leaf morphology.

This simplified expression shows that the resulting SIF signal depends on the spectral

window chosen to retrieve SIF. The expression accounts for the PSII and PSI contributions to

the total SIF, each of which characterized by its specific spectral shape.

1.3.2 Reflectance-based indices

The reflectance spectrum of the vegetation is due mainly to the presence of chlorophyll

molecules. Chls lead to strong absorption of the solar light at wavelengths shorter than 700 nm,

while, for wavelengths longer than 700 nm, the strong reflectance is due to the refractive index

discontinuity between air and the leaves. Several reflectance-based indices have been defined to

study and monitor the dynamic properties of the vegetation by exploiting the reflectance spectra

measurements. Here, only some of these indices are recalled.

The regulation in energy partitioning by the NPQ mechanism generates, in addition toSIF,

reflectance-based optical signals. The NPQ mechanism is associated with changes in
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reflectance within 500 nm -600 nm and in particular, around ≈531 nm, related to the

xanthophyll cycle in antenna complexes to adjust the distribution of absorbed light energy

through the inter-conversion of a group of carotenoid pigments. The spectral feature at ≈531

nm has been exploited to define the Photochemical Reflectance Index (PRI) [8], [9], [10].

Over longer time scales (months - seasons), the PRI at leaf and canopy scales follows the

changing leaf carotenoid pigments. The changes in carotenoid/chlorophyll ratios within leaves

play a significant role for monitoring evergreen photosynthetic activity.

Chlorophyll/Carotenoid Index (CCI) takes into account the seasonally changing foliar pigment

levels, expressed as chlorophyll/carotenoid ratios, and evergreen photosynthetic activity. CCI

indicates the important regulatory role for carotenoid pigments in evergreen photosynthesis

and it is used to track evergreen photosynthesis at multiple spatial scales and over long time

scales [11].

Being SIF spectra and PRI, CCI indices originated from the core of the photosynthetic

machinery in terrestrial plants, they are valuable optical tools for assessing photosynthesis at

macroscopic spatial and temporal scales.

Additional indices that correlate with the vegetation cover can be expressed. These are

the Normalized Difference Vegetation Index (NDVI) and Leaf Area Index (LAI) related to the

canopy variables and the chlorophyll concentration [12]. A detailed review of main vegetation

indexes can be found in [13].

1.4 The photosynthesis to estimate the vegetation carbon uptake at global

scale

The global carbon budget quantifies the input of CO2 in the atmosphere by balancing the

emissions from human activities, the fossil fuel combustion and the storage of carbon in the

land and ocean reservoirs. On the basis of this model, the growth rate of atmospheric CO2

concentration (GATM) results [14]:

GATM = (EFF + ELUC) − (SOCEAN + SLAND) (I.4)

where EFF is the fossil fuel combustion, ELUC is the emissions resulting from deliberate human

activities on land leading to land-use change, SOCEAN is the uptake of CO2 in the ocean, and

SLAND is the uptake on land, both vegetation and soils. In this work, special attention is paid to

terrestrial vegetation sink.
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Fig. (I.6) shows a schematic representation of the overall perturbation of the global carbon

cycle caused by anthropogenic activities. The concentrations of carbon dioxide reported in the

Figure are values averaged globally for the decade 2006–2015. All fluxes are in units of GtC

yr−1 and the uncertainties are reported as ±1 standard deviation.

Figure I.6: Schematic representation of the overall perturbation of the global carbon cycle caused by

anthropogenic activities. The arrows represent emissions and the uptake of carbon by natural sinks (figure reprinted

from [14]).

The measure of the amount of global CO2 removed every year from the terrestrial

ecosystems to supply the photosynthesis is known as GPP [15]. Nowadays, exchanges of CO2

in terrestrial plants are mainly measured by means of flux towers network by using eddy

covariance methods [16]. Although these towers are distributed at global scale, measurements

are however restricted to the area covered by their observation footprints; consequently the flux

towers measurements cannot provide a reliable GPP estimation at global scale.

For a global evaluation, GPP can be estimated as either the residual of the other terms in the

mass balance budget (I.4) or directly calculated by using Dynamic Global Vegetation Models

(DGVMs) based on different approaches (process-based, remote sensing based, data driven-

based) [17], [18].

Recent studies showed that the models provide discrepancies in GPP estimates due to the

uncertainties of the parameters used in the models building. Being the potential of the carbon

sequestration from the terrestrial ecosystems influenced by several factors (as climate, water
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and nutrient availability, soil type, species composition), spatial and seasonal dynamics of

vegetation have been introduced in DGVMs to fill this gap [19].

During the new millennium several changes in the representation of physical and

biogeochemical mechanisms (such as the photosynthesis and respiration processes of

terrestrial plants in the representation of regional properties of vegetation) were investigated to

improve the DGVMs [20]. Anyway, a suitable parameterization of DGVMs to take into

account the global vegetation dynamics is currently investigated.

Passive remote sensing technique from satellite is the most direct technique to measure the

photosynthetic activity of the vegetation and its cover at global and seasonal scale. SIF, PRI and

CCI imaging could identify spatial heterogeneity of photosynthetic performance because they

offer new possibilities to measure the regulatory mechanisms of the photosynthesis. Besides,

these physical quantities can also be used to image other physiological phenomena indirectly,

e.g. herbicide and environmental stress factors effects. Recently, SIF and reflectance-based

indices have been successfully remote sensed from aircraft and satellite platforms. Furthermore,

these measurements have shown an high correlation with independent measurements of GPP

[21], [22], [23], [24].

It was proved that the uncertainty in predicted GPP might be reduced by 40–70% in high

productivity tropical and temperate regions of North America, Europe, and South America by

assimilating the satellite-derived far-red fluorescence data into DGVMs [19].

In light of these first results, SIF and reflectance-based indices measured on terrestrial plants

present a new opportunity to constrain carbon-cycle predictions and in this way they support

the use of passive remote sensing technique in order to quantify and monitor GPP at global and

seasonal scale.
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Chapter II

Remote sensing of vegetation solar

induced fluorescence

During the last decades, a growing interest in SIF emitted by terrestrial plants has arisen

among the international scientific communities. This interest has been further fueled by the

proposal of the FLEX mission within the European Space Agency’s 8th Earth Explorer

programme. The current chapter deals with the rationale for passively estimation of the

vegetation SIF at leaf, canopy and landscape scale from radiance spectra. Besides, after a short

introduction on remote sensing techniques, the chapter summarises the current state of the art

for vegetation SIF retrieval in the frame of several international ground-based and airborne

measurement campaigns, including also SIF maps retrieval from satellite data of on-going

missions tailored for different types of applications.

2.1 Brief introduction to remote sensing

Remote Sensing (RS) is a technique focused on the acquisition of spectral energy reflected,

transmitted and emitted from a natural or artificial target without being in physical contact with

it. Chemical and physical information about the target properties can be acquired by measuring

the modulation effect that the target imprints on the detected spectral energy.

One of the major objectives in remote sensing is to study spatial and temporal dynamic

behaviours of the target of interest. The targets typically monitored by means of RS are

geological materials, like rocks and soils, natural waters, or biological materials like vegetation

covers.
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When the spectral energy impinging on the target is the solar energy, or the energy is

emitted by the Earth itself, the technique is called passive (hence referred to as Passive Remote

Sensing (PRS)); on the other hand, if an artificial source is used (e.g. a laser or radar source)

the technique is termed active [1]. In this work, PRS applications are considered.

Based on both the nature of the materials composing the targets and the characteristics

of the solar radiation impinging on these, several mechanisms of interaction (e.g. reflection,

absorption, scattering, fluorescence emission, thermal emission) can occur. The detection of

the radiation related to these mechanisms permits to retrieve some characteristics of the targets

as, for example, their biophysical and biochemical compositions.

PRS measurements can be carried out at ground -, airborne - or satellite - level. In the first

case, the sensor is placed almost in direct contact with the target, whereas in the last two cases

the sensor is placed on airborne or satellite. At satellite-levels, the sensors record the scenes on

the Earth’s surface along the tracks of specific orbits.

The orbit selection is closely related to the field of study. For satellite programs, there

are two broad classes: those satellites that orbit at geostationary altitudes above the Earth’s

surface and those which orbit much closer to the Earth. The former are generally associated

with weather and climate studies; whereas the latter are generally used for Earth’s surface and

oceanographic observations. The low Earth orbiting satellites are usually in a Sun-synchronous

orbit. In this configuration data are acquired at about the same local time on each orbit.

The advent of satellites allowed the fulfilment of several programs that led to the PRS

acquisition of global information about the Earth ecosystems (dynamics of clouds, surface

vegetation cover and its seasonal variations, surface morphological structures, ocean surface

temperature, etc.). Besides, the capability of a wide spatial and temporal coverage, typical of

satellite platforms, permits the monitoring of temporally and spatially changing phenomena, as

the ones related to the Earth’s atmosphere or the terrestrial vegetation. The wide-scale

coverage proper of PRS observations from satellite can be exploited for the observation and

study of regional and continental-scale features; whereas, the long duration and repetitive

capability permits the observation of seasonal, annual, and longer-term changes such as polar

ice cover, desert expansion, and deforestation.

The instruments used in PRS are selected on the basis of the size and dynamics of the target

or phenomena to be studied. To record point measurements on the target, spectrometers are

used, whereas to record scenes on the Earth’s surface imaging systems are usually used. The
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selection of the sensors characteristics (as the number of spectral bands, the bandwidth of each

band, the imaging spatial resolution, and the instantaneous field of view) leads to trade-offs

based on the properties of the target to be sensed, the sensor data-handling capability, and the

detector technological limits.

The PRS imaging systems can be divided into three general categories on the basis of how

the sensors acquire and record the incoming radiance signal: (1) framing cameras, (2) scanning

systems and (3) push-broom imagers. The systems in the first category record a snapshot of

an area of the surface of interest; in the second category a scanning mirror projects the image

of each element of the surface of interest on a single detector e (in order to make an image, a

scanning along the across-track direction is used to cover the imaged scene across the track,

while the motion of the platform carries the imaged swath along the track); The systems in the

third category does not require a moving scan mirror in order to acquire an image, but the use a

linear array of detectors to cover all the pixels in the across-track dimension at the same time.

2.2 Rationale for the passive remote sensing estimation of the vegetation

solar induced fluorescence

Vegetation SIF spectrum is emitted in the 640 nm - 800 nm spectral range showing maxima

at about 685 nm and 740 nm. Under constant sunlight illumination, the steady-state SIF emitted

by the vegetation represents a very small fraction of the reflected light, only the 1 − 5% of the

reflected radiation in the NIR [2]. The weak SIF signal is superimposed to the more intense

one that is due to the reflected solar irradiance. The sum of these two signals, the total radiance

spectrum, is what can be actually detected. Since it is, the decoupling of the SIF contribution

from the total radiance is a challenging task.

During the last decades several methods making use of total radiance measurements have

been proposed to retrieve SIF. These methods take mainly advantage from the absorption

features of the transmitted solar irradiance spectrum in the VIS and NIR spectral regions. The

absorption features are due to gaseous absorption both in the Sun’s photosphere (in this case

they are termed as Fraunhofer or solar lines) and in the Earth’s atmosphere (termed as telluric

bands). The former, unlike the latter, are relatively narrow and they tend to cause very small

features in the radiance spectra.

In the spectral range interested by the presence of vegetation SIF, there are three main
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absorption features: the solar Hydrogen line centred at 656 nm (Hα), the telluric Oxygen band

around 687 nm (O2-B) and the one at 760 nm (O2-A), the water vapour absorption lines

between 720 nm and 740 nm.

Fig. (II.1) shows the correspondence between the SIF spectrum and the atmospheric

transmittance simulated for realistic leaf and atmosphere, Hα, O2-B, O2-A and the water

vapour absorption band are shown. O2-B band is situated closer to the first SIF maximum,

whereas the water vapour and O2-A bands are situated closer to the second SIF maximum near

to 740 nm.

Figure II.1: Spectral correspondence between a simulated SIF spectra for a realistic leaf (green) and the

atmospheric transmittance (blue) (figure reprinted from [3])

The absorption features mainly exploited to retrieve the SIF were the O2 absorption bands.

These bands are appropriately located in the SIF spectra (close to the maxima of SIF spectra);

besides, they are wide and depth enough to be resolved with a moderate spectral resolution

instrument. Although the widths and depths of the telluric bands are sensible to the

atmosphere state, the atmospheric oxygen is quite constant in space and time in order to

consider O2 absorption bands as stable [3].

In correspondence of the absorption features, the at-ground-level solar irradiance is

significantly reduced with respect to irradiance outside the lines; consequently, the reflected

radiation within these lines results relatively attenuated. In the presence of the SIF signal, the

ratio between the SIF and the reflected signal will be higher inside than outside the lines. This

effect is known as the "in-filling" effect: its name is due to the fact that the absorption lines

seem to be "filled" by the emitted SIF [4].
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Fig. (II.2) illustrates the "in-filling" effect for a given absorption band in presence of a target

featuring reflectance R0, considered with and without SIF contribution. The plot in Fig. (II.2) a)

depicts the radiance profile for a reflective and non-fluorescent target with reflectance R0 (this

is a reference target) at the absorption line: L0(λout) is the radiance at λout in the continuum

part of the radiance spectrum, while L0(λin) is the radiance in the central wavelength λin of the

absorption line. In the presence of a fluorescent target with the same reflectance R0, the depth

of the radiance profile changes as shown in the plot of Fig. (II.2) b); in this figure the radiances

are indicated as LF(λout) and LF(λin) in the continuum and in the absorption line, respectively.

Figure II.2: absorbtion lines "in-filling" effect : (a) the radiance spectral profile of a reflective and non-fluorescent

target; and (b) the radiance spectral profile of a fluorescent target featuring the same reflectance (figure adapted

from [5]).

For the reference, in case the reflectance R0 is spectrally constant, the ratio r0 between the

radiances L0(λin) and L0(λout) is

rF =
R0 · I(λin)
R0 · I(λout)

=
I(λin)
I(λout)

(II.1)

where I(λin) and I(λout) are the transmitted solar radiances in- and outside the absorption line,

respectively. For a fluorescent target, featuring a spectrally constant fluorescence F and

reflectance R0 , the ratio rF between the radiances in the central wavelength of the absorption

line and in the continuum is

rF =
R0 · I(λin) + F
R0 · I(λout) + F

> r0 (II.2)

The difference between rF and r0 can be exploited to measure the fluorescence of the target for

interest. The method based on the "in-filling" effect here discussed will be explained in the

Chap. (III).
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2.3 Passive remote sensing of solar induced fluorescence and reflectance

spectra of vegetation

During last decades, many advances in SIF estimation have been made at the leaf, canopy

and landscape-level. This has been made possible thanks to both technological advances in PRS

technique and the retrieval methods improvements achieved over the time.

Previous studies at ground-level were dated back to 1980-1990. These have been carried

out on the vegetation and focused on the detection of the plants stresses, on the characterization

of plant physiology and, as well as, on studies about the possibility to estimate the vegetation

SIF by the "in-filling" effect.

Earlier works concentrated on SIF estimation at Hα band [6], [7]. The instrument used to

this end was a photometer developed to measure the fluorescence and reflectance in

correspondence of several solar bands [8], [9]. At the beginning of the new millennium, O2-B

and O2-A bands were investigated by using a multichannel detector prototype for passive

multi-wavelength fluorescence estimation [10]. The bi-detector version allowed to estimate the

SIF contribution by using the radiation coming from the target at wavelengths in and outside

the absorption band and exploiting the "in-filling" effect. In addition to the in-house developed

and assembled instruments, several researchers employed commercial field spectrometers. The

availability of commercial multichannel detectors led to the application of the new methods of

the SIF estimation based on the hyperspectral radiance measurements.

The first measurement campaigns from aircraft were performed at the during the same

period. Airborne campaigns were designed to provide extensive and spatially resolved SIF and

reflectance estimates based on PRS spectral radiance measurements. Sensors extensively used

in this case were imaging spectrometers. Compared with the ground-based instruments able to

provide point SIF estimations only, imaging spectrometers provided spatial pattern of the SIF

in the acquired scene.

Measurements campaigns carried out over vegetated sites by using an airborne imaging

spectrometer lead to conclude that SIF gives complementary information that could not be

obtained by the spectral reflectance-based indices [11]. In 2009 a camera mounted on an

Unmanned Aerial Vehicle (UAV) platform was used to acquire maps of SIF with very high

spatial resolution (15 cm pixel resolution) [12]. The results obtained on the SIF estimation

permitted to discriminate well-watered trees from water-stressed ones.
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For the SENtinel-2 and FLuorescence EXperimentg (SEN2FLEX) campaign, the airborne

sensor Compact Airborne Spectrographic Imager (CASI)-1500, with a nominal spatial

resolution of 3 m per pixel, acquired hyperspectral radiance images in the 370 nm to 1050 nm

spectral region with a spectral resolution up to 2.2 nm [13]. Maps of reflectance and SIF at 760

nm were obtained as a final product of the campaign. The reflectance images were used, in

turn, to estimate NDVI and PRI. the first index allows to account for the fractional vegetation

cover, while the second is used to estimate the dynamic in xanthophyll cycle pigments.

Fig. (II.3) shows the NDVI, PRI and the SIF maps acquired by CASI-1500 on the same scene.

The comparison between the maps of reflectance-based indices and SIF suggested that this

latter contains information not apparent in reflectance-based indices.

Figure II.3: From left to right spatial maps of NDVI, PRI and SIF as retrieved from CASI (figure adapted from

[5])

In support of the FLEX mission, selected for the implementation in 2015 within the ESA’s

8−th Earth Explorer programme, the CarboEurope FLEx and Sentinel-2 (CEFLES2)

measurement campaigns were planned in order to acquire extensive and spatially resolved

remote sensing SIF estimations from airborne platform [14]. The aim of this campaign was to

verify that the SIF signal detected from an airborne platform can be used to quantify

photosynthetic efficiency and to improve estimates of the GPP.

Recently, additional measurements have been carried out at airborne scale to prove that the

SIF is related to the photosynthetic efficiency [15], [16]. On the basis of these findings, SIF has

can be considered a valid diagnostic proxy of the absorbed photosynthetically active radiation

showing, compared to reflectance-based vegetation parameters, more robust capabilities when
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used for GPP estimation [17].

During 2012, HyPlant was built in the course of the preparatory phases of a FLEX mission

[18]. This instrument is an airborne fluorescence imager used in several field campaigns

covering agricultural areas, grasslands, and various types of forest. Fig. (II.4) shows

reflectance (in the upper panel) and SIF (in the lower panel) maps obtained by means of

HyPlant over an agricultural research site in Klein Altendorf (Germany). Results in lower

panel show the large differences in SIF emission at 760 nm between different vegetation types.

In addition, the comparison of the two maps reveals that the fluorescence emission contains

information on vegetation status, which is not visible in the reflectance domain.

Figure II.4: Maps of reflectance (upper) and SIF (lower) derived from the high resolution airborne sensor HyPlant

(reprinted from [3]

The promising results obtained by the airborne observations supported the investigation of

the SIF estimation from spaceborne measurements. The first study on radiance data measured

from a satellite, for the at-landscape-level SIF estimation over terrestrial ecosystems, was dated

back to just ten years ago.

Fig. (II.5) shows the first SIF map retrieved at O2-A band from radiance data acquired by

means of ENVISAT satellite. NDVI map of the same scene is also shown [13].

During the last decade, SIF maps at landscape-level have been successfully evaluated by

using radiance measurements from the GOSAT [19], [20], [21], ENVISAT [22], GOME-2 [23]

and Copernicus Sentinel-5 Precursor [24] satellites.

For illustrative purposes, Fig. (II.6) shows the monthly mean SIF for July 2009 from

radiance spectra measured at potassium (K) I solar Fraunhofer line (≈ 770 nm) by GOSAT.

Although these satellites were designed to monitor Earth’s atmosphere chemistry and

ecosystems, they provided the first global observations of SIF emitted by the terrestrial
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Figure II.5: MERIS-derived NDVI and SIF maps (figure adapted [13])

Figure II.6: Averaged SIF at potassium (K) I solar Fraunhofer line for July 2009 from GOSAT (figure adapted

from [19])

vegetation and opened the possibility to carry out preliminary correlations between the SIF

estimations and the GPP measured by flux towers distributed at global scale.

2.4 The Earth Explorer - FLuorescence EXplorer mission

Within the European Space Agency’s 8th Earth Explorer programme, the FLEX mission

was selected to provide information on the photosynthetic activity and the health of vegetation

at global scale and during seasonal cycles [3]. The focus of the FLEX mission is on the retrieval

of the SIF and reflectance spectra of the terrestrial plants from radiance spectra measurements

from space.

The FLEX satellite will carry the Fluorescence Imaging Spectrometer (FLORIS), which

covers the 500 nm –780 nm spectral range. FLORIS imaging system will be composed by

two spectrometers acquiring data in the 500 nm -780 nm spectral ranges and in the O2-B and

O2-A absorption bands with different spectral resolutions. The requirements on the spectral

resolutions are dictated by the preliminary performance analysis on the retrieval methods to

disentangle the SIF emission from the reflected radiance within the three spectral ranges.
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The satellite will orbit in tandem with Sentinel-3, one of the Copernicus constellation

satellites. Sentinel-3 is equipped with an optical and thermal sensor, specifically a

spectrometer and a radiometer. These sensors will provide the auxiliary data used together the

FLEX ones in the retrieval of vegetation fluorescence, and in particular in the atmospheric

correction of the TOA radiances to derive the TOC radiances. Besides, the combination of

FLORIS and Sentinel-3’s sensors will provide the necessary auxiliary information as SIF,

canopy temperature, and other relevant reflectance-based indices of the vegetation to drive the

models for the photosynthesis.

Accurate observations of the physiological processes and the status of health as a function

of the plant types require a proper spatial resolution. In this regard, FLORIS will provide

images with a pixel size of 300 m x 300 m within a swath of 150 km. Global coverage for all

land surfaces (forests and farms) between 56◦ South and 75◦ North will be achieved. FLEX

measurements will be supported by many activities of validation based on in situ measurements

from flux towers and, whenever possible, by airborne campaigns over large regions.

The Sentinel-3 orbit is a near-polar, sun-synchronous orbit and crosses the equator at 10:00

local time. Based on eco-physiological research, this local time assures a balance between the

maximum efficiency of fluorescence and the maximum solar illumination for clear-sky diurnal

illumination levels. A revisit time of about one month at the equator was considered acceptable

to observe the variability of vegetation at seasonal to annual scales. Furthermore, a duration

of five years would provide a sufficient statistical information on the seasonal and interannual

cycles of the photosynthetic activity of different sensed vegetation species.

FLEX mission represents a unique opportunity to study and monitor at global scale and on

seasonal cycles the vegetation by using synergistically data from others sensors as well. FLEX

mission is planned for launch by 2022.
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Chapter III

Review of solar induced fluorescence

retrieval methods

The SIF emitted by vegetation is a small amount of the total radiance that is mainly due to the

reflection of the solar radiation. Decoupling these two contributions by means of spectral fitting

procedures applied to measured radiance spectra represents a hard challenge. During the latest

years, several radiance-based methods were proposed to retrieve the SIF from radiance spectra

measured at ground-, airborne-, and spaceborne-level, also following the improvements of the

instruments developed for remote sensing measurements. In this chapter, the fundamentals of

the main methods are described and a critical analysis of their implementation is carried out.

3.1 Radiance-based methods for the dolar induced fluorescence retrieval

All radiance-based methods proposed so far are based on the building of Forward Models

(FwMs). For the specific field of study investigated in this dissertation, FwMs are built starting

from the solution of the Radiative Transfer Equation (RTE) that models the radiance spectrum

at-ground or at-airborne or at-spaceborne level. The radiance spectrum of a fluorescent target

like vegetation is given by the contributions of the reflectance and SIF spectra and by the

atmospheric contributions described by the spectral Atmospheric Transfer Functions (ATFs).

Consequently, FwMs are built accounting for both spectral features (reflectance and SIF) of

the targets and ATFs.

As far as vegetated targets are concerned, reflectance and SIF spectra are both modeled in

the FwMs (being both unknown), on the other hand, spectral ATFs are assumed as known. In
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detail, the radiance-based methods reviewed in this chapter are divided in physics- and statistic-

based methods. The classification refers to the modelling of reflectance and SIF spectra. For

both types of methods, the FwMs are built by following a common procedure. In this section,

the steps for building FwMs are summarized, and the differences between physics- and statistic-

based methods are introduced.

In physics -based methods, reflectance and SIF spectra are modeled as functional

relationships that describe their spectral shapes. These relationships are expressed by means of

combinations of a limited number of Basis Functions (BFs) chosen on basis of the considered

spectral ranges. In order to set the more appropriate number of BFs, theoretical and

experimental information about reflectance and SIF spectra are often exploited. On the

contrary, statistic-based methods exploit the result of a a-priori training procedure to define a

set of BFs able to take into account the variability of the spectral features of vegetation.

Reflectance and SIF spectra are modelled as combinations of the resulting BFs. In both

cases, the functional relationships used to model reflectance and SIF spectra are parametrized

by means of adjustable parameters. These are the parameters to be retrieved by means of a Least

Squares Fitting (LSF). Finally, the retrieved parameters are used to reconstruct the reflectance

and SIF spectra, separately.

In the next sections, details on the FwMs building are given: Sec. (3.2) concerns the RTE

solution for the radiance spectrum, Sec. (3.3) concerns the evaluation of the spectral

atmospheric contributions via ATFs; Sec. (3.4) and Sec. (3.5) deal with the reflectance and SIF

spectra modelling for physics- and statistic-based methods, respectively.

3.2 The radiance spectrum for an atmosphere-target-sensor system

The radiation received by a sensor at the TOA is the result of the complex interactions of

the solar radiation with the Earth’s atmosphere and the target. In this dissertation the target is

considered on the ground surface. As the radiation propagates through the Earth’s atmosphere,

it interacts with the atmospheric constituents and is perturbed by absorption, elastic and inelastic

scattering processes [1].

In the NIR spectral region, strong absorption bands exist mainly due to the presence in the

atmosphere of water vapour, ozone, CO2 and, to a lesser extent, O2. The elastic scattering can

be due to molecules (Rayleigh scattering) or aerosol (Mie scattering) in the atmosphere, while
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the inelastic scattering (Raman scattering) is manifest in O2 absorption bands. In addition,

scattering and absorption lead to a continuum of attenuation across the spectrum due to water

vapour [...].

Fig. (III.1) shows the atmospheric components affecting the remote sensing signal in the 0.4

- 2.5 µm spectral range.

Figure III.1: Distribution of the main atmospheric components along the stratified Earth’s atmosphere (figure

reprinted from [2])

In order to model the effects of these processes on the radiance spectrum, the solution of

the four-stream RTE for the atmosphere-surface system was considered here, as in the model

proposed by [3]. This model represents a reasonable compromise between realism and

computational efficiency. Four-stream RTE distinguishes direct flux from the Sun and two

diffuse fluxes (upward and downward) assumed to be isotropic over each hemisphere. The

four-stream model describes the atmospheric spectral contributions by means of the following

six spectral ATFs:

• path reflectance (ρ0) is the fraction of downwelling solar radiation reflected upwards

without any interaction with the target or Earth’s surface;

• Sun-to-ground (TS) direct transmittance is defined as the fraction of downwelling

radiation that passes through the medium and impinges directly on the ground;

• ground-to-sensor (T) is the fraction of upwelling radiation reflected upwards and directly

transmitted to the sensor;

• Sun-to-ground (tS) diffuse transmittance of the atmosphere is defined as the fraction of

downwelling radiation that passes through the medium after being scattered at least once;
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• ground-to-sensor (t) diffuse transmittance of the atmosphere is defined as the fraction of

upwelling radiation that passes through the medium after being scattered at least once;

• spherical albedo of the atmosphere (σ) is the fraction of radiation from the ground that

scatters back to the ground.

Fig. (III.2) shows four of the six ATFs listed above. In this image, the brown rays represent

illumination impinging on the atmosphere, the yellow rays represent outgoing radiation and the

angle µ is the Solar Zenith Angle (SZA) (the horizontal coordinate system is here assumed).

Figure III.2: Illustration of diffuse transmittances, path reflectance and spherical albedo (figure adapted from [4])

For a fluorescent target, the four-streams RTE solution leads to an expression for the TOA

radiance spectrum given as a sum of several contributions into the viewing direction of the

sensor (or in the observer’s direction). The contributions to the TOA radiance are shown in

Fig. (III.3):

1 upward scattered radiation (proportional to ρ0), this is the radiation scattered by the

atmosphere and it would present if target and background were both black;

2 radiation reflected by the target (proportional to reflectance R) and directly transmitted to

the sensor in the viewing direction; this contribution is the sum of: the reflected direct-

solar-radiation depending on the factor TS · T and the reflected sky-radiation depending

on tS · T (2a and 2b, respectively, in Fig. (III.3));

3 radiation reflected by the background (proportional to reflectance R̄) and diffusely

transmitted to the sensor in the viewing direction; this contribution is the sum of: the

reflected direct solar radiation and the reflected sky radiation (3a and 3b, respectively, in

Fig. (III.3))
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4 radiation emitted as fluorescence by the target (F) and by the background (F̄); both of

these contributions can be directly and diffusely transmitted to the sensor in the viewing

direction.

The reflected sky radiation (2b and 3b) is caused by solar radiation scattered in the

downward direction.

Figure III.3: Illustration of the atmospheric effects under cloud-free state (figure adapted from[3])

Neglecting the directional effects of the target (e.g. Bidirectional Reflectance Distribution

Functions (BRDF)), the sum of the listed contributions leads to the following TOA radiance

expression at a given wavelength (λ) [5]

LTOA(λ) =
I0(λ)
π

cos(µ)
(
ρ0(λ) + (Ts(λ) + ts(λ))t(λ)

R̄(λ)
1 − σ(λ)R̄(λ)

+ (Ts(λ) + ts(λ))T(λ)
R(λ)

1 − σ(λ)R̄(λ)

)
+T(λ)F(λ) + t(λ)

F̄(λ)
1 − σ(λ)R̄(λ)

+ σ(λ)T(λ)
F̄(λ)R(λ)

1 − σ(λ)R̄(λ)

(III.1)

This expression describes the TOA radiance spectrum intensity at wavelength λ for a

Lambertian target reflecting incident radiation and emitting fluorescence. I0 is the

extra-atmospheric solar irradiance. R(λ) and F(λ) are the reflectance and SIF fluorescence

spectra, respectively, and model the reflectance-for-adjacency and SIF-for-adjacency

contributions. The adjacency contributions are due to the radiation that comes from the

surrounding targets and, due to reflectance and/or scattering phenomena, is directed along the

line of sight.
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When a single pixel on the ground is surrounded by pixels featuring the same reflectance

and SIF, the spectra are equal to reflectance and SIF spectra, in this case the Eq. III.1 becomes:

LTOA(λ) =
I0(λ)
π

cos(µ)
(
ρ0(λ) + (Ts(λ) + ts(λ))(T(λ) + t(λ))

R(λ)
1 − σ(λ)R(λ)

)
+(T(λ) + t(λ))

F(λ)
1 − σ(λ)R(λ)

(III.2)

The expression for the TOC radiance spectrum can be easily obtained from Eq. III.1, or Eq. III.2,

as follows

LTOC(λ) =
I0(λ)
π

cos(µ)(Ts(λ) + ts(λ))R(λ) + F(λ) (III.3)

3.3 Atmospheric contributions

In order to build the FwM for a radiance-based method, an accurate characterization of the

atmospheric contributions (termed as ATFs in the previous section) is needed.

ATFs can be evaluated by using either analytic expressions or atmospheric Radiative

Transfer (RT) codes as MODTRAN [4] and 6S [6]. In both cases, the characterization of the

atmospheric state is needed. The knowledge of key atmospheric parameters such as surface

pressure, ozone concentration, column water vapour and aerosol optical thickness is crucial.

The surface pressure and ozone concentration are slow-varying parameters, both spatially and

temporally. They can be estimated from coarse-resolution meteorological data. In general, the

water vapour content and aerosols vary considerably in time and space. Where possible, these

parameters are derived from data acquired by the same instrument for which the atmospheric

correction is performed, or by an instrument flying on the same platform.

In order to optimize the computational time, the spectral ATFs can be evaluated for a specific

atmospheric state by interpolation using the Look-Up Tables (LUTs) that are a-priori generated

by an available code for combination of several values of SZA, of observer’s directions, surface

elevation, horizontal visibility and water vapour column content, etc. [7].

In the case that a radiance-based method is applied to the radiance spectrum measured at

TOA level, FwM building can be implemented in two ways:

• measured TOA radiances would be directly fitted

• measured TOA radiances would be converted to the radiance at TOC level by using an

appropriate atmospheric correction procedure [2].
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In the first case, the FwM has to be built on the basis of an expression for the TOA radiance

generated by means of an RT model (for example the four-stream RT model Eq. III.1).

Simulated or evaluated ATFs have to be used.

In the second case, a pre-processing procedure (termed as atmospheric correction) has to be

carried out on the measured radiance. The correction procedure consists in the removal of the

atmospheric contributions from the measured data by using the evaluated/simulated ATFs. The

procedure leads to obtain TOC radiance and a corresponding FwM has to be built.

The uncertainties in atmospheric parameters and the variability in solar irradiance and

atmospheric transmittance can affect SIF retrieval to a large extent. In order to overcome these

issues, statistical approaches were also introduced to simulate ATFs. Principal Component

Analysis (PCA) technique was used to model the spectral atmospheric transmittance by means

of a set of spectral functions. The set is derived from an a-priori analysis on simulated or

measured spectra datset [8], [9].

3.4 Modelling of reflectance and SIF spectra for physics-based methods

In this section, some examples of reflectance and SIF spectra modelling are discussed:

Sec. (3.4.1) contains a description of the Fraunhofer Line Discriminator (FLD) method, while

Sec. (3.4.2) explains the Spectral Fitting Methods (SFM)) for several modeled reflectance and

SIF spectra.

3.4.1 Fraunhofer Line Discriminator method

The first method proposed to estimate SIF by means of remote sensed measurements was the

FLD [10]. The method is based on the "in-filling" effect thanks to which the absorption bands in

the spectral solar irradiance are used to decouple the SIF contribution from the reflected one. In

order to understand the FLD method, the at-ground level case is considered. By assuming that

SIF (F) and the reflectance (R) are constant at the two considered wavelengths, the expression

to retrieve the SIF is obtained by solving the following system of linear equations

L(λin) =
I(λin)R
π

+ F (III.4a)

L(λout) =
I(λout)R

π
+ F (III.4b)

where λin and λout are the wavelengths, respectively, inside and outside the absorption band,

L(λin) and L(λout) are the radiance values, I(λin) and I(λout) are the transmitted solar irradiance
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measured inside and outside the absorption band. The expression obtained for F is

F =
L(λin)I(λout) − L(λout)I(λin)

I(λout) − I(λin)
(III.5)

The method requires only a total of four measurements in the two spectral channels (two of the

radiance and two of the solar irradiance).

FLD has been considered for many years as the reference method to retrieve the SIF at TOC

level from PRS measurements; anyway, the assumption of the reflectance and SIF spectrally

constant in the considered spectral range cannot be considered realistic. This has motivated

the development of several improved FLD-based methods. In order to overcome the intrinsic

limitations of the FLD method, the use of the radiance and irradiance at three wavelengths

(one inside and two outside of the absorption band) was proposed (3FLD) [11]. This method

assumes that the SIF and reflectance spectra are linearly variable within the three considered

wavelengths and it allows to estimate the averaged values of SIF and reflectance.

3.4.2 Spectral Fitting Methods

Spectral Fitting Methods SFMs have been developed to retrieve the reflectance and SIF

spectra by using the radiance spectra measured in several spectral channels close to the

investigated absorption band. Polynomial curves have been widely employed to model the

spectral shapes of the reflectance and SIF spectra as a function of wavelength [12]

R(λ) =

nR∑
i=0

αiλ
i (III.6a)

F(λ) =

nF∑
i=0

βiλ
i. (III.6b)

The degrees of the polynomial curves, nR and nF, have to be set on basis of the extent of the

investigated spectral interval. In this case, the powers λi compose the BFs, while αi and βi are

the model parameters to be retrieved.

SFM was attempted also by modelling the reflectance as a linear combination of a number

Nem of end-members [13]

R(λ) =

Nem∑
i=1

aiρi(λ) (III.7)

each characterized by means of an abundance coefficient (ai) and the reflectance spectrum

(ρi(λ)), while SIF contribution as a fixed spectral shape (F̃(λ)) modulated by an intensity
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coefficient (F0)

F(λ) = F0F̃(λ) (III.8)

In this case F̃(λ) and ρi(λ) compose the BFs, while ai and F0 are the model parameters to

be retrieved. This simple formulation was considered sufficiently accurate to retrieve the SIF

within spectral bands around the O2-B band where the polynomial curves showed a limited

capability to account for real vegetation SIF spectral shapes.

It should be noted that the parametrized relationships for reflectance and SIF spectra shown

in this section are linear in parameters. A non-linear parameterization for the SIF has been

proposed as well, where a Gaussian has been used to better model the SIF at O2-B band [14].

Recently within the FLEX scientific studies, SpecFit method has been proposed to reconstruct

the SIF spectra within the whole spectral range (640-800 nm) [15]. In this case, the sum of the

two pseudo-Voigt functions was proposed to model the full SIF spectrum, while cubic-spline

was selected to reproduce the reflectance signature in the red to far-red spectral region.

Linear and non-linear relationships for the reflectance and SIF spectra are used to build the

FwM both at TOA and TOC level by using, for example, the radiance expressions in Eq. III.1

and Eq. III.1. The product (wavelength by wavelength) between BFs and the ATFs resulting

from the FwM building are termed as regressors. In the FwMs building, instrumental

characteristics of the detection instrument that measures the radiance spectra (such as Spectral

Resolution (SR) and the Instrumental Spectra Response Function (ISRF)) are taken into

account as well. Besides, the spectral distribution of the noise affecting the measurements can

be considered, when it is known, by applying a weighted LSF.

3.5 Modelling of reflectance and SIF spectra for statistic-based methods

In the last years, statistic-based methods have been developed to take into account the

spectral variability of the reflectance and SIF spectra of the vegetation, which cannot be easily

modelled by means of usual BFs [16], [17]. In this dissertation, the statistical methods are

labelled as VegSMs.

VegSMs are based on a-priori PCA or Singular Value Decomposition (SVD). Both

techniques permit to extract components or vectors representative for the variability of the

vegetation reflectance and SIF spectra. These components or vectors compose BFs useful to

model reflectance and SIF spectra. The components and vectors extracted by using these
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analyses are not equally relevant from a statistical point of view. Consequently, on the basis of

the number of the employed BFs, the resulting FwM is able to take into account a different

level of the variability of the spectral shapes. Each of the used BF is multiplied by an

adjustable parameter to be evaluated by using a LSF procedure as for physics-based methods.

VegSMs have been proposed to retrieve SIF and reflectance spectra within the ≈ 640 nm -

800 nm spectral region from radiance spectra measured at TOC level. In detail, the method

proposed in [17] (called Fluorescence Spectrum Reconstruction (FSR)) is focused on the

reconstruction of the SIF spectrum within the ≈ 640 nm - 800 nm spectral region. For this

purpose, the method models the SIF spectrum in the wide spectral range as a linear

combination of the first three SVD vectors (vi)

Fmod = c1v1 + c2v2 + c3v3 (III.9)

where bold characters indicate variables with a spectral component; c1, c2 and c3 are the

coefficients of the singular vectors to be determined. These coefficients are determined by LSF.

LSF is applied to match the SIF intensities retrieved by means of the SFMs in a limited

number of relevant absorption bands within the ≈ 640 nm - 800 nm spectral range. The

method proposed in [16] (called Full-spectrum Spectral Fitting Method (F-SFM)) is focused

on the reflectance and SIF spectra retrieval by using a linear combination of the PCA

components. The method models the reflectance and SIF full-spectra as a linear combination

of a limited number of PCA components

R̃(λ) =

nR∑
i=1

κiϕi(λ) (III.10a)

F̃(λ) =

nF∑
i=1

ηiφi(λ). (III.10b)

where ϕi(λ) and φi(λ) are the ith principal components of the reflectance and SIF, respectively;

κi and ηi are the weight coefficients of the PCA components; nR and nF are the used PCA

components numbers. The Eq. III.10a and Eq. III.10b are used to write the following expression

for the FwM to model the radiance spectrum at TOC

Lmod(λ) =
I(λin)
π

(αR̃(λ) + β) + F̃(λ) (III.11)

where the regression coefficients (α, β and η) are estimated by applying the LSF procedure.
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3.6 Summary

In this chapter, a review of the radiance-based methods for the retrieval of the SIF emitted

by vegetation was presented. These methods were proposed to retrieve the SIF spectra within

both the whole spectral range, where the SIF is emitted (640 nm - 800 nm), and the telluric and

solar absorption bands. In this review, these methods were divided into two groups: physics-

based methods and statistic-based methods. Although these methods differ in the reflectance

and SIF spectra modelling, they have in common the whole spectral fitting procedure and the

reconstruction of the SIF and reflectance spectra.

In this last section, underfitting and overfitting issues, spectral requirements and the

approximations due to the implementation of these methods are discussed.

Model parameters retrieved by using these methods minimize the sum of the squared

residuals computed on basis of the measured radiance spectra and FwMs. This set of

parameters is optimal in order to reconstruct the TOA radiance spectra as a whole. When the

parameters are decoupled and used separately, the reconstructed reflectance and SIF spectra

could be affected by errors. The main steps for the implementation of the spectral fitting

procedures of the investigated methods are summarized

# 1 Modeling of the reflectance and SIF spectra

FMOD = FMOD(a, b, ...; λ)

RMOD = RMOD(c, d, ...; λ)

# 2 Building of the FwMs for radiance based on RTE solution

LMOD = LMOD(FMOD(a, b, ...; λ),RMOD(a, b, ...; λ))

# 3 LSF procedure

(â, b̂, ĉ, d̂, ...) = argmin
(a,b,c,...)

||LMIS − LMOD||
2

# 4 Reconstruction of the reflectance and SIF spectra

FMOD = FMOD(â, b̂, ...; λ)

RMOD = RMOD(ĉ, d̂, ...; λ)

Errors are caused by non-suitable or non-accurate FwM and by the noise that affects the
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measurement. In detail, if the number of used BFs is insufficient to model the true reflectance

and SIF spectra, an underfitting FwM is built. In this case the possibility to describe accurately

the spectral variability of the vegetation is prevented. This involves the risk to make systematic

errors in reflectance and SIF contributions retrieval in the LSF because the procedure is

specifically aimed at describing the radiance spectrum as a whole. For example, even a small

accuracy deficiency in reflectance spectra modeling could be compensated as an overestimated

or underestimated SIF contributions (and vice versa). Considered the small fluorescence

contribution, this could lead to considerable systematic effects.

On the other hand, if the number of the used BFs is too high and They are not statistically

bound properly in order to describe the spectral variability of vegetation rather than noise, an

overfitting FwM could occur. The overfitting phenomenon involves the miscalibration of the

weight corresponding to some of the BFs, due to the fact that not only the actually radiance

spectrum is best described, but also the noise. This aspect has an impact on the method

precision. In this sense, the statistical methods (VegSMs) are specifically built to assess the

least number of BFs capable of representing accurately as much as possible the statistical

variability of the data. VegSMs are able to take into account more accurately the spectral

variability of the vegetation by using a smaller number of BFs. These methods consider the

spectral variability by a statistical point of view exclusively for the determination of the

smallest and more representative set of BFs. Although the techniques used (PCA and SVD)

give also the statistical significance of each of the BFs, this piece of information is not used for

the reconstruction of reflectance and SIF spectra.

Another aspect should be considered: the capabilities of the proposed methods, in fact,

depend on the degree of linear independence of the regressors used to model reflected and SIF

contributions. A sufficient independence can be obtained by applying the methods to

measurements of radiance carried out within both narrow spectral bands and wider ones. In the

first case, reflectance and SIF spectra can be modeled by means of smooth functions. These

kind of functions are not decoupled by the LSF, unless spectral ranges including (telluric and

solar) absorption bands are used. The modulation of the transmitted irradiance corresponding

to the absorption bands affects only the reflected contribution and this permits to distinguish it

from the SIF contribution. The use of the narrow bands is thus limited to absorption bands and

it requires to acquire measurements with high spectral resolution. In the case of wider spectral

bands, absorption bands are not necessary and the requirements on the spectral resolution can
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be relaxed. Compared to the first case, this one involves the use of more complex spectral

functions for reflectance and SIF models and the risk of incurring in overfitting phenomenon or

in non-linear LSF is very high.

The retrieval of the SIF from the radiance spectra measured at TOA level involves either a

pre-processing of the measured data (when measurements are converted to the radiance at TOC

level) or approximation of the TOA radiance expression by degrading the accuracy of the RTE

solution. Both procedures lead to additional errors on the results of the retrieval.
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Chapter IV

A new statistical-based method for the

evaluation of the vegetation SIF: the

ML-SIF method

In this chapter, a new radiance-based method to retrieve the SIF emitted by the vegetation

at TOC level is proposed. The method is based on a statistical approach accounting for both the

statistical variability of the reflectance and of the SIF spectra of vegetation. The fundamental

concept is to retrieve the SIF directly from the noisy TOA radiance spectrum by using a data-

driven model instead of retrieving it by applying a spectral fitting method. In this chapter, two

procedures - both based on the same fundamental concept and approach - are proposed in order

to evaluate SIF spectra and the in-band-averaged/integrated SIF intensities in the VIS and NIR

spectral regions.

4.1 Fundamentals of the new method

The application domain of the PRS investigated in this dissertation deals with the retrieval

of the SIF emitted by vegetated targets by using radiance spectra detected by satellite. In this

chapter, a new statistical method able to overcome some limits of the methods given in the

literature is proposed. For this purpose, the idea to build a forward model and carry out a

spectral fitting (as proposed in the literature) is discarded and a new approach to the retrieval of

the SIF is introduced.

Two are the main issues at the basis of the new approach: (1) the SIF is directly linked
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to the corresponding measured TOA radiance spectrum by means of a proper parametrized

relationship, (2) the parameters of the established relationship are evaluated by means of a data-

driven approach.

The implementation of the new method is based on two procedures: the first procedure is

a supervised learning procedure able to evaluate the data-driven parameters; the second one is

a prediction procedure focused on the SIF prediction from a measured TOA radiance spectrum

by making use of the data-driven parameters [1].

In order to have an accurate SIF prediction, the method requires that the data used to

evaluate the data-driven parameters (termed as the training data) are statistically representative

of the measured ones. The representativeness condition is satisfied when data are drawn from

the same statistical distributions, namely when training data account for the vegetation spectral

features, atmospheric state and detection system specifications characterizing the measured

TOA radiance spectra.

Sec. (4.2) gives an introduction to the learning and prediction procedures; Sec. (4.3)

contains the statement for the SIF retrieval from the noisy TOA radiance spectra on the basis

of the proposed method; Sec. (4.4) contains a discussion on the functional dependency

assumed among the system’s variables (namely, the relationship between the noisy TOA

radiance spectra and the corresponding SIF spectra or the in-band averaged/integrated SIF

intensities); Sec. (4.5) describes the statistical approach of the method. The implementation of

the proposed method based by means of a supervised learning method is shown in Sec. (4.6).

Finally, Sec. (4.7) contains an analysis and discussion of the capabilities of the new method.

4.2 Introduction to the learning and prediction procedures

In the recent years, thanks to technological advancement in computer processing power and

the growing need of processing large amounts of measured data, a shift from classical fitting

methods (based on theoretical forward models) to statistical learning methods (based on an

empirical relationship between system’s variables) have been recorded.

Given a specific application domain, the aim of a learning method is to construct a

prediction-model to be used to estimate some physical quantity for interest from measured

data. The prediction model establishes a proper functional dependency between the system’s

input variables and the output ones, and it is expressed by a parametrized relationship that
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links the input and output variables. Hereafter, the parameters of the relationship are termed as

model-parameters or simply parameters.

To find the best estimate of the model-parameters by using a learning method, an a-priori

dataset, known as the training dataset, is needed. Training data are typically composed of

several observations, each of them being composed by input and output variables. For a given

observation, the set of input variables is a sample, while the set of output variables is a

response. Furthermore, each input variable composing a sample is termed as a predictor

variable. When samples and responses of the training data are both known, the learning

method is termed supervised [2]. In this dissertation, a supervised learning procedure is

considered.

As for the notation used throughout this dissertation, the following uniform one has been

chosen: scalars are indicated by script letters (for example the numbers of the samples and the

predictor variables are indicated as m and n, respectively); vectors and matrices are indicated

by bold letters; while when elements of a matrix are accessed individually, the corresponding

lower-case script letter is used.

In order to exploit the statistical information of the training data, a multiple regression model

was chosen as a regression model in order to estimate the model parameters. From a statistical

point of view, this estimation criterion is reasonable if the training observations are randomly

drawn from their population [2].

In order to estimate the parameters for an accurate predictive-model (termed as model-

parameters also), several crucial steps should be taken into account for the learning procedure:

# 1 statement of the problem to be solved on the basis of the particular application domain

(or field of study)

# 2 formulation of a specific dependency or relationship between the system’s variables; the

relationship is a parametrized function

# 3 estimation of the model-parameters characterizing the parametrized multiple regression

model by using an appropriate training-dataset.

Step # 1 requires a specific knowledge and expertise of the field of study in order to lay down

a meaningful statement of the problem, such as the retrieval of a specified physical quantity from

future data. It is noteworthy that the adjective future is used in this specific context to indicate
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data that are different from the ones composing the training data set, but, at the same time, that

feature the same physical meaning of the samples used in the supervised learning procedure. In

practical applications, measurements used to make prediction are considered future data.

Step # 2 concerns the formulation of the relationship that links a sample and a response. A

sample is composed by several input variables, also known as predictor variables, x1, x2, ... xn

and, in compact form, is expressed as the vector x. A response y, naturally linked to the sample

x, can be modelled by means of a parametrized multivariable function in compact form, the

relationship is written as in Eq. IV.1

ymod = g (θ1, θ2, ...; x1, x2, ..., xn) (IV.1)

where ymod is the modelled response, g is the multivariable model function and θ=(θ1, θ2,...)

are the model parameters. The multivariable function and the model parameters compose the

parametrized function; thus, this step consists in a precise mathematical formulation of the

relationships between x and ymod.

Step # 3 aims at estimating the model-parameters of the parametrized function established

in step # 2. For this purpose, if training dataset composed by several observations is available, a

multiple regression model can be applied. Each observation is composed by a sample x and by

a related response y. In a compact form, a set of observations can be expressed in matrix form

as a set of samples X=(x(1), x(2),...,x(n)) related to the set of responses y=(y(1),y(2),...,y(m)). Each

response composing an observation can be modelled as function of the corresponding sample

as expressed in Eq. IV.1; consequently, in order to estimate the θ parameters, the minimization

of a loss function ∂ can be carried out

θ̂ = argmin
θ

∂ (ymod, y) (IV.2)

where ymod is the set of responses modelled on basis of the Eq. IV.1 and y is the set of true

responses related to the samples X.

Once the model parameters θ̂ are retrieved, they can be used to predict the responses from

future data Xf as follows

yf = g
(
θ̂; Xf

)
(IV.3)

where g is the same functions established in step # 2. This last operation is considered as the

step # 4. It is noteworthy that the future and training data should use the same measurement

units in order to avoid miscalibration errors on the final prediction.



65

The main goal of the whole procedure is to make accurate predictions from actual

measurements. The prediction accuracy depends on the goodness of the model-parameters

estimated by applying the supervised learning procedure. Specifically, it is essential that the

training observations are statistically representative of the future data. The representativeness

condition is satisfied when data are drawn from the same statistical/sampling distributions.

It is be noted that the equations reported in this section have been written for a scalar

response y. The generalization of the equations to the case the response is composed by several

variables can be made easily, provided a matrix form for the responses is taken into account.

4.3 Step #1: problem statement for the SIF retrieval from noisy TOA

radiance spectra

In this dissertation, the PRS field of study concerning the retrieval of the SIF emitted by the

vegetation has been treated. The SIF signal is not directly measurable, but it can be estimated

by exploiting SIF-dependent signals, as the TOA radiance spectra measured for the vegetated

targets. Thus, the statement of the investigated problem is the retrieval of the SIF signal from

the measured TOA radiance spectrum acquired on vegetated targets by a satellite (step # 1).

Given the statement of the investigated problem, on the basis of the discussion made in

the previous section the fundamental concepts for the new method can be discussed. The new

method is proposed to retrieve both the in-band averaged/integrated SIF intensity and the SIF

spectra. The mathematical formulation is here made for the in-band averaged/integrated SIF

intensity only, while the generalization for the SIF spectra retrieval is addressed in the next

sections.

The response, the in-band averaged/integrated SIF intensity, can be modelled as function

of the corresponding noisy TOA radiance spectrum (LN) measured at several wavelengths as

follows (step # 2)

Fmod = Φ(w̃1, w̃2, ...; LN(λ1),LN(λ2), ...,LN(λn)) (IV.4)

where φ is a multivariable function, LN(λ1),LN(λ2), ...,LN(λn) are the predictor variables

composing the spectrum LN, and w̃1,w̃2,... are the unknown model parameters to be estimated.

In this case, LN spectrum assumes the role of the sample, while Fmod is the modelled response.

Once φ is set/chosen on the basis of physically and mathematically robust criteria, the

model parameters can be estimated by using a supervised learning method (step # 3). For this
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purpose, a multiple regression model was proposed to be applied to a training dataset

composed by several noisy TOA radiance spectra, each of these related to the true value of the

in-band averaged/integrated SIF intensity. A minimization procedure permits to estimate the

model-parameters as follows

ˆ̃w = argmin
w̃

∂(Fmod,F) (IV.5)

where ∂ is a loss function, Fmod and F are the modelled and the true responses, respectively, in

matrix form.

The estimated model parameters ˆ̃w can be then used to retrieve the SIF values from future

TOA radiance spectra (LN
f ) as follows

Ff = Φ
(

ˆ̃w; LN
f

)
(IV.6)

As above mentioned, in order to have an accurate SIF prediction, the samples used for the

learning procedure have to be statistically representative of the TOA radiance spectra

measurements. These spectra are characterized by the spectral characteristic of the target, by

the atmospheric state and the detection system characteristics. Thus, to satisfy the

representativeness condition, the more the training data are representative of the actual TOA

radiance spectra in terms of the vegetation spectral features, atmospheric state and detection

system characteristics, the more the prediction performances are accurate.

4.4 Step #2: mathematical formulation of the relationship between TOA

radiance spectra and SIF

In the previous section a generic parameterized multivariable function Φ was introduced

and a multiple regression model was proposed in order to retrieve the unknown parameters that

link the variables of the investigated/treated problem. In this section, a linear expression will be

assumed for the function Φ, and an algebraic approach will be used to prove that, under some

simplifying assumptions, an unique linear relationship exists for a wide class of vegetation.

For this purpose, firstly some approximations, definitions and useful notations are

introduced in Sec. (4.4.1) in order to express system’s data (samples and responses); secondly,

in Sec. (4.4.2) an algebraic approach is chosen in order to prove that, under some simplifying

assumptions, a linear relationship exists.
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4.4.1 Approximations and definitions

In this subsection, approximations and notations related to the physical quantities used to

formalize the multiple linear regression model are introduced for the specific study concerning

the retrieval of the SIF emitted by the vegetation.

Approximation of the TOA radiance spectrum

Based on the four-streams RTE solution, TOA radiance spectrum reported in Eq. III.1 has

been considered. A good approximation of this expression can be obtained by considering the

first order Taylor expansion under the hypothesis σ(λ)R(λ) << 1 for each wavelengths λ into

the considered spectral range. The following expression is obtained

LTOA(λ) ≈ I(λ)ρ0(λ) + I(λ)T↓↑(λ)R(λ) + T↑(λ)F(λ) (IV.7)

where I(λ) = I0(λ)π−1cos(µ), T↓↑(λ) = (Ts(λ) + ts(λ))(T(λ) + t(λ)) and T↑(λ) = T(λ) + t(λ) were

introduced. The expression in Eq. IV.7 is substantially equivalent to the non-approximated one

in Eq. III.1 in the case that typical vegetation reflectance spectra and spherical albedo for a

standard atmosphere are considered in the VIS and NIR spectral ranges. For a given couple

of SIF and reflectance spectra, the I(λ)T↓↑(λ)R(λ) and T↑(λ)F(λ) terms account for the main

reflected and SIF contributions.

If a finite number n of different wavelengths is considered, each physical quantity in Eq. IV.7

can be expressed in vector form (each element of a n-sized vector is the value of the physical

quantity at the different n wavelengths)

LTOA ≈ I ◦ ρ0 + I ◦ T↓↑ ◦ R + T↑ ◦ F (IV.8)

where the Hadamard products were introduced.

Definition of the Reflectance and SIF spectra for mixed vegetation

R and F spectra can be referred to pure or mixed vegetation as well. Mixed vegetation can

be considered as a mix of several different plant species and/or ecophysiological features and/or

different canopies structures. In order to simulate mixed vegetation, let DF be a set of d SIF pure

spectra and DR a set of d reflectance pure spectra. Reflectance and SIF spectra for the mixed

vegetation can be modelled as a linear combinations of the d single vegetation reflectance and
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SIF spectra drawn from DF and DR as shown in the following

R =

d∑
i=1

riR̃i (IV.9a)

F =

d∑
i=1

riαiF̃i (IV.9b)

where, fixed the i−th vegetation type, R̃ and F̃ are the reflectance and SIF spectra and ri is a

weighting coefficient of the linear combination. The ri weights are subject to the condition:∑d
i=1 ri = 1 . The factor αi is the Fluorescence Quantum Efficiency (FQE) coefficient (F̃ is

assumed to have a FQE=1).

Definition of the physical quantities related to the SIF

Physical quantities for interest related to the SIF can be spectra or, for example, the in-band

averaged/integrated intensities. The formalism chosen to generalize these quantities employs a

product vector between a SIF spectrum (F) and a filter-vector (P)

F̃(P) = FP (IV.10)

If several SIF spectra are considered, they can be expressed in a compact form as a matrix

composed of m spectra, each of these given in q spectral channels. In this case, the physical

quantities related to the ensemble of SIF spectra can be expressed by means of a product

matrix between SIF spectra matrix (F) and a filter-matrix (P) expressed as in Eq. IV.10. P

dimensions can be thus defined more generally as q × c, where the q number is fixed by the

number of spectral channels when SIF spectra are given and c depends on the quantities F̃(P)

for interest. The extreme case c=1 defines a filter-vector and it can indicate, for example, the

in-band average/integral SIF intensities; while, the other extreme case c=q defines a

filter-matrix and it can indicate the retrieval of the complete SIF spectra; an intermediate case

(1≤ c ≤ q) can indicate the retrieval of only a portion of SIF spectra.

The values of the P elements depend on the physical quantities for interest related to the

SIF. Possible expressions for P are

• P = n−1(11...)T, such as the Eq. IV.10 represents the in-band averaged SIF;

• P = (11...)T, such as the Eq. IV.10 represents the in-band integrated SIF;

• P = (0...010...0)T, such as the Eq. IV.10 represents one SIF spectral channel;
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• P = Iq, such as the Eq. IV.10 represents SIF spectra, where Iq is the identity matrix with

size q.

4.4.2 Functional relationship between the SIF and TOA radiance

In this section an algebraic approach is adopted to prove that, for a given dataset and under

some simplifying assumptions, the SIF (spectra or the in-band averaged/integrated SIF

intensities) can be modelled as a linear combination of the intensities of the corresponding

TOA radiance spectra.

By considering the case in which several radiance data are measured in a limited number

of spectral channels, let L be a set of m non-noisy TOA radiance spectra defined in n spectral

channels expressed as a matrix mxn and generated for a fixed atmospheric state; let F be m SIF

spectra related to TOA radiance spectra and defined in q spectral channels expressed as a matrix

mxq. Each of the m reflectance and SIF spectra can represent mixed or pure vegetation. The

mixing of reflectance and SIF spectra is expressed by means of the weighting coefficients (ri)

and the SIF intensity factor (αi), as shown in Eq. IV.9a and Eq. IV.9b. Besides, let the expression

in Eq. IV.10 be used to represent the quantities related to the SIF spectra.

In order to demonstrate that a linear relationship exists, the expression for the TOA radiance

spectra is approximated to the first-order Taylor expansion (the expression in Eq. IV.8) and a

dataset of TOA radiance spectra featuring m»n are considered. Under these two assumptions,

the problem to be solved can be stated as it follows

∀α, r ∃ W̃(P) ∈ Rnxc | F̃(P) = LW̃(P) (IV.11)

where W̃(P) is introduced to indicate the coefficients of the linear combination, namely the

model parameters; Rnxc is the nxc real number space; L (TOA radiance spectra) are the samples

and F̃(P) the responses (the quantities related to the SIF spectra). L and F̃(P) are expressed

in matrix form, and r and α are weighting coefficient of reflectance and SIF spectra and FQE,

respectively. The matrix product between the samples L and the model parameters W̃(P) is the

linear function to be verified.

The dependence of the parameters W̃(P) as a function of P indicates the dependence of

the model parameters on the different possible the responses F̃(P) (SIF spectra or the in-band

averaged/integrated SIF intensities). The dimensions of W̃(P) depend on those of the filter

matrix P. In this subsection only the case with c=1 will be discussed by using linear algebra
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notions. Analytically, the cases with 1< c ≤ q can be treated similarly to the case with c=1 by

considering that the W̃(P) columns collect vectors of independent parameters.

The statement given in Eq. IV.11 is equivalent to the system composed of m equations as

the following:

d∑
ki=1

rkiαki F̃ki P = LPw̃(P) +

I ◦ T ↓↑ ◦
d∑

ki=1

rkiR̃ki

 w̃(P) +

T ↑ ◦ d∑
ki=1

rkiαki F̃ki

 w̃(P) (IV.12)

Being m TOA radiance spectra generated for a given atmospheric state, the path radiance LP

terms in the system equations in Eq. IV.12 are fixed contributions. When a fixed contribution

is present in the samples for a multiple regression model, an additional unknown coefficient

together with the predictor variable (equal to 1) can be introduced in the model. In this specific

case, the coefficient w̃0(P) was introduced to account for path radiance (the fixed contribution

in the TOA radiance spectra) leading to n+1 model parameters, while the predictor variables

become (1,L)∈ Rnx1. Consequently, the model parameters are defined as w(P) = (w̃0(P), w̃(P)) ∈

Rnx1.

Accordingly, the statement in Eq. IV.11 becomes

∀α, r ∃ w(P) ∈ Rnx1 | F̃(P) = (1, L)w(P) (IV.13)

and the corresponding system can be written as

d∑
k1=1

rk1αk1 F̃k1 P = LPw̃(P) +

I ◦ T ↓↑ ◦
d∑

k1=1

rk1R̃k1

 w̃(P) +

T ↑ ◦ d∑
k1=1

rk1αk1 F̃k1

 w̃(P) (IV.14)

The expression in Eq. IV.14 is a system of linear equations in the n+1 unknown parameters

w(P). The existence and uniqueness of the solution w(P) depend on the relationship among the

number m of the rows in L, the number of the linear independent rows in the matrix L (namely

the rank r of the matrix L), and the number of the unknown variables (equal to the total number

of the spectral channels n+1).

In order to establish the kind of the solution of the system, the algebraic relationship among

m, r and n+1 has to be found. For this purpose, the system Eq. IV.14 has to be reduced in row

echelon form by means of a row-reduction. Assuming that (1) the d transmitted reflectance

contributions (LR) and the d transmitted SIF spectra (LR) are linearly independent on the n

spectral, and (2) the number m of TOA radiance spectra is greater than 2d, the system Eq. IV.14
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can be reduced in row echelon form as shown in

LP ˜w(P) = −w0(P)

T ↑ ◦ F̃1 ˜w(P) = F̃1P

T ↑ ◦ F̃2 ˜w(P) = F̃2P

... = ...

T ↑ ◦ F̃d ˜w(P) = F̃dP

I ◦ T ↓↑ ◦ R̃1 ˜w(P) = 0

I ◦ T ↓↑ ◦ R̃2 ˜w(P) = 0

... = ...

I ◦ T ↓↑ ◦ R̃d ˜w(P) = 0

(IV.15)

The condition (1) on the linear independence of the transmitted contributions sets that d<n/2.

It should be noted that the same SIF spectrum must appear at least in the two equations with

different FQE coefficients in order to decouple the transmitted SIF from the transmitted

reflectance contributions.

Once the system is reduced in echelon form, the inconsistence or consistence of the system

has to be evaluated. In the specific case, the system is consistent (namely, the solution exists)

when the following conditions are satisfied:

• the scalar products between the transmitted SIF contributions and the w(P) vector have to

be different from zero;

• the orthogonality conditions between the reflected contributions and the vector w(P) have

to be satisfied;

• the scalar products between the path radiance contribution LP and the w(P) vector is equal

to a scalar.

When these conditions are satisfied, the rank of the system Eq. IV.14 is equal to the number

of the constrains obtained for the system in row echelon form: r=1+2d. Besides, on the basis

of the relation between the rank and the unknown variables, an infinite number of solutions for

w(P) can exist if r<n+1 (in this case, the solutions can be expressed as a function of (n+1)-r

degrees of freedom) or a unique solution exists if r=n+1. Hereafter, the approach presented in

this subsection will be called ORTHOM.
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4.5 Step #3: Statistical approach to the SIF retrieval

After dealing with both the statement of the problem in PRS domain and formulation on the

relationship between the SIF values and the corresponding noisy TOA radiance spectra, in this

section the final step on the model-parameters estimation is described.

A statistical approach is here proposed to evaluate the model-parameters by means of a

supervised learning procedure. Generally, the prediction success of a such approach based on a

previous estimation of the model-parameters is related to the accuracy of the learning procedure

used to estimate the model-parameters.

As far as the SIF retrieval is concerned, the proposed method has to be able to retrieve

the SIF so that (1) the decoupling of the reflectance contribution from the SIF contribution is

obtained with an adequate precision, (2) the overfitting and underfitting effects related to the

model parameters are minimised, (3) approximation of the TOA radiance expression is not

needed any longer.

In order to satisfy these requirements, the training dataset used for the learning procedure is

designed/generated so that:

• noisy radiance spectra are considered (the noise follows the same spectral distribution of

the noise level affecting the measured TOA radiance spectra)

• a wide spectral variability of the vegetation features is taken into account (namely, the

variability of reflectance and SIF spectra)

• the statistical weight (in term of the probability of the occurrence) of the vegetation

spectral features of the future data is considered

• if simulated data are used, non-approximated RTE solution for the TOA radiance spectra

are used to estimate the data-driven model parameters.

In the last Sec. (4.4.2) a straight linear relationship between SIF and TOA radiance have

been demonstrated for an approximated solution of the RTE. In this section, the same type of

relationship (linear) is supposed to be a good approximation of the actual relationship between

SIF and TOA radiance even in the case of non-approximated RTE solution. This assumption

is the basis of the proposed method. To sum up, the proposed method models the SIF (the

response) as a linear combination of the noisy and non-approximated TOA radiance measured

in several spectral channels (predictor variables).
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Given a training dataset, let LN be the noisy TOA radiance spectra in matrix form and

let F be the spectra or the in-band averaged SIF intensities (each value of F is related to the

corresponding spectrum in LN matrix). Based on the assumptions on the model, F can be

modelled as follows

Fmod(P) = L̃Nw(P) (IV.16)

where w(P) = (w̃0(P), w̃(P)) and P is the filter vector/matrix introduced in the previous sections.

The expression in Eq. IV.16 is a multiple linear regression model. It should be noted that F and

Fmod have to be expressed in the same physical units. For the sake of reading, of the linear

model in Eq. IV.16, hereafter the matrix (1,LN) will be indicated as L̃N . The same relation is

used both in order to estimate the parameters w(P) by means of a training dataset and in order

to make prediction from the measurements of the TOA radiance spectra.

In order to build up a training dataset statistically representative of actual measurements of

the TOA radiance spectra and capable to satisfy all the above mentioned requirements, a large

number of samples has to be considered. When the Eq. IV.16 is used to evaluate w(P), a number

of samples larger than the number of the predictor variables leads to an over-dimensioned linear

system. In this case, if L̃N matrix is a full rank, an unique approximated solution of the system

can be found as the solution that minimizes the distance between the actual F and modelled

Fmod (the distance is, in this context, the norm of the differences F − Fmod ) [3]

ŵ(P) = argmin
w(P)

||Fmod − F)||2 (IV.17)

The expressions Eq. IV.16 and Eq. IV.17 are the explicit forms of the ones introduced in

Sec. (4.2) and reported in Eq. IV.1 and Eq. IV.2 respectively.

According to the characteristics of the new method described up to now (the linearity of

the model and the estimation of the parameters by means of a multiple regression model), the

proposed method is hereafter termed as Multiple Linear regression model for the SIF, hence

ML-SIF method.

4.5.1 Construction of the training dataset

The criteria followed for the construction of the training dataset allow to estimate data-

driven parameters (w(P)) able to account for the information contained into the samples and

to limit the overfitting effect. In order to better understand how this is achieved, a deeper
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theoretical explanation is given in this subsection. In detail, the contribution of the noise of the

samples composing the training dataset on the data-driven parameters is discussed.

Given a training dataset composed by a finite number m of radiance samples and the related

vector F of the responses, the best estimator for the parameters ŵ (the P dependence is omitted

in the following expressions for the sake of clarity) is given by [2]

ŵ =
(
(L̃N)T L̃N

)−1
(L̃N)T F̄ (IV.18)

where
(
(L̃N)T L̃N

)−1
is a non-singular matrix given that the (L̃N) is a full rank matrix; the matrix(

(L̃N)T L̃N
)−1

(L̃N)T is also known as pseudoinverse matrix of a matrix L̃N [2].

In order to understand the effects of the noise of the training samples on ŵ , (L̃N) can be

written as L̃N = L̃ + ∆̃, where L̃ is the matrix composed by the no-noisy TOA radiance spectra

and ∆ is the matrix of the random noise affecting the spectra. These matrices are organized

as L̃ = (1, L) and ∆̃ = (0,∆): the elements of the first column of L̃ are equal to 1, while the

elements of the first column of ∆̃ are equal to 0. L and ∆ are both matrices mxn so that L̃ and ∆̃

have dimensions mxn+1.

The elements of the matrix ∆ follow the probability law that describes the measurement

errors on the TOA radiance spectra. Given a spectral channel j, the related random noise δ j

is considered distributed with mean equal to zero and finite variance σ2
j . In the next chapter

the detailed noise model assumed for the radiance spectra measured by means of an imaging

spectrometer is described. By using the previous definitions, the Eq. IV.18 can be written as:

ŵ =
(
L̃T L̃ + L̃T ∆̃ + ∆̃T L̃ + ∆̃T ∆̃

)−1
(L̃T + ∆̃T )F (IV.19)

Observing the expression in Eq. IV.19, it is clear that the best estimator (in the sense of the least

squares approach) for the model parameters ŵ depends both on the statistical distribution of the

radiance samples and on the noise of the TOA radiance spectra.

It is worth noting that the Eq. IV.19 expresses the best estimator for the ŵ for the specific

training dataset (L, ∆ and F) made up by a finite number m of samples. This implies that

ŵ is different from the ideal case that would be obtained by considering the whole radiance,

fluorescence and noise populations instead of a limited number of samples. In order to deeply

understand the effect of the use of a limited and finite number m of samples and the role of the

noise in the retrieval of the regression coefficients ŵ, an asymptotic approach can be pursued.

In the asymptotic approach these effects are examined as the size of the sample m is

increased indefinitely (namely m → ∞), while ŵ is obtained by computing the probability
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limit operator (indicated as the plim for m → ∞) of the estimate produced by means of the

least-square method (see Eq. IV.19) [4].

The expression for ŵ is expressed as

plim(ŵ) = plim

 1
m

(
L̃T L̃
m

+
L̃T ∆̃

m
+

∆̃T L̃
m

+
∆̃T ∆̃

m

)−1 plim
[
m

(
L̃T F
m

+
∆̃T F

m

)]
(IV.20)

While deriving the asymptotic expression for ŵ , it has to be considered that the following

terms L̃T ∆̃
m , ∆̃T L̃

m and ∆̃T F
m tend to zero due to the pure stochastic nature of the noise. Thus, the

expression in Eq. IV.20 becomes

plim(ŵ) = plim

 1
m

(
L̃T L̃
m

+
∆̃T ∆̃

m

)−1 plim
[
m

(
L̃T F
m

)]
(IV.21)

Given A and B, two matrices with the same number of rows equal to m, the following expression

is valid

plim(AT B) = cov(A, B) + µT
AµB (IV.22)

where cov(A, B) is the cross-covariance matrix of the populations which A and B samples are

drawn from, while µA and µB are the corresponding population means.

By using the expression in Eq. IV.22, the Eq. IV.21 becomes

plim(ŵ) =
(
cov(L̃, L̃) + µT

L̃µL̃ + cov(∆̃, ∆̃) + µT
∆̃
µ∆̃

)−1 (
cov(L̃, F) + µT

L̃µF

)
(IV.23)

Furthermore, the matrix cov(∆̃, ∆̃) (whose dimensions are (n+1)x(n+1)) converges to a diagonal

matrix Dσ2 and the term µT
∆̃
µ∆̃ to zero. By considering the definition of ∆̃, the first element on

the Dσ2 diagonal becomes equal to zero, while the other elements are the variance terms of the

total noise σ2
j .

In the light of all these considerations, the asymptotic value of the regression coefficients

Eq. IV.18 and Eq. IV.19 is

plim(ŵ) =
(
cov(L̃, L̃) + µT

L̃µL̃ + Dσ2

)−1 (
cov(L̃, F) + µT

L̃µF

)
(IV.24)

The expression Eq. IV.24, obtained by means of the asymptotic approach, shows that the model

parameters depend on:

(1) the properties of the distribution of the considered population of TOA radiance spectra,

namely, of the types of considered vegetation and the atmospheric state; this contribution

is contained in cov(L̃, L̃) + µT
L̃
µL̃ term; this underlines the importance to take into account
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a set of TOA radiance spectra that are representative of the actual population to which the

regression coefficient are expected to be applied in order to retrieve the SIF, otherwise, the

parameters could be not optimal to supply the statistical differences in the populations;

(2) the spectral distribution and the intensity of the noise affecting the radiance measurements

that is taken into account by means of Dσ2; the dependency of the asymptotic estimator

on the noise features implies that, if noisy predictor variables are considered, a proper

spectral distribution and intensity of the noise are to be taken into account in order to

evaluate the optimal regression coefficients;

(3) the correlation between the TOA radiance spectra (input of the problem) and the SIF

values (responses to the problem), which is given by the term cov(L̃, F) + µT
L̃
µF term.

The expressions for ŵ in Eq. IV.19 and plim(ŵ) in Eq. IV.24 provide the model parameters

in the practical case (finite size training dataset) and in the ideal case (infinite size training

dataset), respectively. The first expression can be written as a function of the sample covariance

matrix and the mean of the sample drawn from the population of TOA radiance spectra, noise

and SIF; whereas, the second one is expressed as a function of the covariance matrix and the

mean of the populations.

The difference between the statistical properties (covariance and mean) of the population

and the ones of a limited sample drawn from the same populations leads to estimate ŵ affected

by the overfitting effect. As a consequence, in a practical application of the ML-SIF method,

the overfitting can be reduced but not totally removed.

4.6 Implementation of the ML-SIF method

The ML-SIF method was proposed to predict SIF spectra and the in-band-averaged SIF

intensities from measurements of the TOA radiance spectra. In both cases, the new method

proposes to retrieve the SIF values by means of appropriate linear combinations of the noisy

TOA radiance spectra, and the statistical approach discussed in Sec. (4.5) is followed. In

Sec. (4.6.1) and Sec. (4.6.2), the implementation of the learning and prediction steps for SIF

spectra retrieval and in-band-averaged SIF retrieval are reported, respectively; in Sec. (4.6.3) a

generalization of the ML-SIF method implementation is shown.
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4.6.1 SIF spectra retrieval

Given a set of noisy TOA radiance spectra (measured or simulated for a given atmosphere)

and the related SIF spectra, spectra can be organized in matrix form. Let LN be the matrix

composed of m noisy TOA radiance spectra (samples) featuring n spectral channels (predictor

variables) with m»n; each of the m rows is composed of n values of the noisy TOA radiance

spectrum intensity. Let LN be a full rank matrix.

As a first element of each row, a constant predictor variable (equal to 1) is added; thus, the

dimensions of (1,LN) matrix are (m, n+1). (In this regard, it is reminded that the matrix is

indicated as L̃N). Let F be the matrix composed of m actual SIF spectra featuring q spectral

channels; as a consequence, each of its m rows is composed of q values of the SIF spectrum

intensities. Let the variables for a generic ith row (Fi(λ1), Fi(λ2), ..., Fi(λq) and

(LN
i (λ1), LN

i (λ2), ..., LN
i (λn) be correlated. Consequently, SIF spectra can be modelled by means

of a matrix product between the L̃N and W matrices

Fmod = L̃NW (IV.25)

where Fmod is the matrix of the modelled SIF spectra with dimensions (m,q), and W is the matrix

of the model parameters with dimensions (n+1,q). The best estimate for the parameters W is

retrieved by means of the least-squares fitting as follows

Ŵ =
(
(L̃N)T L̃N

)−1
(L̃N)T F (IV.26)

The product ((L̃N)T L̃N)−1(L̃N)T is the pseudo-inverse matrix of L̃N; this matrix exists only if

(L̃N)T L̃N)−1 is a non-singular matrix [5].

Eq. IV.26 shows that Ŵ can be regarded as a collection of separate and independent linear

regression models: each of its q columns can be used to evaluate SIF in one of its spectral

channel. Given the spectral channel q0 of SIF spectra (1<q0<q), the corresponding column of

Ŵ matrix (Ŵq0) is the one that minimises the Sum of Squared Residuals (SSR)

S S R(Ŵq0) =

m∑
i=1

(Fiq0 − F̂iq0)2 =

m∑
i=1

(Fi(λq0) − F̂i(λq0))2 (IV.27)

The noisy TOA radiance spectra used to estimate Ŵ can be either simulated or measured. In

both cases, the applicability of the method is affected by the availability of a sufficient number

of linearly independent spectra in LN matrix (at least n+1 of the m spectra in order to guarantee

the full rank). However, if the random noises applied to the LN spectra is considered in order
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to make them linearly independent from each other, this condition is always satisfied. By using

Ŵ, reconstructed SIF spectra F̂ (corresponding to the LN) are evaluated as follows

F̂ = L̃NŴ (IV.28)

The final goal of the ML-SIF method is the prediction of the SIF spectra from the measured

TOA radiance spectra (LN
m) by using the estimated parameters Ŵ. Thus, once LN

m are organized

in matrix form in order to have n+1 predictor variables, the prediction of the SIF spectra (Fm)

related to will be carried out according to the following

F̂m = L̃N
mŴ (IV.29)

4.6.2 The averaged in-band SIF retrieval

Let LN be defined as in the previous section, and let F̄ be a vector of the true values of the in-

band averaged SIF intensities of dimensions (m,1). Thus, the in-band averaged SIF intensities

are modelled as a linear combination of the intensities of the related noisy TOA radiance spectra

by means of a matrix product between the LN matrix and the w vector

F̄mod = L̃Nw (IV.30)

where F̄mod is a mx1 vector of the averaged/integrated SIF intensities, and w is a vector of the

model parameters featuring (n+1)x1 elements. Similarly to what already stated in Sec. (4.6.1),

the estimated coefficients ŵ are given by the following expression

ŵ =
(
(L̃N)T L̃N

)−1
(L̃N)T F̄ (IV.31)

By using ŵ, SIF averaged/integrated values ˆ̄F (corresponding to the LN) are given by

ˆ̄F = L̃Nŵ (IV.32)

For measured TOA radiance spectra (LN
m), the prediction of the related in-band averaged SIF

intensities ( ˆ̄
mF) is carried out by using ŵ as follows

ˆ̄Fm = L̃N
mŵ (IV.33)

4.6.3 Generalization of the ML-SIF method

In this section, a generalized formalism to implement the ML-SIF method is introduced.

Let LN be defined as in the previous sections, and let F be the matrix of actual SIF spectra
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whose dimensions are mxq. By using the filter-matrix P defined in Sec. (4.4.1), the physical

quantities linked to SIF can be modelled as

F̄mod(P) = FP = L̃Nw(P) (IV.34)

where P dimensions are (qxc), w(P) is a matrix of the model parameters whose dimensions are

(n+1)xc. The estimation of the w(P) is given by the following expression

ŵ(P) =
(
(L̃N)T L̃N

)−1
(L̃N)T FP (IV.35)

By comparing Eq. IV.26 and Eq. IV.35, it is should be noted that

ŵ(P) = ŴP (IV.36)

If Ŵ is known and, for example, the in-band averaged/integrated SIF intensity is for interest, it

is possible to compute ŵ(P) for a proper P by applying Eq. IV.36. Thus, ŵ(P) can be used to

evaluate the in-band averaged/integrated SIF intensity from the measured TOA radiance spectra.

It is noteworthy that, although the implementation of the method is conceptually unchanged

regardless the SIF values for interest, sizes and units of the model parameters ŵ(P) change on

the basis of the SIF values to be retrieved, namely on the basis of the considered P.

Fig. (IV.1) shows a diagram that summarizes the two steps to be implemented in order to

apply the ML-SIF method: inputs and output of the supervised learning and the prediction

procedures are indicated.

Figure IV.1: Block diagram depicting the ML-SIF method: supervised learning step and the prediction step are

shown
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Summarizing, the implementation of the statistical-based procedures proposed for the

retrieval of SIF spectra or the in-band averaged SIF intensity involves the following four steps:

# 1 System’s variables and statement of the problem

given LN=RTE(ATFs,R,F,N)⇒ retrieve F

# 2 Formulation of a relationship between the system’s variables

FMOD(P) = φ(w̃1(P), w̃2(P), ...; LN(λ1), ...,LN(λn))

# 3 Supervised learning procedure applied to training dataset

( ˆ̃w1, ˆ̃w2, ...) = argmin
(w̃1,w̃2,...)

∂(FTR
MOD,F

TR)

# 4 Retrievial of the SIF from future data

Ff = φ( ˆ̃w1, ˆ̃w2, ...; LN
f (λ1), ...,LN

f (λn))

4.7 Summary

The methods proposed so far in the literature, which are based on a spectral fitting

procedure, show several limitations. First of all, they are based on a spectral fitting procedure

that is intrinsically affected by underfitting and overfitting problems. Secondly, in order to

decouple the reflected and SIF contributions, they require specific spectral characteristics in

the measured spectral bands (i.e. the presence of solar or telluric absorption bands); third, if

the SIF is retrieved from radiance spectra measured at TOA level, some approximations in the

pre-processing phase (like atmospheric corrections) or in the RTE solution are needed.

By means of a theoretical approach, it is possible to prove that the ORTHOM is equivalent

to the spectral fitting procedure and, consequentely, capable to provide results affect by the

same limitations. In fact, ORTHOM is: (1) based on a limited number of linear independent

regressors (namely, the transmitted BFs for the reflectance and SIF contributions) and on an

approximation of the radiance spectrum; (2) not able to consider the statistical weight of the

spectral features of the vegetation (namely, the regressors of the ORTHOM are not statistically

bound properly in order to describe the spectral variability of vegetation rather than noise), (3)

not optimized for the noise level that can affect the measured TOA radiance spectra.

The ML-SIF method described in Sec. (4.5) is a method based on fundamentals and
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mathematical procedure different than the ORTHOM ones. The proposed method is able to

consider: (1) a wide variability of the features of the vegetation; (2) the statistical weight

accounting for the probability of the occurrence of the spectral features of the vegetation, (3)

the spectral distribution and the intensity of the total noise; (4) a non-approximated solution of

the RTE.

Compared to the SFM, the new retrieval of the SIF contribution from the TOA radiance

spectrum is not strictly bonded/conditioned by the presence of the absorption bands, since the

proposed method exploits more deeply the information on the statistical distribution and on

the statistical weight of the spectral features of the vegetation. Besides, the statistical method

does not require either pre-processing of measured radiance, any atmospheric correction or any

approximation of the RTE solution.
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Chapter V

The implementation of a hyperspectral

radiance image simulator from space

In this chapter a tool capable to simulate TOA radiance spectra as measured by a spaceborne

hyperspectral passive imaging system is described. A peculiar feature of this simulator is to

take into account the SIF emitted at TOC level by vegetated targets in addition to the reflected

contribution. The tool is able to simulate both single radiance spectra and images showing the

radiance spectra spatial distributions for extensive ground scenes. The specific capabilities of

the implemented simulator were essential in order to assess the performances and robustness of

the method ML-SIF proposed in the Chap. (IV).

5.1 Simulator capabilities

The tool simulates TOA radiance spectra in the VIS and NIR spectral ranges as measured

by a spaceborne hyperspectral passive imaging system. The tool is able to simulate

exhaustively the atmospheric effects, the push-broom configuration of the platform, the main

instrumental characteristics, spectral and spatial degradation effects and it also implements an

accurate noise model. One of its most peculiar characteristics is to take into account the SIF

contribution emitted by vegetated targets. The simulator has been implemented by using a

modular structure. The four modules are: the atmospheric module, the scene module, the

propagation module and, lastly, the imaging system module. The modular structure makes the

simulator flexible enough to simulate different Sun-target-sensor geometries in order to

investigate, for example, the seasonal variability of the spectral properties of the target or to



86 The implementation of a hyperspectral radiance image simulator from space

generate spectral data as acquired at ground or at satellite levels by different imaging system

configurations. The simulator follows the same modular structure of the Fluorescence Image

Simulator for space Missions (FLISM) [1], although with some differences.

The main of these are:

• it simulates the atmospheric propagation of the radiation on the basis of an accurate RTE

solution;

• it takes into account the angular variations of the atmospheric effects within the sensor

field of view;

• it implements a RTE solution able to compute the radiance spectra considering the

adjacency effects;

• it takes into account spatial and spectral degradation effects for an imaging system;

• it implements an accurate instrument noise model.

Moreover, the simulator was developed in the MATLAB software environment and was

implemented in such way that it can be interconnected in real-time to external applications used

for the atmospheric radiative transfer propagation and vegetation spectral features simulation.

The outputs of the simulator are SIF radiance spectra - with or without noise effects and with or

without the fluorescence contribution - as well as additional data, such as: the spectral ATFs, the

spectral Signal-to-Noise Ratio (SNR) and the SIF spectra. A simulator able to generate spectral

radiance data, representative as much as possible of the investigated scene, is an essential tool

to assess the performance and robustness of new algorithms for data processing methods as the

ML-SIF method.

5.2 Modules description

The implemented spectral imaging simulator includes four fundamental modules:

(1) the atmospheric module to simulate the spectral ATFs;

(2) the scene module to simulate reflectance and SIF spectra both for single targets on the

ground and for spatially distributed targets by evaluating also the adjacency effects;
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(3) the propagation module to propagate reflected radiance and SIF spectra through the

atmosphere up to the sensor operating altitude;

(4) the imaging system module to simulate the TOA radiance spectra as measured by a

realistic imaging system.

Each of these modules needs of user-specified input parameters which define the scenario,

namely: scenes or single targets on the ground, the illumination and observation conditions, the

atmospheric state and the instrumental characteristics. Fig. (V.1) presents a basic flow diagram

of the simulator and it shows the connections between the four modules and the main user-

specified inputs.

Figure V.1: Flow diagram of the modular structure of the simulator

5.2.1 Atmospheric module

In passive remote sensing, the source of illumination used for the VIS and NIR spectral

ranges is the Sun. The Earth’s atmosphere optical properties affects the solar irradiance

spectrum impinging on the target and the upwelling reflected and emitted radiance. In order to
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describe accurately the atmospheric effects, the atmospheric module provides, in addition to

the solar irradiance spectrum outside the Earth’s atmosphere, the ATFs for an user-specified

atmospheric state and Sun-target-sensor geometry. For this purpose, the MODerate resolution

atmospheric TRANsmission (MODTRAN) code is used [2].

MODTRAN is a code used for the prediction and analysis of optical properties of a

specific atmospheric state. The atmosphere state is modelled within MODTRAN via vertical

profiles of temperature, pressure and concentration of molecular and aerosol constituents

defined either using built-in models or by user-specified radiosonde or climatology data. In

general, the seasonal atmospheric model, vertical profiles of temperature, pressure and the

concentration of the twelve default molecular gases and thirteen default heavy molecules are

specified. If changes/modifications with respect to the built-in models are considered for

interest, MODTRAN uses proper algorithms, based on user-defined inputs, to calculate new

aerosol vertical profiles and the HIgh-resolution TRANsmission database (HITRAN) [3],

containing the spectral parameters of several molecular species, to evaluate new molecular

absorption profiles. For hyper-spectral applications, MODTRAN can carry out rigorous

computations up to a very high spectral resolution (0.1 cm−1).

MODTRAN solves the RTE including the effects of molecular and particulate

absorption/emission and scattering, surface reflections and emission, solar/lunar illumination

and spherical refraction. Multiple scattering contributions are more accurately computed using

the Discrete Ordinates Radiative Transfer (DISORT) algorithm [4]. DISORT models the

Earth’s atmosphere as a multi-layered plane-parallel medium, vertically inhomogeneous,

composed by a number of streams. The algorithm solves analytically a system of coupled

differential equation by assuming that the medium consists of adjacent horizontally

homogeneous layers in which the scattering properties are taken to be constant within each

layer, but vary from layer to layer.

MODTRAN includes the solar irradiance databases obtained from various sources and

simulates the optical properties of a specific atmospheric state by means of six ATFs for a

user-specified atmospheric state and illumination-observation geometry from the UV to long

wavelength IR spectral range (0 - 50000 cm−1; > 0.2 µm). The ATFs simulated by using

MODTRAN are listed below:

• sun-to-target and target-to-sensor diffuse transmittances (ts and t)
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• sun-to-target and target-to-sensor direct transmittances (Ts and T)

• path reflectance (ρ0)

• spherical albedo from the ground (σ).

In this work, a sensor in push-broom configuration is simulated. For this configuration, Sun-

target-sensor geometry is well defined when the Sun location, target geographic coordinates and

platform orbit are known. Sun-target geometry defines Sun’s location with respect to target,

while Target-sensor geometry defines the Line-Of-Sight (LOS). The complete Sun-target-sensor

geometry is defined by means of the following MODTRAN parameters:

• day of the year and time of day; these two temporal parameters are used to compute

the Earth to Sun distance and Sun’s location in the sky as SZA and Sun Azimuth Angle

(SAA)

• target LAtitude (LA) and LOngitude (LO)

• sensor altitude (H)

• View Zenith Angle (VZA)

• Relative Azimuth Angle (RAA); this angle is function of the Orbital Inclination Angle

(OIA) of the platform and of the target LA at-nadir.

In order to simulate the sextuple (6-tuple) of ATFs corresponding to a specific atmosphere

state and illumination-observation geometry, it is necessary to carry out just one run of the

MODTRAN code. When TOA radiance spectra for single pixels on the ground are for interest,

MODTRAN simulations are carried out for a specific VZA value. Whereas, when the TOA

radiance spectra spatial distribution of extended scenes on the ground is for interest, the

illumination-observation geometry will change according to the configuration of the

considered imaging system. The sensor push-broom configuration is characterized by two

spatial dimensions: ACross-Track (ACT) and ALong-Track (ALT) directions, the former

being perpendicular to the flight direction of the spacecraft platform, the latter parallel. In

Fig. (V.2) the working principle of a sensor in push-broom configuration is depicted.

The sensor is characterized by a Field Of View (FOV) angle extent in ACT direction

(FOVACT) defined as the total acceptance angle of the system in the ACT direction. This angle
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Figure V.2: Depiction of the pushbroom configuration: the solid arrow represents the motion relative to the Earth

surface (figure adapted from [5]).

is defined by means of the system field stop in the ACT direction, which can be due to either

the slit length or the detector dimension. FOVACT corresponds to a ground coverage that is

called Ground-projected Field Of View (GFOV) along the ACT (GFOVACT) or swath width.

This quantity is equal to

GFOVACT = 2H tan
(
FOVACT

2

)
(V.1)

In this case, VZA can assume any value between -FOV/2 and +FOV/2. Fig. (V.3) instead shows

the image spatial properties defined above.

Figure V.3: Definition of image spatial properties in ACT direction (figure adapted from [6]).
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In order to compute how ATFs change within the FOV, several MODTRAN runs can be

carried out by setting different VZA values in the range between -FOV/2 and +FOV/2. This

approach could be computationally intensive if a large number of different VZA is considered.

In order to overcome this problem, it is possible to select only few VZA values within the FOV

extent and run the MODTRAN code only for these values. Later, an interpolation procedure is

applied - spectral channel by spectral channel – in order to finely evaluate the ATFs along the

FOV extent. The FOV in the ALT direction (FOVALT) is not automatically defined, since ALT

data acquisition is controlled by the continuous satellite motion. If the satellite were fixed in a

certain position, FOVALT could be defined as the total acceptance angle of the detector in the

ALT direction. In this case, the angle would be due to the slit width and, similarly to GFOVACT,

a GFOVALT could be defined.

Table (V.1) lists the parameters used to define illumination-observation geometry

Table V.1: Illumination source, target and satellite parameters used to define the illumination-observation geometry

Parameter Acronym Symbol

Illumination source

Sun Zenith Angle SZA µ

Sun Azimuth Angle SAA ϕ

Target

Latitude LA β

Longitude LO α

Satellite

Altitude H H

Orbital Inclination Angle OIA ω

View Zenith Angle VZA φ

Field Of View FOV Ω

Relative Azimuth Angle RAA γ

5.2.2 Scene module

The scene module is able to generate either pixelated maps of at-ground reflectance and SIF

spectra or, more simply, couples of at-ground reflectance and SIF spectra for vegetated targets.

The pixelated maps generation is based on the use of pixelated classified maps and spectral
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libraries. When recorded image data are available, a process of generating a classified mapping

has to be applied in advance. A classified map is usually obtained by means of a process of

classification applied to a set of measurements. A processing algorithm is used to classify each

of the pixels in the image. Once completed, the operation produces a map - called a classified or

thematic map - of themes on the ground from the recorded image data. This process is currently

carried out by using the algorithms supplied by ENVI tool [7].

The libraries of the simulator are composed by reflectance and SIF spectra at top-of-canopy

TOC in the 400 nm-1000 nm spectral range. The used spectra library includes pure reflectance

spectra for a large variety of cover types (vegetation, soils, water, minerals, etc.) and pure

SIF spectra of vegetated targets. The vegetation reflectance and SIF spectra are generated by

using SCOPE [8], while reflectance spectra for all other cover types are derived from the USGS

Spectral library [9].

The SIF contribution of non-vegetated targets can be considered negligible and thus it is not

considered in this dissertation. The classified maps are composed by pixels and thus organized

as two-Dimensional (2-D) data: one dimension is for the ACT direction, the other for the ALT

direction. When a classified map is given, couples of reflectance and related SIF pure spectra

are extracted from the library and then associated to any classified pixel by means of the scene

module. If some pixels are classified as mixed classes, a linear combination of pure reflectance

and related SIF spectra are considered. A linear combination of pure spectra is defined as shown

in Eq. IV.9a and Eq. IV.9b.

SCOPE is the tool used to simulate the reflectance and SIF pure spectra of the vegetated

targets. SCOPE implements a vertical one-Dimensional (1-D) integrated radiative transfer and

energy balance model. This tool calculates the radiation transfer in a multilayer canopy and it

provides the reflectance and SIF contributions in the observation directions as a function of the

SZA and leaf inclination distribution.

For the simulations at canopy level, SCOPE uses three modules:

• leaf radiative transfer module;

• biochemical module;

• canopy radiative transfer module.

After evaluating the distribution of absorbed radiation within the canopy by using the

Scattering of Arbitrarily Inclined Leaves (SAIL) model, the leaf radiative transfer module
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calculates at leaf-level reflectance and emitted fluorescence spectra as a function of the

irradiance spectrum, leaf structure and leaf composition by means of the Fluspect model [10].

The biochemical module computes a fluorescence amplification factor due to weather

(temperature, relative humidity, CO2 and O2 concentrations, etc). The fluorescence emitted by

individual leaves is propagated through the canopy on the basis of the SAIL concept. Finally,

the canopy radiative transfer module calculates the radiation transfer in a multilayer modelled

canopy in order to obtain the TOC reflectance and fluorescence in the observation direction.

The number of SCOPE input parameters is greater than 30. These are related to the soil, leaf

optical and structural canopy properties, illumination-observation geometry, leaf physiological

models, micrometeorological state and the impinging solar radiation spectrum. The spectral

library considered in this work is composed by spectra simulated by taking into account only

the main parameters affecting the intensities and spectral shapes of reflectance and fluorescence

[10].

The library was generated by considering a single site (namely soil, micrometeorological,

illumination-observation geometry, leaf physiology parameters are fixed) and different

combinations of the main leaf and canopy biophysical parameters affecting intensities and

spectral shapes of the reflectance and fluorescence. The parameters were varied over a wide

range of values in order to obtain a spectral library that was representative of very

heterogeneous vegetation.

Table (V.2) shows leaf and canopy parameters used to simulate the library for vegetated

targets. Each possible combination of the parameters listed in each of the two columns was

considered. The values reported in two distinct columns are used for the performances and

robustness analysis reported in Chap. (VI) and Chap. (VII), respectively.

It should be noted that all the simulated SIF spectra feature the same quantum efficiency

value (FQESCOPE). Since the FQE parameter linearly affects the fluorescence intensity but not

its spectral shape, SIF spectra of the same vegetation with different FQE values can be easily

obtained by considering a proper multiplicative factor f (FQE) given by

f (FQE)=FQE/FQESCOPE, where FQE is the user-specified value. Actually, the scene module

permits to introduce a random FQE value each time it generates vegetation spectra. The

random value is randomly drawn within a user-specified range. This feature can be exploited

in all those situations in which the user is interested in avoiding any undesired and unrealistic

correlation between reflectance and SIF intensities. As it will be shown in the Chap. (VI), this
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capability of the simulator is essential to simulate proper datasets in order to train and to assess

the performance of the ML-SIF method.

Furthermore, the scene module evaluates, for each pixel of a classified map, the spatial

distribution of the adjacency effects [11]. In order to take into account this effect, each pixel on

the ground is represented, in addition to the reflectance and SIF spectra, by means of

reflectance-for-adjacency and SIF-for-adjacency spectra. In the current present simulator

version, a Gaussian kernel filter has been implemented to simulate the adjacency effects,

nevertheless different kernel filter can be used. The kernel filter is modeled as symmetrically

distributed around each pixel of the classified map and its width is user-specified in terms of

number of pixels of the classified map. The scene module generates a three-Dimensional (3-D)

data cube for each of the four contributions: one spectral dimension and two spatial

dimensions. A coordinate systems (xob,yob) is introduced, the coordinate xob is referred to the

ACT direction, while yob to the ALT direction.

Table V.2: Leaf and canopy parameters used to generate the spectral library for vegetated target

Leaf Optical Symbol (unit) Set # 1 Set # 2

Mesophyll structural parameter N 1,2 1.2

Water content Cw (cm) 0.005,0.01,0.02,0.04 0.01,0.03

Dry matter content Cdm (g cm−2) 0.002,0.01,0.02 0.005,0.015

Senescence factor Cs 0, 0.5,0.9 0.1,0.55,0.7

Chlorophyll content Cab (µg cm−2) 5,20,40,60,80 10,30,50,70

Canopy Symbol (unit) Set # 1 Set # 2

Leaf area index LAI 1,2,3,4,6 1,3,5

LIDF parameter a/b [LIDFa; LIDFb] [-0.35 -0.15],[-0.5 -0.5] [-0.35 -0.15],[-0.5 -0.5]

[-1 0 ],[1 0] [-1 0 ], [1 0]

Fluorescence Quantum Efficiency FQES COPE 0.02 0.02

Vegetation height hc (m) 2 2

Leaf width lw (m) 0.1 0.1
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5.2.3 Propagation module

Propagation module computes the at-sensor TOA radiance as shown in Eq. III.1. Briefly,

the expression represents the TOA radiance for a non-uniform Lambertian surface, including

the effects of the target’s reflectance and fluorescence as well as the adjacency effects.

By applying Eq. III.1 - wavelength by wavelength - to each pixel composing the maps

simulated by means of the scene module, the propagation module computes a 3-D radiance

cube (two spatial dimensions and one spectral dimension). In the ACT direction, a correct

propagation procedure requires to take into account the distribution of the six ATFs along the

swath extent. For this purpose, interpolated ATFs are used. In the ALT direction, the module

considers a homogeneous atmosphere.

When radiance spectra for single targets on the ground are needed, R̄(λ) and F̄(λ) in Eq. III.1

are set equal to R(λ) and F(λ) (this corresponding to a unlimited uniform scene), and the six

ATFs are simulated for only one VZA value. It is noteworthy that if the solar irradiance and

the six spectral ATFs are simulated at different wavelengths with respect to reflectance and

SIF spectra, or more simply with different Spectral Sampling Interval (SSI), these have to be

re-matched by means of interpolation procedures before applying Eq. III.1.

5.2.4 Imaging system module

The Imaging system module implements a detailed simulation of the sensor and it produces

the final images corresponding to a Level-1b products. This last module converts the at-sensor

TOA radiance spectra, computed by the propagation module, into measurable TOA radiance

spectra by taking into account the main instrumental characteristics of a passive optical system,

the spatial and spectral degradation effects and an accurate instrumental noise model. A passive

optical system operates on basis of the principle of optical radiation transfer, image formation

and photon detection processes. In this dissertation, an instrumental system in push-broom

acquisition configuration was considered.

In Fig. (V.4) the working principle of a sensor in push-broom configuration is depicted.

In this kind of configuration, while the platform moves forward in the ALT direction,

within the integration time, the optics (telescope) collects the incoming radiance.

Simultaneously, a spectrometer disperses in the ALT direction the light of each pixels

composing the line imaged by the spectrometer slit. A 2-D detector placed in the spectrometer
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Figure V.4: Depiction of the push-broom configuration: The solid arrow oriented ALT represents motion of the

sensor relative to the Earth; the wavelength dispersion is in the ALT direction, the swath extent is in the ACT

direction (figure adapted from [5]).

focal plane records the full swath width in the ACT direction and the spectral energy dispersed

along the ALT direction in a certain number of spectral bands. The number of the spectral

bands is equal to the number of detector elements in the ALT direction. As soon as the

integration time ends, the detector converts the optical signals into analog electronic signals

and, finally, an Analog/Digital (AD) converter quantizes them into discrete Digital Number

(DN). As soon as the acquisition is completed, a new acquisition procedure is started and the

next ACT line of the image is collected. Fig. (V.5) shows the main instrumental components of

the sensor

Figure V.5: Main instrumental components of a spectral imaging system (figure adapted from [5]).

In order to simulate the process of the spectral image formation, some simplifying

assumptions were adopted concerning the collection optics and the spectrometer. Fig. (V.5)

shows a simplified optical path diagram of the collection optics (telescope) and the
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spectrometer operating in transmission condition. The main purpose of this diagram is to

identify the geometric quantities that affect the system performances.

The telescope, the spectrometer collimator and the spectrometer imager are idealized by

paraxial lenses. As shown in Fig. (V.6), in addition to the object-system for the ground scene,

two coordinate systems are introduced: one for the entrance-slit and one for the image plane

corresponding to the detector plane. Axes of both systems are oriented as the ones indicated on

the ground in ACT and ALT directions (coordinates xob and yob), while the z coordinate is along

the optical axis. The slit is oriented so that its length is arranged in the ACT direction and its

width in the ALT direction; the coordinate system related to the slit is indicated by the xsl axis

(parallel to the axis xob) and ysl axis (parallel to the axis yob). The xim and yim axes indicated

on the diagram are associated to the detector, placed on the image plane of the system, and

are oriented as the ones indicated for the ground and the slit as well. The xim axis is directed

along the detector rows, while the yim axis is directed along the detector columns. It should

be noted that the yim axis is along the dispersive direction of the spectrometer, thus there is a

correspondence between the yim coordinate and the wavelength λ of the spectral radiation.

Figure V.6: Optical path diagram of the collection optics (telescope) plus the spectrometer operating in

transmission condition. Ray tracing through this simplified system is also shown (figure adapted from [12]).

Spectral imaging formation

In order to obtain a final image satisfying specific spatial and spectral characteristics, it is

necessary to understand how the push-broom configuration and the sensor’s characteristics

affect the image formation. For this purpose, the simulation procedure of a single line

composing the final image is described. The term line, as used here, refers to the pixeled image

composed in the ACT direction by all pixels within the swath width, and in the ALT direction

by just one pixel recorded within one integration time. By applying the simulation procedure
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implemented for a single line to all the pixels in the ALT direction of at-sensor radiance cube

data, the complete image formation is simulated.

The energy associated to each pixel composing the simulated line is the result of the

integration of the irradiance arriving at the image plane over a volume element in a

four-Dimensional (4-D) discrete space defined over two spatial coordinates, a spectral one and

a temporal one. For a given system, the spatial, spectral and temporal supports of the

integration volume are specified as Level-1b characteristics: the spatial support is known as the

Ground Instantaneous Field of View (GIFOV), namely the nominal spatial coverage of a pixel

of the sensor in the ACT and ALT directions, the spectral support is set by the SR and the

temporal one by the integration time (tint).

Spatial characteristics of the system

The GIFOV is equal to the geometric projection of the single element of the detector onto

the Earth’s surface and depends on the Instantaneous Field Of View (IFOV) of the system. For

a 2-D detector, the IFOV in the ACT direction is the angle subtended by the single element of

the detector in the ACT direction; on the basis of this definition, IFOVACT (closer to nadir) and

the corresponding GIFOVACT are defined as:

IFOVACT = arctan
(
wx

fs

)
'

wx

fs
(V.2a)

GIFOVATC = H tan(IFOVACT) = H
wx

fs
= mswx (V.2b)

where wx is the pixel width in the ACT direction, fs is the sensor’s focal length H the sensor

altitude; ms = H/fs is the telescope magnification.

Similarly, in the ALT direction, IFOV and GIFOV are:

IFOVALT = arctan
(
wy

fs

)
'

wy

fs
(V.3a)

GIFOVALC = H tan(IFOVALT) = H
wy

fs
= mswy (V.3b)

where wy is the pixel width in the ALT direction.

Fig. (V.7) depicts the IFOVACT and the GIFOVACT as a function of the wx, fs, and H; besides,

the figure shows as IFOVACT could change over the swath width (GFOVACT) for a large FOVACT

because of the Earth curvature.
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Figure V.7: IFOVACT variations along the swath (GFOVACT) of the system due to the Earth curvature.

Generally, for a satellite featuring the FOVACT small enough to neglect Earth curvature,

GIFOVACT can be considered uniform along the swath extent being the detector elements

equally spaced at the distances wx.

Generally, an imaging system is designed in order to have a square nominal coverage

GIFOVACT, namely, the GIFOVACT and GIFOVALT of the system are equal. The spacing

between two pixels on the ground is the Ground Sample Interval (GSI). For a pushbroom

configuration, GSIACT in the ACT direction is defined by the sampling rate and is equal to the

GIFOVACT, while GSIALT in the ALT direction is due to the speed of the platform. Actually, if

the sensor moves during the time tint, the GSIALT is equal to the spatial movement of the

platform (sy) during tint. The spatial movement sy of the platform is equal to the product of tint

and the platform velocity equal to vy =

(
gR2

T
RT+H

)1/2
, being g the gravitational acceleration and

RT the Earth’s radius. The spectral features of the sensor depends instead on the spectrometer

characteristics and on the pixel size along the dispersion direction. The combination of the

spectrometer characteristics and the detector characteristics defines the SR and SSI of the

system.

Radiometric model

In this section, the radiometric model implemented to compute the noisy TOA radiance

spectrum of the final image is explained. The model shows how the sensitivity/instrumental

technical characteristics of the imaging system affects the spectral radiance and the conversion

factor of the radiance in electrons units. The model reported in this section is referred to one

on-axis pixel of the detector and it can be extended easily to all other pixels.
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In order to simulate the real process of the spectral image formation, it is necessary to

consider the contributions of the neighbouring pixels in the temporal, spatial and spectral

domains. In order to formalize these effects correctly, the interdependences between the three

variables have to be considered. For example, due to the platform movement during the

integration time, the coordinate yob is a function of the temporal variable. This dependence

causes, within the integration time, the mixing of the signal radiance coming from targets

outside the GIFOVALT as well as the mixing of the signal to any spectral channel of the system

by means of the contribution of the neighbouring spectral wavelengths.

In the radiometric model implemented in the imaging module, the temporal, spatial and

spectral variables of the radiance are considered independent from each other and the effects

of the neighbouring pixels are formalized by means of several normalized spatial Point Spread

Function (PSF) and a normalized ISRF. The considered spatial PSFs are due to the image-

gathering device (PSFOPT), the platform movement (PSFMOV), the slit width (PSFSLIT), and the

physical dimensions of the single detector element (PSFDET). Instead, the spectral effects are

due to the characteristics of the slit and the single pixel of the detector (ISRF).

The expression representing the irradiance impinging instantaneously at specific wavelength

λ on an infinitesimal area dxsldysl of the slit-plane as a function of the radiance in the object-

plane is

I(λ, t, xsl, ysl) = ε(λ)
π

4

(
D
ft

)2

PSFOPT(xob, yob) ∗ L(λ, t, xob, yob) (V.4)

where ε(λ) is the optics trasmittance, D is the collection optics entrance pupil diameter, ft is

the focal and PSFOPT is the normalized spatial response of the image-gathering device. The

coordinates on the slit-plane and the ones on the object-plane are linked by the relation xob =

(H/ft)xsl and yob = (H/ft)ysl.

The irradiance impinging on an infinitesimal element of the detector surface depends on

the physical characteristics of the spectrometer in the ALT direction (modelled as PSFSLIT) and

on the spatial area of each detector (modelled as PSFDET). The energy corresponding to one

spectral channel of the sensor featuring a central wavelength λc depends on its position on the

detector surface and on the SR of the spectrometer.

If the radiance L(λ, t, xob, yob) is independent from the four coordinates, the energy measured

during the integration tint by a single detector element at wavelength λc is equal to

E(xc, yc(λc)) = ε(λc)τ(λc)
π

4

(
D
H

)2

tint∆λslGISALTGIFOVACTL̄(xc, yc(λc)) (V.5)
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where τ(λ) is the spectrometer transmittance, (xc, yc(λc)) are the discretized coordinates

associated to one detector element and L̄(xc, yc(λc)) is the radiance resulting from the

convolution with PSFs and ISRF.

A conversion factor G(λ) from radiance units to energy units can be defined for a generic

wavelength λ as follows

G(λ) = ε(λ)τ(λ)
π

4

(
D
H

)2

tint∆λslGISALTGIFOVACT (V.6)

G(λ) is expressed as a function of the transmittances and the normalization factors of the PSFs

and ISRF. The normalization factors indicate that the amount of the energy entering the pupil

and then propagating through the system is conserved, apart from any loss due to the

transmittance of the optics and spectrometers.

The radiance L̄(xc, yc(λc)) in Eq. V.5 is expressed as a convolution of L(λ, t, xob, yob) and the

normalized PSFs and ISRF considered in this model.

The optical system PSFOPT takes into account the spread of the scene radiance over a small

area in the focal plane. This function causes the spatial mixing of the radiance due to optical

diffraction, aberration and mechanical assembly of the optics. A common model for the PSFOPT

is a 2-D Gaussian function expressed as a function of the radius a of the system PSF for an

optical system featuring circular symmetry. The PSFOPT expressed as a function of the object

plane is shown in Eq. V.7a. When the image moves in the ALT direction during the integration

time, a blurring effect results. For a pushbroom configuration, the PSFMOV due to the platform

movement in the ALT direction is modelled as reported in Eq. V.7b. In order to consider the

effect of the width slit in the ALT direction, a function PSFSLIT is defined as shown in Eq. V.7c.

The contribution of a non-zero spatial area of each detector PSFDET is modelled as shown in

Eq. V.7d

PSFOPT(xob, yob) = NOPT exp−(x2
ob + y2

ob)/2(msa)2 (V.7a)

PSFMOV(yob) = NMOVrect
(

yob

GISALT

)
(V.7b)

PSFSLIT(yob) = NSLITrect
(

yob

msb

)
(V.7c)

PSFDET(xob, yob) = NDETrect
(

xob

GIFOVACT

)
rect

(
yob

GIFOVALT

)
(V.7d)

where NOPT, NMOV, NSLIT and NDET are the normalization factors.

It should be noted that, being the system characterized by two spatial dimensions, some of

the considered PSFs have been expressed as a function of two spatial coordinates. In this case,
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2-D PSFs are assumed to be given by a product of two 1-D PSFs in the ACT and ALT directions.

The separability is generally valid for typical remote sensing systems [5]. Spatial PSFs were

expressed as a function of the scene coordinates because they are applied to the scene radiance.

Furthermore, assuming that the considered instrumental components of the imaging system are

independent, a cascade model is applied, and the total spatial PSF (PSFTOT) is the result of the

convolution of the single PSFs characterizing the system defined as follows:

PSFTOT(xob, yob) = PSFDET(xob, yob) ∗ PSFMOV(yob) ∗ PSFSLIT(yob) ∗ PSFOPT(xob, yob) (V.8)

In the Eq. V.8, the ∗ indicates the convolution product.

In order to model the spectral response function, the characteristics of the system as the slit

width b, the spectrometer magnification factor f2/f1 (f1 and f2 are the focal lengths of

spectrometer collimator and imager, respectively, shown in Fig. (V.5)) and the size in the ALT

direction of the detector single pixel should be considered.

By taking into account of the correspondence between the detector spatial coordinate yim and

the wavelength due to the dispersive characteristics of the spectrometer, ISRF can be expressed

as a function of the variable λ of the at-sensor radiance spectra and can be modelled as

ISFR(λ) = Nλrectsl

(
λ

∆λsl

)
∗ rectde

(
λ

∆λde

)
(V.9)

where Nλ is the normalization factor. The single supports of the rect functions are ∆(λ)sl and

∆(λ)de. These are proportional to the physical characteristics of the slit (f2/f1) · b, b is the

slit width, and the detector element wy, respectively. ISRF results to have a trapezoidal shape

defined over a support wide ∆λsl + ∆λde and a SR, defined as a Full Width Half Maximum

(FWHM) of the ISRF, equal to max{∆(λ)sl,∆(λ)de}.

Being the spatial and spectral variables considered independent from each other, the ISFR

is an independent effect with respect to the spatial ones. In light of this, the averaged radiance

L̄ in Eq. V.9 results

L̄(xc, yc(λc)) = ISFR(λ) ∗ PSFTOT(xob, yob) ∗ L(λ, t, xob, yob) (V.10)

It should be noted that the spatial convolution included in the "Imaging system module" can be

applied before the "Propagation module". It might seem that this violates the real sequence, in

which the solar radiation reflected by the surface interacts with the atmosphere before arriving

at the sensor; actually, PSFTOT has an effect only on the spatial coordinate, thus, it can be applied

directly to the reflectance and SIF maps produced by the "Scene module".
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Table (V.3) lists the imaging system parameters used in the mathematical expressions of

this section and the detector noise specifications needed to simulate each noise source taken

into account in the model.

Table V.3: Telescope and spectrometer parameters

Parameter Symbol

Telescope

Entrance pupil diameter D

Telescope focal length ft

Optics transmittance ε(λ)

Magnification factor ms

Spectrometer

Slit width b

Slit height h

Spectrometer collimator focal length f1

Spectrometer imager focal length f2

Spectrometer transmittance τ(λ)

Noise model description

The noise model implemented in the simulator takes into account the stochastic (time

variant) and independent contributions that explain the random noise related to the measured

signal. The model considers the photonic fluctuation noise, the shot noise, the dark current

noise and, the read-out noise. Given a pixel of the detector indicated by using the coordinates

(xc, yc) = (xc, y(λc)), the corresponding energy at the wavelength λc is E(xc, yc), as shown in

Eq. V.5. The associated average photon number is equal to

Nph(xc, yc) =
λc

hc
E(xc, yc) (V.11)

The photons number follows the Poisson statistics, thus the photonic fluctuation, i.e. the

standard deviation of the photons impinging on the detector, associated to the photon number

is equal to (Nph)1/2.

Each pixel of the detector collects the electrons created by the incident photons (known as

photoelectrons). The number of the average produced electrons is equal to the product of the
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detector spectral quantum efficiency QE(λ) and the incident photons; at the wavelength λc the

photoelectrons number is

Nph(xc, yc) =
λc

hc
E(xc, yc) (V.12)

Ne−(xc, yc) = QE(λc)Nph(xc, yc) (V.13)

The uncertainty affecting this number, known as the shot noise, follows the Poisson statistics

and, for the detector pixel featuring coordinates (xc, yc), results (Ne−)1/2.

In addition, even in the case that there is not any incident photon, the electrons generated

randomly by the detector must be taken in account. This spurious signal is known as the dark

current, and it is described by the Poisson distribution. The fluctuation related to the dark

current electrons generated within the integration time is indicated in the implemented noise

model as σDC
e− . The accumulated electrons in the detector element have to be read by using a

series of registers into which the charges are transferred sequentially. The reading procedure is

affected by the read-out noise generated between the detector and the output of the AD

converter. The corresponding fluctuation is here expressed as σRO
e− . For each element of the

detector, the photonic fluctuation, the shot noise, the dark current and the read-out noise are

independent contributions which lead to the total noise calculated as a root-sum-square of the

single contributions. For the detector pixel with coordinates (xc, yc), the noise level is given by

the following expression

σTOT
e− (xc, yc) =

√
σ

ph
e− (xc, yc)2 + σsh

e−(xc, yc)2 + σDC
e− (xc, yc)2 + σRO

e− (xc, yc)2 (V.14)

where σph
e−(xc, yc) = QE(λc)

√
Nph(xc, yc) and σsh

e−(xc, yc) =
√

Ne−(xc, yc).

The standard deviation of the total noise can be expressed in radiance units by applying the

coefficient C(λc) as follows

σTOT(xc, yc) = C(λc)σTOT
e− (xc, yc) (V.15)

with C(λc) =
(
G(λc) λc

hcQE(λc)
)−1

.

Table (V.4) lists the parameters used to describe the characteristics of the detector.

5.2.5 Simulator final products

The spectral imaging formation and the noise model were described for a single line

composing the image to simulate. The radiometric and noise models reported in the
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Table V.4: 2-D detector parameters

Parameter Symbol

Pixel size in ACT (swath direction) wx

Pixel size in ALT (dispersive direction) wy

Number of pixels in ACT (rows) Nr

Number of pixels in ALT (columns) Nc

Integration time tint

Spectral quantum efficiency QE(λ)

Dark Current standard deviation σDC

Read Noise standard deviation σRO

Sec. (5.2.4) are written to evaluate the energy and the SNR, or equivalently the noise level, for

one single element of the detector. By applying the described models to all pixels in the ALT

direction composing the at-sensor radiance cube data, the two main final products of the

simulator can be simulated. The products are supplied as 3-D cubes: one cube is for the

radiance spectra evaluated without noise contributions, the other one is for the corresponding

SNR (or for the noise level). By using the cube of radiance spectra and the corresponding cube

of noise level spectra, noisy radiance spectra are evaluated as

L̄N(xc, yc) = L̄(xc, yc) + rσTOT(xc, yc) (V.16)

where r is a normally distributed pseudorandom number. The values of r are generated from a

Gaussian distribution with mean L̄(xc, yc)) and standard deviation σTOT(xc, yc). The Gaussian

distribution is justified because the electron numbers associated to the signal in each detector

element are enough high to consider them Gaussian distributed. The availability of the SNR

(noise level) cube allows to simulate, for a fixed scene on the ground, noisy radiance spectra

featuring independent random noise. As shown in Chap. (VI), providing the simulator products

separately is particularly useful to assess the ML-SIF performance and robustness.

5.3 Simulated data

In order to simulate radiance spectra, the instrumental characteristics of a realistic passive

system have to be considered. In this section, an imaging system whose characteristics are

compatible with those of the FLEX mission was chosen [12], [13]. FLEX satellite is a
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hyperspectral passive imaging system in push-broom configuration in Sun-synchronous orbit.

The system is designed in order to have an equal coverage in the ACT and ALT directions for

each pixel of the recorded image (namely, GSIACT and GSIALT are equal). The considered

spatial specifications are listed in Table (V.5).

Table V.5: Instrumental spatial specifications used in the simulations

Parameter Symbol Specifications

Swath width GFOVACT 150 km

Ground Sample Interval in ACT GSIACT 300 m

Ground Sample Interval in ALT GSIALT 300 m

Satellite Altitude H 814 km

Field Of View Ω ' 10◦

Orbital Inclination Angle ω ' 98◦

FLORIS comprises a high-resolution spectrometer for the O2-B and O2-A absorption bands

and a low-resolution Wide Band (WB) spectrometer that covers the 500 nm-780 nm spectral

range. This system can be thus sketched as a system featuring two distinct channels:

• a High Spectral Resolution (HSR) channel for the O2-B and O2-A bands

• a Low Spectral Resolution (LSR) channel for the WB.

In order to simulate spectrometers wiht similar characteristics, the spectral features

considered in the simulations are listed in Table (V.6).

Table V.6: Spectral specifications used in the simulations

Parameter Symbol O2-B spec. O2-A spec. WB spec.

Central wavelength (first channel) λc min (nm) 677 740 500

Central wavelength (last channel) λc max (nm) 697 780 780

Spectral Resolution SR (nm) 0.3 0.3 2

Spectral Sampling Interval SSI (nm) 0.1 0.1 1

Signal-to-Noise Ratio SNR ??? ??? ???

As for the technical specifications related of the FLORIS optical system (collection optics

and spectrometer), the parameters for the two channels HSR and LSR are considered [...]; these
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are listed in Table (V.7) for the HSR and LSR channels. Imaging system transmittances are

assumed equal to one over the spectral ranges for interest.

Table V.7: Telescope and spectrometer specifications used in the simulations

Parameter Symbol HSR spec. LSR spec.

Telescope

Entrance pupil diameter D (mm) 80 40

Telescope focal length ft (mm) 228 228

Spectrometer

Slit width b (µm) 84 84

Slit length h (mm) 42 42

Spectrometer magnification ms 1 1

By taking into account the technical specifications of the Charge Coupled Device (CCD)

suitable for the FLORIS system (listed in Table (V.8)), the random noise contributions (photonic

noise, shot noise and dark current noise) were evaluated and a realistic SNR was modelled as

described in the Sec. (5.2.4).

Table V.8: CCD technical specifications used in the simulations

Parameter Symbol Specifications

Pixel size in ACT wx 42 µm

Pixel size in ALT (or dispersive direction) wy 28 µm

Number of pixels in ACT (rows) Nr 1000

Number of pixels in ALT (columns) Nc 440

Photo Response Non Uniformity PRNU < 2

Read out standard deviation σRO 18 e−

Dark Current standard deviation σDC 0.07 nAcm−2

Spectral quantum efficiency (O2B band) QE(λ) > 80

Spectral quantum efficiency (O2A band) QE(λ) > 85

Spectral quantum efficiency (WB) QE(λ) > 70

Integration time tint 45 ms

Considering the geometrical system properties, the effective GSIACT is equal to 150 m; thus,

a binning of two elements in the ACT direction of the detector is performed in the serial register,
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before serial readout, in order to recover the nominal GSIACT of 300 m. Binning contribution to

SNR was also considered. In the ALT direction, the nominal GSIALT of 300 m is achieved by

means of the movement of the satellite during the integration time.

In the last sections of the chapter, by way of examples, the main outputs of each module

composing the simulator are shown. The outputs concern the simulations within the 500 nm -

780 nm spectral band.

5.3.1 Atmospheric module outputs

The outputs of the atmospheric module are the solar irradiance spectrum outside the Earth’s

atmosphere and the six ATFs spectra simulated for the illumination-target-sensor geometry and

an atmospheric state summarized in Table (V.9). The simulation was carried out for the three

considered spectral bands bands with a SSI equal to 0.1 cm−1 (corresponding to 0.005 nm in

the investigated spectral ranges). The MODTRAN version 5.2.1 - based on HITRAN2008 with

2009 updates - was used.

Table V.9: Parameters of the illumination-target geometry and state of the atmosphere

Physical quantity Symbol

Sun

Sun Zenith Angle µ 23.4◦

Sun Azimuth Angle ϕSun 150◦

Target

Latitude β 43.8◦

Longitude α 11.2◦

Sensor

View Zenith Angle φ -5◦, 0◦, +5◦

RAA γ 281◦

Atmospheric state

Atmospheric model MODELAT M Mid-latitude summer

VIsibility (VIS) VIS 23 km

550nm Aerosol vertical Optical Depth (AOD) AOD 0.322

Aerosol model MODELAER Rural

Column Water Vapour CWV 2.92 gr cm−2

Surface PRessure SPR 1013 mbar
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Three VZA values corresponding to -FOV/2, 0◦ and, +FOV/2 angles are selected to show

how ATFs change as a function of the VZA parameter. The state of the atmosphere was

modelled by using the built-in seasonal atmospheric model and the other parameters listed in

Table (V.9). Mie-generated internal database of aerosol phase functions was also used.

Fig. (V.8) shows (a) the solar irradiance spectrum outside the Earth’s atmosphere and (b)

the spherical albedo and path reflectance transmittances spectra; Fig. (V.9) shows (a) the direct

transmittances spectra and (b) the diffuse transmittances spectra. The six ATFs are simulated

at nadir for the illumination-target geometry and atmospheric state defined in Table (V.9). The

shown irradiance and the ATFs are simulated within the 500 nm - 780 nm.

Figure V.8: (a) Irradiance spectrum outside the Earth’s atmosphere within the 500 nm - 780 nm; (b) spherical

albedo and path reflectance spectra simulated within the 500 nm - 780 nm

Figure V.9: (a) Sun-to-target and target-to-sensor direct transmittances simulated within the 500 nm - 780 nm; (b)

Sun-to-target and target-to-sensor diffuse transmittances simulated within the 500 nm - 780 nm

5.3.2 Scene module outputs

In this section, the reflectance, SIF, reflectance-for-adjacency and, SIF-for-adjacency maps

at ground level are shown for a scene. The pixelated maps, used to simulate the final radiance
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image, are based on the use both of a pixelated classified maps representing the surface extended

around the target defined by the geographic coordinates given in Table (V.9) and of the spectral

libraries included in the simulator.

The classified map is composed by 12500 x 4100 squared pixels along ACT and ALT,

respectively, each of these with an area of 2.5 m x 2.5 m. The map was obtained from a mosaic

of ortho-photos acquired over Florence, the source is the web site of the Regione Toscana [14].

The ortho-photos map was classified into fifteen classes by using the ENVI. Five of the fifteen

classes are vegetated, while the other are urban and natural non-vegetated classes. The

reflectance and SIF spectra were associated to each class by selecting proper spectra from the

spectral libraries included in the scene module. For some of the classes, linear combinations of

pure spectra were computed and associated. As far as the adjacency effects are concerned, a

Gaussian kernel was implemented. The FWHM kernel was fixed to 500 m around the pixel of

the classified image featuring an area equal to 2.5 m × 2.5 m. Fig. (V.10) shows the considered

ortho-photo map. Fig. (V.11) shows the 15 false-colour coded classified map, related to the

Figure V.10: RGB composite image of the considered ortho-photo map

ortho-photo map, used to simulate 3-D reflectance and fluorescence data cube. Fig. (V.12)

show (a) the SIF spectra, (b) the reflectance spectra for vegetated classes and (c) the

reflectance spectra for urban classes simulated in the 500 nm -780 nm band. The spectra have

been obtained as linear combinations of proper pure spectra.

The reflectance, reflectance-for-adjacency, the in-band integrated SIF and the in-band

integrated SIF-for-adjacency maps composed by 102 x 32 squared pixels along ACT and ALT,

respectively, each of these with the final spatial sampling interval (300 m x 300 m), have been

also shown. Fig. (V.13) and Fig. (V.14) show the reflectance and the reflectance-for-adjacency

maps, respectively. Fig. (V.15) shows as a false colour map the normalized ratio between the
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Figure V.11: False-colour coded classified map corresponding to the ortho-photo map

Figure V.12: (a) SIF and (b) reflectance for vegetated classes and (c) reflectance spectra for urban classes in the

500 nm -780 nm band

two previous reflectance maps. Fig. (V.16) and Fig. (V.17) show the in-band integrated SIF

spectra and the in-band integrated SIF-for-adjacency spectra maps, respectively. Fig. (V.18)

shows the ratio between the two previous SIF maps. Maps in Fig. (V.15) and Fig. (V.18) allow

to evidence the pixels that are characterized by non-negligible adjacency effects. These are

mainly located in correspondence of the urban area. Adjacency effects are due to the

heterogeneity of the urban area. Vegetated area is characterized, instead, by a more uniform

reflectance and fluorescence, for this reason, the adjacency effects are less pronounced. For

illustrative purpose, Fig. (V.19) shows the reflectance and SIF spectra for two representative

pixels of the image. To evidence the differences in the results due to the different spectral

typologies, one of the pixel have been chosen in a predominantly vegetate area (located at the

position (XACT ,YALT )=(80,26) in the image), while the other has been chosen the urban area

(located at the position (XACT ,YALT )=(17,1) in the image).
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Figure V.13: Reflectance map is reported as false colour RGB maps by using the reflectance value at 633 nm, 531

nm and 419 nm for the R, G and B channels, respectively.

Figure V.14: Reflectance-for-adjacency map is reported as false colour RGB maps by using the reflectance value

at 633 nm, 531 nm and 419 nm for the R, G and B channels, respectively.

5.3.3 Imaging system module

The outputs of the Imaging system modules are shown by considering the two representative

pixels of the images shown in the last section. Fig. (V.20) (a) and (b) show the simulated at-

sensor TOA radiance spectra and the corresponding SNR spectra for the vegetated an urban

pixels (XACT ,YALT )=(80,26) and (XACT ,YALT )=(17,1), respectively. SSI of the spectra are equal

to the required 0.5 nm.
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Figure V.15: Image of the normalized ratio between the reflectance and the reflectance-for-adjacency effect

Figure V.16: Integrated SIF within 500 nm - 780 nm map at the top of the canopy

Figure V.17: Integrated SIF-for-adjacency within 500 nm - 780 nm map at the top of the canopy
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Figure V.18: Image of the ratio between the SIF and the SIF-for-adjacency effect

Figure V.19: Reflectance and SIF spectra for (a) a pixel located into a vegetated area and (b) a pixel located into

an urban area

Figure V.20: Reflectance and SIF spectra for (a) a pixel located into a vegetated area and (b) a pixel located into

an urban area
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Chapter VI

Results and performances analysis of the

ML-SIF method

In this chapter, the prediction results obtained by using the ML-SIF method are

presented/shown together with analysis of its performance. The results are reported for the

prediction both of the SIF spectra and of the in-band averaged and integrated SIF intensities.

Furthermore, a procedure implemented to estimate a proper training dataset size in order to

reduce the overfitting effect is described. The data were simulated within the telluric

absorption bands O2-B and O2-A and the 500-780 nm, the latter called WB. Finally, a

comparison between the performance of SFM and ML-SIF methods is carried out for some

case studies.

6.1 Training and Validation datasets generation

The ML-SIF method, described in Chap. (IV), is implemented by means of two main steps:

(1) a supervised learning step, focused on the estimation of the model parameters, and (2) a

prediction step, aimed to predict the quantities of interest related to the SIF from measured or

simulated noisy TOA radiance spectra. In the second step, the data-driven model parameters

are used.

To implement both the steps, datasets composed of two groups of data correlated with each

other were used. Each dataset is composed of samples, namely noisy TOA radiance spectra

for vegetated targets, and responses, namely SIF spectra or in-band averaged or integrated SIF

intensities related to the samples.
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The dataset employed to estimate the model parameters is called the TD; in the supervised

learning step, the samples and responses are used simultaneously for the model parameters

evaluation. The dataset used to assess the model performance is instead called the Validation

Dataset (VD). VD samples are used to predict the SIF by applying the model performance,

while the responses are used as SIF references to make the comparison with the SIF values

predicted by applying ML-SIF method.

The lack of measurements of reflectance (namely, the SIF data at TOC level and the related

TOA radiance spectra for several vegetated targets) has prevented a direct implementation of

the method with the actual measurements. For this reason, simulated SIF data at TOC level and

the related TOA radiance spectra were used for the present study whose results are shown in

this chapter.

Reflectance and SIF spectra at TOC level were simulated by means of the SCOPE. Leaf

and canopy parameters used to simulate the spectral library are reported in the set # 1 of the

Table (V.2) column. The library is meant to be representative of a very wide variety of

vegetation.

Noisy TOA radiance spectra (composing the samples of TD and VD) were simulated by

using the simulation tool described in Chap. (V). These spectra were simulated by considering:

• reflectance and SIF pure spectra of the spectral library included in the simulation tool;

• atmospheric state and the illumination-target geometry for a nadir observation specified

in Table (V.9);

• the instrumental parameters (included SSI and SR) reported in Table (V.6).

TOA radiance spectra were simulated for the three O2-B, O2-A and WB bands described in

Chap. (V). The spectral features of the three bands, as the minimum (λmin) and maximum (λmax)

values of the wavelengths, SSI, and the number of the spectral channels (Nch) used to simulate

the WB, O2-B and O2-A spectral bands, are summarized in Table (VI.1).

As discussed in Sec. (4.5), in order to have a data-driven model that could become a

generalised model, TD samples have to describe a wide spectral variability of vegetation. For

this purpose, the samples were simulated in order to span and well represent the vegetation

population. In detail, samples (TOA radiance spectra) were simulated for mixed vegetated

targets. Reflectance and SIF spectra at TOC level were simulated as random weighted linear
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Table VI.1: Spectral bands specifications

Spectral band Sensor label λmin λmax SSI Nch

(nm) (nm) (nm)

O2-B SO2B 677 697 0.1 201

O2-A SO2A 740 780 0.1 401

WB SWB 500 780 0.5 561

combinations (see Eq. IV.9a and Eq. IV.9b) of three pure spectra; the latter are drawn randomly

from databases of vegetation included in the tool described in Chap. (V). FQE values of each

SIF spectrum are randomly chosen in the range from 0.02 to 0.07, this range has been chosen

according to the values reported in [1]. The FQE randomization was applied in order to take

into account a wide natural variability of the parameter in realistic conditions and in order to

avoid that a fixed FQE could lead to unrealistic correlations between samples and responses.

In order to evaluate the performances of the method, noisy TOA radiance spectra were

simulated by using both the non-approximated expression for the RTE solution (the expression

is shown in Eq. III.1) and the noise model implemented in the simulation tool described in

Chap. (V).

In this chapter, the results of the performance analysis are shown in case TD data are

perfectly representative of the VD ones. For this purpose, TD and VD samples were (1) drawn

from the same spectral library for the reflectance and SIF pure spectra, (2) simulated with the

same atmospheric state, and (3) simulated by considering the same instrumental

characteristics. Besides, the atmosphere state and the instrumental characteristics were

assumed deterministically known.

6.2 Statistical indicators

In this section, the statistical indicators used to express the results and evaluate the

performance of the ML-SIF method are defined. To quantify the goodness of the in-band

averaged or integrated SIF intensities prediction, the Root-Mean-Square Error (RMSE) was

considered as the most significant statistical parameter. RMSE measures the differences
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between the predicted SIF values and the references (namely the actual SIF values) as follows

RMSE =

√∑N
i=1(IFi − ˆIF i)2

N
(VI.1)

where IFi and ÎFi are the actual values and predicted values, respectively, of the in-band

averaged or integrated SIF intensities, while N is the size of the dataset containing these

samples. The predicted SIF is the value estimated by applying the Eq. IV.32 to the samples

used to make prediction. The difference between the actual and predicted SIF values by means

of the ML-SIF method are termed deviation ς (ςi = IFi − ˆIF i).

RMSE in Eq. VI.1 measures the Total Prediction Error (TPE) that affects the results. This

error accounts for the discrepancies between the reference SIF and the SIF predicted by means

of ML-SIF method. TPE is due to

1. difformity from the linear model linking the input (or samples) and output (or responses)

of the investigated problem;

2. the residual overfitting that affects the estimated parameters and (this residual effect is

due to the finite size of the TD)

3. the spectral distribution and intensity of the noise characterizing TD data used to estimate

the model parameters

4. the spectral distribution and intensity of the noise characterizing VD data used, as future

data, to estimate SIF.

In addition to RMSE, the Relative Root-Mean-Square Error (RRMSE) is calculated. This

indicator is equal to the RMSE divided by the mean predicted data.

Considering the origin of the several error sources, TPE is the outcome of the systematic

error due to the Model Error (ME) and of the Stochastic Error (SE) due to the random noise

affecting the VD data. In turn, ME is the sum of the first three error sources listed above.

In addition to RMSE, the scatter plot of the predicted vs. actual SIF values was used to

show graphically the agreement between the actual and predicted values of the SIF. Besides,

the deviation ς vs. the actual SIF values is shown graphically.

Additional statistical indicators associated to a linear regression analysis of ÎFi vs. IFi

variables were consequently computed and reported; they are the coefficient of determination
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R-square (R2), the slope (S), the intercept (I) and, the coefficient D-square (D2), specifically

defined for this analysis.

The coefficient R2 measures the ratio between the variability of SIF values estimated with

the regression line (IFr
i) explained by the linear regression and the variability of the actual values

IFi. S and I give a measure of how the regression line differs from the expected one (namely,

the 1:1 line featuring S=1 and I=0). The dimensionless coefficient D2 is indicative of how the

regression line is close to the 1:1 line; this coefficient gives a measure of how the retrieved

SIF values are close to the regression line. Residuals (r) for the fitted model are the difference

between the predicted by means of the ML-SIF method values and the fitted values by linear

regression (ri = ÎFi − IFr
i).

The S and I parameters, evaluated in the case that the in-band averaged SIF prediction are

carried out, are affected by all of the above mentioned error sources as well. A theoretical

discussion of the effect on S and I evaluation due to the random noise affecting TD data can be

found in [2], while a discussion on the joint effect of the ME and SE on S and I statistics will

be numerically discussed in Chap. (VII).

As far as the prediction of the SIF spectra is concerned, the implemented procedure is the

one reported in Sec. (4.6.1). In this case, the accuracy of the ML-SIF method was assessed by

comparing the simulated references for the SIF spectra against the retrieved SIF spectra. Given

a datset with size N, the spectral RMSE, computed wavelength by wavelength, was considered

as a statistical parameter to quantify the total goodness of the prediction. The spectral RMSE

for the jth wavelength (λj) can be written as:

RMSE(λj) =

√∑N
i=1(Fi(λ j) − F̂i(λ j))2

N
(VI.2)

where Fi(λj) is the actual value of the SIF intensity of the ith of the N samples used to make

prediction at λj (namely, the reference value), and F̂i(λj) is the corresponding retrieved value.

The latter was estimated by using the Eq. IV.28.

In addition to the spectral RMSE, deviations between actual spectra and the ones predicted

by means of the ML-SIF method can be computed for each of the predicted SIF spectrum

composing the VD dataset. Deviations can be organized in a matrix form labelled Σ.

As for the in-band averaged/integrated procedure, in addition to the spectral RMSE, the

spectral RRMSE was calculated. This indicator is equal to the RMSE divided, wavelength by

wavelength, by the average predicted SIF spectrum.
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In Sec. (4.6.3), the link between the two approaches proposed (spectral and in-band

averaged/integrated) in order to predict the SIF from noisy TOA radiance spectra was

discussed. The discussion showed that, given a dataset composed of noisy TOA radiance

spectra and of SIF spectra (both measured or simulated within a spectral band Λ and featuring

the SR and SSI characterizing a specific instrument), the parameters ŵ can be evaluated as the

average (or the sum, in the case that the SIF integral is pursued) of the columns of Ŵ (see

Eq. IV.35 in Sec. (4.6.3)).

The label ŵΛ/Λ and ŴΛ/Λ are used to indicate that the data-driven parameters were retrieved

by using samples and responses defined within the same spectral band Λ (the first subscript

indicates the spectral band where the samples are defined, while the second one indicates the

spectral band where the spectral, or averaged/integrated, responses are defined).

Furthermore, if the averaged values of the SIF in a spectral sub-band ∆λ of Λ (∆λ ⊂ Λ) are

of interest, the prediction within the sub-band ∆λ could be carried out in several ways:

(1) by using the ŴΛ/Λ parameters to retrieve the SIF spectra entirely within the whole Λ and

by computing the average of these spectra in a sub-band ∆λ for interest;

(2) by filtering the ŴΛ/Λ parameters to the sub-band ∆λ by means of a proper matrix-filter

P, by using them (Ŵ∆λ/∆λ) to make prediction of SIF spectra within ∆λ and by averaging

these spectra to obtain the averaged SIF in ∆λ;

(3) by computing directly ŵΛ/∆λ by means of the in-∆λ averaged responses, and then to used

it to compute the in band SIF.

The link between the deviations matrix Σ and the deviations vector ς is less obvious than

the link between the parameters ŵ and Ŵ. It can be proved that given the residuals matrix ΣΛ/Λ,

RMSE for the SIFs predicted as values averaged in a sub-band ∆λ of Λ is equal to the square

root of the mean of the terms corresponding to the sub-band ∆λ of the covariance matrix of the

deviations ΣΛ/Λ. The deviations covariance matrix here definied as ΞΛ/Λ = ΣT
Λ/ΛΣΛ/Λ. This is a

result of the propagation of the errors for correlated variables [3]. The terms of the matrix ΞΛ/Λ

account for the correlation among the residuals at all the spectral channels composing Λ or the

sub-band ∆λ of interest. The link between Σ and ς will be used in the current chapter to assess

the ML-SIF performance (in term of the error) for the SIF prediction within any sub-band ∆λ

by using data defined within Λ.
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The computation of all the statistical indicators defined in this section requires the

knowledge of the actual value of the SIF; consequently, an analysis that employs these

indicators can be carried out using simulated data. In a real scenario, the comparison between

actual and predicted SIF cannot be made in a such straightforward way. If measurements are

drawn from the same distribution of used TD and VD data, a-priori computation of these

indicators on VD data would permit to make a reliable prevision on the SIF prediction error.

6.3 Prediction of in-band averaged SIF intensities

In this section the prediction of the in-band averaged SIF for O2-B and O2-A bands and

WB is reported. For these bands, the results of the learning and prediction steps are reported

by using TD and VD with the following properties: (1) the TD size was set in order to make

negligible the overfitting effect (NTD = 10000); (2) the prediction step was carried out by using

a VD with size NVD equal to 2000 samples and (3) samples for TD and VD were characterized

using the same noise spectral distribution and intensity.

Before setting the value of the TD size, namely the NTD value, an a-priori analysis was

carried out (shown in the Sec. (6.6)). Although in this chapter the results are shown before

reporting the a-priori analysis, the latter was carried out in advance in order to use for the

prediction the model-parameters estimated in order to have a negligible overfitting effect.

Data related to two of the simulated sensors (SO2B and SWB) have been used to evaluate the

SIF intensity within several band for interest:

• TD samples, simulated within the whole O2-B band with the SO2B sensor, have been used

to evaluate both the SIF averaged within the whole O2-B band and the SIF averaged

within a sub-band located around the first peak of the SIF spectrum (685 nm);

• TD samples, simulated within the whole WB band with the SWB sensor, have been used

to evaluate both the total SIF integrated within the whole WB band and the SIF averaged

within four sub-bands; the four sub-bands are located around the first and second peak of

the SIF spectrum (685 nm and 740 nm) and corresponding the O2-B and O2-A bands.

The use of spectral data simulated for the three sensors in order to evaluate the SIF within the

several spectral bands for interest is summarized in Table (VI.2)

The sub-band of the O2-B and WB related to the first peak of the fluorescence spectrum

is indicated as Pk1, while the sub-band of the WB is indicated as Pk2. The extents of the
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Table VI.2: Use of the data simulated with SO2B, SO2A and SWB sensors

HHH
HHH

HH
Λ

∆λ
O2B O2A Pk1 Pk 2 WB

O2B x - x - -

O2A - x - - -

WB x x x x x

Table VI.3: Definition of the sub-bands of O2-B band and WB

O2-B sub-bands WB sub-bands λmin λmax ∆λ

(nm) (nm) (nm)

Pk1 Pk1 683 687 4

- O2-B 677 697 20

- Pk2 738 742 4

- O2-A 740 780 40

sub-bands related to the Pk1 and Pk2 were chosen around the wavelengths corresponding to

intensity maxima. The extents are indicated in table as ∆λ (defined as the difference between

λmin and λmax wavelengths) and they were arbitrarily set to 4 nm for both peaks. As far as the

oxygen absorption (defined as sub-bands of WB) are concerned, the extents were chosen on the

basis of the data listed in Table (VI.1). This choice permits a more direct comparison of the

SIF values obtained by considering TD inputs simulated by means of different spectrometers

to evaluate the same outputs. In the next three subsections, results for learning and prediction

steps are reported.

6.3.1 ML-SIF method application to data at O2-B

This section concerns the application of the ML-SIF method to VD data simulated by using

SO2B. The model parameters ŵO2B/O2B were estimated by using TD data and by considering a

proper averaging filter-vector P (elements of P are all equal to 1/Nch, where Nch is the number

of spectral channels).

Fig. (VI.1) show (a) the behavior of the model parameters ŵO2B/O2B as a function of the

wavelength and (b)the scatter plot of the SIF predicted as a function of the actual SIF values

by using VD samples, respectively. The 1:1 line is also reported as a reference. At the bottom
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of the scatter plot, deviations vs. actual SIF values are reported. For the sake of clarity, the

value of the parameter ŵ0 is not reported in Fig. (VI.1) (a) because it is not directly associated

to any spectral channel. The model-parameters clearly show a trend that has a high frequency

Figure VI.1: (a) The estimated model parameters ŵO2B/O2B; (b) predicted SIF (top) and deviations (bottom) as a

function of the actual SIF values

contribution (correlated to the atmospheric absorption spectral features and apparently present

at ≈687 nm where is located the centre of the O2B) superimposed to a smoothed trend within

the whole spectral band. The presence of these latter contribution, not directly correlated to the

absorption features, highlights the capabilities of the ML-SIF method to exploit the whole and

complex informational content of TD data. The scatter plot shows the retrieved data distributed

quite uniformly around the 1:1 line. Furthermore, deviations are homogeneously distributed

within the whole investigated SIF ranges and they do not show any particular feature or trend

as a function of SIF intensities. This confirms a very good linearity between the actual IF

and predicted IF values and permits to consider the RMSE as the most reliable and explicative

indicator of the performances of the ML-SIF method. The values of the statistical parameters

related to this analysis are:

• RMSE is 0.106 mWm−2sr−1nm−1

• RRMSE is 6%

• D2 is 0.986

• R2 is 0.983

• S is 0.987
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• I is 0.016 mWm−2sr−1nm−1

As an additional result, the SIF prediction by applying ML-SIF method at Pk1 by means of

data as measured by the spectrometer SO2B is shown. For this purpose, the parameters ŵO2B/Pk1

were evaluated, and then SIF at Pk1 was predicted by means of ŵO2B/Pk1. Fig. (VI.2) show

(a) the behavior of the parameters ŵO2B/Pk1 as a function of the wavelength and (b) the scatter

plot of the SIF predicted as a function of the actual SIF values, respectively. The retrieved

Figure VI.2: (a) The estimated model parameters ŵO2B/Pk1; (b) predicted SIF (top) and deviations (bottom) as a

function of the actual SIF values

data are distributed quite uniformly around the 1:1 line and the deviations are homogeneously

distributed within the whole investigated SIF ranges and they do not show any particular feature

or trend as a function of the SIF intensities. The values of the statistical parameters related to

this analysis are:

• RMSE is 0.121 mWm−2sr−1nm−1

• RRMSE is 6%

• D2 is 0.987

• R2 is 0.983

• S is 0.987

• I is 0.017 mWm−2sr−1nm−1
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6.3.2 ML-SIF method application to data at O2-A

Prediction results for VD data simulated with the SO2A are presented in this subsection.

The model parameters ŵO2A/O2A and the prediction step were carried out as described in the

previous section. Fig. (VI.3) show (a) the behaviours of the parameters as a function of the

corresponding wavelengths and (b) the scatter plot with the corresponding distributions of the

deviations, respectively. At the bottom of the scatter plot, deviations as a function of are reported

versus the actual SIF values. Within the O2-A band, the most significant parameters are located

Figure VI.3: (a) The estimated model parameters ŵO2A/O2A; (b) predicted SIF (top) and deviations (bottom) as a

function of the actual SIF values

in the 760 nm – 765 nm spectral range where the O2-A absorption band is expected. The

smoothed features characterizing the parameters ŵO2B/O2B are not present in tŵO2A/O2A. The

retrieved data are distributed uniformly around the the 1:1 line (red line) and the deviations are

homogeneously distributed within the whole investigated SIF ranges. They do not show any

particular feature or trend as a function of SIF intensities. The statistical parameters related to

this analysis are:

• RMSE is 0.085 mWm−2sr−1nm−1

• RRMSE is 7%

• D2 is 0.990

• R2 is 0.981

• S is 0.986

• I is 0.018 mWm−2sr−1nm−1
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6.3.3 ML-SIF method application to data within 500 nm - 780 nm

This section concerns the application of the ML-SIF method to VD data simulated by

means the sensor SWB. The results for the in-band integrated SIF are shown. In this case, the

model parameters ŵWB/WB were estimated by using TD data and by considering a proper

integrating filter-vector P (elements of the filter-vector P are all equal to 1). Fig. (VI.4) show

(a) the behavior of the parameters ŵWB/WB as a function of the corresponding wavelengths and

(b) the scatter plot of retrieved SIF intensities as a function of the actual ones. The most

Figure VI.4: (a) The estimated model parameters ŵWB/WB; (b) predicted SIF (top) and deviations (bottom) as a

function of the actual SIF values

significant parameters, that are located in the spectral range above 600 nm, show a clear

correlation with the atmospheric absorption features characterizing this spectral range. These

absorption features are related to the oxygen absorption bands and to the water vapour

absorption band at around 720 nm. Significant contributions, not directly correlated to the

atmospheric absorption features, are also present between 600 nm and 650 nm. As for O2-B

and O2-A bands, data for WB are distributed uniformly around the 1:1 line in the whole range

of SIF intensity. The values of the statistical parameters related to this analysis are:

• RMSE is 9.984 mWm−2sr−1

• RRMSE is 6%

• D2 is 0.990

• R2 is 0.985

• S is 0.988
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• I is 1.736 mWm−2sr−1

As additional results, the TD relative to SWB sensor have been used to predict SIF at Pk1,

Pk2, O2-B and O2-A sub-bands as shown in Table (VI.2). Fig. (VI.5) show (a) the spectral

distribution of the parameters ŵWB/Pk1 and (b) the scatter plots of the SIF predicted at Pk1 as a

function of the actual SIF values, respectively. The values of the statistical parameters related

to this analysis are:

• RMSE is 0.038 mWm−2sr−1nm−1

• RRMSE is 2%

• D2 is 0.996

• R2 is 0.998

• S is 0.998

• I is 0.004 mWm−2sr−1nm−1

Figure VI.5: (a) The estimated model parameters ŵWB/Pk1; (b) predicted SIF (top) and deviations (bottom) as a

function of the actual SIF values

Fig. (VI.6) show (a) the spectral distribution of the parameters ŵWB/Pk2 and (b) the scatter plots

of the SIF predicted at Pk2 versus the actual SIF values, respectively. Statistical parameters

related to this analysis are:

• RMSE is 0.174 mWm−2sr−1nm−1

• RRMSE is 9%
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• D2 is 0.979

• R2 is 0.970

• S is 0.975

• I is 0.046 mWm−2sr−1nm−1

Figure VI.6: (a) The estimated model parameters ŵWB/Pk2; (b) predicted SIF (top) and deviations (bottom) versus

the actual SIF values

Fig. (VI.7) show (a) the spectral distribution of the parameters ŵWB/O2-B and (b) the scatter plots

of the SIF retrieved within the oxygen absorption band O2-B, respectively. Statistical indicators

related to this analysis are:

• RMSE is 0.034 mWm−2sr−1nm−1

• RRMSE is 2%

• D2 is 0.997

• R2 is 0.998

• S is 0.998

• I is 0.003 mWm−2sr−1nm−1

Fig. (VI.8) show (a) the spectral distribution of the parameters ŵWB/O2-A and (b) the scatter plots

of the SIF predicted within the oxygen absorption bandO2-A, respectively. Statistical indicators

related to this analysis are:
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Figure VI.7: (a) The estimated model parameters ŵWB/O2-B; (b) predicted SIF (top) and deviations (bottom) versus

the actual SIF values

• RMSE is 0.113 mWm−2sr−1nm−1

• RRMSE is 9%

• D2 is 0.977

• R2 is 0.967

• S is 0.973

• I is 0.031 mWm−2sr−1nm−1

Figure VI.8: (a) The estimated model parameters ŵWB/O2-A; (b) predicted SIF (top) and deviations (bottom) versus

the actual SIF values

In all cases, SIF are well distributed around the 1:1 line in the whole ranges of SIF intensities.

Furthermore, the deviations are homogeneously distributed within the whole investigated SIF

ranges and they do not show any particular feature or trend as a function of SIF intensities.
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A comprehensive summary of the performances of the ML-SIF method will be reported in

Sec. (6.5).

6.4 Prediction of the SIF spectra

In this section, the combination of input and output spectral ranges considered in Sec. (6.3)

have been considered to predict SIF spectra. For this purpose, the TD and VD simulated for

SO2B, SO2A and SWB sensors and employed in the previous section were used.

In order to retrieve SIF spectra within the whole O2-B band, O2-A band and WB, the model-

parameters ŴO2B/O2B, ŴO2A/O2A and ŴWB/WB were estimated by using TD data. The prediction

was carried out then by applying the estimated model-parameters to VD data simulated with

SO2B, SO2A and SWB sensors.

Parameters are organized in a matrix-form with dimensions equal to NF ×NPV, where NF is

the number of the TD responses and NPV is the number of the TD predictor variables. The

parameters values are shown as false color maps in Fig. (VI.9) (a), Fig. (VI.10) (a) and

Fig. (VI.11) (a) for O2-B, O2-A and WB, respectively.

On x and y axes of the maps the wavelengths of the TOA radiance spectral channels and the

wavelengths of the SIF spectral channels are reported, respectively. The values of the constant

terms, composing the predictor variables, are not reported on the maps. Each row of the maps

contains the parameters to be used to compute one spectral channel of the SIF (in brief, the

parameters in the rows j−th are used for the evaluation of the SIF spectra at λj).

Plots of some significant rows extracted from the matrices ŴO2B/O2B, ŴO2A/O2A and ŴWB/WB

have been shown in Fig. (VI.9) (b), Fig. (VI.10) (b) and Fig. (VI.11) (b), respectively. The

selected rows are indicated by means of red lines on the maps.

The selected rows pertain to wavelengths representative of the SIF of vegetation: within the

matrix ŴO2B/O2B, the row corresponding to the wavelength of the first peak of the SIF at 685 nm

is shown; within ŴO2A/O2A the row corresponding to the wavelength inside the absorption band

at 760 nm is shown; within ŴWB/WB, the columns corresponding to the wavelengths of two

peaks of the SIF (685 nm and 740 nm) are shown. These behaviours of the model-parameters

shown in Fig. (VI.9) (b), Fig. (VI.10) (b) and Fig. (VI.11) (b) are compatible with the ones

shown in the subsections of Sec. (6.3). The performance capabilities of the ML-SIF method

on the investigated VD are summarized by means of the spectral RMSE and RRMSE, both
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Figure VI.9: (a) False colour map of the estimated model parameters ŴO2B/O2B as a function of input TOA

radiance (x axis) and output SIF intensity (y axis); (b) the extracted model parameters for the SIF prediction at 685

nm

Figure VI.10: (a) False colour map of the estimated model parameters ŴO2A/O2A as a function of input TOA

radiance (x axis) and output SIF intensity (y axis); (b) the extracted model parameters for the SIF prediction at 760

nm

computed wavelength-by-wavelength.

Fig. (VI.12), Fig. (VI.13) and Fig. (VI.14) show the relevance of the RMSE with respect to

the average predicted SIF spectrum for the O2-B, O2-A and WB, respectively. The average SIF

spectrum is reported as a solid line, while the coloured band shows the ± 1 spectral RMSE

around the average value. The trends of these RMSE and RRMSE as a function of the

wavelengths are shown in Fig. (VI.1) (b), Fig. (VI.3) (b) and Fig. (VI.4) (b) for the O2-B, O2-A

bands and WB, respectively. By using the SIF spectra predicted within the whole spectral

bands of the three sensors, the deviations covariance matrices were evaluated for each of the

three investigated bands. As discussed in Sec. (6.2), the RMSE on the averaged SIF in any

possible sub-band included within a spectral band Λ can be evaluated by means of the
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Figure VI.11: (a) False colour map of the estimated model parameters ŴWB/WB as a function of input TOA

radiance (x axis) and output SIF intensity (y axis); (b) the extracted model parameters for the SIF prediction at 685

nm and 740 nm

Figure VI.12: (a) Average predicted SIF spectrum at O2-B band by applying ML-SIF; the coloured band shows

the ± 1 RMSE around the average value; (b) spectral RMSE and RRMSE for O2-B band as a function of the

wavelengths

deviations covariance matrix ΞΛ/Λ. RMSE and RRMSE of any possible sub-band between λmin

and λmax are shown. Fig. (VI.15) (a), Fig. (VI.16) (a) and Fig. (VI.17) (a) show the RMSE,

while Fig. (VI.15) (b), Fig. (VI.16) (b) and Fig. (VI.17) (ab) show RRMSE maps for O2-B,

O2-A and WB, respectively. The λmin and λmax wavelengths, which define the extremes of a

sub-bans ∆λ where the averaged SIF is predicted, are reported on the x and y axes,

respectively. For each maps, the values on the straight lines that are normal to the main

diagonals are the RMSE and RRMSE values corresponding to sub-bands featuring a fixed

central wavelength (λc) and different λmin and λmax. By moving from the main diagonals λmin

decreases and λmax increases. The RMSE and RRMSE values reported on the main diagonals

of the maps are the same values of the spectral RMSE and RRMSE shown in Fig. (VI.13) (b),
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Figure VI.13: (a) Average predicted SIF spectrum at O2-A band by applying ML-SIF; the coloured band shows

the ± 1 RMSE around the average value; (b) spectral RMSE and RRMSE for O2-A band as a function of the

wavelengths

Figure VI.14: (a) Average predicted SIF spectrum at WB band by applying ML-SIF; the coloured band shows the

± 1 RMSE around the average value; (b) spectral RMSE and RRMSE for WB band as a function of the wavelengths

Fig. (VI.14) (b), respectively. From the map shown in Fig. (VI.15) (a) it can be inferred that

when narrow sub-bands (wide just 0.1 nm) located around 685 nm are considered, the RMSE

assumes maxima values; on the other hand, RMSE decreases gradually for wider sub-bands

located around 685 nm. Fig. (VI.15) (b) shows the corresponding RRMSE map. It can be

noted that for a given λc, RRMSE values are almost constant and they do not depend from the

spectral band width. The map Fig. (VI.16) (a) shows a regular trend of the RMSE. The worst

case is verified for a narrow sub-band located at ≈740 nm and wide 0.1 nm. Furthermore, the

map shows clearly that, as λc increases, RMSE decreases. For a given λc, RMSE value is

essentially independent from the width of the considered spectral band. From the map for

RMSE and RRMSE (this latter shown in Fig. (VI.16) (b)) it can be inferred that, independently

from the width of the considered band, their values decrease when λc increases. The minimum
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Figure VI.15: False colour map of sub-bands RMSE (a) and RRMSE (b) for the SO2B sensor.

Figure VI.16: False colour map of sub-bands RMSE (a) and RRMSE (b) for the SO2A sensor.

value for RRMSE is found when λc is located at ≈760 nm (the centre of the O2-A band). For

the Fig. (VI.17) (a) and (b), RMSE and RRMSE maps show that both errors increase for λc >

710 nm, particularly when the λc is close to the centre of the O2-A band. For a given λc value,

the relative and absolute errors decrease as the spectral bands become wider. RMSE and

RRMSE values estimated in Sec. (6.3) (where the in-band averaged SIF are evaluated ) are

contained in RMSE and RRMSE maps as well. Specifically: the points labeled with ◦ in

Fig. (VI.15) (a) and (b) are associated to the value of the RMSE and RRMSE for the

ΛO2-B/∆λPk1 and ΛO2-B/∆λO2-B (in the latter case shown at the top right); points in Fig. (VI.16)

(a) and (b) are associated to RMSE and RRMSE for the ΛO2-A/∆λO2-A (both points shown at

the top right); points labeled in Fig. (VI.17) (a) and (b) are associated to RMSE and RRMSE

for the ΛWB/∆λPk1, ΛWB/∆λPk2, ΛWB/∆λO2-B, ΛWB/∆λO2-A and ΛWB/∆λWB (in the latter case

shown at the top right).
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Figure VI.17: False colour map of sub-bands RMSE (a) and RRMSE (b) for the SWB sensor.

6.5 Analysis of the performances

In Sec. (6.3), the results obtained for the prediction of the in-band averaged and integrated

SIF were shown. In addition, results for some of the O2-B and WB sub-bands for interest were

also reported.

The results for the in-band averaged/integrated SIF prediction showed that the predicted SIF

intensities are uniformly distributed around the 1:1 line for the whole investigated range of SIF

intensities. Besides, deviations are normally distributed around the zero value and shows a quite

homogenous behaviour in the whole investigated range.

The statistical indicators for each of the investigated cases are reported in Table (VI.4) (these

values are the same reported in the subsections Sec. (6.3.1), Sec. (6.3.2) and Sec. (6.3.3)).

Measurement units of RMSE and I are mWm−2sr−1 for the in-band integrated SIF intensities

(labelled with ∗), while all the others values of RMSE and I are expressed in mWm−2sr−1nm−1.

In order to better evaluate the performance of the ML-SIF method, the results shown in the

previous table were rearranged in sub-tables, each of which addressing a specific aspect of the

capabilities of the method.

Capability to retrieve SIF at VIS and NIR sub-bands by means of SWB sensor

In Table (VI.5) results for the SIF prediction at four sub-bands of WB are reported.

The results obtained for WB sub-bands O2-B and Pk1 and WB sub-bands O2-A and Pk2

showed strong analogies. The analogies can be found both in the statistical indicators reported

in Table (VI.5) and in the features of the model-parameters that, as clearly shown in Figure 6-5

and Figure 6-7 and in Figures 6-6 and 6-8, are similar both for the sub-bands defined within
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Table VI.4: Statistical indicators for the in-band averaged SIF prediction by applying ML-SIF method

Model-parameters RMSE RRMSE% D2 R2 S I

ŵO2B/O2B 0.106 6 0.986 0.983 0.987 0.016

ŵWB/O2-B 0.034 2 0.997 0.998 0.998 0.003

ŵO2A/O2A 0.085 7 0.990 0.981 0.986 0.018

ŵWB/O2-A 0.113 9 0.977 0.967 0.973 0.031

ŵWB/WB (∗) 9.984 6 0.990 0.985 0.988 1.736

ŵWB/Pk1 0.038 2 0.996 0.998 0.998 0.004

ŵO2B/Pk1 0.121 6 0.987 0.983 0.987 0.017

ŵWB/Pk2 0.174 9 0.979 0.970 0.975 0.046

Table VI.5: Statistical indicators for the averaged SIF predicted by applying ML-SIF method at the four WB

sub-bands

Used parameters RMSE RRMSE% D2 R2 S I

ŵWB/Pk1 0.038 2 0.996 0.998 0.998 0.004

ŵWB/O2-B 0.034 2 0.997 0.998 0.998 0.003

ŵWB/Pk2 0.174 9 0.979 0.970 0.975 0.046

ŵWB/O2-A 0.113 9 0.977 0.967 0.973 0.031

the VIS spectral range (namely, O2-B and Pk1) and for the sub-bands defined within the NIR

spectral range (namely, O2-A and Pk2). The similarities can be explained by considering the

spectral overlapping of the Pk1 and O2-B sub-bands and of the spectra proximity of Pk2 and

O2-A sub-bands.

The main model-parameters for two VIS sub-bands (Fig. (VI.5) and Fig. (VI.7)) are

distributed on more spectral channels within WB; this means that the learning procedure is

able to exploit, in this spectral range, both the information content related to atmospheric

absorption band and the information content related to the spectral behaviors of vegetated

targets (namely, reflectance and SIF spectra). The contribution of the vegetation spectral

behaviors is more evident in the spectral range between 650 nm e 700 nm (where the

reflectance and SIF of vegetation is characterized by abrupt changes in the slope).

On the other hand, the main parameters for the two NIR sub-bands (Fig. (VI.6) and

Fig. (VI.8)) are distributed in few spectral channels within WB in correspondence to the
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oxygen absorption band O2-A.

The capability of the ML-SIF method to exploit the complete training data information

content featuring different origins, more or less important/significant on the basis of the

investigated spectral band, influences the performance.

Comparing the results between the VIS and NIR sub-bands reported in Table (VI.5), it is

clear in fact that the proposed method provides a better performance in the VIS where the

model-parameters account for the whole information content of the training data.

Capability to retrieve SIF at O2-B and O2-A by means of different sensors

The capability of the method to use the information content of different origin (atmospheric

or target behaviors dependent) permits to explain also the different performances of the method

in SIF retrieval within a given spectral band when different sensors are used.

In Table (VI.6) results for the SIF prediction when sensors built specifically for the SIF

retrieval at O2-B and O2-A and one built for the SIF retrieval at WB are listed: the first and

second row of the table deals with the SIF prediction at O2-B by using SO2B and SWB,

respectively; whereas the third and fourth rows deals with the SIF prediction at O2-A by using

SO2A and SWB, respectively.

Table VI.6: Comparison among the statistical indicators for the averaged SIF predicted by applying ML-SIF

method at O2-B and O2-A bands

Used parameters RMSE RRMSE% D2 R2 S I

ŵO2B/O2B 0.106 6 0.986 0.983 0.987 0.016

ŵWB/O2-B 0.034 2 0.997 0.998 0.998 0.003

ŵO2A/O2A 0.085 7 0.990 0.981 0.986 0.018

ŵWB/O2-A 0.113 9 0.977 0.967 0.973 0.031

Compared to SO2B and SO2A, SWB is characterized by a lower SR but it measures a wider

spectral band. These two characterises make SWB sensor on the hand less able to measure the

atmospheric features at high frequencies, on the other hand make it more sensible to detect the

variations at low frequencies of the spectral behaviours of the vegetation on a wide spectral

band (the reflectance and SIF are not characterized by spectral features changing quickly with

the wavelength).
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As regards the SIF prediction at O2-B, where the target contribution is relevant as much as

the atmospheric contribution, on the basis of the characteristics discussed for the SWB sensor,

it can be inferred that TOA radiance spectra measured with SWB sensor are characterized by a

higher information content related to the target features. This permits a higher accuracy in SIF

prediction with respect to the one that can be obtained by using O2-B sensor.

On the other hand, as far as the SIF prediction at O2-A is concerned, where the atmospheric

contribution is more important than the target one, the comparison of the results obtained with

radiance data at high SR (SO2A) and radiance data at low SR (SWB) permits to conclude that the

use of radiance spectra at higher SR permits to obtain a higher accuracy on the results.

These considerations on the method’s performance, which apply to the retrieval of the in-

band SIF and were obtained by varying in turn the sensor and the spectral band for interest, can

be extended to the case in which the method is applied to the retrieval of the SIF spectra.

This can be easily argued by comparing the spectral RMSE and RRMSE obtained with the

different sensors. These are reported in Fig. (VI.18) (a) and (b), respectively, for O2-B, O2-A

and WB. The comparison of the performances of the three sensors to retrieve the SIF in the

Figure VI.18: (a) The spectral RMSE and (b) spectral RRMSE for the SIF spectra retrieval in O2-B band, O2-A

and WB by the use of the SO2B, SO2A and SWB sensors

different spectral bands is confirmed. On the basis of some recent papers, the required errors

for the accuracy of SIF retrieval from TOA radiance spectra measured by using sensors with

specifications consistent with those considered in this work are known. The required absolute

error is 0.2 mWm−2sr−1nm−1 in the O2-B and O2-A bands and at the two peaks of the maximum

fluorescence emission, while the required accuracy for the retrieval of the total fluorescence

emission integrated over the full emission spectrum is equal to 10% [4]. The results obtained

in this chapter showed that the ML-SIF method is able to fully fulfil these requirements. It is
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worth noting that the same requirements are fulfilled by the ML-SIF method not only for the

in-band averaged or integrated SIF, but even for each of the spectral channels considered in the

case of SIF spectral retrieval.

6.6 Estimation of the training dataset size

The results shown in the Sec. (6.3) and Sec. (6.4) were obtained by using a TD composed

by 10000 samples. This value was considered as an adequate value of the TD size in order

to prevent a significant overfitting effect. As discussed in Sec. (4.5.1), the overfitting effect is

overcome if the TD composed of infinite samples. In a real case scenario, the learning step is

implemented by using a limited number of samples composing the TD. In this specific case, the

more the number of the samples is larger than the number of model parameters, the more the

overfitting is reduced. In the case of simulated data, although the number of samples could, in

principle, be increased to a great extent in order to reduce the overfitting effect, a trade-off must

be reached between the number of samples and the computational time needed both to simulate

the data and to apply the retrieval method.

In order to evaluate a good trade-off between the reduction of the overfitting effect and the

increase in computational time, a specific procedure was implemented. Besides being used for

the evaluation of an optimal number of samples, this procedure can be used to evaluate the

overfitting effect in a realistic scenario where the number of samples is limited. In detail, the

procedure consists of:

1) simulation of several TDs by varying the number of samples NTD composing each training

dataset,

2) evaluation of the set of ML-SIF parameters for each of the TDs by using the in-band

averaged approach,

3) application of each of the parameters set to the same TD used to retrieve them and to a

VD in order to predict the in-band averaged SIF.

In order to determine the optimal size of the TD, the values of RMSETD, the RMSE

computed by applying the estimated parameters to the TD, were compared as a function of

NTD to the RMSEVD, the RMSE computed by applying the estimated model to the VD. On the

basis of this comparison, the overfitting effect can be considered negligible when the RMSETD
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and RMSEVD values converge towards a common value. In the present analysis, a threshold of

5% percentage difference between the two RMSE values was considered as a good trade-off

for all the three spectral bands.

Fig. (VI.19) shows the comparison between the RMSETD and RMSEVD values for the O2-B

and O2-A and WB estimated/evaluated as functions of the training dataset size NT D. The size

of the datasets was fixed to 2000 for the VD, whereas it varied between 1000 and 15000, by

1000 steps, for the TDs. For each of the 15 considered NTD, the RMSE was computed as the

average of the RMSEs evaluated by using ten independent TD and VD datasets. The standard

deviations of the RMSE were also evaluated. They are reported in the plot as error bars. The

RMSE units are mWm−2sr−1nm−1 in the Fig. (VI.19) (a), Fig. (VI.19) (b) and mWm−2sr−1 in

the Fig. (VI.19) (c) By the plots, it can be inferred that RMSETD and RMSEVD show the same

Figure VI.19: Comparison between the RMSETD and RMSEVD as a function of NTD for (a) O2-B band, (b) O2-A

band and (c) WB.

behaviour for the three investigated bands. As expected, for small NTD values, RMSETD is

considerably smaller than RMSEVD. Low values of RMSETD are due to the overfitting effect

(the model parameters are capable to accurately reproduce both small detail and noise of the

same TD data used for the training); on the other hand, large values of RMSEVD are produced

since the estimated parameters are not able to generalize when applied to the VD. As the NTD

value increases, the estimated parameters are less and less affected by the overfitting effect and

the generalization capability of the parameters is increased. This explains the increase of the

RMSETD and the decrease/reduction of the RMSEVD as a function of NTD. For large NTD values,

RMSETD and RMSEVD converge towards a common value. As shown in Fig. (VI.19), the value

NTD = 10000 can be addressed as a good trade-off between a limited overfitting effect (effect

reduced to 5%) and the computational efforts needed for each of the three investigated spectral

bands (the percent differences between RMSEVD and RMSETD are equal to 0.3% for O2-B band,

2% for O2-A band , and 5% for WB).
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6.7 Comparison between SFM and ML-SIF method performances

In this section the comparison between the predictive performances obtained by using a

weighted least squares spectral fitting (W-SFM) and those of the ML-SIF method are shown.

The comparison was made by means of simulated TOA radiance spectra data at O2-B and O2-

A bands. The comparison was made in the two spectral bands where the reflectance and SIF

spectra can be adequately modeled as polynomial functions by using a limited number of the

BFs and thus regressors. In order to make the comparison between the W-SFM and the ML-SIF

methods, noisy TOA radiance spectra composing the VD samples were simulated following the

three following different criteria.

1st-c. Noisy TOA radiance spectra were simulated by using (1) reflectance and SIF spectra

approximated by means of a cubic polynomial, and (2) an approximated TOA radiance

expression (namely, non-linear terms of the RTE solution were neglected). Under these

conditions, TOA radiance spectra can be modeled perfectly as a linear function of the

reflectance and SIF spectra. Furthermore, reflectance and SIF spectra can be modeled perfectly

as cubic polynomials.

2nd-c. Noisy TOA radiance spectra were simulated by using: (1) cubic polynomial

approximated reflectance and SIF spectra (as in the previous case), and (2) a

non-approximated TOA radiance expression (namely non-linear contributions of the RTE

solution are taken into account). In this case, even if reflectance and SIF spectra can be

modeled perfectly as cubic polynomials, noisy TOA radiances spectra that simulate the

measurements include non linear contributions in the reflectance and SIF spectra.

3rd-c. more realistic noisy TOA radiance spectra were simulated; for this purpose, non-

approximated TOA radiance spectra and non-approximated reflectance and SIF spectra were

used.

For each of the VDs simulated according to the three criteria described above, a linear W-

SFM method was applied by using the same BFs and the simplified RTE solution (namely,

the same regressors). In order to apply a pure linear SFM, non linear contributions present in

noisy TOA radiance spectra were neglected. The application of the same regressors to fit the

VDs constructed according to the three different criteria permitted to evaluate the entity of the

different error sources.

In the case that VD were simulated by means of the 1st, the regressors used for linear SFM
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application can model/describe perfectly the TOA radiance spectra, except for the contribution

due to random instrumental noise. In this case, the error on the SIF prediction is due only

to the random noise affecting the VD data (corresponding to the stochastic error affecting the

measurements). If VD samples are simulated following the 2nd, the regressors are not able to

take into account non-linear contributions that are present in the noisy TOA radiance spectra; a

non linear spectral fitting should be implemented. Nonetheless, if the linear SFM is applied, the

cumulative effects due to the random noise and the non-linear terms of simulated data can be

evaluated. Finally, by applying the 3rd, the linear W-SFM is applied to VD samples simulated

with reflectance and SIF spectra that cannot be modelled perfectly with cubic polynomial. In

this case, the prediction error will be affected not only by the random noise and the non-linear

terms, but also by the fact that the model used to represent reflectance and SIF spectra is not

adequate.

As far as the ML-SIF method is concerned, its application to the three VDs permitted to

investigate the performance in regard to different levels of information content to take into

account. For this purpose, three TDs were simulated, following the simulation criteria of the

three corresponding VD, in order to take into account, each time, the different VD complexity.

In the 1st case, the performances of the linear W-SFM and the ML-SIF method are directly

comparable since the two methods are applied in ideal conditions: exact BFs and linear RTE

for SFM and a perfectly representative TD for ML-SIF. In the 2nd and 3rd case, while the

ML-SIF method can easily account for the increasing VD samples complexity by means of a

proper TD, an ideal condition application of the SFM is more complicate. In the 2nd case a

non-linear spectral fitting should be implemented. This could lead, on one hand, to a high

computational cost, on the other hand, to the possibility to identify local minima as the

solution to the fitting procedure. In order to partially overcome these drawbacks, proper initial

parameter guess should be provided. In the 3rd case, by considering non polynomial

approximated reflectance and fluorescence spectra, additional drawbacks regarding the SMF

application derive from the virtually impossible task to find a limited number of BFs capable

to describe perfectly the spectra of the vegetated targets. Fig. (VI.20), Fig. (VI.21) and

Fig. (VI.22) graphically show the scatter plots of the SIF predicted as a function of the actual

SIF values by using W-SFM and ML-SIF in the three cases for the O2-B band. At the bottom

of the scatter plots, deviations are reported as a function of the actual SIF values.

Regarding the O2-B band, data predicted by using the two methods are well distributed
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Figure VI.20: 1st case: (a) SIF predicted by W-SFM (top) and deviations (bottom) and (b) SIF predicted by

ML-SIF (top) and deviations (bottom) as a function of the actual SIF values at O2-B band

Figure VI.21: 2nd case: (a) SIF predicted by W-SFM (top) and deviations (bottom) and (b) SIF predicted by

ML-SIF (top) and deviations (bottom) as a function of the actual SIF values at O2-B band

around the 1:1 lines, as well as it can be inferred from the D2 values, or equally, from S and I.

The corresponding statistical indicator are reported in Table (VI.7). In all the three cases, the

RMSE related to the SFM application (RMSESFM) are always greater than the ones related to the

ML-SIF method application (RMSEML−SIF). Besides, the more the noisy TOA radiance spectra

used as measurements are realistic, the more the RMSESFM increases and the RMSEML−SIF

remains approximately constant. This comparison clearly shows that in any case the ML-SIF

method provides a better performance than the SFM method for data simulated with SO2B.

Fig. (VI.23)-Fig. (VI.25) graphically show the scatter plots of the SIF predicted as a function

of the actual SIF values by using W-SFM and ML-SIF in the three cases for the O2-A band. At

the bottom of the scatter plots, deviations are reported versus the actual SIF values.

Regarding the O2-A band, scatter plots show a relevant and significant degradation of the

SFM performance when realistic noisy TOA radiance spectra are used to make SIF prediction.



146 Results and performances analysis of the ML-SIF method

Figure VI.22: 3rd case: (a) SIF predicted by W-SFM (top) and deviations (bottom) and (b) SIF predicted by

ML-SIF (top) and deviations (bottom) as a function of the actual SIF values at O2-B band

Table VI.7: Comparison between statistical indicators of SIF retrieved by W-SFM and ML-SIF at the O2-B band

in three different cases

Case Method RMSE RRMSE% D2 R2 S I

(mWm−2sr−1nm−1) (mWm−2sr−1nm−1)

1st W-SFM 0.347 20 1.000 0.848 1.007 -0.015

1st ML-SIF 0.109 6 0.989 0.982 0.988 0.016

2nd W-SFM 0.389 23 0.882 0.834 1.008 -0.148

2nd ML-SIF 0.109 6 0.989 0.982 0.987 0.017

3rd W-SFM 0.379 22 0.988 0.812 0.965 0.030

3rd ML-SIF 0.106 6 0.986 0.983 0.987 0.016

In the second and third case, regression lines differ significantly from 1:1 lines, as demonstrated

both by the D2 that increases its value and by S and I reported in Table (VI.8).

In conclusion, the comparison between the W-SFM and the ML-SIF method showed that

the W-SFM provides less accurate results with respect to the ML-SIF for any of the three criteria

and in both the O2-B and O2-A bands. This result is achieved even in the 1st case in which the

methods working under the same conditions and the random noise of the measurements is the

only one to degrade the performance.
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Figure VI.23: 1st case: (a) SIF predicted by W-SFM (top) and deviations (bottom) and (b) SIF predicted by

ML-SIF (top) and deviations (bottom) as a function of the actual SIF values at O2-A band

Figure VI.24: 2nd case: (a) SIF predicted by W-SFM (top) and deviations (bottom) and (b) SIF predicted by

ML-SIF (top) and deviations (bottom) as a function of the actual SIF values at O2-A band

Figure VI.25: 3rd case: (a) SIF predicted by W-SFM (top) and deviations (bottom) and (b) SIF predicted by

ML-SIF (top) and deviations (bottom) as a function of the actual SIF values at O2-A band
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Table VI.8: Comparison between statistical indicators of SIF retrieved by W-SFM and ML-SIF at the O2-A band

in three different cases

Case Method RMSE RRMSE% D2 R2 S I

(mWm−2sr−1nm−1) (mWm−2sr−1nm−1)

1st W-SFM 0.222 19 0.999 0.888 1.008 -0.009

1st ML-SIF 0.059 5 0.994 0.991 0.993 0.009

2nd W-SFM 0.819 68 0.227 0.539 0.681 -0.311

2nd ML-SIF 0.091 8 0.987 0.978 0.983 0.022

3rd W-SFM 1.327 111 0.136 0.187 0.379 -0.428

3rd ML-SIF 0.085 7 0.990 0.981 0.986 0.018
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Chapter VII

Robustness analysis of the ML-SIF method

In this chapter, the robustness analysis of the ML-SIF method for the retrieval of

vegetation SIF is presented for the O2-B band, O2-A band and WB. The robustness was

investigated by relaxing the assumption that the TD and the future data are drawn from the

same statistical population. This assumption is the optimal working condition for a statistical

data-driven method, such as the ML-SIF method. For this purpose, the TD was kept fixed and

several dataset of future data, termes as TEst dataset (TE), were generated according to the

following:

• reflectance and SIF spectra used to simulate noisy TOA radiance spectra composing the

future data were drawn from a vegetation distribution that was different from the one used

to simulate the TD data; in this case, the simulated future data were named TE#1;

• noise level of the future data was set to different values from the noise level affecting the

TD; in this case, the simulated future data were labelled TE#2;

• some of the main atmospheric parameters are not exactly known a-priori: as a

consequence, uncertainties in these parameters were now taken into account; in this

case, the simulated future data were labelled TE#3.
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7.1 Robustness analysis with respect to the vegetation biophysical

parameters

The prediction performances in Chap. (VI) were assessed by simulating TD and future data

(namely, the VD data) by using reflectance and SIF spectra drawn from the same distribution

of vegetation biophysical parameters. In this analysis this assumption was relaxed and the

robustness of the method was analyzed by using a TE#1 generated using reflectance and SIF

spectra drawn from a database built by taking into account different values of the main

biophysical parameters.

Being TD and TE#1 simulated by using spectra that were not from the same statistical

population (so as it has been done for TD and VD in Chap. (VI)), the model parameters could

not be, in principle, able to generalize these differences and to predict accurately the SIF from

the TE#1 data.

The analysis of the robustness was carried out in two sub-cases:

• the discrete values of the main vegetation biophysical parameters used do simulate TE#1

were chosen in a range that was narrower with respect to the ones used for the generation

of TD;

• reflectance and SIF spectra used to generate TE#1 were drawn from a wider distribution

of vegetation (in terms of biophysical parameters) than the one used to simulate the TD

data.

From now on, the concept of the different ranges of biophysical parameters considered to

build up the different datasets will be referred to as Vegetation Distribution (VegD), so that to a

wider range corresponds a wider VegD and to a narrower range corresponds a narrower VegD.

In both cases, apart from having chosen different ranges, different values of biophysical

parameters were considered. This latter option permits to evaluate the interpolation capabilities

of the method. This capability refers to the generalization ability of the data-driven model

when it is applied to inputs that span a distribution that it is not completely covered by the TD

distribution [1].

Both cases can be addressed as very unfavourable for the application of the ML-SIF

method; they, however, can be representative of hypothetical operative scenarios in which the

distribution of reflectance and SIF spectra in future data is not a-priori known, so that it is

impossible to arrange a perfectly tailored training dataset.
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7.1.1 Case #1: test data generated from a narrow vegetation distribution

In this section the robustness of the method is assessed by evaluating SIF of the TE#1 data

generated drawing the reflectance and SIF spectra of the vegetation from a VegD that is narrower

than the one used to generate the TD data.

TE#1 is composed by 2000 samples simulated as randomly weighted linear combinations

of three different reflectance and SIF pure spectra drawn randomly from the relevant database.

FQE values were randomly chosen within the range from 0.02 to 0.07; the leaf and canopy

parameters that were used in this case are in the set #2 of Table (V.2). The TD employed in

this analysis is the one that was generated by following the criteria discussed in Sec. (6.1) and

used to evaluate the ML-SIF performance in Chap. (VI); the model-parameters were retrieved

in Sec. (6.3) and applied to predict the SIF from TE#1.

The statistical indicators (extracted by the corresponding analysis proposed in the previous

chapter) show that, for all the investigated spectral bands, the performance of the method are

better than that discussed in Sec. (6.5) (in the latter case the TD and VD were generated from

the same vegetation distribution). Table (VII.1) shows the RMSE and RRMSE values of the

prediction analysis on TE#1 compared with the ones shown in Sec. (6.5). For sake of clarity,

results of the prediction analysis on VD discussed in Sec. (6.5) are reported as well. The

measurement units are mWm−2sr−1 for data labelled with the (∗), while, for all other data the

measurement units are mWm−2sr−1nm−1. The grey-shaded column contains the results

obtained in the investigated current section (Case #1).

Table VII.1: RMSE and RMSE% in SIF retrieval by assuming in ML-SIF method a TD generated from a wide

VegD (Case #1)

Model WideT D/WideVD WideT D/NarrowT E

parameters RMSE RMSE% RMSE RMSE%

ŵO2B/O2B 0.106 6 0.091 6

ŵWB/O2-B 0.034 2 0.032 2

ŵO2A/O2A 0.085 7 0.079 7

ŵWB/O2-A 0.113 9 0.104 9

ŵWB/WB (∗) 9.984 6 9.344 6

ŵWB/Pk1 0.038 2 0.036 2

ŵO2B/Pk1 0.121 6 0.104 6

ŵWB/Pk2 0.174 9 0.160 9
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The comparison permits to observe that, if VegD for TE#1 is narrower than the one used to

generate the TD data, the RMSE values are slightly reduced for all the investigated cases as

well. This result conveys a good interpolation capability of the ML-SIF method when the TD

used to estimate the model-parameters is from a wide VegD. In this case in fact, the method

is able to work extensively on future data generated from a narrower VegD, event though the

biophysical parameters characterizing the TD and future data do not take the same exact values.

7.1.2 Case #2: test data generated from a wide vegetation distribution

In this section the robustness of the method is assessed by using TE#1 data generated by

drawing the reflectance and SIF spectra from a wider VegD than the one used to generate the

TD data. Table (VII.2) shows the RMSE and RRMSE values of the prediction analysis in Case

#2 and the ones reported in Table (VII.1). The grey-shaded column contains the results obtained

in the investigated current section (Case #2).

Table VII.2: RMSE and RMSE% in SIF retrieval by assuming in ML-SIF method a TD generated from a narrow

VegD (Case #2)

Model WideT D/WideVD WideT D/NarrowT E NarrowT D/WideT E

parameters RMSE RMSE% RMSE RMSE% RMSE RMSE%

ŵO2B/O2B 0.106 6 0.091 6 0.113 6.6

ŵWB/O2-B 0.034 2 0.032 2 0.105 6.0

ŵO2A/O2A 0.085 7 0.079 7 0.087 7.3

ŵWB/O2-A 0.113 9 0.104 9 0.236 17.6

ŵWB/WB (∗) 9.984 6 9.344 6 23.398 13.9

ŵWB/Pk1 0.038 2 0.036 2 0.111 5.5

ŵO2B/Pk1 0.121 6 0.104 6 0.128 6.6

ŵWB/Pk2 0.174 9 0.160 9 0.370 17.0

The comparison between the results reported in Table (VII.2) and the ones in Table (VII.1)

shows clearly that in this case the generalization performance of the method is degraded in all

the investigated spectral bands.

This analysis, together with the one shown in the previous section, proves that the

interpolation capabilities of the ML-SIF method are strictly dependent on the building of the

TD used to estimate the model-parameters.

In conclusion, the analysis carried out in these two cases, Case #1 and Case #2, showed
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that a good generalization capability of the method is assured as far as the learning step is

implemented using a vegetation distribution that is at least as wide as the one of the future data.

7.2 Robustness analysis with respect to the noise level

The prediction performance in Chap. (VI) was assessed by simulating TD and VD with the

same noise level. In this section, this assumption is relaxed and the robustness of the method

with respect to the variation of the noise level of the two datasets is investigated.

For this purpose, several TDs and TEs#2 were simulated by varying the noise level affecting

the TOA radiance spectra with respect to the reference noise level (σre f ). The reference noise

level is the noise level that characterizes the TOA radiance spectra when these are simulated by

using the FLORIS technical specifications (these latter were given in Sec. (5.3)). Each of the

simulated TDs and VDs had a size equal to NT D = 10000 and NVD = 2000, respectively; for

each of the datasets, the samples and responses were simulated as described in Sec. (6.1).

In detail, seven values of the noise level were simulated by considering multiplicative

factors (κ) of σre f . The factors values were κ = 0.001, 0.01, 0.1, 1, 10,100, and 1000. Besides

studying the robustness of the method with respect to noise level, the choice of these factor

values permitted to assess the entity of the several error sources that compose the TPE. In

order to investigate the effects on the prediction due to the noise level only, TDs and TEs#2

samples were simulated with the same atmospheric state, reflectance spectra and SIF spectra.

Given seven TDs and seven TEs#2 simulated each with a different noise level, a total of 49

possible predictions were considered. Each of the seven model parameters was applied to each

of the simulated TE#2.

The RMSE values corresponding to the 49 possible SIF prediction are shown in

Table (VII.3), Table (VII.4) and Table (VII.5) for the O2-B, O2-A and WB, respectively. These

tables refer to the prediction of the O2-B average SIF by using the SO2B sensor, the prediction

of O2-A average SIF by using the SO2A and the integrated SIF by using the SWB sensor,

respectively.

The corresponding RMSE values, equal to TPE, are organized in tables (7x7) as follows:

for a given column, the TD noise level is fixed (TD noise levels change column by column; for

a given row, the TE#2 noise level is fixed (TE#2 noise levels change row by row).

For each spectral band, the results for the four statistical indicators on the main diagonals
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correspond to the case where the noise levels used to simulate TOA radiance spectra in the TD

and the TE#2 assume the same values; on the other hand, the results that are not along the main

diagonal deal with the case in which the TD used to evaluate the model parameters and the TE#2

used to predict the SIF are characterized by a different level of noise.

Several interesting results can be underlined from the analysis of the results. The first (1,1)

and last (7,7) elements of the main diagonals correspond to two extreme cases: elements (1,1)

deal with TOA radiance spectra when TD and TE#2 are simulated using the lower factor (κ =

0.001); elements (7,7) concern the case where the higher factor (κ = 1000) is used. Elements

(4,4) are the ones obtained by means of TD and TE#2 composed by TOA radiance spectra

simulated with the reference noise level σre f (κ = 1).

RMSE values show the importance to consider noisy samples in the supervised learning

step. This can be easily inferred if, for a given row of the table (corresponding to a fixed TE#2

noise level), RMSE values are evaluated by changing the TD noise level.

The best performance of the ML-SIF method is achieved when RMSE has a minimum.

This is reached when the noise level of the TD is the same of the TE#2, namely, for the values

reported along the main diagonal. These values permit to analyse the method performance by

varying the noise level for TD and VD consistently. For example, when TD and VD are

simulated with a noise level equal to σre f , the RMSE is minimum in (4,4). This observation

highlights the importance to take into account the noise level (and, in general, the level and

features of the noise) in the supervised learning step, and it confirms that the more the TD data

are representative of the future data, the more the statistical learning method shows a good

performance in terms of generalization capabilities. Besides, in further support of the

importance of the level and features of the noise, a mathematical discussion was also given in

Chap. (IV).

Given a TD simulated for a specific noise level (namely, fixed a column of the

Table (VII.3), Table (VII.4) and Table (VII.5)), the effect of the scarce generalization

capabilities can be understood from varying the noise levels of the TE#2 future data. By

moving along the rows for a given column, the data of TEs#2 are characterized by a gradually

higher level noise. The fact that RMSE increases as TE#2 noise level increases proves how the

method performance degrades when the noise level of TD and the future data (TE#2 in this

case) differ from one to another.

Values of the RMSE at (4,4), (1,1) and (1,4) are essential to understand the individual
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contribution of the ME, OE and SE to the TPE, this latter concerning TD and TE#2 generated

both with the reference noise level σre f . At (4,4) (κT E#2 = 1, κT D = 1), the value of the RMSE

gives the total prediction error affecting the SIF prediction. This error is due to the sum of the

contributions of ME, OE and SE affecting the TE#2 data. At (1,1) (κT E#2 = 0.001, κT D = 0.001),

RMSE is the absolute minimum of the TPE that can be obtained for a given TE#2 simulated

with the same noise level of TD. The noise level affecting TD and TE#2 data is negligible and

RMSE tends towards the ME due to the residual non-linearity of the relationship that link TOA

radiance spectra and the SIF that is neglected by the ML-SIF method. However, it has to be

noted that the RMSE induced by the only ME is much smaller than the RMSE when the other

noise sources are considered. This can be regarded as a measure of the goodness of the linear

model at the basis of the ML-SIF method. At (1,4) (κT E#2 = 0.001, κT D = 1), the effect on the

SIF prediction is observed when TD is affected by the reference noise level and future data

have negligible noise. This error is once again a ME that in this case is due not only to

non-linearity, but also to the noise level of the TD data.

Observing that RMSE at (1,4) is larger than RMSE at (1,1), it is clear that the main error

component of ME is due to the noise of the TD data. This noise on the TD data, however, is

an essential component to consider in order to obtain a generalization of the model parameters

and, consequently, a good prediction capability. This is clear by considering that, given a noise

level of the TE#2, the prediction performances are improved if the TD is characterized by the

same noise level. Besides, by comparing the values at (4,4) (due to SE and ME) and (1,4) (due

to ME only) it is clear that SE and ME contributions to the total RMSE are approximately the

same.
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Table VII.3: RMSEs for the averaged SIF retrieval in O2-A band by assuming several noise levels for TD and

TE#2 data (unit: mWm−2sr−1nm−1)

H
HHH

HHHH
κTE#2

κT D 10−3 10−2 10−1 1 101 102 103

10−3 0.001 0.002 0.017 0.064 0.403 0.729 0.805

10−2 0.010 0.005 0.017 0.064 0.403 0.729 0.805

10−1 0.098 0.047 0.027 0.064 0.403 0.729 0.805

1 0.980 0.464 0.215 0.106 0.405 0.729 0.805

101 9.804 4.633 2.128 0.878 0.543 0.729 0.805

102 97.81 46.20 21.38 8.803 3.753 0.751 0.805

103 986.9 459.2 212.6 87.75 37.30 1.992 0.819

Table VII.4: RMSEs for the averaged SIF retrieval in O2-A band by assuming several noise levels for TD and

TE#2 data (unit: mWm−2sr−1nm−1)

HH
HHH

HHH
κTE#2

κT D 10−3 10−2 10−1 1 101 102 103

10−3 0.001 0.001 0.003 0.045 0.281 0.478 0.499

10−2 0.004 0.002 0.003 0.045 0.281 0.478 0.499

10−1 0.042 0.015 0.013 0.045 0.281 0.478 0.499

1 0.421 0.154 0.124 0.085 0.282 0.478 0.499

101 4.218 1.532 1.231 0.731 0.373 0.478 0.499

102 42.16 15.37 12.42 7.234 2.492 0.493 0.500

103 425.4 154.3 122.5 72.54 24.89 1.368 0.522

7.3 Robustness analysis respect to atmospheric uncertainties

All the results obtained till now and the performance analysis of the method were all based

on the assumption of known atmospheric parameters, not affected by uncertainties. In a realistic

scenario, however, the true state of the atmosphere cannot be known with absolute accuracy and

precision. In fact, in the case of measured TOA radiance spectra, atmospheric state parameters

are evaluated by means of ancillary data that are intrinsically subject to uncertainties.

In this section, the robustness of the method is investigated when the uncertainties on the

Surface PRessure (SPR), Aerosol Optical Thickness (AOT) and Column Water Vapour (CWV)

are introduced. These parameters are considered the main parameters that affect the Earth’s

atmospheric transfer functions, especially in the VIS-NIR spectral range [2], [3].

Table (VII.6) shows the values of three parameters used to simulate the reference atmosphere



159

Table VII.5: RMSEs for the averaged SIF retrieval in WB by assuming several noise levels for TD and TE#2 data

(unit: mWm−2sr−1)

H
HHH

HHHH
κTE#2

κT D 10−3 10−2 10−1 1 101 102 103

10−3 0.252 0.405 1.625 7.437 14.95 51.96 61.61

10−2 1.574 0.612 1.644 7.437 14.95 51.96 61.61

10−1 15.59 4.573 3.033 7.466 14.95 51.96 61.61

1 156.7 45.76 25.68 9.984 15.04 51.96 61.61

101 1539 455.3 255.7 67.89 23.32 52.03 61.61

102 15469 4567 2564 671.5 179.6 56.60 61.70

103 153845 45680 25682 6690 1778 233.5 69.13

and the corresponding values of the uncertainties (expressed as ± 1 standard deviation (s.d.)).

The uncertainties of the three parameters were considered statistically independent from each

other and each of them was regarded as normally distributed around the reference value. For

each of them, the normal distribution was characterized by the mean value, set equal to the

reference value, and its standard deviation, set equal to the uncertainty.

Table VII.6: Reference values and related uncertainties of the SPR, AOT and CWV atmospheric parameters

Atmospheric parameters Reference values Uncertainty

(Unit) (± 1 s.d.)

SPR 1013.0 mb ± 3.0 mb

AOT at 550 nm 0.322 ± 0.017

CWV 2.92 gcm−2 ± 0.06 gcm−2

In order to take into account all possible atmospheric states described by the values in

Table (VII.6), each parameter was varied from -2 s.d. to +2 s.d. at 1 s.d. step, so that 5

different values were considered for each parameter. All the possible combinations of these,

for a total of 125 combinations, were obtained. In order to simulate all cases, 125 runs of the

MODTRAN code were carried out to compute the corresponding ATFs.
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7.3.1 Case #1: training dataset generated accounting for only the most probable

atmospheric state

Each of the 125 sextuple (6-tuple) of the ATFs were used to simulate 125 TEs#3. The

reflectance and fluorescence spectra of the vegetation were kept the same for each of the

validation datasets; this choice ensures that the potential differences among the prediction

results can be ascribed only to the effects of the different atmospheric states, in addition to the

noise affecting the samples.

In this Case #1 the robustness analysis was made by using model-parameters estimated

from a TD featuring a certain atmospheric state (the same TD generated in Chap. (VI) that

is considered as the reference atmosphere). Future data composing TEs#3 are generated with

atmospheric states different (125 in all) than the one of the TD.

In order to assess the method robustness, the coefficients retrieved by means of TD were

used to predict the in-band averaged and integrated SIF for the 125 TEs#3 in O2-B, O2-A and

WB bands. Fig. (VII.1) show the histograms for the RMSE probability distributions for the three

bands. In the histograms the occurrence probability for each of the 125 atmospheric state was

taken into account by weighing each of the 125 RMSE occurrence by the joint probability of the

corresponding atmospheric parameters. The latter was calculated on the basis of the hypothesis

of independent and normal distributed uncertainties. The grey-shaded column contains the

results obtained in the investigated current section (Case #1).

Figure VII.1: RMSE probability distributions for (a) O2-B band, (b) O2-A band and (c) WB for the SIF prediction

in Case #1; the red dashed vertical lines indicate the average RMSE values

The average RMSE is reported in each histogram by means of the red dashed vertical line.

The average RMSE values are 0.197 and 0.309 mWm−2sr−1nm−1 for the SIF averaged in the

O2-B, O2-A bands, respectively, and 122 mWm−2sr−1 for the SIF integrated in the WB band.

The corresponding RRMSE values are 12%, 26%, and 72%.



161

In order to evaluate the robustness of the method with respect to the uncertainties in the

atmospheric state parameters, the average RMSE values were compared with the analogue ones

described in Chap. (VI) and obtained by considering the same atmospheric state in the TD and

in the VD. RMSE and RRMSE are compared directly in Table (VII.7). The grey-shaded column

contains the results obtained in the investigated current section (Case #1).

Table VII.7: RMSE and RMSE% in SIF retrieval by assuming atmospheric parameters not affected by uncertainties

and SPR, AOT and CWV parameters affected by uncertainties (Case #1) in ML-SIF method

Model Reference values Case #1

parameters RMSE RMSE% RMSE RMSE%

ŵO2B/O2B 0.106 6 0.197 12

ŵO2B/O2A 0.085 7 0.309 26

ŵWB/WB (∗) 9.984 6 122.5 72

The comparison shows a deterioration of the method performance in all the three considered

spectral bands. The method is quite robust in the O2-B band where the RMSE increases only of

about two times, still remaining below the required 0.2 mWm−2sr−1nm−1 [2].

In the O2-A case, the method does not show the same robustness since the RMSE increases

of about four times, thus exceeding the required threshold. This decrease of the method

robustness, with respect to the O2-B band, can be explained by a more substancial use of the

atmospheric information content in the O2-A band, as already discussed in Chap. (VI)). This

justifies why the method applied in the O2-A is more affected by the uncertainties in the

atmospheric state.

As far as the WB band is concerned, the RMSE increases of more than 100% (for an

averaged SIF values of 150 mWm−2sr−1), showing also in this case poor robustness

capabilities. The reference accuracy threshold required for the SIF within WB is 10% [2], far

below the result obtained with ML-SIF method.

7.3.2 Case #2: training dataset generated accounting for all possible atmospheric states

As shown in the previous section, the robustness with respect to the uncertainties in the

atmospheric state parameters is not homogeneous in the considered spectral ranges. In some

cases, the introduction of the uncertainties leads to exceed the required accuracy thresholds. In

order to improve the robustness of the method to these uncertainties, the latter can be taken into
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account by generating a proper training dataset.

By recalling the general principle asserting that for statistical learning methods the best

results are obtained by a perfect correspondence between the population of the training dataset

and the future data, a train-dataset have been simulated by taking into account the 125 possible

atmospheric states. For each atmospheric state, the number of sample taken into account is

proportional to the occurrence probability distribution of the corresponding atmospheric state.

The considered dataset has a total size of 74100 samples. The coefficients retrieved by means

of this new training dataset were used to predict the SIF for the 125 validation datasets in the

O2-B, O2-A and WB bands.

Fig. (VII.2) show the histograms for the RMSE probability distributions for the three bands.

The RMSE average is reported in each histogram by mean of the red dashed vertical line. The

average RMSE values are 0.170 and 0.152 mWm−2sr−1nm−1 for the SIF averaged in the O2-B,

O2-A bands, respectively, and 10.10 mWm−2sr−1 for the SIF integrated in the WB band. The

corresponding RRMSE values are 10%, 13%, and 6%.

Figure VII.2: RMSE probability distributions for (a) O2-B band, (b) O2-A band and (c) WB for the SIF prediction

in Case #2; the red dashed vertical lines indicate the averaged RMSE values

Table (VII.8) shows the RMSE and RRMSE values obtained in this current section and the

ones reported in Table (VII.7). The results comparison clearly shows a relevant improvement

of the performances of the method, even in the case that the atmospheric state parameters are

subject to uncertainties. The grey-shaded column contains the results obtained in the

investigated current section (Case #2).

For the O2-B band, the RMSE is lowered to a value that is comparable with the one obtained

in Chapter 6 without atmospheric state uncertainties. For the O2-A band, by taking into account

a proper distribution of the different atmospheric states in the TD, the RMSE can be kept under

the required accuracy threshold. In the case of the WB band, the RMSE and RRMSE are

considerably reduced, thus permitting to obtain an accuracy level lower than the 10% required
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Table VII.8: RMSE and RMSE% in SIF retrieval by assuming atmospheric parameters not affected by uncertainties

and SPR, AOT and CWV parameters affected by uncertainties (Case #1 and Case #2) in ML-SIF method

Model Reference values Case #1 Case #2

parameters RMSE RMSE% RMSE RMSE% RMSE RMSE%

ŵO2B/O2B 0.106 6 0.197 12 0.170 10

ŵO2B/O2A 0.085 7 0.309 26 0.152 13

ŵWB/WB (∗) 9.984 6 122.5 72 10.10 6

accuracy threshold.
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Summary and Conclusions

During the last decade, a growing interest has arisen in the Solar Induced Fluorescence

(SIF) emitted by terrestrial plants, with particular reference to the development of new methods

for its retrieval from satellite data. This could pave the way to the monitoring of vegetation

SIF at a global scale and its exploitation as a key parameter of dynamical global vegetation

models used for carbon cycle studies. SIF, actually, can be used as input parameter to improve

the accuracy of the estimate of the amount of global CO2 removed every year from terrestrial

ecosystems to supply photosynthesis. Besides, the retrieval of vegetation SIF from satellite

could greatly contribute to the monitoring of the health status of vegetation with relation to

several environmental stress factors.

In this context, the European Space Agency (ESA) has funded several scientific studies and

measurement campaigns aimed at demonstrating the feasibility of SIF retrieval from radiance

spectra and at studying its link to vegetation ecophysiology. Several airborne measurement

campaigns - as well as processing of satellite data from different ongoing missions of other

space agencies (e.g. JAXA GOSAT data, GOME-2) - have already demonstrated the feasibility

of SIF retrieval at large spatial and temporal scale by passive remote sensing techniques.

Recently, this lead to the selection of the FLuorescence Explorer (FLEX) as a future

mission within ESA 8th Earth Explorer programme, with the launch foreseen by 2022. The

FLEX satellite will carry the Fluorescence Imaging Spectrometer (FLORIS), the latter being

composed by two spectrometers: the first spectrometer acquires data with coarse spectral

resolution (2 nm) in the 500 nm -780 nm spectral range (Wide Band – WB band); the second

spectrometer acquires data with sub-nanometric spectral resolution (0.3 nm) in the

atmospheric oxygen absorption bands (O2-B and O2-A bands) located at 687 nm and 760 nm,

respectively. The SIF emitted by vegetated targets can be actually estimated from radiance

spectra by applying specific retrieval methods in the VIS-NIR spectral range, with particular

reference to the Fraunhofer Line Discrimination (FLD) principle-based methods that rely on
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atmospheric oxygen absorption bands O2-B and O2-A to decouple the weak fluorescence from

radiance spectra.

In this thesis, a new method for the retrieval of the SIF of vegetation is proposed. The

method, called ML-SIF method, was developed in order to overcome some limits that typically

affect the methods proposed up to now and that can affect the accuracy of the retrieved SIF.

Specifically, this method provides as output both the SIF spectrum and the in-band averaged

or integrated SIF intensity from TOA radiance spectra measured by means of a passive remote

sensing technique.

Starting from the studies already carried out by the scientific community, Chapter 1

introduces the topic with a summary of the main steps constituting the photosynthetic process,

its significance and link to vegetation fluorescence. Chapter 2 follows by describing the main

techniques used to acquire data for SIF retrieval. Chapter 3 reports a review of the main

methods proposed in the literature for SIF retrieval and it includes a critical analysis on the

procedures that are at the basis of these methods, highlighting the main open issues and

drawbacks shown by their application to remote sensed data, such as over-fitting and errors

introduced by atmospheric corrections. Furthermore, these methods pose a very stringent

requirement in terms of spectral resolution of the sensor. In order to decouple the SIF from

reflectance-based radiance, all these methods require a very high spectral resolution in the

atmospheric molecular oxygen absorption bands.

Chapter 4, Chapter 5, Chapter 6 and Chapter 7 constitute the core section of this dissertation

since they present the original content of this thesis work.

Chapter 4 introduces the new method that is proposed for the retrieval of both the

vegetation SIF spectra and the in-band averaged SIF intensities from satellite data. The chapter

introduces the mathematical fundamentals of the method and continues with a description of

its computational implementation. Basic notions of the linear algebra theory were used to

demonstrate that, under some assumptions, radiance spectra at Top-Of-Atmosphere (TOA) and

the SIF are linked by means of a linear relationship. On the basis of this mathematical

outcome, the SIF spectrum and the in-band averaged/integrated SIF intensity were modelled as

suitable linear combinations of the related noisy TOA radiance spectrum measured in a given

set of spectral channels. The procedure used to estimate the model parameters of the linear

combination was a supervised learning method. The latter consisted in a multiple linear

regression applied to a training dataset. Criteria to be followed for the generation of a
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statistically representative training dataset were also mathematically discussed in this chapter.

The computational implementation of the ML-SIF method was described both for the retrieval

of the SIF spectra and for the retrieval of the in-band averaged/integrated SIF. The proposed

method is able to account for the statistical relevance of spectral distribution of vegetation in

terms of both spectral features and occurrences of vegetation types. For this reason, the

method can be regarded as a statistical-based one. Besides, since the method implementation

computes the SIF directly from the measured TOA radiance spectra, data do not require

pre-processing to correct the atmospheric effects. This prevents from the introduction of

discretisation errors in SIF retrieved values due to pre-processing procedures. In order to apply

the ML-SIF method, an in-house developed radiance data simulation tool was developed. The

latter is described in Chapter 5. The simulator, was specifically developed to simulate realistic

radiance spectra containing mixed SIF contributions of several types of vegetated targets. The

tool simulates radiance spectra acquired by a satellite in a push-broom configuration. It

simulates the atmospheric propagation of the radiation by using the solution of the four-stream

radiative transfer model and by taking into account the variations of the atmospheric effects

within the sensor field of view. In addition, it implements a model that computes the radiance

spectra by taking into account the adjacency effects. The simulator also accounts for the spatial

and spectral degradation effects introduced by an imaging system and it implements an

accurate instrument noise model. A spectral library of the reflectance and SIF spectra for

natural and artificial targets is used by the tool to simulate a realistic scene. For vegetated

targets, SCOPE was used to generate the spectral library related to different species of

vegetation. Besides, the MODTRAN code was used to simulate the atmospheric transfer

functions for a specific atmospheric state. The structure of the simulator is modular. It features

four modules: the atmospheric module, the scene module, the propagation module and the

imaging system module. The modular structure makes the simulator flexible enough to

simulate different Sun-target-sensor geometries in order to investigate, for example, the

seasonal variability of the spectral properties of targets or to generate spectral data as acquired

at ground or at satellite levels by different imaging system configurations. The simulator was

developed in the MATLAB software environment. Furthermore, it is set to be interconnected

in real-time to external applications used for the atmospheric radiative transfer propagation and

for the simulation of vegetation spectral features. The main products of the implemented

simulator are TOA radiance spectra, with or without noise effects and with or without
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fluorescence contribution. As additional data, Atmospheric Transfer Functions (ATF), the

spectral Signal-to-Noise Ratio (SNR) and the reflectance and SIF spectra at top-of-canopy

level are also provided. All these products were used to assess the performance and robustness

of the ML-SIF method in the following chapters, Chapter 6 and Chapter 7.

In Chapter 6 the of the ML-SIF method are analysed in detail, both for the prediction of the

SIF spectra and for that of the in-band averaged and integrated SIF intensities. For this purpose,

noisy TOA radiance spectra of vegetated targets were simulated by using the characteristics

of three different sensors compatible with those of FLORIS, the imaging system conceived

for the ESA FLEX mission. The working spectral ranges chosen for the simulations were the

O2-B band (677 nm-697 nm), the O2-A band (740 nm-780 nm) and the WB band (500 nm -

780 nm). The method was applied to the data simulated within these three bands to retrieve

the SIF spectra, the in-band averaged SIF intensities and the integrated SIF intensities. Two

different datasets were simulated: the first dataset was used for the supervised learning step,

the second one (simulating the actual measurements of the TOA radiance spectra) was used for

the retrieval of the SIF. The first dataset is used to estimate the model-parameters of the linear

relationship that links the SIF to the related noisy TOA radiance spectrum. The second dataset

was composed by two thousand samples and took into account a large variability of biophysical

parameters. It also included the instrumental noise, while the atmospheric state was supposed

to be known a-priori. Under these simulation conditions, the results demonstrated that the ML-

SIF method permits to retrieve the in-band averaged SIF intensities with an accuracy below

0.2 mWm−2sr−1nm−1 within O2-B and O2-A bands, while the total SIF integrated within the

WB band was obtained with an accuracy of 10%. The simulated data in the O2-B band and in

the WB band were also employed to retrieve the SIF intensities averaged within some specific

sub-bands: the O2-B data were used to retrieve the SIF averaged within the narrow sub-band

located around the first peak (typically located at 685 nm) of the red and far-red fluorescence

of vegetation; the WB data were used for the retrieval of the SIF averaged within the first and

the second peak (located at 685 nm and at 740 nm, respectively) of red and far-red fluorescence

of vegetation. The WB data as well were used to retrieve the SIF averaged within the O2-

B and O2-A bands. All the results obtained from the SIF retrieval confirmed the feasibility to

estimate it with an accuracy better than 0.2 mWm−2sr−1nm−1. On the basis of these results, some

interesting considerations can be made in relation to the performance of the ML-SIF method:

the latter worked better in the sub-bands in the VIS than in those located in the NIR. This can be
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explained by the fact that in the VIS both the information content related to the vegetation and

to the atmospheric spectral features is learned by the method, whereas in the NIR the content

information is dominated by the atmospheric spectral features. Furthermore, the comparison

between the SIF retrieved at O2-B and O2-A bands by using WB data and the SIF retrieved

in O2-B and O2-A bands by using the O2-B and O2-A data, respectively, permitted to infer

additional considerations on the performance of the method. In the O2-B band, the accuracy

for SIF retrieval using WB data was better than the one obtained using O2-B data, even though

WB data had a coarser SR than O2-B data. The opposite behavior was observed for the SIF

retrieved in the O2-A band, where using the O2-A data provided a better accuracy than using

the WB data. Again, this result can be justified by the fact that in the VIS the information

content due to the vegetation features prevails over that related to the atmospheric state. These

results suggest that the use of a large number of spectral channels, even though with a coarser

SR of the spectrometer, can yield better results than using a reduced number of channels with a

higher SR. In the NIR band, where the atmospheric features are fully exploited by the method,

a high SR is instead essential to achieve the expected results.

In the last chapter, Chapter 7, the robustness analysis of the ML-SIF method for the retrieval

of the vegetation SIF is carried out for the O2-B band, the O2-A band and the WB band. For

this purpose, the generalization capability of the ML-SIF method was investigated under several

assumptions relating to the training data used in the supervised learning step. These assumptions

were: (1) the training data are generated using a statistical distribution of the vegetation different

from the one characterizing the noisy TOA radiance spectra that simulate the measurements

(termed as future data); (2) the level noise of the training data is scaled – either up or down - with

respect to the one of the future data; (3) the atmospheric state of the future data is assumed to

be known with a given degree of uncertainty. The analysis carried out under the assumption (1)

permitted to verify that, as expected, the ML-SIF method had a minor generalization capability

(or interpolation capability) when the training data were drawn from a narrower vegetation

distribution than the distribution spanned by the future data. The analysis under the assumption

(2) showed the effect of data noise level and of the model parameters estimated by the learning

step on the accuracies for the averaged SIF retrieved within the O2-B band, the O2-A band and

the WB band. The assumption (3) permitted to analyse the robustness of the ML-SIF method

for a realistic case, namely when the atmospheric state is known with uncertainty and a large

set of SIF values is observed.
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On the basis of the results illustrated above and the analysis carried out in the course of this

work, the following conclusions can be drawn:

• It was demonstrated the existence of a linear relationship that links the SIF and the related

TOA radiance spectrum. This permitted to implement a straightforward method capable

to learn and quantify, by means of a supervised learning procedure, the model parameters

that link directly the SIF and the measured TOA radiance spectrum.

• A new method – based on a supervised learning procedure - was developed for the

retrieval of both the vegetation SIF spectra and the in-band averaged SIF intensities from

satellite data. Among its main beneficial features, it should be mentioned the use of a

forward model, the use of an accurate model for the RTE solution and the

implementation of a simple prediction procedure for SIF estimation. In addition, the

method reduces the overfitting effect, which affect most methods presently used for the

SIF retrieval. Another important aspect of the method is that it does not require the

atmospheric correction of the remote sensed measurements, procedure that can induce

further uncertainties in the retrieved SIF values. On the other hand, a possible drawback,

common to all methods based on a learning procedure, is represented by the need of an

a-priori dataset, simulated or measured, in order to implement the learning step. This

implies also that the need of a learning procedure prevents an immediate application of

the new method to other natural targets.

• The results showed that the proposed method can retrieve the in-band averaged SIF at: (1)

the O2-B band, (2) the O2-A band, (3) the first and the second peak of the red and far red

fluorescence spectrum, and (4) in the whole WB band with accuracies better than the ones

respectively required for the FLEX mission. The same accuracy levels are achieved for

the retrieval of the SIF spectra. Further investigation is needed to include the adjacency

effects in order to analysis the effect on the retrieval accuracies and to study the method’s

performance as a function of the adjacency effects and pixel heterogeneity.

• The performance analysis carried out in the VIS spectral bands (the O2-B band and the

first peak of the red and far red fluorescence) suggested that the requirements in terms of

SR could be relaxed in this spectral region, still providing good accuracies for the retrieval

of SIF (in O2-B band 0.034 mWm−2sr−1nm−1, in the first peak 0.038 mWm−2sr−1nm−1).
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• The robustness analysis showed that the method has a good interpolation capability

when the training data are generated by taking into account - in the learning step - both a

wide variability of vegetation biophysical parameters and the uncertainty on the

atmosphere state. The generalization capability of the method can be further improved

by considering the statistical distribution of the atmospheric state around the more

probable state in the learning procedure. Additional studies can be focussed on the fine

tuning of the generation technique of the training dataset in order to improve the

interpolation capability of the method.
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Acronyms

ACT ACross-Track. 89

AD Analog/Digital. 96

ALT ALong-Track. 89

AOD Aerosol vertical Optical Depth. 108

ATFs Atmospheric Transfer Functions. 43

ATP Adenosin Tri Phosphate. 13

BFs Basis Functions. 44

BRDF Bidirectional Reflectance Distribution Functions. 47

CASI Compact Airborne Spectrographic Imager. 35

CCD Charge Coupled Device. 107

CCI Chlorophyll/Carotenoid Index. 21

CEFLES2 CarboEurope FLEx and Sentinel-2. 35

Chl a Chlorophylls a. 12

Chl b Chlorophylls b. 12

ChlF Chlorophyl Fluorescence emission. 16, 17

CRET Coherent Resonance Energy Transfer. 17

Cyt b6f Cytochrome complex. 13
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DGVMs Dynamic Global Vegetation Models. 22

DISORT Discrete Ordinates Radiative Transfer. 88

DN Digital Number. 96

ENVISAT ENVIronmental SATellite. 2

F-SFM Full-spectrum Spectral Fitting Method. 52

Fd Ferrodoxin. 14

FLD Fraunhofer Line Discriminator. 49

FLEX FLuorescence EXplorer. 2, 29, 51

FLORIS Fluorescence Imaging Spectrometer. 37

FOV Field Of View. 89

FQE Fluorescence Quantum Efficiency. 68

FRET Forster Resonance Energy Transfer. 16

FSR Fluorescence Spectrum Reconstruction. 52

FWHM Full Width Half Maximum. 102

FwMs Forward Models. 43

GFOV Ground-projected Field Of View. 90

GIFOV Ground Instantaneous Field of View. 98

GOME-2 Global Ozone Monitoring Instrument-2. 2

GOSAT Greenhouse Gases Observing Satellite. 2

GPA Gross Photosynthetic Assimilation. 14

GPP Gross Primary Production. 1, 22

GSI Ground Sample Interval. 99
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HITRAN HIgh-resolution TRANsmission database. 88

HSR High Spectral Resolution. 106

IFOV Instantaneous Field Of View. 98

ISRF Instrumental Spectra Response Function. 51

LAI Leaf Area Index. 21

LHCI Light Harvesting Complex of the PSI. 12

LHCII Light Harvesting Complex of the PSII. 12

LOS Line-Of-Sight. 89

LSF Least Squares Fitting. 44

LSR Low Spectral Resolution. 106

ME Model Error. 120

MODTRAN MODerate resolution atmospheric TRANsmission. 88

NADPH Nicotinamide Adenine Dinucleotide Phosphate. 13

NDVI Normalized Difference Vegetation Index. 21, 35

NIR Near InfraRed. 11, 44

NPA Net Photosynthetic Assimilation. 14

NPQ Non-Photochemical Quenching. 17

OEC Oxygen Evolving Complex. 14

OIA Orbital Inclination Angle. 89

PAR Photosynthetically Active Radiation. 13, 20

PC PlastoCyanin. 14
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PCA Principal Component Analysis. 49

PhD Photooxidative Damage. 17

Pheo Pheophytin. 13

PhQ Photochemical Quenching. 17

PQ PlastoQuinone. 14

PRI Photochemical Reflectance Index. 21, 35

PRS Passive Remote Sensing. 30

PSF Point Spread Function. 100

PSI PhotoSystem I. 12

PSII PhotoSystem II. 12

QA Quinone-A. 14

QB Quinone-B. 14

RAA Relative Azimuth Angle. 89

RMSE Root-Mean-Square Error. 119

RRMSE Relative Root-Mean-Square Error. 120

RS Remote Sensing. 29

RT Radiative Transfer. 48

RTE Radiative Transfer Equation. 43

SAA Sun Azimuth Angle. 89

SAIL Scattering of Arbitrarily Inclined Leaves. 92

SCOPE Scope Canopy Observation, Photochemistry and Energy Balance. 4

SE Stochastic Error. 120
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SEN2FLEX SENtinel-2 and FLuorescence EXperimentg. 35

SFM Spectral Fitting Methods. 49

SIF Solar Induced Fluorescence. 1, 3, 20

SNR Signal-to-Noise Ratio. 86

SR Spectral Resolution. 51

SSI Spectral Sampling Interval. 95

SSR Sum of Squared Residuals. 77

SVD Singular Value Decomposition. 51

SZA Solar Zenith Angle. 46

TD Thermal Dissipation. 17, 118

TE TEst dataset. 151

TOA Top-Of-Atmosphere. 3, 44, 46–49, 51, 53, 55

TOC Top-Of-Canopy. 1, 48, 49, 51, 52, 55

TPE Total Prediction Error. 120

TyrZ Tyrosine-Z. 14

UAV Unmanned Aerial Vehicle. 34

VD Validation Dataset. 118

VegD Vegetation Distribution. 152

VIS VIsibility. 108

VIS VISible. 11

VZA View Zenith Angle. 89

WB Wide Band. 106, 117
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