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Introduction

The significant degradation of the vegetation biodiversity in recent decades has led
ecologists to define Essential Biodiversity Variables (EBVs) to characterize it. They are
determined at several scales: ecosystem, population and individual. Remote sensing allows
the monitoring of some EBVs over large areas such as those characterizing tree species
at the population scale (abundance, richness, distribution) and the evaluation of func-
tional characteristics for each species, including their biophysical and biochemical proper-
ties. These are relevant indicators of plant functioning, affecting their productivity and
ecosystem functions. The most studied biochemical properties by remote sensing are leaf
pigments (chlorophylls and carotenoids), water content and dry matter content, which
are involved respectively in the phenological cycle of the plant, its water stress and its
biomass. Among the biophysical properties, the one most commonly studied is the Leaf
Area Index (LAI).

The goal of this internship is to assess and compare the performance of future French
and American satellite missions, HYPXIM / BIODIVERSITY and SBG respectively, to
develop a mapping of the biophysical-chemical properties of trees in Mediterranean forests
in order to be able to monitor their state of health over time, particularly in the context
of drought.

The wooded savanna site studied, San Joaquin Experimental Range (SJER), is lo-
cated in the Sierra Nevada in California, on which several field measurement campaigns
were carried out [1], complemented by an airborne hyperspectral acquisition AVIRIS-Next-
Generation (AV-NG) at 2 m spatial resolution and AVIRIS-Classic (AV-C) at 18 m.

This internship, financed by the Centre d’Etudes Spatiales de la BlOsphére (CESBIO)
and taking place on the premises of the Office National d’Etudes et de Recherches Aérospa-
tiales (ONERA) in Toulouse, is part of the APR Centre National d’Etudes Spatiales
(CNES) HyperMED project - "Evaluation of the functional characteristics of tree species
for monitoring their state of health in Mediterranean forest ecosystems for a hyperspectral
imager" and in support of Thomas Miraglio’s thesis [2, 3|. This work is done in collabora-
tion with S. Ustin and M. Huesca from CSTARS, University of Davis, California, USA.

This report first details the framework in which the internship was carried out. Then
it describes the path followed and the methodology used to obtain EBV estimates from
remote sensing data using a combination of image processing and a radiative transfer tool
to perform a LookUp Table (LUT)-based inversion method. The results obtained are given
and discussed in order to assess the performance of the different methods used and the
future work considered.



Introduction

Pandemic situation

Due to the evolution of the health crisis in France at the beginning of 2020 because of
the COVID-19 pandemic linked to the SARS-CoV-2 coronavirus, the French government
decided to quarantine the country from March 17, 2020 to May 11, 2020. The ONERA
therefore adapted its working conditions and the internship was able to start on time with
teleworking until the beginning of June, when the work was then divided into 3 days per
week on the Toulouse site and 2 days of teleworking.
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Working environment

1.1 CESBIO

The CESBIO is a research laboratory aiming to develop knowledge on the functioning
of the continental biosphere at different spatial and temporal scales by making extensive
use of spatial remote sensing. This knowledge enables it to propose new space missions of
Earth observation. It is attached to the Université Paul-Sabatier of Toulouse. CESBIO’s
research work has a dual methodological and thematic purpose.

This work feeds into thematic research on the functioning of continental surfaces and
interfaces (agrosystems, forest, natural and urban ecosystems, water and carbon cycles,
climate change...). This research is carried out on geographical sites (South-West of France
and abroad: Morocco, Tunisia, Lebanon, India, Viet Nam), where specialists from different
fields meet to raise new scientific questions and where CESBIO maintains partnerships with
land managers.

The information acquired by CESBIO and its partners on its various projects is cap-
italized in an Environmental Information System and feeds the Observatoire Spatial Re-
gional (OSR). The OSR is a National Information System approved by the Institut Na-
tional des Sciences de I'Univers (INSU) since 2007 and is currently deployed in agricultural
basins near Toulouse and Marrakech. It provides a calibration and validation base for space
missions and for information extraction algorithms, and an experimental field for conduct-
ing thematic research on instrumented sites. Part of the OSR Sud-Ouest’s measurements
contribute to the Integrated Carbon Observation System (ICOS) network. By becoming
in 2017 a member of the PYGAR (Pyrénées Garonne) Workshop Area, the CESBIO has
made the resources of the OSR available to a wider scientific community.

1.2 ONERA

The ONERA is a French public establishment of an industrial and commercial nature
(Etablissement public & caractére industriel et commercial (EPIC)) under the responsibility
of the Ministry of Defense. The ONERA budget amounts to 237 million euros in 2019, 55%
of which is financed by contracts with industrial companies with growing orders in France
and abroad [4]. The aim of ONERA is to promote and guide research and innovation in
the aerospace field, in France and Europe.
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1.2.1 ONERA'’s structure

ONERA’s scientific pole covers the following five scientific fields: materials and struc-
tures, fluid mechanics and energy, physics, advanced numerical simulation and information
processing and systems. These disciplinary fields are divided into six departments (DEMR,
DMAS, DMPE, Département Optique et Techniques Associées (DOTA), DPHY, DTIS).

ONERA'’s partners include the main actors in the aerospace industry, such as Airbus,
Safran, Thalés and Dassault Aviation for the private sector, as well as the CNES, the
European Space Agency (ESA) and the Direction Générale de I’Armement (DGA) for the
public sector.

ONERA has a staff of 1968, including 1504 engineers and managers, 298 PhD students,
25 post-doctoral students and 223 trainees for a total proportion of 25% of women. Last
year, ONERA published 243 papers in refereed journals, 315 papers in refereed conferences.
Internally it also published 1068 technical reports, 87 defended theses and 12 habilitations
to conduct research (HDR) and 102 HDR doctors.

1.2.2 DOTA

The DOTA’s mission is to carry out studies and research related to the use of the
optical domain (electromagnetic waves between medium ultraviolet (200 nm) and the THz
domain (1 THz ~ 300 pm)), primarily for the benefit of the Aeronautics, Space and Defense
domain, but also for other domains such as security, environment, astronomy, and medical
imaging.

The DOTA relies on the world of university and institutional research. For a large
part of its activity, it acts as a state expert. It maintains regular relations with the major
industrialists in the sector and has forged links with a number of Small and Medium
Enterprises (SMEs) and mid-caps through which it promotes its work. It is made up of
eight research units spread over four ONERA sites.
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Scientific context and objectives

2.1 Scientific context

From remote sensing data, the estimation of the EBVs requires a high spectral richness
in the optical domain 0.4-2.5 um (including biochemical properties) and a spatial resolu-
tion adapted to the scale of study. The future hyperspectral Earth observation satellite
missions are expected to use sensors working either at 30 m spatial resolution with a high
Signal to Noise Ratio (SNR) (PRISMA, EnMAP, SBG) and at 8 m with a lower SNR
(HYPXIM/BIODIVERSITY). For a resolution of 8 m, the studies can be conducted at
the individual /population scales (1 to 2 trees in a pixel), whereas for a resolution of 30 m,
only the population scale can be considered (several trees in a pixel). For wooded savanna
ecosystems (scattered woodlands), the estimation of biophysical and chemical properties
will be sensitive in the first case to the characteristics of the individuals making up the
plant cover, particularly the structure of the trees (low LAI, high presence of woody ele-
ments, crown form) whereas in the second case, the general characteristics of the ecosystem
will be added (low wood cover and soil impact).

Chlorophyll a is the main factor in photosynthesis while chlorophyll b plays a secondary
function, supporting chlorophyll a in light absorption. The role of carotenoids is to protect
chlorophyll from photo-oxidation and thylakoid membranes from destruction resulting from
excess sun radiation. Quantity of carotenoids increases with plant senescence. Figure 2.1
shows the absorption spectra of these foliar pigments in the VISible domain (VIS), both
have no absorption beyond 0.71 pm. Chlorophyll a and chlorophyll b will be estimated
together into one variable Cyy,.

The LAI describes the plant canopies, it is a dimensionless quantity (m?/m?) which
is here defined by the ratio of the total superior area of the canopy’s leaves over the total
projected area of the canopy. The LAI is directly related to the amount of light that can be
intercepted by plants. It is an important variable used to predict photosynthetic primary
production, the LAT of a forest is usually around 5 or 6 [5] but the SJER study site has a
lower average LAI (around 1).

The estimation of these properties for this study is based on the use of a radiative
transfer tool Discrete Anisotropic Radiative Transfer (DART) [6] and LUT based inversion
method [7]. DART allows to simulate the reflectance of the canopy (simulating the spec-
trum of a pixel of a remote sensing image) from 3D models of the tree and its structural
and biochemical characteristics, taking into account the contributions of the soil and the
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illumination conditions. A database (corresponding to simulated canopy reflectances) is
generated from the variation of the parameters of interest to be estimated. The LUT-based
inversion consists in finding the best match between this database and the measured re-
flectance (coming from the remote sensing image) in order to go back to the estimation of
the biochemical properties.
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Figure 2.1: Absorption spectra of foliar pigments [§]
. Chlorophyll a and b will be estimated together, Cy;,



2.2 Objectives

2.2 Objectives

The internship work is mainly in support of Thomas Miraglio’s work [2], trying to
adapt and apply his methodology of biophysical-chemical properties estimations on another
Mediterranean forest and investigating the sensitivity of the estimates to spatial resolutions
and DART models. This study attempts to estimate the biochemical properties of broad-
leaved trees using the same tools developped for Miraglio’s PhD while developing new
ones.

The internship is initially focused on the simulation of synthetic satellite images
HYPXIM/BIODIVERSITY and SBG from airborne images at different spatial resolutions
(ranging from 8.4 m to 31.5 m). Then on the generation of a simple simulation with DART
whose 3D modeling strategy of the scene will differ according to the spatial resolution to
finally arrive at the application of inversion to retrieve the biophysical-chemical properties.
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Materials and Methods

3.1 Materials

3.1.1 SJER study site

SJER is a research experimental area in the western foothills of the Sierra Nevada.
The range is based in O’Neals, California, about 30 kilometres north of Fresno, California,
as seen in Figure 3.2.

Within its area of roughly 1875 ha, blue oaks (Quercus douglasii (QUDO)), interior
live oaks (Quercus wislizeni (QUWI)) and gray pines (Pinus Sabiniana (PISA)) are the
main composition of its sparse woodland overstory. QUDOs are deciduous trees, implying
that they loose their leaves at the end of their growing session (in fall for this species). In
contrast QUWIs are evergreen oaks, meaning that they have green leaves throughout the
year. PISAs are conifers that are particularly well adapted to growth in hot, dry climate.
Pictures of a QUDO, a QUWI and a PISA are shown on Figure 3.1.

The understory is composed of scattered shrubs (mainly ceanothus and manzanita) and
some annuals herbaceous plants including grasses (pine bluegrass). The soil is mainly
granitic and formed in material weathered from granitic rocks. The grass and oaks trees
are mainly active during the wet period (from December to May).

The climate is typical of Mediterranean climates and consists in hot, dry summers and
cold, wet winters.

gy [ R

(a) Blue oak (QUDO) (b) Interior live oak (QUWTI) (c) Gray pine (PISA)

Figure 3.1: Dominant tree species of SJER
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Figure 3.2: Location of the SJER study site in California (bottom right) and location
of field measurements. Diamonds: LAI measured with DHP; colors indicate plot ID.
Discs: QUWIs where leaves were sampled for laboratory biochemistry analysis. Triangles:
QUDOs where leaves were sampled for laboratory biochemistry analysis; colors indicate
tree ID.

3.1.2 Field data

Airborne images

The hyperspectral images used during this internship come from flight campaigns as
part of the HyspIRI Preparatory Airborne Campaigns (NASA) missions that took place
from 2013 to 2017 and particularly in early summer 2014 (images and information can be
found on their website: https://hyspiri.jpl.nasa.gov/).

The work of this internship covers the early summer of 2014, the images were taken
by two instruments. The first was taken by AVIRIS (later named AV-C), developed at
Jet Propulsion Laboratory, with a whiskbroom scanner, 224 spectral bands ranging from
0.4 um to 2.5 um with a bandwidth of 0.01 wm and a 18 m ground sample distance [9].
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The second was taken by the AVIRIS-Next-Generation instrument with 432 spectral bands
ranging from 0.38 um to 2.51 wm and ground sample distances of 2.1 m and 4.1 m. Both
aerial shots were taken at nadir, AV-C was aboard an ER-2 aircraft over SJER on June 3,
2014 at an altitude of 20 km between 1:16 PM and 1:31 PM local time. Images delivered
by AV-NG were taken on June 11, 2014 at an altitude of 4 km between 2:29 PM and 2:34
PM local time. Both images underwent pre-processing (radiometric calibration, geometric
orthorectification, atmospheric correction, ...) in order to recover the ground reflectance
by NASA JPL. Both images used for the internship are displayed on Figure 3.3.

Fs St
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(a) AVIRIS-Next-Generation 2.1 m (b) AVIRIS-Classic 18 m

Figure 3.3: Airborne images of the SJER study site summer 2014 working zone

Leaf biochemistry

Several grounds measurements campaigns in support of the Airborne Campaigns were
done from 2013 to 2017. Only data gathered during the summer of 2014 was used for this
work. A collection of leaves were gathered from the higher, sunlit portion of the canopy
from four different QUDOs and two QUWTIs. Sampling was done the same day as the
AV-NG overflight, on June 11, 2014. Leaves were collected, as high as possible in the
canopy, from open developed trees in complete sunshine, and from branches on the tree’s
east and west sides. Leaves were then wrapped in foil packages so that they would not
receive sunlight, deposited in a refrigerated container and moved to the lab refrigerator
to be weighed no later than 48 hours after data collection. The leaves then went through
several stages of treatment and extraction in a solution of acetone in order to measure
the absorbance at specific wavelengths to calculate the concentrations of chlorophyll and
carotenoids in the solutions and then finally on the leaf surface [10, 11]. Values measured
are given in Table 3.1.

10



3.1 Materials: Field data

Background spectra

Other measurements than leaf biochemistry were made during these ground measure-
ments campaigns, a cover inventory was done and some elements (barks, rocks or other
types of ground) were measured with a spectrometer which were used to have background
spectra. Photos of various measured elements are shown on Figure 3.4.

(a) QUDO bark (b) Senescent grass (c) Various rocks

Figure 3.4: Examples of measurements for background spectra

Trunk reflectances of QUDO trees were collected on the field from 0.35 pm to 2.5 um
using an Analytical Spectral Devices, ASD Inc., Boulder, CO, USA contact probe. Figure
3.5 shows the results of these measurements. Atmospheric water absorption bands were
removed from this spectra and the future ones as they disturb the measurements at these
bands and were not available on the AV-NG and AV-C instruments.

0.6
——QUDO trunk reflectance
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Figure 3.5: SJER QUDO trunk reflectance spectrum. This curve is the average of 3
measurements on QUDO trunks using an Analytical Spectral Devices, ASD Inc., Boulder,

CO, USA contact probe.
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LAI computation

The LAI was measured from hemispherical photographs taken in the summer of 2014
over the whole site area mainly where the biochemical measurements were made. The
photos are taken on 60 m x 60 m area divided into 9 plots (squares) of 20 m x 20 m
(see Figure 3.6). Three plots were selected for each area and several pictures were taken
for each plot at twilight to avoid direct sunlight on the camera lens and one of them
was selected. The photographs covering different configurations of vegetation (canopy
cover, tree species, ...) are processed using the CAN-EYE software (https://www6.paca.
inrae.fr/can-eye) which calculates a Plant Area Index (PAI), which is similar to LAI
but also counts non-photosynthetic parts of the plant, using image classification on the
hemispherical photograph to classify pixels between light sky and darker vegetation. For
this study we considered that the PAI of the plots were almost identical to LAI because
the presence of woody elements increasing PAI with regards to LAI may be compensated
by the foliar clumping which tends to give an underestimation of the PAI by DHP. [12].

0 20 40 60 m

(a) Plot 7 location overlaid on AV-NG 2.1 m (b) Example of a hemispherical photograph
image

Figure 3.6: Digital hemispherical photography acquisitions. Figure (a) shows location of
the 60 m x 60 m grid of plot 7. Cross: plot center. Diamonds: DHP acquisitions, red is
the one depicted in (b)

12
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3.2 General Methodology

Tree ID 716 718 725 726 116 118
Species QUDO QUDO QUDO QUDO QUWI QUWI
Chlorophylls a+b content (pug/cm?) 3225  27.61 4124  41.86 289  37.24
Carotenoids content (ug/cm?) 8.09 79 1045 10.74 7.17 9.43
Dry matter content (g/cm?) 0.0114 0.0107 0.0125 0.0107 0.0158 0.0179
Equivalent water thickness (cm) 0.0101  0.0092 0.0107 0.0095 0.0119 0.0147

Plot ID 7 11 16
Dominant Species QUWI QUWI QUDO QUDO
Leaf Area Index (m?/m?) 0.75 0.86 0.23 0.85

Table 3.1: Biochemistry and LAI measured on site during Summer 2014

3.2 General Methodology

A summary of every phase of the methodology followed in this study is given in the
current section. An overview of the steps listed in the following subsections is shown in

3.7.

Image processing

Co-registration

N ESimages FYPXIM and SBG
Simulation Set of SUER
AV-C18m [42m..315m]| > images
AV-NG41m | MCARI2 —
masking Classification
AV-NG 2.1 m — Training class SVM | ap -
pixels selection classification Tree masking [

Pixels comparison
between remote
sensing and LUT

Radiative transfer

Field
measurements
Background [ Pure soil pixels DART LUTs generation
spectra selection - j
parameterization Standard LUT

and
Tree inventory DART scene simulations Tree centered LUT

| model creation

simulated spectra:
Inversion methods
application

Inversion

EBV inversion

Validation

Quantitative
analysis
with EBVs

maps

retrieval
performances

Figure 3.7: Methodology followed for the internship
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3.2.1 Image processing

Image co-registration

The airborne images were taken on different days and with different flight paths, the
AV-C and AV-NG images seemed spatially offset (non-linearly) by a few pixels. In order
to improve the spatial match between the AV-C and AV-NG images a co-registration was
done to obtain the same coordinate system between the images. The AV-NG image with
its 2.1 m spatial resolution was chosen as reference image because its georeferencement
seemed correct when overlaid with satellite maps (Bing Maps and Google Maps) in the
QGIS software (https://www.qgis.org/).

A total of 25 ground control points were carefully chosen on both images (AV-NG
2.1 m and AV-C 18 m) to perform a nearest-neighbor resampling limited to rotation,
scaling and translation (RST) transformations. The ground control points were chosen by
finding features which were identifiable on both images. The final Root-Mean-Square Error
(RMSE) of the co-registration was less than one pixel. The result of the co-registration is
presented in Figure 3.8. The same approach was done for both AV-NG 2.1 m and AV-NG
4.1 m.

AV-C 18 m AV-NG 2.1 m AV-C 18 m AV-NG 2.1 m

(a) Before image co-registration (b) After image co-registration

Figure 3.8: Result of image co-registration between AV-C and AV-NG. The pixel offset
emphasized by the road in the middle of the image (a) is reduced after the image co-
registration (b).
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3.2 General Methodology: Image processing

HYPXIM image simulations for spatial resolutions better than 30 m

One of the objectives of the internship was to assess the performance of the HYPXIM
/ BIODIVERSITY space mission, especially the influence of spatial resolution on the EBVs
estimates.

The HYPXIM instrument targets a spatial resolution of 8 m and a spectral resolution
of 0.1 um for a spectral range from 0.4 pm to 2.5 wm. The SNR at average luminance (L,)
varies spectrally: 250:1 (VIS), 208:1 (Near InfraRed (NIR)), 133:1 (Short Wave Infrared
(SWIR)) [13].

To simulate HYPXIM images, the AV-NG 2.1 m image was first spectrally resampled
to match HYPXIM bands. Then the image was spatially resampled at different resolutions
(all multiples of 2.1 up to 30 m). Finally the characteristic HYPXIM noise was added to
the images. The noise was computed using tools developed at the ONERA [14], according
to the HYPXIM noise model provided by the CNES with a standard deviation adjusted by
the square root of the ratio between the targeted resolution and the HYPXIM resolution
of HYPXIM (8 m). The image generated at 31.5 m was used as the SBG image reference
because the SBG noise characteristics were unavailable. Simulated images are shown on
Figure 3.9.

1km

0.5 km

0km 0.5 km 1km 0 km 0.5 km 1km 0 km 0.5 km 1km 0km 0.5 km 1km
(a) AV-NG 2.1 m (b) AV-NG 4.1 m (c) HYPXIM simulated 8.4 m (d) Simulated 10.5 m

0 km 0.5 km ) 1km 0 km 0.5 km 1km 0 km 0.5 km 1km 0 km 0.5 km 1km
(e) Simulated 12.6 m (f) AV-C 18 m (g) Simulated 25.2 m (h) SBG simulated 31.5 m

Figure 3.9: Simulations images up to 30m
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Chapter 3. Materials and Methods

Vegetation masking

In order to be able to estimate broad-leaved trees’ foliar pigments, it was necessary to
be able to locate them on each image. An essential first step was to mask the vegetation
in the images. This first masking was done using the hyperspectral Vegetation Index (VI)
Modified Chlorophyll Absorption Ratio Index (MCARI) [15], a value between 0 and 1 that
responds to chlorophyll variation (version 2 includes a soil adjustment factor). The VI was
chosen because this can easily differentiate the tree canopy from the grass which is dry or
dead (no chlorophyll) during summer.

The value of MCARI2 was calculated for each pixel of the AV-NG 2.1 m image then
a threshold was used to generate the mask, the MCARI2 threshold value being chosen
with the help of the histogram of the values. The results of this thresholding is shown on
Figure 3.10. This mask was then processed to get a Canopy Cover (CC) map for other
spatial resolutions: the mask was spatially resampled with pixel aggregation. The CC
value represents the fraction of vegetation in a given pixel, the CC maps will be used later
to filter pixels containing a specific percentage of vegetation.

I £

(a) RGB image (b) MCARI2 mask (white is vegetation)

Figure 3.10: MCARI2 masking of the AV-NG 2.1 m image
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3.2 General Methodology: DART software

3.2.2 Classification map using supervised vector machine

To have a better understanding of the studied area, it was decided not only to have
a mask for the broad-leaved trees but several classes for different tree species and also
for different type of soil. Classification was done using Support Vector Machine (SVM)
supervised learning methods [16]. Different classes were manually chosen beforehand using
QGIS. A total of nine distinct pixel classes were selected: QUDO, QUWI, PISA, dirt
path, rocks, litter, senescent grass, shadow and mixed soil types (as we were not able to
distinguish other specific soil type). Between 410 and 450 pixels were selected for each class
on the AVNG 2.1 m image to form the training dataset for the classifier (Figure 3.11 shows
the average spectra of each selected class). It is important to have at least the same number
of training spectra as there are bands in the image to make the classification, otherwise the
classifier cannot correctly adjust all of its parameters (which correspond to the bands). The
pixels were selected according to their visual aspect (using images at 1 m spatial resolution
taken at different times of the year) and with the help of field measurements of spectra of
different types of soil and rocks.

A random grid search found the best parameters for the classifier. The SVM classifier
had the radial basis function as kernel function with a ~ coefficient of 0.0055 and a soft
margin parameter C' = 6.5.

0.6

—— dirtpath (410 spectra)
ground_mix (410 spectra)

—— litter (434 spectra)

051 —— pisa (412 spectra)

—— qudo (418 spectra)

—— quwi (415 spectra)
rock (420 spectra)

—— senesced_grass (440 spectra)
shadow (455 spectra)

\

0.4

0.2

AN

0.1

)
AR
DERVIY
Sicd

0.0 r :
5 2.00 2.25

o

0.50 0.75 1.00 1.25 1.50 1.
wavelength (um)

Figure 3.11: Spectra of the training dataset of the SVM classifier
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Chapter 3. Materials and Methods

3.2.3 DART software

Developed since 1993, DART (available at https://dart.omp.eu) is one of the most
comprehensive three-dimensional (3D) RT models. Many Universities, research centers
and space agencies use it (CNES, NASA, ...). It was patented in 2003. The Université
Paul-Sabatier of Toulouse distributes its licenses. DART simulates radiation propagation
over the entire optical domain (UltraViolet (UV), VIS, NIR,Far Infrared (FIR), Thermal
InfraRed (TIR)) in 3D natural (forest, grass,...) and urban (buildings,...) landscapes, with
topography and atmosphere.

Landscapes, hereafter called "scenes", are arrays of cells (voxels). Scene elements
are simulated as a 3D juxtaposition of cells that contain turbid vegetation, fluids air,
soot, water,...) and planar elements (triangles). "Turbid" is a statistical representation of
matter: infinite number of infinitely small flat surfaces with an angular distribution (sr!),
an area volume density (m?/m?), and optical properties (lambertian and/or specular).

Fluids are defined by their particle density, cross section, single scattering albedo and
scattering phase function. Any triangle has a given orientation, area and optical property
(Lambertian / Hapke / specular reflectance and isotropic / direct transmittance). They
are used to model house, vegetation,... DART simulates directly simple landscapes and
can import complex 3D scenes and scene elements with multispectral SQL databases that
specify the geometric and optical properties of the atmosphere and the optical properties
of landscape elements (vegetation, building,...). Different simulation methods are possible
depending on the scenes and observation mode to simulate. Its iterative flux tracking
mode [6] uses a finite number of discrete directions to simulate the RB and images of
optical airborne and satellite radiometers). Its "LiDAR" mode ("RayCarlo" method that
combines Monte Carlo and flux tracking methods simulates terrestrial airborne and satellite
Lidar signal (waveform, cloud point and photon counting). Its "Lux" mode uses an efficient
Monte Carlo method for fast simulations of RS images of large landscapes.

Creation of the scene in DART

The scene modeling in DART for the SJER site is derived from the scene modeled
in a previous study on the Tonzi Ranch (TONZI) site [2]. It is based on a simplified
representation of a forest.

The scene in DART represents a square area of the forest repeated an infinite number
of times on a grid. The pattern is composed of four trees with ellipsoidal crowns. The
scene dimensions were calculated using the projected area of the trees crown in order to
simulate different canopy covers for the scene. Trees are placed in such a way that the
scene Bidirectional Reflectance Factor (BRF) is the closest to a forest BRF [17, 18]. The
scene is depicted in Figure 3.12.
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3.2 General Methodology: DART software

(a) Scene grid representation (b) Scene 3D view

Figure 3.12: SJER scene for CC 50 % in DART

The trees characteristics (crown height, crown width, ...) were set according the
average QUDO values of the SJER site tree inventories over the last years (overview at
Table 3.2 and trees input for DART at Table 3.3). Twigs and branches of the crown were
not considered for this work as it introduces too much modeling complexity and even errors
if done incorrectly.

Tree characteristics Median Average Standard deviation
Diameter at Breast Height (m) 0.314 0.338 0.158
Crown Width 1 (m) 10.95 10.262 3.64
Crown Width 2 (m) 9 8.631 3.495
Crown Height (CH) (m) 8.4 9.831 5.209
Trunk Height (TH) (m) 9.6 9.312 2.494
Ratio S 0.826 0.814 0.01

Table 3.2: QUDO tree inventory campaigns overview (5 campaigns between 2013 and
2015)

Trunk reflectance was set to the average value of several spectra measured in-field,
although as we will see later, this does not have a significant influence. The soil under the
trees (forest understory) was represented as a lambertian surface with optical properties
determined by carefully chosen soil pixels (considered as pure soil, chosen in open parts
of the site) from the AV-NG image in QGIS for the simulated images (pixels from the
AV-C image were selected for the 18 m resolution image). Tree leaves optical properties
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Chapter 3. Materials and Methods

Parameters Values

General settings

Scene dimensions = x y (m?) for:

CC10 % 55.6 x 55.6
CC 30 % 32.0 x 32.0
CC 50 % 24.8 x 24.8
CC 70 % 20.8 x 20.8
CC 90 % 18.4 x 18.4
Voxel size x X y X z (m?) 0.4 %04 x0.4
Tree characteristics

Tree height (m) 9.6
Crown shape ellipsoidal
Crown diameter (m) 9.97
Crown height (m) 8.4
Trunk height (below & within crown) (m) 1.2,5.6
Trunk diameter at breast height (m) 0.31

Table 3.3: DART inputs for the scene modeling

are generated with the leaf RTM PROSPECT, which is implemented in DART [19] using
a range values of inputs (detailed in Table 3.4) to generate all of the different LUT cases.
The only radiation sources considered were the Sun and the atmosphere. The Sun was
set to its position on the date and time of the AV-NG and AV-C image acquisitions. The
atmosphere model was a DART implemented one corresponding to mid-latitude summer
standard atmosphere.

Simulations and LUT generation

The simulations were made using DART version 5.7.6 build: 17157 using the "Lux"
mode as it is faster than its standard flux tracking mode and results are very similar. A
total of 49280 simulations has been ran for a total of approximately 1200 CPU hours of
runtime on a computing server. The parameters for each simulations are detailed in Table
3.4. Both VIS and SWIR domains were covered by the simulations with 107 bands of 0.010
um spectral bandwith between 0.35 um and 2.42 pm (atmospheric water absorption bands
were not considered beforehand to gain time on simulation).

Each simulation generates an 1 m resolution image with 107 spectral bands. An
example image is given in Figure 3.13a.

It has been considered to generate 2 LUTSs, one at a tree scale using only pixels of
tree (no soil) and another standard one at a population scale with pixels of tree and soil.
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3.2 General Methodology: DART software

Variable Range Step size £ of values
Chlorophylls a+b content (Cyp) (ng/cm?) 10-60 5 11
Carotenoids content (Ce,,) (Hg/cm?) 2-16 2 8
Dry matter content (C,) (g/cm?) 0.007-0.016 0.003 4
Equivalent water thickness (Cy,) (cm) 0.007-0.016 0.003 4
Leaf Area Index (LAI) (m?/m?) 0.1-1.9 0.3 7

Table 3.4: DART vegetation input parameters for the LUT

To generate the standard simulated spectral database called LUT, at the end of each
simulation the average reflectance of the images are added to the LUT for each band.
These average reflectances are associated in the LUT with the simulation parameters. The
LUT is composed of one table: sjer seq mean(id, CC, LAI, Cu, Ceor,Cm, Cw , poss,
.., p2.42) with a total of 49280 rows representing the reflectance of all different scenarios
simulated by DART. The second LUT was generated using only the tree centered pixels of
the simulation image as the pixels to estimate contain little to no soil information at this
spatial resolution. Figures 3.13b and 3.14 represents how the pixels were selected and their
respective entry in the LUTs. In order to have a full performance comparison between the
LUTs, both have been tested on all spatial resolutions available.

(b)

(a)

Figure 3.13: (a): Resulting image of one DART simulation (R: 664 nm, G: 548 nm, B:
472 nm). (b): LUT pixels selection on each simulation. Blue contour is the pixels selection
for the standard LUT and the red ones are for a tree centered pixels LUT.
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Figure 3.14: Reflectance spectra for both LUTs.Both spectra registered in the LUTs
entry for CC' = 50%, LAI = 1.9, C,, = 30 ug/cm?, Cyy, = 14 pg/cm?, C,, = 0.016 g/cm?
C,, = 0.013 cm.

3.2.4 LUT-based inversion strategies

From the LUT generated with the DART simulated images, the goal was to estimate
the biochemical properties of the vegetation pixels by minimizing a cost function comparing
the measured reflectances of the pixels and the reflectances simulated by DART. Different
cost functions were used because they have already shown promising results on the TONZI
site [2]: RMSE (Equation 3.1), Spectral Angle Mapper (SAM) (Equation 3.2, it determines
the spectral similarity between two spectra by calculating a spectral angle which is defined
as the angle between the two spectra treating them as vectors in a space with dimensionality
equal to the number of bands) and the difference between the considered VI (Equation
3.3). The LUT biophysical-chemical parameters associated to the minimizing spectra are
considered to be the estimates. It is likely that several sets of parameters lead to similar
reflectances for a pixel, so the average of the ¢ best minimizing parameters was considered
to be the final estimation.

N
1
MSE(y,§) = .| — )2 1
RMSE(y, ) N;(yl Ui) (3.1)
N A
2. YiYi
SAM (y,y) = arccos =l (3.2)
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3.2 General Methodology: LUT-based inversion strategies

The number ¢ of best solutions was set to 0.5% of the number of cases in the LUT
for all variables to be estimated, trying to optimize this parameter could have been time-
consuming for the internship and this number gave acceptable results in a previous study
and was shown to be sufficient in the literature [20].

The RMSE and SAM were calculated for spectral intervals specific to the estimated
variable because they each have varying impacts at certain wavelengths (see Figure 2.1).
Part of the VIS spectrum was considered for Cy, (0.5 pm - 0.75 pm) and Cg, (0.5 pm
- 0.55 um) whereas bands between 0.8 wm and 1.3 um were used for C,, and SWIR for
Cyp (1.3 pm - 2.5 pm). The NIR and SWIR were chosen for LAI (0.8 pum - 2.5 pm). For
the selection of VI to use in Dy, several indices used in previous studies were considered.
In order to identify the indices presenting the strongest variations that would justify a
possible inversion with the LUT (bijective function), a look at the variation of each of these
indices on the LUT cases was done (some examples are shown in Figure 3.15). Indeed,
reflectances of pixels with a low CC don’t necessarily show a noticeable red-edge increase
nor a chlorophylls reflectance peak at 0.55 um. As the Figure 3.15¢ shows and concurs with
Miraglio’s work [2], indices for LAI predictions are saturating at 0.4 m?/m? LATI and above
for the 10% CC cases. These cases were therefore discarded when doing the estimations.
All the selected VIs formulas are detailed in Table 3.5.

To evaluate the results with field measurements, several validation metrics were con-
sidered but the RMSE between the estimated and measured values was the main indicator
within the framework of the internship. Indeed, another efficient validation metric is the
coefficient R? of the linear regression of the estimated vs measured scatter plot, but not
enough validation points were available to have relevant R? estimations as the present
study focuses only on one date.
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Figure 3.15: VIs variation within the LUT cases. Each line represents the average VI of
all the considered CC cases in the LUT. The vertical bars represent the standard deviation
of these same cases.
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3.2 General Methodology: LUT-based inversion strategies

Variable Method # of bands VI formula (wavelength in pum) Reference
RMSE INT CAB 19
SAM INT CAB 19
Draccioni 3 P0.780  P0.710 [2 1]
Cab £0.780 — P0.680
Dgnpvr 2 P0.780 — P0.550 22]
:00.7880“;580.550
D oan 2 : 23]
£Q.550
Dyicarr2 3 1.5 2.5 (p0.800 — Po.670) — 1.3 (po.soo — po.550)) 115]

\/(2,00.800 +1) - (6p0.800 — 5y/Po.670) — 0.5

0.700
(po.700 — Po.670) — 0.2 (po.700 — P0.550) P

Po. ;
D 4 24
TCARI/OSAVI 3 £0.800 — £0.670 124

1.16
£0.800 + po.670 + 0.16
RMSE INT CAR 4
SAM INT CAR
P515
Cear DP515/p570 2 7p570 [25]
1 1
Dcorr 2 _ 126]
P515 550
Dgnpvi 2 P0.780 — P0.550 22]
,00.7880“;580‘550
Daar oan 2 : 23]
£0.550
RMSE INT LAI 120
SAM INT LAI 120
LAl £0.833 — 0.677
Dnpvi 2 P0.833 — P0.677 7]
1 £0.833 + P0.677
Dusavi 2 $(2p0.800 + 1 — v/(2p0.800 + 1)2 — 8(po.s00 — po.670)) 28]
RMSE INT EWT 45
o SAMINT EWT 45
b Dsprwi 2 £0.859 120]
Bt
Dyrsrr 2 : 130]
£0.859
RMSE INT LMA 27
o SAMINT LMA 27
: 10g 911510 B log P1 1680 .
Dnpnr 2 1 : : « 1)
o8 P1.510 + 0g P1.680
log — log
DnprLr 2 1 P1~1754 1 P1.1680 [31]
08 P1.754 +log £1.680

Table 3.5: Spectral strategies applied for the inverse problem
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Chapter 4
Results

4.1 Classification map

The final classification map of the study site is shown in Figure 4.2, we decided to
categorize as "unable to class" the pixels where the classifier couldn’t be at least 75% sure
of the classification in order to have a classification where the pixels contain most of the
class with which they were classified. The SVM classifier had a final accuracy score of
0.97 on the testing dataset (training data was split into 70%/30% for fitting/testing the
classifier). As the confusion matrix shows in Figure 4.1, the distinction between QUDO
and QUWT as overall their reflectance spectra are similar on some pixels (a graph of the
average class spectra is depicted in Figure 3.11).

Confusion Matrix
C=6.5; y=0.0055
Accuracy score: 0.9737876802096985

ground_mix roa

litter

0.6

pisa

qudo

True label

quwi 0.4

rock

senesced_grass

0.2

shadaw

dirtpath  ground_mix litter pisa gudo quwi rock  senesced_grass shadow
Predicted label

0.0

Figure 4.1: Confusion matrix of the SVM classifier with an accuracy score of 0.97
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4.2 LUT-based inversion
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Figure 4.2: Classification map of the AV-NG 2.1 m image using SVM
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Chapter 4. Results

4.2 LUT-based inversion

First, the reflectances generated by the DART simulations were displayed (see Figure
4.3) with the reflectances of the different AVIRIS images to check that a match could be
found between the LUTSs’ and images’ spectra, and that the modeling used in the RTM

was appropriate for the SJER site.
B LUT range
—— AV-C mean =2 std
—— AV-NG =*2 std

050 0.75 1.00 1.25 150 1.75
wavelength (um)

0.5

0.4

©
W

reflectance

©
N

0.11

0.0

Figure 4.3: Reflectances computed by the DART simulations compared to reflectances
of vegetation pixels within the AV-NG and AV-C image

The estimations were done on both the AV-C image at 18 m spatial resolution and the
AV-NG images between 2.1 m and 31.5 m for the different LUT considered in order to assess
their necessity. For the sake of readability, only HYPXIM, SBG spatial resolutions and
results at different scales from all results produced are shown here, complete performances
can be found found in the Appendices with Tables A.1 and A.2.

It was considered that the QUDOs and QUWIs were quite similar both in the re-
flectances of the pixels and physical dimensions on the SJER study site to allow us to
estimate the properties of the QUWIs using the DART scene used for the estimation of
those of the QUDOs. Location of ground measurements are detailed on Figure 4.4.
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4.2 LUT-based inversion: Chlorophylls a+b content (C,;) and Carotenoids
content (C.,.) estimations performance

5 ZSSSEOE 257000F,
e—
Legend
0 100 200 300m QUDO tree ID QUWI tree ID LAI plot ID

716 116 L &3
718 118 Q7
725 11

Figure 4.4: Biophysical-chemical measurements location for summer 2014. Triangles:
QUDO trees; Disks: QUWI trees; Diamonds: DHP acquisistions

4.2.1 Chlorophylls a+b content (C,;) and Carotenoids content (C.,,)
estimations performance

Retrieval performance data are presented in Table 4.1 for the standard LUT and in
Table 4.2 for the tree centered pixels LUT. Figures 4.5 and 4.6 show examples of C,,, and
Cgp estimates for the AV-NG image at 2.1 m and 12.6 m spatial resolution with both LUTs
on a measured versus estimated scatter plot.

For Cgy, estimations, all the VI differences considered, apart from Drcarrjosavr, per-
formed better than the methods based on spectral intervals (RMSE and SAM) for both
LUTSs and all the spatial resolutions.

With the standard LUT, Maccioni, gNDV I, and GM 94b appear to be the best per-
forming VIs RMSE wise with a mean RMSE (across all the presented spatial resolutions)
of respectively 10.82 pg/cm?, 10.91 pg/cm? and 11.67 ug/cm?.

For the tree centered pixels with the same criteria, only gNDV' I, and GM _94b seem to
be best performing VIs with a mean RMSE of respectively 8.11 pg/cm? and 8.67 ug/cm?,
Maccioni has a mean RMSE of 11.48 pg/cm?.

At 2.1 m spatial resolution, both Dynpyr and Daar o strategies performed better with
the tree centered pixels LUT (6.45 pg/cm? and 6.38 pg/cm?) than with the standard LUT
(8.42 pg/cm? and 7.86 pg/cm?).
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Chapter 4. Results

Spatial resolution

Method RMSE (ug/cm?), R?

Cu 2.1 m 4.2 m 8.4 m (HYPXIM) 12.6 m 189 m 31.5 m (SBG)
RMSE INT CAB 21.19, 0.05 19.20, 0.10 18.93, 0.01 21.95, 0.03 23.61, 0.05 19.67, 0.02
SAM INT CAB 5.93, 0.60 14.34, 0.14 20.23, 0.01 19.04, 0.20 20.96, 0.03 21.79, 0.08
D taccioni 8.73,0.25 7.72,0.34 15.19, 0.05 10.91, 0.12 10.50, 0.08 11.87, 0.30
Dynovi 842,012 854, 007  13.53,0.05 0.83,0.16 14.97,0.23  10.19, 0.25
Danr ow 7.86,0.24  8.65, 0.01 15.08, 0.03 12.46, 0.01 15.41, 0.01 10.69, 0.20
Dyicarro 6.92, 0.01 13.75, 0.51 15.36, 0.01 13.09, 0.42 14.83, 0.02 16.47, 0.01
Drcarrjosav 10.10, 0.59 16.81, 0.01 18.59, 0.24 19.42, 0.17 18.96, 0.01 15.68, 0.55

Crar 2.1m 4.2 m 8.4 m (HYPXIM) 12.6 m 18.9 m 31.5 m (SBG)
RMSE INT CAR  5.32,0.03 4.93, 0.13 5.83, 0.42 3.62, 0.01 4.39, 0.64 3.00, 0.29
SAM INT CAR 5.42, 0.01  5.39, 0.22 5.64, 0.42 4.24,0.13 4.13, 0.04 4.73, 0.01
D s/ psmo 4.49,0.09 5.05, 0.40 3.89, 0.60 2.12,0.04 3.84,0.74 2.93, 0.18
Derr 1.82,025 3.95,0.18 473, 0.14 953,047 475, 0.67  4.74, 0.04

Table 4.1: RMSE of the different Cy;, and C.,, strategies estimates and the R? coefficient
of the linear regression of the estimated versus measured scatter plot with the standard

LUT

Estimated Car (ug/cm?)

Figure 4.5: Measured versus estimated C.,,
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4.2 LUT-based inversion: Chlorophylls a+b content (C,;) and Carotenoids
content (C.,) estimations performance

Spatial resolution

Method RMSE (ug/cm?), R2

Cup 21 m 42m  84m (HYPXIM) 126m  189m 315 m (SBQ)
RMSE INT CAB 20.24, 0.07 17.94, 0.06 14.67, 0.14 24.12, 0.36 21.21, 0.06 23.71, 0.01
SAM INT CAB 15.94, 0.40 21.07, 0.61 19.59, 0.14 21.90, 0.01 22.64, 0.01 22.75, 0.55
Drtaccion: 9.92,0.16  6.29, 0.49 14.43, 0.02 11.94, 0.19 12.32,0.13  13.98, 0.13
Dynpvi 6.0, 0.29  7.08, 0.16 8.24, 0.24 10.62, 0.03 7.1,0.14 9.15, 0.01
Danr ow 6.02, 0.51  9.58, 0.02 7.25, 0.11 9.98, 0.18  8.79, 0.10 10.02, 0.05
Dyicarro 8.68, 0.34  9.81, 0.17 14.39, 0.32 13.61, 0.07 14.12, 0.09 13.02, 0.05
Drcarrjosav 18.57, 0.59 22.94, 0.10 19.58, 0.01 23.09, 0.49 24.83, 0.42 24.10, 0.38

Crar 2.1m 4.2 m 8.4 m (HYPXIM) 12.6 m 18.9 m 31.5 m (SBG)
RMSE INT CAR  4.27,0.01  3.85,0.35 5.37, 0.31 4.14, 0.06 4.24,0.24 3.56, 0.01
SAM INT CAR 4.71, 0.01  5.00, 0.29 5.66, 0.48 3.62, 0.48  5.20, 0.52 4.54, 0.01
D5 /psmo 3.76, 0.08  3.69, 0.23 3.41, 0.66 2.23,0.19 3.10, 0.73 2.37, 0.01
Dcrr 3.67,0.35 4.45, 0.67 4.89, 0.01 4.99, 0.55 5.10, 0.71 4.66, 0.01

Table 4.2: RMSE of the different Cy;, and C.,, strategies estimates and the R? coefficient
of the linear regression of the estimated versus measured scatter plot with the tree centered

pixels LUT

60

rmse 6.02 ug/cm?

o
<]

N
S

30

Estimated Cp, (1g/cm?)

20

30

GM_94b

- = R2=0.51

60

VW sumt4: Quoo
sum14: QUWI

40 50

Measured Cp (1g/cm?)

(a) GM _94b

60 10

gNDVI

6.0 ug/cm?

20 30

VW sumt4:Quoo
sum14: QUWI

40 50

Measured Cp, (g/cm?)

(b) gNDVI

60

Figure 4.6: Measured versus estimated Cyy, using Dgas g (a) and Dyypyy (b) methods

at 2.1 m resolution with the tree centered pixels LUT
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Chapter 4. Results

As expected the R? criterion performed very poorly for a lot of estimations even for the
best RMSE performing ones. Figure 4.6a shows the estimates at 2.1 m spatial resolution
with the tree centered pixels LUT which is one case where most Dgas g4 estimated points
are close to the first bisector (RMSE = 6.02ug/cm?, R*= 0.51).

For Cq estimations, D, . /.., has overall better RMSE performance than the other
strategies with an mean RMSE of 3.09 pg/cm? and a variable R? coefficient (from 0.01 to
0.73).

The effects of the spatial resolution on the Cy, and C\,, estimations is not explicit, it
looks like the RMSE is slightly increasing with the spatial resolution up to 31.5 m for most
of the C,;, estimation strategies and both LUTs.

Remarkably both gNDV'I and GM _94b VIs with the tree centered pixels LUT appeared
to be robust to spatial resolution as the RMSE performance stays quite low across all the
spatial resolutions.

4.2.2 Leaf Area Index (LAI) estimations performance

Table 4.3 presents the LAI retrieval performances with the standard LUT. The best
performing strategy was obtained with the method RMSE INT LAI with a mean RMSE
of 0.15 m?/m? and an overall high R? coefficient. The other three strategies SAM INT
LAIL Dypy; and Dyssav e performed similarly with an average RMSE of respectively 0.32
m?/m?, 0.28 m?/m? and 0.33 m?/m?.

SAM INT LAI, Djyrsavre methods have a high R? coefficient for all spatial resolutions
(above 0.9 for SAM INT LAI) while for Dypy; the coefficient is very low for all spatial
resolutions below 18 m and the R? associated to RMSE INT LAI is decreasing when the
spatial resolution increases.

The NDVI VI has a steady performance across the spatial resolutions whereas the perfor-
mance of the other three methods seem affected by the spatial resolution with an increasing
RMSE and decreasing R? (except for Dyrsavro).

Figure 4.7 shows examples of estimates using RMSE INT LAI and D54y 72 methods
at 2.1 m. The entire 31.5 m image was estimated to have a LAI map of the SJER site, the
map is displayed in Figure 4.8. The study site has low LAI region in the North-West and
higher LAI region in the South-East region which concurs with the AV-NG image where
the tree distribution has the same pattern (Figure 3.2).
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4.2 LUT-based inversion: Leaf Area Index (LAI) estimations performance

Spatial resolution

Method RMSE (m?/m?), R?

LAI 21m  42m  84m (HYPXIM) 126m  189m 315 m (SBG)
RMSE INT LAI 0.1, 0.93 0.11, 0.92 0.12, 0.82 0.15,0.71 021,049  0.22, 0.35
SAM INT LAI  0.26,0.97 0.27, 0.96 0.29, 0.99 0.30,0.97 028,094 052, 0.90
Dwpvi 0.30, 0.18  0.29, 0.09 0.26, 0.12 0.30,0.03 0.26,0.66  0.27, 0.94
Dusavrs 0.27,0.82 0.28, 0.84 0.30, 0.99 0.35,0.76 0.35,0.91  0.43, 0.96

Table 4.3: RMSE of the different LAI strategies estimates and the R? coefficient of the
linear regression of the estimated versus measured scatter plot with the standard LUT
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Figure 4.7: Measured versus estimated plot LAI using RMSE INT LAI (a) and Dy savre
(b) methods at 2.1 m resolution with the standard LUT
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Chapter 4. Results
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Figure 4.8: LAI estimation on SJER study site at 31.5 m spatial resolution using RMSE
INT LAI strategy with the standard LUT. White pixels contain less than 25% vegetation
information. RMSE = 0.22 m?/m?
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4.2 LUT-based inversion: Dry matter content (C,,) and Equivalent water
thickness (C,) estimations performance

4.2.3 Dry matter content (C,,) and Equivalent water thickness
(C,) estimations performance

Table 4.4 presents C,, and C,, retrieval performances with the standard LUT. All
strategies considered showed underwhelming results for both (', and C,, as the scatter
plots (examples are displayed on Figure 4.9) showed no real trends as much as with the
Cop estimations and the RMSEs were higher than other studies [32]. Dypyr showed best
results for C,,, with an average RMSE of 0.0032 g/cm? and Dggy; with an average RMSE
of 0.0027 g/cm?.

Spatial resolution

Method RMSE (g/cm?), R2

Cnm 21m 42 m 8.4 m (HYPXIM) 12.6 m 18.9 m 31.5 m (SBG)
RMSE INT LMA  0.0030, 0.09 0.0032, 0.08 0.0068, 0.01 0.0048, 0.02 0.0029, 0.04  0.0056, 0.05
SAM INT LMA 0.0020, 0.03 0.0056, 0.06 0.0045, 0.01 0.0056; 0.03  0.0060, 0.01  0.0054, 0.03
Dnpnr 0.0032, 0.01  0.0035, 0.03 0.0033, 0.05 0.0038, 0.04 0.0030, 0.07  0.0025, 0.40
Dnprr 0.0018, 0.01 0.0042, 0.03 0.0036, 0.02 0.0041, 0.02 0.0042, 0.03  0.0048, 0.02

Cu 21m 42 m 8.4 m (HYPXIM) 12.6 m 18.9 m 31.5 m (SBG)
RMSE INT EWT 0.0032, 0.03 0.0042, 0.01 0.0038, 0.02 0.0032, 0.09 0.0024, 0.01  0.0016, 0.04
SAM INT EWT  0.0031, 0.03 0.0035, 0.02 0.0036, 0.04 0.0036, 0.03  0.0025, 0.03  0.0023, 0.01
Dyrsrr 0.0020, 0.28 0.0041, 0.08 0.0034, 0.04 0.0031, 0.16  0.0028, 0.07  0.0025, 0.08
Dsrwi 0.0018, 0.12  0.0027, 0.03 0.0026, 0.06 0.0027, 0.02 0.0034, 0.01  0.0032, 0.12

Table 4.4: RMSE of the different C,, and C,, strategies estimates and the R? coefficient
of the linear regression of the estimated versus measured scatter plot with the standard

LUT
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Figure 4.9: Measured versus estimated leaf C,, using Dypys at 31.5 m (a) and C,, using
Dsgwi at methods at 4.2 m resolution (b) with the standard pixels LUT
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Chapter 5
Discussions

As stated earlier, a small number of validation points were available considering only
one date in the summer of 2014 making the analysis of the results more difficult because
any attempts at hypothetical explanations will have to be confirmed later by applying this
same methodology on the different dates in order to have a number of validations points
significant enough to be able to draw true trends from it.

5.1 Limitations of the results on biochemical properties

As detailed in the section 4.2.3, this methodology was applied to estimate the dry mat-
ter content and the water equivalent thickness of the leaf using different inversion strategies
and VI. Although the results are encouraging for the estimation of the LAI, chlorophylls
and carotenoid contents, all the strategies performed very poorly independently of the
spatial resolutions with R? coefficients very close to 0 and a distribution of the estimated
points which seemed random.

The Vs used for the chlorophylls content estimation such as gNDV I and GM _94b
were also tested on the estimation of carotenoid content because they use some of the
carotenoid absorption bands and presented low RMSEs (below 2 pg/cm? on average) as well
as a very high R? coefficient regardless of the spatial resolution. It was observed soon after
that these estimates behaved rather like a uniform distribution in the set of all the values
available in the LUT. The facts that the average value of carotenoid content measured in
the SJER study site is 8.82 pug/cm?, that the average value of the LUT is 9 pg/cm?, and
that the estimate is an average of the ¢ best solutions explain that the estimates were so
close to the truth data and the RMSEs were this low. This hypothesis was confirmed when
new estimations were done from a LUT with carotenoid content parameters ranging from
6 pg/cm? to 16 pg/cm? and all estimates were centered around 11 pg/cm? for these VI.
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5.2 Results distributions on the whole SJER study site: Distribution of
canopy cover among the estimates

5.2 Results distributions on the whole SJER study site

5.2.1 Distribution of canopy cover among the estimates

Investigations on the distribution of the values of CC chosen among the best ¢ solu-
tions according to the VIs for the standard LUT were done (see Figure 5.1. This was done
to verify if the strategies were giving coherent results and not picking only extreme CC
setups even with good performances.

For the estimation of the chlorophylls contents, all the best strategies (Dynpvi, Da M_94b)
led to equal distribution among the available CC values and all spatial resolutions (CC30%:
24.6%, CC50%: 24.8%, CCT70%: 26.2%, CCI0%: 24.4% in average). With the MCARI2
VI and the strategies based on spectral intervals, the distributions were different: Dy;carro
tended to choose the cases with a low CC (80% of the cases chosen on average had CCs
lower than 50%); the same behavior applied for SAM INT CAB but for resolutions less
than 18 m (the distribution of CC values was uniform above 18 m); RMSE INT CAB
seemed to favor cases of CC30% and CC90% regardless of spatial resolution (30% distri-
bution for both on average).

Concerning the carotenoid content estimation, both D, . /,... and Dcgy surprisingly avoided
the CC70% cases of the LUT as they represented in average only 12.9% of the ¢ best solu-
tions of the LUT for all spatial resolutions. SAM INT CAR and RMSE INT CAR strategies
both chose equivalently between the values available.

Both of NDVI and M SAV I2 had the same uniform behaviour for LAI inversion but SAM
INT LAI and RMSE INT LAI favored high CC values for spatial resolutions close to 2.1
m and low CC values for the ones close to 31.5 m. This can be justified by the fact that
most of the pixels selected in the plots at 2.1 m contains high percentage of vegetation and
could be considered as high CC.
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Chapter 5. Discussions
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Figure 5.1: Canopy cover distribution among the estimates for the inversion strategies
considered. Each bar represents percentage of the values of CC chosen among the best ¢
solutions according to the method for the standard LUT.

5.2.2 Distribution of the estimates on the whole SJER study site

Estimations were also done on all of the QUDO vegetation pixels of the images. Figures
5.2 and 5.3 show the distributions of the estimated values of C,;, and C,,, according to the
method used and the spatial resolutions; two C;, inversion maps at 2.1 m are displayed on
Figure 5.4 using SAM INT CAB and Dgys g4 which presented satisfying performances.
Each method has its own particular distribution across spatial resolution, with a slight
flattening as the resolution goes up to 31.5 m which renders a coherent behaviour of the
inversion methods as the pixels are agglomerating. Both SAM INT CAB and RMSE
INT CAB distributions suggest that these two methods are overestimating chlorophylls
and carotenoid contents (the estimates were also overestimated for most of the spatial
resolutions). Even though SAM INT CAB had the best performance at 2.1 m with a
RMSE of 5.93 pg/cm?, this concurs with the low performance of these methods for Cy,
and C,,, retrieval on the other images.



5.2 Results distributions on the whole SJER study site: Distribution of the
estimates on the whole SJER study site
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Figure 5.2: C inversion maps distributions. The separate orange curve is the distribu-
tion on the AV-C image
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Figure 5.3: C,,, inversion maps distributions. The separate orange curve is the distribu-
tion on the AV-C image
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5.2 Results distributions on the whole SJER study site: Distribution of the
estimates on the whole SJER study site
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Figure 5.4: C,, inversion map at 2.1 m using Dgys g4 and SAM INT CAB
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Chapter 5. Discussions

5.3 DART parameters and convenience of the different
LUTs for the inversion

Two classes of ground were considered for the DART simulation, senescent grass and a
mixture of ground types as shown on Figure 4.2. Both simulations were ran and inversions
done with the help of LUTs generated. The estimates obtained with the senescent grass
ground showed worse results than with the other class for all variables inverted. This could
be explained by the location of the estimated trees on the study site that are on areas on
which the ground was classified with the mixture of ground types class (Figures 4.2 and
4.4). This showed the impact of the soil on the simulation and the performances and it
should not be neglected if future estimations were to be done that way.

Four other LUTs were also created, in addition of the two already generated, based
on the tree centered one by selecting different parts of the tree crown (North-West, North-
East, South-East and South-West) in the DART simulated image in order to look at the
impact of shadow or direct light on the inversions as the crown of the tree is not exactly lit
in the same way depending on the direction considered. All of these four LUTs performed
poorly or barely as well as the two first considered and were dropped for the rest of the
study. Figure 5.5 shows how the pixels for the different LUTSs were selected.

Figure 5.5: Pixel selection on a simulated tree for the different LUTs considered

Evaluating the impact of different LUTs is not easy as they show similar overall per-
formance for C,;, estimates. It seems that the primary objective of improving performance
at spatial resolutions close to 2.1 m has been achieved for gNDV'I and GM 94B with
the tree centered pixels LUT in particular for the resolution 8.4 m. Surprisingly these two
strategies continued to have better results in terms of RMSE up to the 31 m resolution
but with a very low R?. Concerning the estimation of carotenoids the tree centered pixels
LUT does not seem to have brought better performances except for psi5/ps7. Only the
standard LUT presented conclusive results for the inversion of the LAI, which could be

42



5.4 HYPXIM (8 m) and SBG (30 m) spatial resolutions performances

explained by the low LAI of the study site and therefore the need to have soil information
in the LUT spectra.

5.4 HYPXIM (8 m) and SBG (30 m) spatial resolutions
performances

Both of the HYPXIM and SBG instrument spatial resolutions showed similar perfor-
mance in terms of RMSE. For C,, gNDVI and GM 94b had slightly better RMSEs
at 8.4m than 31.5 m with similar R*> (RMSE,ypy; = 8.24 pg/cm?, RMSEqy os =
7.25 pug/cm? at 8.4m and RMSEgnpy; = 10.19 pug/cm?, RMSEgy o4 = 10.69 pg/cm? at
31.5m). The difference D, /ps., and RMSE INT CAR methods performed better at 31.5
m but R? coefficients were very low at this resolution (RMSErusE INT car = 5.37 pug/cm?,
RMSE =3.41 ug/cm2 at 8.4m and RMSERMSE INT CAR — 3.00 ug/ch,
RMSE,..o/psre = 2.37 pg/cm? at 31.5m). All four methods used to estimate LAI showed
better performances at 8.4 m. These criteria shows the possibility of estimating the bio-
physical properties and leaf pigments at these spatial resolutions with acceptable perfor-

p550/P570

mances.
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Conclusion and prospects

The final goals of this internship were twofolds. On the one hand to confirm the
results of Thomas Miraglio’s work on the TONZI site [2, 3] on another woodland savanna
site, SJER, with the same Mediterranean climate and the same distribution of species
for summer 2014. On the other hand to evaluate the performance of the estimation of
leaf pigments and biophysical properties using LUT based inversion methods at other
spatial resolutions in particular 8 m and 30 m because they are those of the instruments of
the future HYPXIM and SBG missions. Numerous inversion strategies were investigated,
either using hyperspectral VIs or spectral intervals. Different LUTs were tested to assess
the influence of soil on estimation performances. LAI and C,, retrieval performance showed
promising results for summer 2014, C.,, estimations presented less satisfying results than
in previous works but coherent behavior across spatial resolutions.

This study found multiple best inversion criteria, for LAI using RMSE between the
pixels and the LUT over the 0.8 pum - 2.5 um spectral range have provided the best results
and steady R? coefficients over all the spatial resolutions. C,; showed best results when
inverted with the tree centered pixels LUT using Dyypyr and Dayr 940, Dy s /psr, PrE-
sented the best accuracy overall but below Miraglio’s studies and RMSE method performed
poorly.

These results support the conclusions of the methodology developed by Miraglio and
show the possibility of estimating the biophysical properties and leaf pigments at different
spatial resolutions from 2 m to 30 m with acceptable performances using a simplified 3D RT
model of the canopy of woodland savannas. These results should be extended to different
dates to carry out seasonal monitoring and confirm the conclusion of this study. Estimation
strategies of leaf water content and leaf mass per area should be further investigated to
verify if promising results can be obtained for different dates.

Another way to investigate the estimation of these properties is the use of hybrid
methods based on machine learning, including deep learning with the use of artificial
neural networks with several layers. This method is proposed in future work aimed at
completing the work of this study.
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Variations of VIs within the LUT cases function of C,,
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Variations of VIs within the LUT cases function of LAI
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Abstract — In recent decades, ecologists have defined essential biodiversity variables
(EBVs) to describe the steep decline of the vegetation biodiversity. These are relevant
indicators of plant’s health and functioning, such as leaf pigment contents (chlorophylls
a and b content (Cy) or carotenoid content (C.,) and the leaf area index (LAI), that
can be estimated through hyperspectral imagery. Their measurement on a seasonal and
yearly basis is critical to monitor plant response and adaptation to stress, such as droughts.
While extensively done over dense canopies, estimation of these variables over tree-grass
ecosystems with very low overstory LAI (mean site LAT < 1 m?/m?), such as woodland
savannas, is lacking. We investigated the use of look-up table (LUT)-based inversion of
a radiative transfer model to retrieve LAI and leaf C,, and C,,, from AVIRIS images at
spatial resolutions ranging from 2 m to 30 m at a single date over a broadleaved woodland
savanna during the California drought. We compared the performances of different cost
functions in the inversion step. We demonstrated the spatial consistency of our LAI, Cly,
and C.,, estimations using validation data from low and high canopy cover parts of the
site. We concluded that LUT-based inversions of hyperspectral images, achieved with a
simple geometric representation of the canopy within a 3D radiative transfer model (RTM),
are a valid means of monitoring woodland savannas and more generally sparse forests,
although for maximum applicability, the inversion cost functions should be selected using
validation data from multiple dates. Validation revealed that for monitoring use: The
root mean square error (RMSE) between the pixels reflectances and simulated from the
RTM outperformed other indices for LAI estimations (RMSE = 0.15 m?/m? in average,
R? = 0.70); the band ratios ’;?}:;ﬁ (gNDVI) and £0.780um — /0.550um (GM_94b) retrieved

£0.780um 1 £0.550pum
Cy more accurately than other chlorophylls indices (RMSE = 6.45 ug/cm? for gNDVI

and RMSE = 6.38 pg/cm? for GM_94b); RMSE over the 0.5-0.55 um interval showed
promising results for C.,, estimations.

Keywords: Remote Sensing; DART; AVIRIS; leaf pigments; Mediterranean forest;
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