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What is the framework of this study? Why retrieve LAl and Cab?

 This study is part of the SENTIFLEX research project, which is framed * LAl or Leaf Area Index is defined as the one-sided leaf area per unit ground
within ESA’s FLEX (FLuorescence EXplorer) mission. FLEX will be area. It is the primary remotely sensed descriptor of the density, the
equipped with an imaging spectrometer (FLORIS) specifically designed phenology and the distribution of vegetation across a landscape. In addition,
to capture the fluorescence emitted by vegetation. FLEX will be it influences substantially the energy, the water vapour and the CO2
launched in 2022 and will fly in tandem with Sentinel-3 (S3). S3 hosts exchange between plants and the atmosphere.
a push-broom imaging spectrometer, OLCI (Ocean and Land Colour * (Cab is the content in chlorophyll (-a + -b) of the leaf. Chlorophylls are
Imager), which is specifically designed to measure ocean colour over photosynthetic pigments and their concentration influence CO, assimilation
open ocean and coastal zones at a spatial resolution of 300m. Its and primary production.
spectral definition (21 bands between 400 and 1020 nm) however,
also permits a fine characterization of the atmosphere (aerosol How are these biophysical variables retrieved?
composition, water vapour and illumination conditions) and of the * By use of a hybrid regression method, which combines simulations of a
vegetation (biophysical variables including LAl and Cab). Radiative Transfer Model (RTM) with a Machine Learning Regression

Algorithm (MLRA). A RTM is used to create a large database of vegetation
properties and corresponding Top-Of-Canopy (TOC) reflectances, covering a
Training wide range of situations and configurations. This database is then used to
Database train a MLRA, which will generate a model composed of coefficients that are
obtained by minimizing a cost function.

Schematic diagram of the retrieval method
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Theoretical performances of GPR models Model used to c.or?tamm.ate the reflectance spectra with noise in order to make
e them more realistic (Weiss and Baret, 2016):
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Possible model improvements a
e Optimize noise model parameters by use of the FLEX End-to-End 70 Rt
. . ) : .. o R A A sl
Mission Performance Simulator which will soon be able to administrate o o V"’
: : : R
“close-to-real” noise to the simulated reflectances. o s '*”3*
e Use of filters to reduce the parameter space and enhance result 0o '
accuracies. S s R: 0.89
* Add bare soil reflectance spectra. oL, RuSE7.32-RRMSE: 17.48%
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* Use of FLORIS surface reflectance data. Preliminary tests suggest that it

greatly improves model performances. EI"E SEN TI f
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