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Abstract

Recent and upcoming satellite missions providing high-quality spectrometric measurements are used
for vegetation monitoring and studies of ecosystem functioning which are becoming increasingly
important in the context of climate change. The calibration and validation of these measurements are
crucial but remain a challenge. The need for in-situ references is high and is expected to increase with
the trend toward mini-satellites without onboard calibration systems. In-situ measurements however
need to be validated themselves before being used as a reference for air- or space-borne sensors. Cross-
validation of measurements with additional independent measurements is established but costly. Three
approaches using two Radiative Transfer Models (RTM) namely the library for Radiative transfer
(libRadtran) and the Soil Canopy Observation of Photosynthesis and Energy Fluxes Model (SCOPE)
were built to validate in-situ irradiance and radiance measurements based on simulations. The
performance of the approaches was assessed from summer to late autumn and over a single clear-sky
day resulting in an average Root Mean Square Relative Error (RMSRE) of below 10% for irradiance
simulations and 10%-38% RMSRE for radiance simulations compared to in-situ measurements. The
higher RMSRE of radiance simulations originates in misspecifications of the reflectance spectrum
which is either assumed constant (approach 1) or modelled (approach 2 & 3) based on vegetation
parameters. The vegetation parameters however are themselves subject to large uncertainty. Shadowing
on the vegetation canopy can additionally lead to ill-posed vegetation parameter selection. The
experiments show the potential of coupled RTM-based quality assessment of high-frequency field
measurements but also indicate the need for more accurate vegetation canopy parameter estimates and

a more sophisticated optimization process to avoid the effects of ill-posedness.
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1 Introduction

Climate change is affecting global vegetation dynamics through rising temperatures, changing
precipitation patterns and increasing solar radiation in general (Afuye et al., 2022; Pricope et al., 2013;
Walther, 2010; Wang et al., 2018). Photosynthesis in vegetation is the primary source of energy for life
on Earth and results in CO2 uptake, making vegetation monitoring very important in the context of
climate change. (Craggs, 2016; Guanter et al., 2014). Satellite remote sensing is a powerful tool to
assess vegetation dynamics from local to global scale (Frappart et al., 2020). Multi-spectral images are
used to derive a range of spectral vegetation indexes like the normalized difference vegetation index or
the enhanced vegetation index and many more (Frappart et al., 2020) which are indicators of

photosynthetic activity (Kawabata et al., 2010; Zhou et al., 2001) and productivity (Wang et al., 2010).

Current space-borne imaging spectroscopy systems like the German Aerospace Center (DLR) Earth
Sensing Imaging Spectrometer (DESIS) (Eckardt et al., 2015), the Italian PRecursore IperSpettrale della
Missione Applicativa (PRISMA) (Candela et al., 2016), the Japanese Hyperspectral Imager Suite
(HISUI) (Iwasaki et al., 2011), the German Environmental Mapping and Analysis Program (EnMAP)
(Guanter et al., 2015) and upcoming missions such as the European Space Agency’s FLuorescence
EXplorer (FLEX) (Drusch et al., 2017) or the Space-borne Hyperspectral Applicative Land and Ocean
Mission (SHALOM), a cooperation between the Italian and Israelian space agency (Feingersh and Dor,
2015), will not only increase data availability and quality but also extend established spectroscopy-
based remote sensing approaches for vegetation monitoring with the measurement of the full

chlorophyll fluorescence spectrum emitted by the vegetation (Mohammed et al., 2019).

Spectroscopy offers many possibilities in earth observation. However, spectrometric measurements are
also among the most unreliable of all physical measurements (Kostkowski, 1997). Three major sources
of error are: (1) the multidimensionality of the measurements, which makes it impossible to look at each
measurement individually; (2) the instability e.g. smile and frown of the measuring instruments as well
as the methods of their spectral-, geometric- and radiometric calibration; (3) that methods of reducing
measurement errors due to the multidimensionality and instability are not widely spread (Schaepman et
al., 2002). Further influencing factors include the atmospheric state (Thompson et al., 2019), possible
degradation of the sensor (Liu et al., 2020; Nassar et al., 2018; Wang et al., 2012) and many more which
cannot yet be properly estimated or corrected for (Curran and Hay, 1986; Hank et al., 2019; Malenovsky
et al., 2019; Schaepman et al., 2002)

Systematic calibration and uncertainty assessments are of utmost importance for all satellite missions.
Calibration and Validation (Cal/Val) activities in the context of imaging spectroscopy have been
identified as a key requirement to address important scientific and environmental management
objectives worth building a joint working group between the National Aeronautics and Space

Administration, U.S.A. (NASA) and the European Space Agency (ESA) (Boccia and Adams, 2021).
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The Radiation Calibration Network (RadCalNet) represents another push towards long-term publicly
available Cal/Val data based on the cooperation of European organizations. RadCalNet consists of four
automated measurement sites in mostly non-vegetated semi-arid regions providing a time-series of in-
situ measurements (Bouvet et al., 2019). The three main approaches to space-borne spectroscopy
measurement Cal/Val are on-board calibration, the comparison to in-situ measurements and the
comparison to space-borne measurements from other missions. In contrast to the larger satellites which
are commonly equipped with on-board calibration systems, the rise of smaller satellites without on-
board calibration systems will increase the demand and importance of Cal/Val data even more (Sterckx

et al., 2020).

DESIS launched in 2018 has been calibrated and validated in orbit using spectrally homogeneous
RadCalNet sites as well as by cross-calibration with Landsat-8 and Sentinel-2 scenes. Due to the lack
of publicly available Top of Atmosphere (TOA) radiometric reference measurements, Bottom of
Atmosphere (BOA) reflectance measurements were upscaled to TOA reflectance and converted to TOA
radiance to be comparable to DESIS radiance measurements (Alonso et al., 2019). Cross calibration
with other well-calibrated satellites is the second well-established approach applied to validate DESIS
measurements (Li et al., 2017; Markham et al., 2014; Odorico et al., 2013; Shrestha et al., 2021). Bright,
near-simultaneous nadir acquisitions between DESIS and Landsat-8 or Sentinel-2 over pseudo-
invariant sites are preferred to minimize the influence of the atmosphere and geometric properties. As
Landsat-8 and Sentinel-2 are only multispectral sensors DESIS measurements need to be integrated to
match the spectral resolution (Alonso et al., 2019). Even though being a well-established method cross-
validation of hyperspectral data with multispectral data forcibly results in loss of information.
Validation with RadCalNet is limited by the sparse availability of measurement sites and the spectral

resolution of 10 nm compared to 2.5 nm of DESIS full spectral resolution (Alonso et al., 2019).

Measurements from PRISMA which is in orbit since March 2019 have been assessed over rural areas
(Cogliati et al., 2021) and a wide range of water types (Giardino et al., 2020). In-situ, as well as airborne
reflectance measurements, were collected over different landcover classes and propagated to TOA
radiance using the MODerate resolution atmospheric TRANsmission (MODTRAN) RTM to compare
to the satellite observations. The validity of this approach however is limited to similar land cover
classes and needs to be redone for other land cover classes like snow, deserts or urban areas (Cogliati
et al., 2021). Combining in-situ with airborne validation measurements allows the assessment of
measurement quality at different scales. This approach is however not suitable for recurring
measurement validation due to the high cost of airborne measurements. PRISMA water body radiance
measurement quality has been assessed using autonomous in-situ radiometers and Sentinel-2
observations at six measurement sites and nine measurement times. In-situ water reflectance
measurements were propagated by radiative transfer modelling to TOA radiance compatible with the

PRISMA measurements. To fully characterize the on-orbit calibration of the PRISMA sensor more
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match-ups between PRISMA observation, in-situ measurement and Sentinel-2 observation are needed

(Giardino et al., 2020).

Measurements from EnMap launched in April 2022 are being validated following similar approaches
as DESIS and PRISMA. In-situ data from Cal/Val sites and cross-validation with other satellites are
applied. Being the latest of the three presented spaceborne spectrometers EnMap benefits from the

available data from DESIS and PRISMA for validation purposes (Brell et al., 2021).

The two main approaches to space-borne spectroscopy measurement validation (besides on-board
validation) are the comparison to in-situ measurements or other satellite data. Regardless of the origin
of the data, quality must be ensured. This brings up the problem that the validation data can suffer from
the same problems as the products to be validated. Even though field spectroscopy is increasingly used
in support of airborne and spaceborne calibration applications, the interaction between light and surface
remains complex. Therefore, cross-validation between in situ and airborne spectroscopy measurements

has been performed in studies to validate the in situ measurements (Hueni et al., 2017).

The University of Zurich maintains multiple Fluorescence Box (FloX) sites which provide time-series
of in-situ spectrometer measurements with the high temporal and spectral resolution needed for Cal/Val
applications. The quality of the measurements however is not known and there exists no readily
available system to validate them consistently. A new validation approach, independent of additional
simultaneous measurements, is needed as installing additional measurement devices on the same site or
conducting regular airborne measurements is costly and does not solve the inherent problems with the

data.

I propose an approach that simulates in-situ spectrometer measurements by coupling two radiative
transfer models (RTM) to compare to the measurements. To achieve accurate radiance simulations, I
need to model the transmission of the light through the atmosphere, account for the fraction of light
reflected on the surface and model the path back up to the sensor. The coupling of RTMs allows the
usage of dedicated RTMs optimized for one specific sphere respectively (atmospheric effects: library
for Radiative Transfer (libRadtran), vegetation effects: Soil Canopy Observation of Photosynthesis and
Energy Fluxes Model (SCOPE)) to account for the combined effect (Mayer and Kylling, 2005; Van
Der Tol et al., 2009).

The idea of coupling RTMs has been applied in previous studies. The most common application so far
however was the retrieval of vegetation parameters by model inversion. (Atzberger, 2004; Cui et al.,
2020; Kattenborn et al., 2018; Koetz et al., 2006; Laurent et al., 2013, 2011; Lauvernet et al., 2008;
Quan et al., 2015; Verhoef and Bach, 2003).

This study aims to develop and evaluate model-based approaches for in-situ spectrometer uncertainty

assessment. Three approaches with different complexity and computational demand for simulating in-



situ spectrometric measurements are presented. All approaches are based on libRadtran (Mayer and
Kylling, 2005) and SCOPE (Van Der Tol et al., 2009; Yang et al., 2021) and applied to measurements
from the FloX spectrometer installed on the Laegeren research site (JB-Hyperspectral Devices UG,
2019; Sutter and Waldner, 2019). The correspondence or the fit between simulation and measurement
is subsequently assessed in terms of Root Mean Squared Error (RMSE) and Root Mean Squared
Relative Error (RMSRE).



2 Data and Methods

A range of modelling tools as well as in-situ measurement data is needed to build an approach for in-
situ spectrometer measurement validation based on RTM modelling. The following section is going to

introduce the data and tools used as well as the workflow of the three validation approaches built.

2.1 Study Site

The study site providing the in-situ measurements needed for this work was chosen based on the
availability of high temporal- and high spectral resolution data. A spectrometer at the Laegeren research
site provides the required time-series of measurements and is directed on a single tree which was
suspected to facilitate vegetation modelling. The site is situated at N 47° 28', 49" and E 8° 21’, 05" 682
m above sea level on the south-facing side of the Laegeren mountain, approximately 15 km northwest
of Zurich, Switzerland (Figure 1). The southern slope of the Laegeren marks the boundary of the Swiss
Plateau which is bordered by the Jura and the Alps. A 45-m-tall tower, originally designed and built as
part of the Swiss air quality monitoring network in 1986, provides micrometeorological data. The
vegetation around the tower is dominated by beech (Fagus sylvatica L.) which includes the tree in the
field of view of the FloX (Eugster et al., 2007). The growing season lasts from 170 to 190 days. The
surface cover mainly consists of bare soil, boulders and litter with a sparse understory dominated by
herbs and shrubs. The average canopy height was 24.9 m in 2020 with a stem density of 270 stems per
ha (Morsdorf et al., 2020; Sutter and Waldner, 2019).

Figure 1: Location and aerial view of the laegeren within Switzerland. (Morsdorf et al., 2020, pp. 87)



2.2 Radiometric Data

The spectrometric measurements used in this thesis were acquired by a FloX system installed on top of
the tower on the Laegeren research site. The FloX is designed to passively measure high-frequency
spectral data whilst being exposed to the elements (JB-Hyperspectral Devices UG, 2019). Figure 2

depicts the measurement setup.

Two spectrometers are mounted inside the FloX housing each measuring the downwelling irradiance
and the upwelling radiance. Based on these measurements the reflectance is calculated (JB-

Hyperspectral Devices UG, 2019).

The data used were acquired between 2021/06/10 and 2021/11/10. The dataset contains a total number
of 64’149 measurements of irradiance and radiance, and reflectance estimates from the FULL sensor

(see Table 1).

Table 1: Sensor specification of the two spectrometer installed in the fluorescence box (JB-Hyperspectral Devices UG,
2019).

FLUO FULL

Wavelength range 650 nm to 800 nm 400 nm to 950 nm

Spectral Sampling Interval ~0.17 nm ~0.65 nm

Spectral resolution ~0.3 nm ~1.5 nm

Field Of View ~180° downwelling irradiance, ~180° downwelling irradiance
~20° upwelling radiance ~20° upwelling radiance

Signal-to-noise ratio 1000 250

Quick measurements 20 seconds in bright sunshine, 60 seconds in overcast conditions,

Both measurements are taken in one cycle
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2.3 Radiative Transfer Modelling

To model irradiance and especially radiance at the Top Of the Canopy (TOC) the interactions between

incoming radiation and the atmosphere as well as with the vegetation canopy need to be considered (see

Figure 2). The top of canopy irradiance ET°¢ can be approximated according to (Damm et al., 2011) as:
TOC _ Tsd+TssTsdPdd] EScosbs
ETOC = [‘rss BT ] 2 (1.1)

where T, is the direct transmittance and 744 is the diffuse transmittance of the atmosphere for
sunlight. g4 represents the spatially filtered directional-hemispherical reflectance. 44 is the spatially
filtered bi-hemispherical reflectance of the surroundings. p4 corresponds to the spherical albedo of

the atmosphere. E{ is the extraterrestrial solar irradiance and 6 the zenith angle of the sun rays.

Top of canopy radiance LT°¢ respectively can be approximated according to (Damm et al., 2011) as:

LTOC —

(1.2)

_— 0
Tsa + TssTsaPdd Es COSGS
TssTso

1 —Tqapaa T

where 15, is the bi-directional reflectance factor of the target and r,,, is the hemispheric-directional

reflectance factor of the target.

The main difference between irradiance and radiance as shown in equations 1.1 and 1.2 is the
multiplication with the reflectance terms of the target (75, and ry,) of the latter. Radiance is therefore
directly linked to the reflectance of the target. Irradiance is influenced by the reflectance of the target
and surrounding area via the spherical albedo of the atmosphere. Irradiance measurements and
simulations are therefore also dependent on the reflectance of the target and surroundings but not as

sensitive as radiance measurements or simulations.

To account for the interaction with the atmosphere and the fraction of light reflected on the vegetation
canopy approximations of the atmospheric transmission and the reflectance spectrum are needed. The
transmission through the atmosphere is modelled in all approaches (Table 2). The reflectance spectrum
applied by approach 1 however is drawn from the measurements themselves resulting in a simplified,
less computationally demanding setup. Approach 2 and approach 3, with approach 3 being a refinement
of approach 2, model the reflectance spectrum based on vegetation traits for higher independency from
the measurements to be validated. Two individual RTMs, each accountable for one sphere (atmosphere
or biosphere), are used and coupled to simulate the measurements and account for the effects in the

respective spheres.



Table 2: Overview of the tools and data used to estimate the effects of the atmosphere (Atmospheric transfer function) and the
effect of the biosphere (Reflectance spectrum) on the top of canopy signal. Colour-coding: beige: model-based approximation,
blue: empirical approximation.

Approach 1 Approaches 2 & 3
Atmospheric transfer function libRadtran libRadtran
Reflectance spectrum Measurement-based SCOPE

2.3.1 Overview of Approaches

Consideration of the trade-off between computational effort and dependence on the measurements to
be validated led to two main approaches and one further development thereof to model irradiance and
radiance. All approaches are based on the assumption that irradiance measurements are less uncertain
(equation 1.1 & 1.2) and estimate the atmospheric parameters by iteratively optimizing irradiance. This
first step allows checking if irradiance can be reproduced at all. In the second step, radiance is modelled
which requires a more accurate reflectance estimation. Two main strategies to estimate reflectance and
a further development thereof lead to the three approaches presented in detail below. The underlying
motivation of the three strategies however is as follows. First strategy: by using reflectance from the
measurements the performance and consistency of the radiance measurements can be assessed directly.
Second strategy: by simulating reflectance using vegetation parameters it is possible to check if radiance
can be reproduced at all. The higher level of independence from the measurements additionally allows
for assessing the correspondence between irradiance and radiance measurement. Third strategy: by
using a Look-Up-Table (LUT) of reflectance simulations the influence of using fewer simulations
resulting in lower computation times can be assessed. The next paragraphs introduce these approaches

in detail.

Approach 1 “FloX-based reflectance” determines the reflectance as the ratio of radiance to irradiance
measurements around 13:00. The apparent reflectance is suspected to be closest to the true reflectance
at noon to early afternoon as the high sun position should lead to minimal shading (see Figure 4 showing
highest radiance in relation to irradiance at roughly 13:00). To provide a more stable signal the
reflectance spectra from 12:45 to 13:15 are averaged before being used as input to libRadtran. Using
the reflectance spectrum of the FloX makes the coupling of libRadtran with SCOPE obsolete and
decreases the number of simulations compared to more advanced approaches relying on SCOPE
simulations for the reflectance spectrum. Irradiance and radiance signals are simulated solely by
libRadtran and the best fit is determined using RMSE minimization between simulation and closest

measurement.

Given date and time, the model checks if a reflectance file is already existing. Otherwise, the reflectance
file for libRadtran is calculated and saved so it does not have to be recalculated in a future run. Irradiance

is then simulated for all input combinations of aerosols and water cloud optical depth. The best



simulation(s) are determined and the corresponding values of aerosols and water cloud optical depth
are saved. Radiance can be simulated by just one run per measurement given date and time as well as
the previously determined optimal parameters of aerosol and water cloud optical depth. Even if this is
computationally efficient, the high degree of dependence on the measurements is problematic

considering the approach is designed to validate the same data.

Approach 2 the “Literature-based parametrization” was designed to work more independently from the
measurements. For higher independence from FloX reflectance estimates, we refer to SCOPE
simulations based on vegetation parameters to provide a wavelength-dependent reflectance spectrum

which is used as albedo in libRadtran.

In the first step, the composition of the atmosphere is approximated by iterating over the predefined
range of values of atmospheric properties in the attempt to model irradiance. The composition of the
vegetation is left to default except for parameters relating to the time and general setup geometry. These
values however are kept constant over iterative runs of altering the atmospheric composition. Inputs to
libRadtran are provided by the input string which is adjusted for every successive run of libRadtran.
The best fit of the simulation is determined using RMSE minimization between simulation and
observation. The atmosphere parameters of the irradiance simulation with the smallest RMSE are then

forwarded to the radiance simulation.

In the second step, the radiance simulation is optimized by using the atmospheric composition
determined in the first step and iterating over every possible combination of biophysical properties
within the given range. The influence of the biophysical properties is modelled with SCOPE and evident
in the resulting reflectance file. The MATLAB-based SCOPE model gets called from within Python
using the MATLAB ENGINE API (Mathworks, 2021). Altering the input values of the individual runs
is achieved by adapting the “Input_data_default.csv” file in the SCOPE folder. Upon completion of all
radiance simulations, the best fit is again determined using RMSE minimization. Due to the large
number of runs needed approach 2 can however result in high computation times or in low parameter

sampling density and thus poorly fitting simulations.

Approach 3 the “LUT-based parametrization” is built upon approach 2 and designed to mitigate the
computational burden of the literature-based parametrization approach. A SCOPE model inversion was
built to simulate reflectance, compare the simulations to FloX reflectance estimates and save the
vegetation parameters that did lead to the best fitting simulations to a LUT. The date-specific estimation
of vegetation parameters allows a narrower, more densely sampled parameter range in the following
radiance simulation. The model inversion is best run over the whole period of interest focusing on days
with near-perfect irradiance to generate a timeline of vegetation parameters. Days without clouds lead
to less interaction with the atmosphere and are found by plotting irradiance at one wavelength (e.g. 600

nm) over a day. Given a sunny day, the resulting curve is a smooth parabola with its maximum around
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noon. A total of 26 days with near-perfect irradiance were found and simulated over our investigated

period.

Atmospheric parameters are again optimized by RMSE minimization between simulation and
measurement. The LUT is then used to retrieve temporally dependent vegetation parameter estimates
for the radiance simulations. The model chooses the LUT entry closest to the input time, retrieves the
vegetation parameters and runs coupled SCOPE-libRadtran radiance simulations for a tighter range
around the retrieved values. The best-fitting radiance simulation is found using RMSE minimization.
The third approach allows faster computing times or higher parameter sampling density once the LUT

is calculated.

2.3.2 Atmosphere Model and Parametrization

libRadtran is used in the presented approaches to model the transmission of radiation through the
atmosphere. The RTM included in libRadtran is designed to estimate the radiation field for given
atmospheric and surface conditions (Mayer and Kylling, 2005). libRadtran, in contrast to other in
remote sensing more widespread RTMs like MODTRAN (Guanter et al., 2009), is open source which

allows everyone to adapt or further develop the approaches presented in this thesis.

Uvspec is libRadtran’s main tool. The user can choose between ten radiative transfer equation solvers
and specify the composition of the atmosphere in detail (Mayer et al., 2017; Mayer and Kylling, 2005).
The simulations in this thesis are based on the widely used DIScrete Ordinante Radiative Transfer,

solver short DISTORT, code (Mayer et al., 2017; Stamnes et al., 1988).

The atmosphere interacts with the radiation that passes through it in two ways. First, it reduces the
amount of radiation that illuminates the ground and is reflected from the ground by scattering and
absorption. Second, it increases the measured signal by adding scattered extraneous radiation, acting as
a reflector (Lillesand et al., 2015). Aerosols and water cloud optical depth were found to have the
greatest impact on irradiance (Al Asmar et al., 2021). Reasonable ranges for the parameters at the
Laegeren test site were found based on literature and experience gained during the process (ranges see
Table 3). The aerosol type below 2 km is set to rural assuming high air quality outside of major cities

in Switzerland.
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Table 3: Parameter ranges used in the simulations as an approximation of the atmospheric conditions. The library of Radiative
transfer (libRadtran) parameter “aerosol_modify tau set” sets the aerosol content in the atmosphere in [g/m"3] and
“we_modify tau550 set” sets the water cloud optical thickness at 550 nm in [g/m”3] for the libRadtran simulation based on
the values provided. The parameter value ranges were defined according to literature and experience gained during the
process (Al Asmar et al., 2021; Mayer and Kylling, 2005).

Parameter name libRadtran Min Max Step size
aerosol_modify tau set [g/m”3] 0 2.3 0.2
wc_modify tau550 set [g/m”3] 0 8 1

2.3.3 Vegetation Model and Parametrization

SCOPE is used to estimate the spectral reflectance of the surface in approaches 2 and 3 based on
vegetation traits and auxiliary data. SCOPE was developed in MATLAB and simulates the radiative
transfer in the soil, leaves and vegetation canopies considering photosynthesis and non-radiative heat
dissipation (Van Der Tol et al., 2009; Yang et al., 2021). A large range of outputs can be produced but
for this project, only the TOC reflectance in viewing direction is used. Please note that in contrast to
equation 1.2 applying six individual reflectance and albedo terms (rso, T'do, I'sd, Tad Pso and paa), only one
reflectance output of SCOPE is passed on to the libRadtran simulation. Experiments providing
libRadtran with individual terms were conducted but resulted in lower correspondence between

simulation and measurement and were therefore discontinued.

The composition of the vegetation at the study site and time of measurement is not known. Ideally, the
parameters would be measured with high temporal resolution in the field but the high effort involved
makes it impossible. Knowledge of the composition of the vegetation however is crucial for the
estimation of the reflectance spectrum which directly impacts the simulated radiance. Multiple
approaches to parametrize the biosphere which do not require field measurements were examined and
applied. Additionally, a simplified approach which works independently of vegetation parameterization

was developed.

A multitude of different approaches to estimate reasonable ranges for the parameters of the biosphere
failed including satellite-derived estimation, plant trait database estimation as well as brute force
approaches. Satellite Chlorophyll A+B (CAB) products mainly focus on the oceans, the Google Earth
Engine (GGE) data catalogue does not contain any Carotenoid (CCA) products and the highest spatial
resolution of Leaf Area Index (LAI) products is with 500 m (Gorelick et al., 2017) too large for any
reasonable point estimation. The plant trait database TRY with close to 12 million entries was queried
for fagus sylvatica (beech) and the required trait measurements (Kattge et al., 2020). The availability of
measurements was too low, spatially dispersed over the whole world and unfortunately temporarily
clustered to an extent that seasonal patterns were no longer reconstructable. In addition to the sparse
availability of parameter measurements for beech trees, the transmissibility within species is highly

doubtable as leaf side, leaf age and stress status of the tree were found to superimpose the effect of plant
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species on the reflectance spectrum (Mohammed et al., 2000). The seasonal dynamic of overstory and
understory LAI was measured at the Laegeren in 2015 indicating LAI between 4 and 6 during the season
of investigation (Paul-Limoges, 2017). Even if the measurements were taken on the Laegeren, this does
not mean that they come from the same tree that is in the field of view of the FloX. The ranges for the
biosphere parameters are therefore largely based on literature, experience gained during the process and
deliberately widened to decrease the risk of bad fitting simulation due to too narrow parameter ranges

(ranges see: Table 4). The ranges do not claim to be exact or transferable to different locations.
Table 4: Parameter ranges for the simulation of the vegetation canopy using the Soil Canopy Observation of Photosynthesis

and Energy Fluxes Model. Parameter value ranges are based on literature and experience (Gitelson et al., 2002; Hosgood et
al., 1994; Morley et al., 2020; Paul-Limoges, 2017; Scartazza et al., 2016; Thimonier Rickenmann and Schleppi, 2011).

Parameter name SCOPE Min Max Step size
Leaf chlorophyll concentration [pg/cm2] 30 45 5
Leaf carotenoid concentration [pg/cm?2] 5 20 5
Leaf Area Index [m2/m2] 3 15 1

2.3.4 Model Coupling

libRadtran is capable of calculating the atmospheric effects but not optimized to estimate the interaction
with the vegetation. Default reflectance spectra are available (Mayer and Kylling, 2005) but not fit for
our purpose. SCOPE is well suited to estimate the spectral reflectance at the study site as the vegetation
in the field of view is known. Accurate simulations, therefore, require a coupled model where libRadtran

is provided with SCOPE-based estimations of the spectral reflectance or albedo.

SCOPE and libRadtran are coupled by adapting the SCOPE reflectance output to the format of the
libRadtran albedo files and providing it as input to libRadtran.

2.3.5 Model Parallelization

Parameters for the atmosphere (aerosols and water cloud optical depth), biosphere (CAB, CCA and
LAJ) as well as the point in time (determines illumination geometry) lead to a six-dimensional input
space for the coupled model. The high dimensionality of the input space not only causes high
computation times but also a huge input sampling space and low sampling density. Low sampling
density increases the probability of bad-fitting simulations. The architecture of the coupled model was

therefore improved to achieve higher sampling and lower computation time.

To break down the sampling space the optimization process of atmospheric parameters and vegetational
parameters was split apart. The sensitivity to reflectance spectrum misspecification is, based on
Equations 1.1 and 1.2, smaller for irradiance simulations compared to radiance simulations. The
atmospheric parameters are therefore optimized by iterative runs over atmospheric compositions using

a single SCOPE reflectance estimation. The SCOPE configuration is left to default except for site and
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date-specific inputs (e.g. date, coordinates, altitude, vegetation height, measurement height (Sutter and
Waldner, 2019), solar- and viewing zenith angle calculated by pysolar (Zebner et al., 2014)) which are
still provided. The atmospheric parameters get fixed to the values of the irradiance simulation with the
highest correspondence to the measurement. The atmospheric parameters are then used as input for the

radiance simulations which iterate over the combinations of vegetation parameters.

In a second step, the setup of the models was optimized to run in parallel on as many cores as the
available system allows. Running the models on a small server with 8 cores based on the
multiprocessing library in python (“Process-based parallelism”, 2022) helped additionally and made
running simulations overnight more convenient. Overall the computing time was reduced by more than

85% compared to the original setup on a local machine.

2.4 Statistical Analysis of Measurement and Simulation

To evaluate the performance of each model, simulations were run on all sunny days of the 154-day
measurement period at 1 pm. The time for the simulations was chosen as shading is suspected to be
lowest in the early afternoon as Figure 4 shows the largest radiance in relation to irradiance at roughly
13:00. The correspondence between measurement and simulation is determined using the RMSE in the

wavelength region between 400 and 800 nm (Despotovic et al., 2016).

The RMSE is defined by

RMSE = \/%Z?zl(obsi — sim;)? 2.1)

As a more tangible measure of error, the RMSRE is provided additionally and used for the analysis

(Despotovic et al., 2016).

The RMSRE is defined by

1 obs;—sim; 2
RMSRE = \/52?:1(—) (2.2)

obs;

where obs are the observations of the FloX, sim the simulations to be validated and n the number of

wavelengths considered.
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3 Results

The performance of the individual models was assessed over the season and over the time of a single
day. To do so irradiance and radiance were simulated for every day of the investigated period at 13:00

and at hourly rates on the 2™ of September and compared to the measurements.

3.1 Seasonal and Diurnal Irradiance and Radiance Dynamics

The focus of the analysis was placed on sunny days, as today's models cannot fully compensate for the
influence of the weather (Al Asmar et al., 2021). Most outliers in the error measurement time-series are
suspected to be caused by weather-related effects. This conjecture is supported by usually very low

irradiance and radiance measurements at the time of bad-fitting simulations.

Days with perfect irradiance were identified by visually assessing the curve of the irradiance at 600 nm
plotted over the time of the day. If the curve is a smooth parabola with its maximum around noon
without any major disruptions in the profile the day is considered perfectly sunny or also clear-sky

(Figure 3).
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Figure 3: Plot of the irradiance at 600 nm over a sunny day (left) with perfect irradiance and an overcast day (right) with
non-perfect irradiance.

Of the 154 days in total, only 8 were found to match the requirements. The irradiance and radiance
curves of the selected days are displayed in Figure 4. The radiance signals are less regular showing
sharp short-term variation in the measurements. Given the smooth irradiance profile, the sharp changes
in the radiance profile must be caused by sudden changes in the reflectance profile. As the composition
of the vegetation does not alter at that temporal rate the changes in reflectance are assumed to be induced
by illumination effects or shadowing. The effects of shadowing on reflectance cannot be modelled with

the current setup and are one of the main reasons for the higher uncertainty of radiance simulations.
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Figure 4: Irradiance and radiance of sunny days from 05:00 to 18:10 at 600 nm. The decline in the magnitude of the signal
over the measurement time was expected as a consequence of the seasonal variation in solar irradiance. Y-range for irradiance
on the left and for the radiance on the right.

3.1.1 Method Comparison — Seasonal Effects

Irradiance and radiance simulations were run on all sunny days and by all approaches. Figure 5 shows
the variation in correspondence between measurement and simulation on days with good-fitting
simulations to days with poor-fitting simulations. To visually assess the fit of all simulations consult
Figure 12 in the appendix. To make the approaches more comparable, the focus of the analysis was

placed on the RMSRE instead of the visual assessment.
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Figure 5: Examples of a day with well-fitting simulations (2021-09-02 upper) and a day with bad-fitting simulations (2021-
10-24 lower) with corresponding fluorescence box measurements from the laegeren site.
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The mean and median RMSRE for irradiance simulations on sunny days is below 8.5 % for all 3
approaches (Table 5). Approach 1 is marginally lower in RMSRE and Standard Deviation (SD) than
approaches 2 & 3. Based on their architecture approaches 2 & 3 result in the same irradiance simulation
if given the same parameter range and measurement to optimize - which was the case in this analysis
(see Table 3 for applied parameter ranges). The small difference between mean- and median RMSRE

as well as the generally small SD can be seen as an indication of model stability.

Radiance simulations have higher RMSRE compared to irradiance simulations independent of the
applied approach. Approach 1 results in the lowest RMSRE of ~10 % compared to ~24 % and ~21 %
for approaches 2 & 3 respectively. Approach 1 again has a marginally lower mean RMSRE and low
SD. Approaches 2 & 3 however show 4 - 5 % lower median RMSRE compared to mean RMSRE and
a ten-fold increase in SD compared to Approach 1. These measures suggest lower stability of

approaches 2 & 3 in radiance simulations.

Table 5: Summary of Mean, Median and Standard Deviation (SD) of Root Mean Squared Relative Error (RMSRE) for Sunny
Irradiance and Radiance Simulations in Percent [%].

RMSRE on Sunny Days
Irradiance Radiance
Approach # 1 2 3 ) 1 2 3 )
Mean RMSRE [%] 8.10 8.36 8.36 8.27 1036 2381 20.83 18.33

Median RMSRE [%]  8.00 8.29 8.29 8.19 10.70  20.02 16.47 15.52

SD of RMSRE 0.0058 0.0065 0.0065 0.0063 0.0081 0.0924 0.0843 0.0616
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Figure 6 (left) displays the temporal distribution of RMSRE for irradiance and shows clearly that
approach 1 performs best over the whole period investigated. The range of error is between 7.5% and
10%. The value range of RMSRE of radiance simulations (Figure 6 right) is ~10 to ~45%. Approach
1 yields the lowest RMSRE values, shows low variance and no seasonal pattern. Approaches 2 & 3
yield higher RMSRE values in general, have higher variability and do show a seasonal pattern of
increasing RMSRE towards the end of the season. However, RMSRE stays below 25% for all
approaches and days except the last two days which result in very high RMSRE estimates for

approaches 2 & 3.
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Figure 6: Root Mean Squared Relative Error (RMSRE) between measurement and simulation for all 3 approaches on sunny
days from 2021-06-14 to 2021-10-24 for irradiance (left) and radiance (right). Approach 1: green circle, Approach 2: orange
triangle, Approach 3: blue/violet star.
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3.1.1.1 Input Parameter Distribution

The parameters of the atmosphere (Figure 7 upper) cluster in a limited space of the previously defined
parameter range (Table 3). No pattern over the season is apparent. Approach 2 & 3 do again agree on
the chosen parameters based on their architecture which can therefore not be seen as two independent

approaches converging to the same optimum.

Biosphere parameters are only available for approaches 2 and 3 as approach 1 works independently of
a specification of the biosphere. No distinct seasonal pattern is visible. The two approaches did converge
in a stable level of 10 pg/cm2 CCA content in the majority of the simulations. Biosphere parameters
and radiance simulations in general are not forced to converge by the architecture of the model and
therefore indicate agreement in parameter selection by the two models. The CAB content is estimated
in a narrow range by both approaches. Approach 3 results in slightly lower CAB values in the second
half of the investigated measurement time which could be caused by decreasing CAB content during
senescence. The LAI is generally estimated very high at 14 for most simulations by approach 2. The
temporal distribution of LAI by approach 3 is parabola shaped with the minimum at 6 right at halftime
of the investigated period.
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Figure 7: Atmosphere- (upper) und biosphere- (lower) parameter distribution on sunny days. Y-limits are set to the respective
parameter range for each atmosphere- and biosphere parameter.
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3.1.2 Method Comparison — Diurnal Effects

Hourly simulations by all approaches were run on the 2™ of September 2021. Simulations past 18:00
did result in an RMSRE of 100% as the best simulations dropped heavily below the measurements. The
investigated time was therefore limited between 06:00 and 17:00. The simulation fit of selected times

can be assessed in Figure 8. For the visual assessment of all simulations consult Figure 13 in the

appendix.
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Figure 8: Irradiance (left) and radiance (right) simulations of selected times on the 2" of September 2021 together with the
measurement from 400 nm to 800 nm.

The mean RMSRE of irradiance simulation for all approaches is below 10%. Approach 1 provides
simulations with a very slightly lower mean RMSRE compared to approaches 2 and 3 (Table 6).
Radiance simulations did result, independent of the applied approach, in much higher RMSRE values

than irradiance simulations. The mean RMSRE for radiance simulations over all approaches (28.83) is
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just over three times larger than the mean RMSRE for irradiance simulation over all approaches (9.63).
Approach 1 performed worst with an RMSRE of ~38% compared to approaches 2 and 3 with ~24%
and 25% respectively. The SD in RMSRE of approach 1 radiance simulations is by far the highest

observed indicating large variability between the fit of the simulations and low stability over the day.

Table 6: Mean, Median and Standard Deviation (SD) of Root Mean Squared Relative Error (RMSRE) for irradiance (left) and
radiance (right) hourly simulations for all 3 approaches on the 2nd of September 2021 from 06:00 to 17:00.

RMSRE on the 2™ of September 2021
Irradiance Radiance
Approach # 1 2 3 o 1 2 3 @
Mean RMSRE [%] 9.51 9.69 9.69 9.63 37.81 2395 2474 28.83

Median RMSRE [%]  7.79 7.95 7.95 790  29.16 23.12 2158 24.62

SD of RMSRE 0.0332 0.0332 0.0332 0.0332 0.2424 0.0784 0.0835 0.1348

Figure 9 displays the temporal distribution of RMSRE values over the day and the agreement of the
three approaches. The temporal distribution of RMSRE values for irradiance simulations is a parabola
with a wide bottom around noon. Simulations before 08:00 and after 14:00 have higher RMSRE. All

approaches performed about equally.

RMSRE values of radiance simulations peak from around 09:00 to 10:00 depending on the approach.
Approach 1 shows higher variance in RMSRE over time compared to approaches 2 and 3 which have
a similar temporal pattern but less variance between simulations. The lowest RMSRE values are at

13:00 for approach 1 and at noon for approaches 2 and 3 respectively.

RMSRE Irradiance RMSRE Radiance
638 O Approach 1 & 0.8 o o)
' /A Approach 2 0.7
0.16 z Approach 3 O
0.6
& 0.14 @05 O
n é; v
s s g
@ 0.12 A o 0.4 @ % % .
© A . o A L
03] & w A O (o)
0.10 T & A * A O A
& S 0210 X ° K o % . &
o88 5568600868 01 X5o0do©
Q0 Q0 Q0 QQ Q0 Q0 Q0 Q0 Q0 Q0 Q0 Q0
Qe " 40" b A& Ao Q© o A0 2 AN 40"

Figure 9: Plot of the Root mean Squared Relative Error (RMSRE) of irradiance (left) and radiance (right) simulations from
06:00 to 17:00 for all 3 approaches on the 2nd of September 2021 over time.
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Figure 10 illustrates the temporal parameter distribution of the atmosphere (upper) and the biosphere

(lower) within their respective parameter ranges over time.

Optimal aerosol and cloud optical depth values cluster within the lower half of the parameter range. No

distinctive pattern is visible. Vegetation parameters are quite stable in the morning but show

unrealistically large variation over the whole day.
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Figure 10: Atmosphere (upper) and biosphere (lower) parameters of optimal hourly simulations on the 2nd September 2021

Sfrom 06:00 to 17:00.

22



4 Discussion

4.1 Correspondence between Simulated and Measured Radiance and Irradiance

4.1.1 Irradiance

Irradiance simulations did generally fit the FloX measurements better in terms of RMSRE compared to
radiance simulations. This was expected as misspecification in the reflectance spectrum has a much
lower influence on irradiance than on radiance. Irradiance simulations on sunny days were consequently
not heavily affected by seasonal senescence and show only a marginal increase of 1% RMSRE on the
last date in the investigated period compared to the mean RMSRE over the investigated period. The
water cloud optical depth parameter applied in the simulations is the most important parameter to
compensate for clouds which have a large impact on irradiance on non-clear-sky days (Al Asmar et al.,
2021). Simulations on cloudy days did show, however, that the current setup can only partially
compensate for clouds and results in increased RMSRE. Including fractional cloud coverage in
irradiance simulations has been proposed to further increase the accuracy of direct irradiance estimates
(Al Asmar et al., 2021). Due to the multiplicative increase of model runs needed by iterating additional
atmosphere parameters the greatest disadvantage would be the increase in computational demand. The
performance of a sensor in real-life applications however usually deteriorates over a prolonged time
(Liu et al., 2020; Wang et al., 2012) which makes sensor validation based only on sunny days feasible.
If measurement validation on cloudy days is needed the adaption of fractional cloud cover in the model

could be beneficial.

Approach 1 performed best for every sampled day in the season at 13:00. The increase in accuracy
however is only marginal (0.26%). We do suspect that the difference originates in the reflectance spectra
as the transmission through the atmosphere is modelled the same for all methods. Conversely, this
implies that modelling the reflectance spectrum with SCOPE only leads to an increase in the mean
RMSRE of 0.26% in irradiance simulations at 13:00, compared to using reflectance spectra directly
from the measurement. However, based on the daily simulations we are unable to tell whether the
SCOPE simulations approach the true reflectance or if the influence of the reflectance spectra is just

very low.

The time of the simulation influences the resulting RMSRE. Simulations before 08:00 and past 15:00
result in high RMSRE values reaching 100% already at 18:00. The time of the day surely determines
insolation but is accounted for in libRadtran as well as in SCOPE (Mayer et al., 2017; Mayer and
Kylling, 2005; Zebner et al., 2014). As the influence of the vegetation canopy and the reflectance
spectrum on irradiance simulations is expected to be small we suspect that the underestimation of
irradiance in our simulations (Figure 13) and the increase in RMSRE (Figure 9) in the early morning
and late afternoon by all approaches to be caused mainly by libRadtran. The effects could however also

be caused by the measurement setup.
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Approach 1 uses the reflectance spectrum calculated based on the measurements at 13:00 for all times
of the day to simplify the model. However, investigations of the apparent reflectance in the
measurements (Figure 11 right) show large variation in reflectance over the day in wavelength regions
upwards of 725nm due to shading and possibly due to variation in the composition (e.g. leaf water
content, stress) or orientation (e.g. leaf angle) of the vegetation (Cipar et al., 2008; Petibon et al., 2021,
Alex Damm, Personal Communication 2022). Figure 11 left shows that the variation in the reflectance

spectra on sunny days over the season is smaller than the variation over a day.

FloX Spectral Reflectance

Sunny Days 1 p.m. Hourly on 21/09/02
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Figure 11: Reflectance spectra from fluorescence box measurements (left) for sunny days at 13:00 and (right) every two hours
on the 2 of September 2021.

Surprisingly approach 1 still performs slightly better than the other approaches even if constantly using
the reflectance spectrum at 13:00. As the simulations overall are fitting rather well with a mean RMSRE
of below 10% we conclude that the reflectance spectra are not of high importance in irradiance
simulations. Additionally, we find that the SCOPE simulations are not capable of fully reconstructing
the reflectance as the two approaches which tried to simulate the reflectance at the time of the
measurement performed slightly worse than using reflectance from measurements at 13:00. Including

additional vegetational parameters may lead to a better fit at the cost of higher computing time.

Generally, it is found that for irradiance simulations, differences in RMSRE between simulations are
caused by libRadtran and differences between approaches on the same date are caused by SCOPE. The
influence of the reflectance spectra on irradiance is not high enough to make a large difference in
performance between the approaches, but it is the only difference between the approaches on the same
date and time of the simulation. Additionally, it follows that the choice of the approach does not matter

as much as the time and parameter range of the atmosphere parameters.
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4.1.2 Radiance

Radiance simulations generally result in higher RMSRE and show higher variation between the
approaches. As the transmission through the atmosphere is optimized during irradiance simulation and
always run with the same configuration there is not much potential for additional error based on
atmospheric transmission except for the path back from the surface to the sensor. The additional path
is compensated for by providing measurement height and vegetation height to libRadtran and should
not have a large influence. Approach 1 performs by far the best with a mean RMSRE of ~10.5% over
sunny days at 13:00 and shows no seasonal pattern compared to 24 % and 21 % with distinct seasonal
patterns (Figure 6). The fact that all approaches lead to similar good agreement in irradiance, but
approaches 2 and 3 lead to lower agreement in radiance, shows that reflection simulation is problematic
Especially simulations towards the end of the season (14" and 24™ of November) have high RMSRE
with values around 30% and 42% respectively. As approach 1 which is relying on the spectral
reflectance from measurements on the respective dates does not suffer from similar effects we conclude
that SCOPE-based reflectance simulations do not maintain a constant degree of fit to the true reflectance
over the season. This indicates that the parametrization of SCOPE is problematic and needs better
ground truth. The outcomes additionally demonstrate the high sensitivity of radiance simulations to
reflectance spectra simulation misspecification. The increasing RMSRE towards the end of season is
suspected to be caused by a too high CAB value in reflectance simulations which leads to an
underestimation of radiance between 550 nm and 700 nm (Figure 12). CAB was expected to decrease
during senescence which it only did in approach 3. CAB in approach 2 however was not able to decrease
as it was already estimated at the lowest possible value in June. This indicates that the literature-based
parameter range estimation is off or that interaction between multiple vegetation parameters leads to
unrealistic combinations. Overstory LAI at the laegeren site over the months of interest was measured
at between 4 and 6 in 2015 (Paul-Limoges, 2017) which is considerably lower than the simulation
estimates of LAl up to 14. As high CAB content reduces reflectance and high LAI increases reflectance
one explanation for the unexpectedly high values in both parameters could be the compensation of too
high CAB by too high LAI. The origin of the compensatory mechanisms could either be a too high
lower limit for CAB but also effects of ill-posedness concerning high LAI generally resulting in good

fitting simulations.

Against the simplifying assumption of constant reflectance over the day the apparent reflectance
spectrum was found to vary heavily over the time of a day which is not compensated for by approach
1. Approach 1 accordingly results in a very high mean RMSRE of ~38% in simulations over the course
of a day. Approaches 2 & 3 allow higher variability in reflectance by either iterating all possible
combinations or retrieving the best parametrization from LUT resulting in 25% and 24% mean RMSRE
respectively. Interestingly the highest RMSRE of 80% by approach 1 does not occur at marginal times

of the day but at 09:00. Measurement-based reflectance estimations (Figure 11) are lowest around 09:00
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to 10:00 which could explain the overestimation of reflectance by SCOPE and the resulting
overestimation of radiance at 09:00 evident in simulations by all approaches but strongest in approach

1 (Figure 13).

As opposed to irradiance simulations where temporal performance differences are suspected to be
caused by libRadtran the same does not hold for radiance simulations. The influence of the reflectance
spectrum largely dominates the resulting simulation fit. The current SCOPE configuration is not capable
of maintaining the same fit of modelled spectral reflectance over the season or the time of the day. Over
the time of a day, however, the reflectance modelling approach provides a better fit resulting in smaller
SD between simulations compared to assuming constant reflectance. The cause of the low reflectance
at 09:00 (largest RMSRE) is not known but could be caused by shadowing effects. Vegetation
parameters were expected to be stable over the span of a day. The results however show variation in the
vegetation parameters suspected to be triggered by illumination effects. SCOPE simulations in the
current setting are not capable of compensating for shadowing effects directly. The effects of the
shadowing are partially compensated by altering vegetation canopy composition. The improvement in
the modelled reflectance does therefore not correspond to a more accurate model but compensation of

shading effects by vegetation composition.

4.1.3 Challenges and Limitations of this Study

Parameters used in the optimal runs can be retrieved but are ill-posed which is characteristic of model
inversions (Laurent et al., 2013). Currently, the simulations are optimized to fit the measured signal by
RMSE minimization but do not take into account the likelihood of input combinations. The problem of
ill-posedness could be reduced by using a priori information, temporal restraints or Bayesian statistics

(Laurent et al., 2011; Lauvernet et al., 2008; Quan et al., 2015).

Especially for radiance simulations more accurate, a priori biosphere parameter knowledge would be
beneficial to run simulations with a smaller value range but higher sampling density. Accurate field
measurements with high temporal sampling would allow defining smaller ranges around time-based
optimal parameters with very high sampling density. However as field measurements are only valid for
one location, time-consuming and expensive, Bayesian network-based approaches may be more
promising. Bayesian statistics are used to reduce the probabilities of unrealistic combinations by
introducing the model’s free parameter into their prior joint distribution (Quan et al., 2015). Currently,
we suspect that shadowing effects are often compensated by the interplay of CAB and LAI. Allowing
only realistic combinations as model input would therefore help to develop a more stable model. The
problem of ill-posed parameter selection and large uncertainty of the parameter ranges together with
shadowing effects lead to high RMSRE for simulations over the day. To achieve a consistently good fit
throughout the day, more a priori knowledge of the vegetation parameters, as well as a more

sophisticated optimization process, is needed.
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4.1.4 Towards Improved Capacity to Evaluate Accuracy of Field Spectral measurements
The current approaches presented in this work remain limited to clear-sky days with perfect irradiance
as clouds cannot be fully compensated for. Whilst irradiance could be modelled through the whole
investigated period and over most of the time of the day with good accuracy, radiance measurements
showed much higher sensitivity to errors in the reflectance spectrum. The high accuracy of radiance
simulations at 13:00 of approach 1 should not blindly be trusted as the simulations are dependent on the
measurements we are trying to validate. The suitability of the simulations to validate the measurements

overall is hard to assess as we do not have validated nor corrupt measurements to compare to.

We propose to run simulations on sunny days at 13:00 by approaches 2 &3 during a period when the
FloX sensor was known to be degraded and compare the resulting RMSRE values to the values obtained
in this project. Approach 1, even though delivering the best accuracy over the season at 13:00 is not

appropriate for measurement validation due to its heavy dependency on the measurements themselves.

Better a priori parameter estimation and a more sophisticated optimization process are needed to
increase the consistency of the parameter estimations which would ensure that simulation fits are not
due to chance. To validate all measurements of the FloX in live time more computational power or the
use of emulators that approximate RTMs with statistical learning (Rivera et al., 2015; Verrelst et al.,
2019, 2017) is needed as the current setup would take more than 24 hours to run simulations for all
measurements of a day which makes live validation impossible. The Automated Radiative Transfer

Models Operator (ARTMO) emulator toolbox could be used for that task (Verrelst and Rivera, 2021).
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5 Conclusion

I conclude that simulated and measured irradiance agree well with a mean RMSRE of below 10% over
the season and over the time of the day for all approaches. Radiance simulations resulted, due to the
higher sensitivity to canopy reflectance, in a higher RMSRE of ~10 %, ~24 % and ~20% over the season
at 13:00 and ~38 %, ~24% and ~25% over the time of the day for the respective approaches.
Investigations showed large variation in the estimated reflectance profiles of the measurements over the
day caused by shadowing effects which currently cannot fully be compensated for by the model. 1
conclude that more accurate reflectance spectrum modelling is needed to enable validation of field
spectroscopy radiance measurements, e.g. by using better a priori vegetation parameter estimates and a
more sophisticated optimization process. Bayesian network approaches would additionally allow to
reduce the compensation of shadowing effects by vegetation composition changes and provide more
stable simulations. To enable measurement validation on non-clear-sky days the adaption of the cloud
fractional cover and possibly additional atmosphere parameter is needed. To meet the increased demand
for computational power the use of emulators should be considered as an option to allow more dense
parameter sampling with higher computational speed. Finally, I would like to stress the importance of
further research on the effect of shadowing and how these effects could be integrated into RTM-based

field spectroscopy measurement validation.
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Figure 12: Irradiance (left) and radiance (right) simulations on sunny days over the period investigated by all approaches
together with the measurement between 400 nm and 800 nm.
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Figure 13: Results of irradiance (left) and radiance (right) simulations on the 2nd of September from 06:00 to 17:00 by all

approaches together with the measurements from 400 nm to 800 nm.
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