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Retrieval in the Os-A Absorption Band
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Rupert Miiller

Abstract—The successful operation of airborne and space-based
spectrometers in recent years holds the promise to map solar-
induced fluorescence (SIF) accurately across the globe. Machine
learning (ML) can play an important role in this effort, but its
application to SIF retrieval methods is in part hindered by the
need for time-consuming radiative transfer modeling to account
for atmospheric effects. In this work, we address this difficulty and
develop a fast and accurate physics-based ML emulator of at-sensor
radiances around the O,-A absorption band for the space-based
DESIS and the airborne HyPlant spectrometers. Different ML
models are trained on an extensive set of simulated spectra en-
compassing a wide range of atmosphere, geometry, surface, and
sensor configurations. A fourth-degree polynomial model is found
to perform best, presenting errors at or below 10% of typical SIF
at-sensor radiances and a prediction time per sample spectrum
of 10—20 pus. Using data acquired with the HyPlant instrument,
the proposed model is also shown to be able to match very closely
the measured spectra. We illustrate how to improve further the
accuracy of the emulator and how to generalize it to other sen-
sors using the particular case of ESA’s FLEX space mission. Our
findings suggest that physics-based emulators can be efficiently
used for the development of ML-based SIF retrieval methods by
generating large training datasets in short time and by enabling a
fast simulation step for self-supervised retrieval schemes.

Index Terms—Hyperspectral sensors, machine learning, radia-
tive transfer, solar-induced fluorescence.

I. INTRODUCTION

EMOTELY sensed optical data collected by airborne
R or space-based Earth observation instruments inevitably
carry the imprint of the atmosphere. These so-called atmospheric
effects depend on wavelength range of interest, spectral resolu-
tion, and observation conditions, but usually they are substantial
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and cannot be ignored when analyzing the spectrometric data.
Therefore, the processing of remote sensing data requires com-
plex radiative transfer modeling in order to account or correct
for atmospheric effects before surface-related observables can
be derived. This step typically relies in part on specialized
radiative transfer packages (such as MODTRAN [1], [2], li-
bRadtran [3], [4], or 6S/6SV [5], [6], [7]), which are crucial
in accurately modeling the light path through the atmosphere
but are often too slow to be included in online correction or
retrieval schemes. In many applications, the time-consuming
radiative transfer calculations are performed offline and saved in
look-up tables that can be swiftly accessed during correction or
retrieval.

One such application is the retrieval of solar-induced flu-
orescence (SIF) emitted by plants between 650 and 800 nm
during the photosynthetic process [8], [9]. SIF represents an
important indicator of the efficiency of photosynthesis and can
be used to monitor vegetation status. Thus, there is considerable
interest in measuring SIF from remote platforms in order to
study extended areas of vegetation. The SIF radiance is however
much smaller than the surface reflected radiance [8], making
its measurement particularly challenging even under favorable
conditions. The relative strength of the SIF signal is significantly
improved in regions of the spectrum where the reflected signal is
reduced as in solar Fraunhofer lines or in atmospheric absorption
bands. To resolve these features requires in turn a high spectral
resolution instrument with sufficient signal-to-noise ratio. De-
spite the challenges, SIF has been successfully retrieved from
selected airborne instruments both in solar Fraunhofer lines and
in oxygen absorption bands [10], [11], [12] (see also [13]).
Retrieval schemes such as the spectral fitting method [14],
[15] make use of precomputed look-up tables based on offline
radiative transfer computations. Because the latter are slow, the
look-up tables are necessarily restricted to a limited range of
atmosphere and observation geometries. This limitation could
be efficiently addressed by machine learning (ML) models since
they are well suited to speed up the forward simulation step and
thereby provide a fast alternative to full-fledged radiative transfer
modeling (see, e.g., [16], [17], [18]). Besides extending the
scope of traditional SIF retrieval methods, an ML emulator can
also be seamlessly integrated into the recent efforts to develop
ML-based SIF retrieval schemes [19], [20], [21], [22].
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The goal of the present work is to develop a physics-based
ML emulator of at-sensor radiances in the vicinity of the Os-A
absorption band (A = 740 — 780 nm) for use in SIF retrieval
methods. The choice of the O2-A band is motivated by the
significant depth of the absorption feature and its wide use
for SIF retrieval. The narrow range also helps reducing the
complexity of the problem and enables the generation of large
datasets of simulated spectra. In the future, the O,-B absorption
band (around 687 nm) and other spectral ranges should also
be considered. We focus on two representative instruments
currently in operation, namely the DESIS spectrometer [23],
[24] operating on the International Space Station since 2018
and the airborne HyPlant spectrometer [12] which is the demon-
strator for the FLEX space mission. The proposed emulator
can also be generalized to other sensors in a straightforward
manner.

The article is organized as follows. Section II introduces
the simulated data and methodology adopted, while Section III
reports the performance of all tested physics-based ML emu-
lators and explores strategies to improve upon our proposed
ML model. Section IV discusses the relevance of our results
and the concluding remarks are given in Section V. Note that
this manuscript is an extended and improved version of our
previous work presented in [25]. In particular, we use here newly
simulated datasets (see Section II-A), compare the emulator to
data acquired by the HyPlant instrument (see Section IV), and
implement emulator variants with improved accuracy perfor-
mance (see Section III-C).

II. DATA AND METHODS
A. Simulated Data

The first step in developing our physics-based ML emulator
is to assemble a body of simulated at-sensor radiance spectra
capturing a meaningful range of atmosphere conditions, obser-
vation geometries, surface properties and sensor characteristics.
For our purposes, the at-sensor radiance signal has contributions
due to light scattered by the atmosphere as well as light reflected
and emitted by the surface [26]:

EngT
Le=Lp+ (1= pS)
where Ly, is the path radiance, E) is the global solar irradiance
on the ground, T" is the total transmission coefficient from
surface to sensor (comprising direct and diffuse components,
T = TdTir + T, dTif), and S is the spherical albedo of the atmo-
sphere. The surface reflectance and SIF on-ground radiance are
represented by p and Ly, respectively. The at-sensor radiance
spectrum in sensor resolution is then obtained by convoluting
the above expression with the appropriate spectral response
functions. It is noteworthy that the atmospheric functions L,

+ LpT? (1)

EY, TdTir, Ty and S depend solely on atmosphere and geometry
and can thus be computed separately and applied for different
surface and sensor configurations. Accordingly, a two-module
software tool was developed to simulate at-sensor radiance
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spectra. The atmosphere and geometry parameters are passed
to the first module, which derives the atmospheric functions
L,, ES, T(Iir, Tjif, and S at very high spectral resolution. We
modeled radiative transfer through the atmosphere with the
line-by-line algorithm of MODTRANG [2], but other radiative
transfer software can also be used in our generic approach.
The surface and sensor properties are handled by the second
module of our tool, which outputs the at-sensor radiance spec-
trum in sensor resolution for any given atmosphere, geometry,
surface, and sensor configuration.

The developed simulation tool is generic and can be used
for virtually any optical remote sensing application. In this
work, the tool is employed for the simulation of DESIS and
HyPlant at-sensor radiances between 740 and 780 nm in view
of SIF retrieval applications in the O3-A absorption band. The
modeling of surface and sensor properties is tailored for our
specific case. The surface reflectance spectrum is parameterized
as a second-order polynomial, while the SIF emission spec-
trum is taken as a Gaussian of variable normalization F73; at
A = 737 nm and with 20 nm standard deviation. Using real data
acquired by DESIS and HyPlant, these models were found to
be realistic for different vegetation and soil land covers in the
wavelength range around the O,-A band, but are not intended
for other applications or spectral regions. In addition, the DESIS
and HyPlant sensor properties were carefully considered based
on expert knowledge of their performance and calibration over
recent years. With typical spectral sampling distances of 2.55 nm
for DESIS and 0.11 nm for HyPlant, there are 13 DESIS and 349
HyPlant spectral bands in the range A = 740 — 780 nm with
full width at half maximum (FWHM) of approximately 3.5 nm
for DESIS and 0.24 nm for HyPlant. For detailed instrument
specifications, please refer to [12], [23], [24]. We characterize
the pixels of each band by an average Gaussian spectral response
function and allow for small additive changes of central wave-
length (CW) and FWHM. In this way, the simulated spectra for
DESIS and HyPlant are very realistic and closely follow the
spectral performance of the instruments.

We aim at simulating at-sensor radiances precisely enough
to be useful to retrieve the weak SIF signal. For typical SIF
on-ground outputs of F737 = 0.1 — 0.4 mW/cm?/sr/pm at A =
737 nm, the corresponding SIF at-sensor radiance amounts
to 0.01—0.4 mW/cm?/sr/um in the range A = 740 — 780 nm.
This sets the sensitivity goal for our simulations. We therefore
conducted a sensitivity analysis with the objective of pinning
down all parameters of interest for our case. The resulting set
of parameters define atmosphere (water vapor content HsO,
aerosol optical thickness at 550 nm AOT 550), geometry (tilt
angle TA, sun zenith angle SZA, relative azimuth angle RAA,
ground altitude hgy4, sensor altitude hep), surface (reflectance at
740 nm pr49, reflectance slope at 740 nm s, ratio of reflectance
slopes at 780 and 740 nm e) and sensor (CW shift dcw, FWHM
change dpwpm) properties. The corresponding ranges are listed
in Table I, where the cases of DESIS and HyPlant were treated
separately given their operation specificities. For clarification,
the tilt angle is the angle between the line-of-sight and the nadir
direction and is essentially equal to the view zenith angle in
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TABLE I
SPECIFICATION OF THE DESIS AND HYPLANT SIMULATED DATASETS
Specification DESIS HyPlant
Atmosphere | H2O [cm] 0.3-5.0 0.3-3.0
AOT550 [] 0.02—0.30 0.02—0.30
Geometry | TA [°] 0-25 0-20
SZA [°] 0-55 20—-55
RAA [°] 0—180 0—180
hgna [m] 0—600 0—-300
hsen [km] 100 0.659—0.691
Surface prao [1 0.05—0.60 0.05—0.60
s [nm~!'] 0-0.012 0-0.012
e ] 0—1 0—1
Fr37/Fo 0-0.8 0—0.8
Sensor dcw [nm] [—1.75,+1.25] | [—0.080, +0.080]
drwaM [nm] [—0.3,+0.3] [—0.040, 4+-0.040]
Input dimensions 12 13
Number of bands 13 349
Number of samples 4.3 x 108 6.3 x 10°
- uniform grid 1 x 10° 3 x 10°
- random 3 x 10° 3 x 10°
- Halton 3 x 10° 3 x 10°

our cases of interest. Note that in the table the sensor altitude
is given with respect to the ground in the case of HyPlant
and the SIF on-ground radiance is expressed in terms of Fy =
1 mW/cm?/sr/um. Beyond the parameters specified in Table I,
we adopted throughout the mid-latitude summer atmosphere,
the rural aerosol model, an ozone content of 332 DU, and the
TSIS-1 solar model [27].

Table I effectively defines the input parameter space for
our simulated dataset, encompassing 12 dimensions for DE-
SIS and 13 for HyPlant. It is crucial to uniformly cover these
high-dimensional spaces in order to appropriately represent the
influence of atmosphere, geometry, surface and sensor proper-
ties on the at-sensor radiance spectra. Uniform grid sampling,
frequently used for the generation of look-up tables, is not
efficient for more than a few dimensions leaving large chunks of
the parameter space unexplored. The random and Halton [28],
[29] methods provide much more uniform sampling in high
dimensions with a limited number of samples (for other methods,
see, e.g., [30]). Therefore, we sampled the input space with a
combination of the uniform grid, random, and Halton methods
and then ran the simulation tool to generate the at-sensor radi-
ance spectra. The key specifications of the DESIS and HyPlant
simulated datasets are detailed in Table I; a full account of the
simulations used here is presented in [31]. For later comparison,
the simulation of a single spectrum typically takes 1—4 min
depending on the input configuration and this time is dominated
by the radiative transfer part. The simulated datasets, generated
using ten cores on a dedicated virtual machine (Intel(R) Xeon(R)
Gold 6132 CPU @ 2.60 GHz, 64 GB RAM) and leveraging the
decoupling of the two modules of the simulation tool, contain
4.3 million DESIS and 6.3 million HyPlant spectra. This body of
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simulated data constitutes the basis for training a physics-based
ML emulator.

B. Methodology

The influence of atmosphere, geometry, surface, and sensor
properties on the at-sensor radiance spectrum can be learned by
a ML model trained on the simulated datasets presented in the
previous section. In fact, this constitutes a regression problem
in multiple dimensions:

Ls=F(x) 2

where the feature vector z € RP contains the parameters iden-
tified in Table I, the target vector L, € R? is the at-sensor
radiance spectrum in sensor resolution, and F' : R? — R? is the
mapping function to be learned (F: R'? — R'? for DESIS,
F : R' — R34 for HyPlant). Given the sheer number of input
dimensions in our problem, simple models for F' can capture
a significant degree of complexity while being very fast at
evaluation. With this observation in mind, we attempted to learn
F(x) with basic benchmark models, namely linear functions,
polynomials, and shallow neural networks. For clarity and later
reference, a polynomial of degree d is defined as

p
> we]Jat

keky =1

P
ICd:{kEN”:Zkigd} 3)

i=1

Pd (CL’) =

with wy, € R® the polynomial coefficients. For the models
above, we use least squares as loss function. The case of a
linear function (polynomial of degree d = 1) is simply ordinary
least squares (OLS). In addition, kernel ridge regression (KRR),
Gaussian process regression (GPR), support vector regression,
and k nearest neighbors were also applied to learn F'(x). No at-
tempt was made to realize more complex ML models (including
deep learning). This choice is justified by the very encouraging
results obtained with the very simple ML models mentioned
above (see Section III). A comparative analysis of the different
models studied here with traditional look-up table interpolation
methods is a relevant line of research that is left for future work.
Note however that, unlike interpolation methods, the emulators
studied here are very lightweight in terms of memory usage.

A fastand accurate emulator of at-sensor radiances needs to be
complex enough to handle the range of simulated configurations
and simple enough to be computationally efficient. It turns out
that basic ML models are very effective in our application case of
simulating DESIS and HyPlant data around the O5-A absorption
band. We trained and assessed in detail several benchmark
ML models: OLS, second-, fourth- and fifth-order polynomials
(P2, P4, P5) and neural networks with 128 x 64 (N2) and
128 x 64 x 32 (N3) hidden nodes, batch size 16, and rectified
linear unit activations. The polynomial models were trained with
ridge regression, while for the neural network stochastic gradient
descent was used. KRR and GPR were also considered since
they have shown good performance for the emulation task [17],
[18], [20]. ML models based on support vector regression and
k nearest neighbors (k=1,5,10) led to poor results in terms of
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TABLE IT
TIME AND ACCURACY PERFORMANCE OF DIFFERENT ML MODELS TRAINED ON THE DESIS AND HYPLANT SIMULATED DATA
DESIS
Performance parameter
OLS P2 P4 P5 N2 N3 KRR GPR
Test set MAE [rnW/cmZ/sr/,um] 0.77 0.17 0.011 0.0032 0.040 0.037 0.043 0.039
Total training time 1.6 s 19 s 1.8 min 1.2 min 1.2 h 1.2 h 1.1 min 2.7s
Prediction time per sample 0.06 us 1.1 us 11 ps 28 us 56 us 45 us 0.1 ms 0.2 ms
HyPl
Performance parameter yPlant
OLS P2 P4 P5 N2 N3 KRR GPR
Test set MAE [mW/cm?/sr/pm] 0.59 0.092 0.0027 0.0013 0.027 0.020 0.018 0.025
Total training time 1.7 min 45 s 1.3 min 1.5 min 20h 22h 6.3 s 13 s
Prediction time per sample 1.3 us 2.2 us 17 us 47 ps 44 us 43 us 72 us 0.7 ms

accuracy and speed early on in our analysis and were accordingly
disregarded for in-depth evaluation. The performance of each of
the benchmark models was explored by considering a limited
set of the relevant hyperparameters (including L2 norm penalty
for OLS, P2, P4, P5, N2, and N3; hidden nodes, batch size,
training epochs for N2 and N3; kernel function for KRR) in the
validation dataset. Since the figures did not change dramatically
by fine-tuning the hyperparameters, in the following we opted
to focus on the simplest representative configuration for each
model. In particular, the models shown all have zero L2 norm
penalty.

The simulated datasets specified in Table I were split into
training, validation, and test sets considering the properties of
the different sampling techniques used. Uniform grid samples
populate the input space very sparsely but include the borders,
while Halton and random samples lie uniformly across the space
but not at its borders. Ultimately, we are interested in realizing a
physics-based ML emulator with good performance in the bulk
of the input parameter space, not necessarily on its borders. The
borders are however important for the training phase. Therefore,
we assigned all uniform grid and Halton samples to the training
set and split the random samples into validation and test sets.
The training, validation, and test sets contain 4 x 10° (93.0%),
2.1 x 10° (4.9%), and 9 x 10* (2.1%) samples, respectively, for
DESIS and 6 x 10° (95.2%), 2.1 x 10° (3.3%), and 9 x 10*
(1.4%) samples, respectively, for HyPlant. Note that the baseline
emulators presented in the next section do not require the use
of the full training set to deliver excellent accuracy performance
(see Section III-B for details). This should be taken into account
when evaluating the apparent imbalance of the training, valida-
tion, and test sets.

The performance of each ML model was evaluated in terms
of accuracy using the at-sensor radiance mean absolute error
(MAE) and in terms of computational time using the prediction
time per sample. These performance metrics are to be compared
to the at-sensor radiance corresponding to a typical SIF output of
Fr37 = 0.4 mW/cm?/sr/pum and the simulation time of 1—4 min
per spectrum. The training, validation, and test phases for each
model were conducted on the same standard virtual machine as
mentioned in Section II-A using one core only. No effort was

made to speed up the performance of the models by parallelizing
the implementation.

III. RESULTS
A. Evaluation of Different Models

The test set accuracy, total training time, and prediction
time per sample for all benchmark models are reported in
Table II. Comparing the accuracy of the different models
in terms of MAE with the typical SIF at-sensor radiances
0.04—0.4mW/cm?/sr/pm at A = 740 — 780 nm (corresponding
to a SIF on-ground radiance of Fy3; = 0.4 mW/cm?/sr/um at
A = 737 nm), it is clear that linear or quadratic functions (OLS,
P2) are not complex enough to approximate the mapping func-
tion F' and are therefore not appropriate for our purposes. The
accuracies attained by N2, N3, KRR, and GPR are significantly
better, but still of the order of the small fluorescence signal we
aim to characterize. The results shown for KRR correspond
to a third-order polynomial kernel; similar but slightly worse
results were obtained when using a radial basis function kernel.
Note that limited effort was put into exploring all possibilities
for neural networks, KRR, and GPR. It is well possible that
better results can be obtained with these models by fine-tuning
their configuration and/or hyperparameters. Fourth-order poly-
nomials seem to be adequate to represent the interplay between
simulated data and atmosphere, geometry, sensor, and surface
parameters. In fact, with an MAE of 0.011 mW/cm?/sr/pm for
DESIS and 0.0027 mW/cm?/st/ym for HyPlant, the P4 model
provides an average accuracy well below typical SIF at-sensor
radiances. Higher order polynomials perform even better at the
cost of prediction time as illustrated by the P5 results in Table I,
but we decided to use P4 as our baseline model since it is faster
and its performance is already excellent. Our results suggest in
particular that in our specific case deep learning models are not
required to realize a very accurate ML emulator.

The training phase is relatively fast for all models with total
training times of seconds for OLS, P2, and GPR, minutes for
P4, P5, and KRR and hours for N2 and N3. Note that due to
memory limitations some models were trained on a subset of
the training data. The neural networks were trained on CPU,
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Accuracy performance of the baseline P4 emulators trained on the DESIS (left) and HyPlant (right) simulated data. The top panels show the mean (black)

and 5th/95th percentiles (gray) of the absolute error per band in the test set in direct comparison to the test set average total at-sensor radiance (red) and the SIF
at-sensor radiance corresponding to Fr37 = 0.4 mW/cm?/sr/pum (green). The distribution of the absolute error in the test set is plotted in the bottom panels relative
to the SIF at-sensor radiance (top, green) for the spectral ranges around the O2-A absorption band: A = 740 — 755 nm (blue), A = 755 — 765 nm (green), and

A =765 — 780 nm (red).

so their time performance can likely be improved by the use of
GPUs. Except for OLS, the times are similar for the cases of
DESIS and HyPlant and do not scale with the number of output
features (13 bands for DESIS, 349 for HyPlant). It is fair to
point out that the total training time is not critical since training
just occurs once; one can easily afford a longer training if a
better accuracy can be achieved (see Section III-C for specific
examples). More important is the prediction time per sample
spectrum, also reported in Table II and computed as the mean
time per spectrum when predicting on the training, validation,
and test sets. OLS and P2 predictions take around 2 us or less,
while N2 and N3 prediction times are of order 50 us (using
CPU only). KRR and GPR prediction times are slightly higher
at about 0.1 ms. But these models are not particularly useful
for our purposes due to their reduced accuracy as shown above.
The prediction time per spectrum for the proposed P4 model
is of order 10—20 ys. This is about 107 times faster than the
simulation, which takes roughly 1 —4 min. The extreme speed up
can be explained by the simplicity of the polynomial model used
and the fact that prediction involves only matrix multiplications,
which can be made very fast on a normal CPU. Note as well that
for these models the predictions can be performed in bulk (e.g.,
for the whole test set). The sequential prediction of one spectrum
at a time might differ from the values in Table II.

B. Baseline Emulator

Itis clear from the discussion above that our best ML emulator
is the fourth-order polynomial P4. The errors per band for this
baseline model are shown in Fig. 1 separately for the DESIS
and HyPlant cases. The upper plots compare the average total
at-sensor radiances in the test set (red), the at-sensor radiance
for a typical SIF signal with Fr37 = 0.4 mW/cm?/sr/um (green),
and the P4 model error in the test set (black and gray) across
the wavelength range A = 740 — 780 nm. The mean test set
error is represented by the black line, while the 5th and 95th
percentiles are marked by the gray band and encompass the
interval 5 x 107 — 5 x 1072 mW/cm?/sr/um for DESIS and
10~* — 10~2 mW/cm?/st/pum for HyPlant. Such error levels cor-
respond to < 0.1% of the total at-sensor radiance, attesting the
excellent accuracy of the P4 model. As evident from the bottom
panels of Fig. 1, the model error is consistently at or below
10% of the typical SIF signal with Fy37; = 0.4 mW/cm?/sr/pm
for different wavelength ranges. Note in particular that there
are virtually no test samples for which the error exceeds the
typical SIF signal. The model performs similarly at and above
the Oy-A band (A = 755 — 765 nm and A = 765 — 780 nm) and
slightly better below the absorption band (A = 740 — 755 nm).
This is because the absolute errors are mostly constant across the
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spectral range considered (cf., upper panels of Fig. 1), while the
SIF signal gradually decreases toward larger wavelengths. The
main message conveyed by our results is that the P4 emulator
is very accurate for the purposes of simulating the feeble SIF
signal in the O2-A band for DESIS and HyPlant.

For completeness, the performance of the baseline emulator
is evaluated for different training set sizes. It turns out the P4
model is very accurate even when trained on small datasets.
In fact, the accuracy of the emulator is the same or better
than in Table II down to 5 x 10* training samples for DESIS
and 5 x 10* training samples for HyPlant. For instance, using
5 x 10* randomly selected samples from the full training set,
the test set MAE of the P4 model is 0.0061 mW/cm?/sr/pm for
DESIS (better than previously) and 0.0027 mW/cm?/st/um for
HyPlant (the same as previously). In this context, our test set with
9 x 10* samples, although a small fraction of the whole simu-
lated dataset, is appropriate for testing the benchmark models. In
addition, the results suggest that a significantly smaller training
dataset would be sufficient for our particular application with
the corresponding speed up of the simulation step and training
of the emulator.

The performance of the P4 model is excellent across the whole
input parameter space, butitis not uniform. In fact, there are parts
of the parameter space where the emulator performs slightly
worse than on average. This is illustrated in Fig. 2 for DESIS
and HyPlant. In the case of DESIS, the most problematic region
is related to sun backscatter geometries, where sun, sensor, and
target are roughly aligned with the sun behind the sensor (i.e.,
SZA ~ TA and RAA ~ 0°). These configurations lead to an
increase in sunlight backscattered by aerosols and are typically
avoided if possible. For HyPlant, the problematic geometry does
not occur since SZA > TA (cf., Table I), but the largest residuals
arise instead for a narrow range of small AOT 559 values. In
both DESIS and HyPlant cases, the highest errors are very small
(of order 0.02 mW/cm?/sr/pim) and simply indicate where the
selected model has a numerical difficulty in representing the
simulated data.

C. Accuracy Improvement Strategies

Despite the encouraging findings presented above, it is impor-
tant to understand the limitations of our proposed P4 emulator
and explore ways to improve its performance. In the follow-
ing, we consider variants of the P4 model with a restricted
input space (P4A), bandwise learning (P4B), and atmospheric
functions learning (P4C). The performance of the three variants
is presented in Table III and Fig. 3.

We start by considering a restriction of the input space as a
means to improve the performance of the P4 emulator. In fact, the
nonuniform performance shown in Fig. 2 suggests that a better
accuracy can be attained by partitioning the input parameter
space and developing different models for each partition. In or-
der to assess this possibility, we excluded the regions to the left of
the red lines in Fig. 2, namely RAA < 45°, SZA — TA < —10°
for DESIS and AOT55¢ < 0.05 for HyPlant, and retrained and
tested a dedicated fourth-order polynomial model (P4A). As can
be seen in Table III and Fig. 3, the P4A model improves upon
the baseline P4 model on average by 21% for DESIS and 37%
for HyPlant while being similarly fast. Although modest, the
improvement is significant and illustrates how this low-effort
strategy can boost the performance of a model in specific por-
tions of the parameter space. Dedicated emulators for the masked
problematic regions could also be developed if needed. Note that
the trained emulators are only strictly valid in the corresponding
input spaces and should not be used to interpret real data with
parameters outside that space. This is especially important due
to the polynomial nature of models which makes extrapola-
tions beyond the input parameter space particularly prone to
errors.

Next we explore the possibility to train our emulator band-
wise. The formulation of the regression problem in Section II-B
includes a multidimensional target (the at-sensor radiance spec-
trum) and implies the learning of all spectral bands in the same
model. Alternatively, it is also possible to define a separate
regression with a unidimensional target for each band. This
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TABLE III
TIME AND ACCURACY PERFORMANCE OF VARIANTS OF THE BASELINE ML EMULATOR
DESIS HyPlant
Performance parameter
P4 P4A P4B P4C P4 P4A P4B P4C
Test set MAE [mW/cm?/st/pm] 0.011 0.0087 0.011 0.0037 0.0027 0.0017 0.0027 0.0014
Total training time 1.8 min 1.9 min 24 min 2.1s 1.3 min 1.4 min 8.6 h 3s
Prediction time per sample 11 ps 11 s 0.1 ms 6 ms 17 ps 17 s 4 ms 173 ms
25000 20000
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[ — 175004 &= P4
[ — N [ P4A
200007 — pyc 15000 4 == P4C
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Fig. 3. Error distribution for the baseline P4 emulator and its variants for DESIS (left) and HyPlant (right). The histograms show the band-averaged absolute

error in the test set for the baseline P4 model (black) and variants P4A (red, restricted input space) and P4C (blue, atmospheric functions learning). The results for
the variant P4B (bandwise learning) are very similar to the ones of the baseline P4 model and are not shown for clarity. The green band indicates the SIF at-sensor
radiance values corresponding to a typical SIF on-ground radiance of Fy37 = 0.4 mW/cm?/st/pm at A = 737 nm.

approach decouples the different bands and enables the best pos-
sible fitting for each band at the price of additional computation
time. The performance of a bandwise fourth-order polynomial
model (P4B) is documented in Table III. As expected, training
takes several times longer than for the baseline P4 model (espe-
cially for HyPlant given the large numbers of bands) and, more
importantly, the prediction time per sample spectrum is 0.1 ms
for DESIS and 4 ms for HyPlant, about 10 and 200 times slower
than P4, respectively. Nevertheless, there is virtually no gain in
accuracy of P4B with respect to P4 with MAE changes appearing
only after the third significant digit. The results suggest that the
overall regression with a multidimensional target used in P4 is
very effective for both DESIS and HyPlant and it does not pay
off to implement bandwise learning in our specific case.
Finally, we attempt to directly learn the atmospheric functions
L,, Eg, TT, and S at very high spectral resolution instead of the
sensor-resolution simulated data Lg [cf., (1)]. In other words,
our regression problem is no longer as in (2) but it now reads
(Lp, EJ,T",S) = F(x). 4)
The crucial difference is that the new input space of F'(x) has a
lower dimensionality. In fact, as explained in Section II-A, the
atmospheric functions depend only on atmosphere and geometry
parameters and can be used with any surface and sensor models
for the derivation of the at-sensor radiance spectrum. There-
fore, learning the atmospheric functions involves a regression
function F'(x), where x contains only atmosphere and geometry

parameters as opposed to the case of learning the simulated
at-sensor radiance spectra in (2) where x contains all atmo-
sphere, geometry, surface, and sensor parameters. This reduces
significantly the dimensionality of the input parameter space:
from 12 to 6 dimensions for DESIS and from 13 to 7 dimensions
for HyPlant (cf., Table I). We trained a fourth-degree polynomial
to learn the atmospheric functions (P4C) and combined it with a
numerical module to factor in the surface and sensor properties
as in (1). The performance of P4C model is detailed in Table III
and Fig. 3. The training phase is now much quicker, because
the dimensionality and size of the training set are much reduced
with respect to the case of the P4 model. The prediction time
is approximately 6 ms for DESIS and 173 ms for HyPlant,
about three to four orders of magnitude slower than for P4.
However, the average error in the test set is decreased by a
factor of 3 to 0.0037 mW/cm?/sr/um for DESIS and by a factor
of 2 to 0.0014 mW/cm?/sr/pum for HyPlant. This suggests that
the learning of atmospheric functions constitutes a promising
strategy to realize a more accurate emulator at the price of a
somewhat longer prediction. Whether a more accurate but slower
ML-based emulator is useful for retrieval schemes depends on
the specific application.

IV. DISCUSSION

In order to assess how well our emulators match observational
data, we perform an unconstrained least-squares optimization
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and fitted (blue) at-sensor radiance within the subset as well as the 1th/99th percentiles of the reconstruction residuals (red).

of the input parameters of P4 on individual pixels of a Hy-
Plant acquisition (cf., Fig. 4). The acquisition was recorded
under optimal weather conditions such that its atmospheric
state can be assumed to be covered by the simulation input
ranges. Furthermore, we could infer geometry parameters from
a digital elevation model and the sensor attitude recorded dur-
ing acquisition which were covered by the simulation input
ranges as well. Accordingly, the optimization was restricted to
the atmosphere, surface, and sensor parameters (cf., Table I). We
find the spectrally averaged reconstruction error tobe (|ALg|) <
0.25 mW/cm?/sr/um, which corresponds to a relative recon-
struction error below 1.4%. It is clear from Fig. 4 that this per-
formance holds across different surface classes commonly found
in HyPlant acquisitions (e.g., crops, forested areas, man-made
structures, and bare soil). Retrieval of physical parameters from
spectral data is ill-posed due to the confounding nature of the
parameters affecting the at-sensor radiance. As a consequence,
the parameters derived as the optimal parametrization to P4 in
each pixel cannot be trusted to approximate well the physical
quantities underlying the at-sensor radiance signal generation.
However, good reconstruction performance is a necessary pre-
condition for emulators such as P4 to be used in various SIF
retrieval approaches. Fig. 4 demonstrates the high accuracy of
the baseline P4 emulator when compared to real data from
HyPlant and therefore its usefulness for integration into future
SIF retrieval methods.

We conclude our discussion by commenting on an additional
use of the learned atmospheric functions in the P4C emulator.
Since the atmospheric functions are independent of surface and
sensor properties (cf., Section II-A), the PAC model effectively
opens the possibility to generalize the simulation to any re-
flectance and fluorescence models and any putative sensor. This
point is illustrated explicitly by simulating data with spectral
sampling distances and spectral resolutions resembling the near
future FLEX mission in the vicinity of the O»-A absorption
band. Loosely based on the specifications for the FLORIS in-
strument [32] and the learned P4C model, we show in Fig. 5
several simulated at-sensor radiance spectra between 740 and

780 nm for different observation conditions. It is important
to emphasize that ours is not a high-fidelity simulation of the
performance of the FLORIS instrument, which covers not only
the O2-A band but also the O3-B band in high resolution and
a considerably larger spectral range in lower resolution. In
particular, the emulators developed in our work cover a limited
spectral range (A = 740 — 780 nm) and cannot be employed
directly as emulators for the FLEX mission. However, the results
in Fig. 5 serve to illustrate how our emulator can be used
and extended for sensors other than HyPlant and DESIS. The
ability to realistically simulate at-sensor radiance spectra will
become crucial to interpret the data collected by FLEX and other
missions and ultimately retrieve the underlying SIF spectrum.

V. CONCLUSION

Physics-based ML emulators have the potential to speed up
radiative transfer modelling and thereby widen the reach of re-
trieval methods in varied remote sensing applications. Our work
follows ongoing efforts in the community toward this direction
and focuses on the case of SIF retrieval in the O3-A absorption
band. We deliver in particular a simple ML emulator of at-sensor
radiances which is both fast and accurate enough to characterize
the SIF signal in the DESIS and HyPlant spectrometers. Several
strategies are analyzed to improve even more the accuracy of
the emulator in exchange for lower speeds at prediction time.
The results are not only relevant for DESIS and HyPlant, but are
easily transferable to other sensors, including FLEX. A relevant
line of research for future work is to extend our emulators to
other spectral ranges, especially the O2-B absorption band. This
opens up the prospect of simulating large amounts of realistic
spectrometer data quickly and integrating a fast simulation step
into SIF retrieval methods. Both possibilities will be instrumen-
tal in bringing the power of machine learning to SIF studies over
the coming years. In the wider picture, our work constitutes an
illustrative example on the use of ML to speed up physics-based
calculations in remote sensing applications.
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Simulated at-sensor radiance spectra around the O2-A absorption band for a FLEX-like instrument. The simulated spectra were obtained with the

P4C emulator model for a space-based nadir observation with sun zenith angle of 30°, ground altitude of O m, aerosol optical thickness at 550 nm of 0.1,

water vapor content of 2.0 cm, a slowly rolling reflectance spectrum (p749 = 0.3, s = 0.006 nm

~1, e =0) and different SIF on-ground radiances (Fy37 =

0.0, 0.2, 0.4, 0.8 mW/cm?/sr/pm). The spectral response function of the putative FLEX-like instrument was modelled roughly following the specifications of
FLORIS [32] in the range A = 740 — 780 nm. The left panel shows the at-sensor radiance spectra for different SIF radiances, while the right panel displays the
at-sensor radiance differences with respect to the case without fluorescence.
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