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A B S T R A C T

Ability of remotely sensed solar-induced chlorophyll fluorescence (SIF) to serve as a vegetation productivity and
stress indicator is impaired by confounding factors, such as varying crop-specific canopy structure, changing
solar illumination angles, and SIF-soil optical interactions. This study investigates two normalisation approaches
correcting diurnal top-of-canopy SIF observations retrieved from the O2-A absorption feature at 760 nm (F760
hereafter) of summer barley crops for these confounding effects. Nadir SIF data was acquired over nine breeding
experimental plots simultaneously by an airborne imaging spectrometer (HyPlant) and a drone-based high-
performance point spectrometer (AirSIF). Ancillary measurements, including leaf pigment contents retrieved
from drone hyperspectral imagery, destructively sampled leaf area index (LAI), and leaf water and dry matter
contents, were used to test the two normalisation methods that are based on: i) the fluorescence correction
vegetation index (FCVI), and ii) three versions of the near-infrared reflectance of vegetation (NIRV). Modelling in
the discrete anisotropic radiative transfer (DART) model revealed close matches for NIRv-based approaches
when corrected canopy SIF was compared to simulated total chlorophyll fluorescence emitted by leaves (R2 =

0.99). Normalisation with the FCVI also performed acceptably (R2
= 0.93), however, it was sensitive to varia-

tions in LAI when compared to leaf emitted chlorophyll fluorescence efficiency. Based on the results modelled in
DART, the NIRvH1 normalisation was found to have a superior performance over the other NIRv variations and
the FCVI normalisation. Comparison of the SIF escape fractions suggests that the escape fraction estimated with
NIRvH1 matched escape fraction extracted from DART more closely. When applied to the experimental drone
and airborne nadir canopy SIF data, the agreement between NIRvH1 and FCVI produced chlorophyll fluores-
cence efficiency was very high (R2 = 0.93). Nevertheless, NIRvH1 showed higher uncertainties for areas with low
vegetation cover indicating an unaccounted contribution of SIF-soil interactions. The diurnal courses of chlo-
rophyll fluorescence efficiency for both approaches differed not significantly from simple normalisation by
incoming and apparent photosynthetically active radiation. In conclusion, SIF normalisation with NIRvH1 more
accurately compensates the effects of canopy structure on top of canopy far red SIF, but when applied to top of
canopy in-situ data of spring barley, the effects of NIRvH1 and FCVI on the diurnal course of SIF had a similar
influence.

1. Introduction

Chlorophyll fluorescence (ChlF) is gaining increased attention as a
tool for vegetation monitoring because it enables measuring actual

photosynthesis of plants (Mohammed et al., 2019). ChlF is a weak op-
tical signal emitted by plants during photosynthesis, representing en-
ergy that could not be used in photochemical energy transport or non-
photochemical energy dissipation. Thus, the intensity of the
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fluorescence signal, combined with additional information on absorbed
light energy distribution, can be a proxy for the functional status of
actual photosynthesis. Measuring the quantity and spatio-temporal dy-
namics of ChlF allows us to assess and better understand the dynamic
interaction of plant photosynthesis and its environmental factors. Thus
remote sensing of ChlF is widely used in plant sciences and the recently
increasing capabilities to measure solar-induced fluorescence (SIF) also
from airborne and satellite platforms have triggered a wide variety of
studies, which e.g. have shown that SIF has the potential to improve
modelling of gross primary productivity (GPP) (Wieneke et al., 2016),
detect early signs of vegetation stress (Xu et al., 2021), and guide
management practices in agriculture (Zarco-Tejada et al., 2016).

In remote sensing, the factors interfering and consequently attenu-
ating the ChlF signal emitted and scaled from leaves to canopy level are
of particular interest. The signal scattering and re-absorption by canopy
structures and soil beneath them depend on spatial, in case of agricul-
tural crops mainly vertical, canopy architectural heterogeneity (e.g.,
Regaieg et al., 2021). Additionally, effects of optical measurement ge-
ometry (i.e., an angular setup of the sun-target-sensor system) have been
identified as factors decoupling the photosynthesis - SIF relationship
(Hao et al., 2021; Porcar-Castell et al., 2021; Zhang et al., 2022).

Airborne SIF measurements can be acquired from airplanes or
remotely piloted multirotor drones, typically producing SIF canopy
observations with a spatial resolution of <2 m. Observations of the
airborne imaging spectrometer HyPlant (Rascher et al., 2015) are clas-
sical airborne imaging spectroscopy surveys coupled with a well char-
acterised image data processing chain producing images with an
absolute positional accuracy of ±2 pixel (Siegmann et al., 2019). Drone-
based observations of SIF are less established and associated with spe-
cific operational challenges (Bendig et al., 2021). At present, only a low
number of drones equipped with specific sensors exist, which can
measure SIF in radiance units. The dataset used in this study is one of the
few presenting repeated measurements throughout a day (Chang et al.,
2020; Wang et al., 2021), and only the second study where drone data
were recorded simultaneously with an airborne reference instrument
(HyPlant) (Wang et al., 2022). All current SIF drone systems consist of
multirotor remotely piloted airborne systems (RPAS) equipped with
light-weight (<1 kg) non-imaging spectroradiometers (Vargas et al.,
2020). Mounting a spectroradiometer on an RPAS requires a rigorous
and reliable compensation for sensor tilting during flight, which brings
challenges in spectroradiometer system design, as for example accuracy
of downwelling irradiance measurements acquired with a cosine re-
ceptor. For applications with required absolute geometric accuracy of
the observations below 2 m, the accuracy of drone navigation and
positioning is as crucial as a characterization of the projected spectror-
adiometer field of view (i.e., footprint) on the ground during flight
(Gautam et al., 2020). The latter is the prerequisite for a full compara-
bility with measurements of the same canopy locations collected by
other SIF-measuring sensors (Bendig et al., 2021).

In addition to uncertainties arising from the sensor design and
related measuring equipment, the low energy level of the SIF signal,
equal to 1–5 % of reflected radiance, and the retrieval techniques, using
atmospheric oxygen absorption features, make comparisons of SIF ac-
quired by different sensors at varying scales particularly challenging.
Furthermore, top-of-canopy (TOC) observations are not comparable
with SIF measurements of single leaves due to the optical interactions (i.
e., scattering and absorption) of the SIF signal and interactions of the
incident photosynthetically active radiation (PAR) with canopy ele-
ments and soil organised in specific three-dimensional (3D) architec-
tures (Malenovský et al., 2021). Besides the fact the quantification of
absorbed PAR (APAR) by individual plants depends on the actual can-
opy structure, Fournier et al. (2012) and Yang et al. (2019) showed that
structural parameters such as LAI and leaf angles, as well as biochemical
traits such as leaf chlorophyll and dry matter content, influence TOC SIF
observations and that canopy reflectance plays an important role in
disentangling these effects. In an attempt to eliminate impacts

associated with scaling ChlF from leaf to canopy scale, both APAR and
PAR have been used to normalise TOC SIF measurements as so-called SIF
yield (e.g. Biriukova et al., 2020; Zhang et al., 2020). Guanter et al.
(2014) approached the canopy structure confounding problem by
defining the fluorescence escape fraction (fesc) as the fraction of leaf SIF
that is escaping from the top of the canopy. Yang and van der Tol (2018)
explored the directional scattering of F760 and found that it can be
expressed as a simple function of canopy APAR interception, TOC
reflectance, and leaf albedo. In a later study of Liu et al. (2019), the TOC
SIF normalisation was attempted with a machine-learning random forest
approach. Since the concept of SIF normalisation with APAR was found
to be promising, it was further developed by Zeng et al. (2019) within a
normalisation of SIF satellite observations with the near-infrared
reflectance of vegetation (NIRv) index, calculated as NIR canopy
reflectance multiplied by the normalised difference vegetation index
(NDVI). Here, NIRv divided by the fraction of canopy APAR (fAPAR) is
used as a proxy of the fraction of photons that escape from the canopy in
near-infrared wavelengths (fescN). Following a similar concept, based on
the spectral invariant theory of Knyazikhin et al. (2013), Yang et al.
(2020) developed an approach to normalise F760. They suggested fluo-
rescence correction vegetation index (FCVI), which is built on a stronger
mechanistic basis than the earlier semi-empirical methods. Like the
concept of SIF yield, normalisation of canopy F760 with FCVI results in
the F760 efficiency, which represents a proxy of total SIF at the leaf level
emitted in nadir direction. Zeng et al. (2021) improved the NIRv concept
by estimating the true NIR reflectance from remotely sensed hyper-
spectral observations and introduced two new variants of the index, i.e.,
NIRvH1 and NIRvH2.

The scientific motivation of this study is to test the capability of the
FCVI and NIRv-based standardisation approaches (NIRvH1/H2 here-
after) to separate structural and physiological parts of TOC F760, when
applied on data acquired at a range of solar radiance incidence angles
covering multiple diurnal instances during one of the European Space
Agency (ESA) FLEXSense 2018 campaign days. We aim to investigate
correspondence and difference of F760 efficiency with the FCVI and
NIRvH1/H2 standardisation approaches computed from drone and
aircraft observations acquired at comparable spatial scales (~1 m pixel/
footprint size) over a barley breeding experiment in Western Germany
on 29 June 2018. As the data was recorded at different solar illumina-
tion angles and for experimental plots with a spatially heterogeneous
canopy architecture, the SIF radiance observations had to be stand-
ardised to SIF canopy efficiencies to allow for direct comparison of the
physiologically based SIF information among trial plots of four winter
barley varieties. The first objective was to test the performance and
limitations of the two canopy SIF efficiency standardisation methods, i.
e.: i) FCVI, and ii) NIRv as well as NIRvH1/H2, in a virtual environment
of the three-dimensional (3D) discrete anisotropic radiative transfer
(DART) model (Gastellu-Etchegorry et al., 2017). The second objective
was to apply both standardisation methods to SIF observations acquired
during the same day with two technically different drone and aerial
sensor platforms, and to evaluate their advantages and shortcomings for
their potential use in calibration/validation activities of, for instance,
the future ESA FLEX mission designed to provide global space-borne SIF
observations.

2. Materials and methods

2.1. Study site

The study site is located at Campus Klein-Altendorf agricultural
research station near Bonn in Western Germany (50◦37′25.30”N,
6◦59′14.06″E, altitude 225 m a.s.l.). The spring barley (Hordeum vulgare)
experiment consisted of 35 plots with 10 varieties, each of which with
different structural and functional traits, planted in a randomised block
design with a sowing density of 330 seeds/m2. Each experimental plot
had a size of 3 by 6 m. Destructive and non-destructive sampling of nine
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plots of four barley varieties was conducted on 29 June 2018, 82 days
after sowing. The crop phenology status was either late fruit develop-
ment or early ripening stage, corresponding to the classes 77–85 on the
Biologische Bundesanstalt, Bundessortenamt and CHemical industry
(BBCH) crop development scale. Some plots in the early ripening stage
were partially or completely lodged. The early ripening can be attrib-
uted to the 2018 European heat wave, which was characterised by an
unusually warm spring followed by hot and dry summer with an average
temperature of 3.6 K above the long term mean, the highest positive
anomaly since 1881 (Imbery et al., 2018).

2.2. Dataset

2.2.1. Ground sampling of experimental plots
To obtain reference information about the growing barley plots at

the time of the experiment, one representative plant per plot was
removed for laboratory analysis of leaf area index, dry matter, and water
content (Table 1). The area of freshly harvested leaves was measured
using an Li–3200C Leaf Area Meter (LI-COR, USA). The samples were
subsequently stored at 65 ◦C in a drying cabinet until they were
completely dried to determine their dry weight and water content.
Known sowing density (the distance between single plants) and the row
spacing at each sampling location allowed for upscaling the measure-
ments of leaf area index (LAI) and dry weight determined for individual
plants to one square metre of each experimental plot.

2.2.2. Drone-based data
Four flights with the drone-based spectroradiometer payload “Air-

SIF” were conducted on 29 June 2018 at 12:00, 14:00, 15:30, and 17:00
local time (solar noon was 13:35) under clear sky conditions. AirSIF is
based on a single spectroradiometer with optical shutters and a conical-
hemispherical combination of optical fibres. The AirSIF QE Pro spec-
troradiometer (Ocean Insight Inc., USA), having a spectral sampling
interval of 0.37 nm, full width at half maximum (FWHM) of 0.8 nm, and
a spectral range from 500 to 870 nm, is integrated on a DJI Matrice 600
Pro (SZ DJI Technology Co., Ltd., China) drone platform (Bendig et al.,
2019). Downwelling irradiance is measured with a cosine receptor
foreoptic and the upwelling radiance channel field of view (FOV) is
restricted by a Gershun tube to 8◦ (Ocean Insight, Inc. USA). Further-
more, the upwelling radiance measuring channel was, together with an
inertial measurement unit (IMU) combined with a global navigation
satellite system (GNSS), mounted on an automatically stabilising
gimbal. To maximise the number of vegetation target measurements,
upwelling radiance was measured every ~1 s, while downwelling irra-
diance only every 15 s. A boom with a dual GNSS antenna was mounted
on top of the drone airframe, to enable a real time kinematic (RTK)
position correction of the spectroradiometer observations during data
post processing. A detailed technical description of the AirSIF hardware

system can be found in Gautam et al. (2020). Since IMU measurements
and spectroradiometer observations are interlinked through time
stamps, the spectroradiometer’s instantaneous FOV is determined after
correcting IMU positions for lever arm and boresight offsets by applying
a ray tracing algorithm (Gautam et al., 2020, 2019). The algorithm
subsequently projects the FOV onto a Digital Surface Model (DSM),
considering the drone height above ground (8m), flying speed (2m⋅s− 1),
and spectroradiometer integration time (700–900 ms). The output of the
ray tracing projection is a polygon shapefile with the instantaneous FOV
ground footprints of the spectroradiometer that can be used in further
spatial analysis (see Fig. 8). To record as many pure vegetation spectra
within the targeted sample plots as possible, AirSIF was flown to the
centre of each plot and hovered above for 20 s while continuously
acquiring spectral measurements.

Besides SIF measurements, overlapping RGB images (photographs)
were acquired with a Phantom 4 Pro drone (SZ DJI Technology Co., Ltd.,
China) equipped with a built-in RGB digital camera. The orthophoto and
DSM of the study site were derived from overlapping RGB imagery with
a ground sampling distance (GSD) of 0.02 m by applying photogram-
metric methods using Agisoft Metashape software (Version 1.5.5, Agi-
soft LLC, Russia) (Mancini et al., 2013). Absolute geometric accuracy of
0.06 m was achieved when using eight ground control points, measured
with an RTK GNSS device (HiPer Pro, Topcon, Japan).

On 2 July 2018, the Matrice 600 Pro drone was equipped with the
visible near infrared (VNIR) imaging spectroradiometer Micro-
Hyperspec (Headwall Photonics Inc., USA), acquiring hyperspectral
images with a 400 to 1000 nm spectral range, spectral sampling interval
of 3.7 nm, and mean FWHM of 5.05 nm. The payload is similar to the
system described in Lucieer et al. (2014), but it was upgraded with a
stabilising gimbal. The study site was overflown at 13:00 local time at
15 m flying height, resulting in five hyperspectral flight lines with 60 %
side overlap. Raw image data were processed to at-sensor radiance with
GSD of 0.04 m. Flight lines were geo-rectified with the Parametric
Geocoding & Orthorectification for Airborne Optical Scanner Data
(PARGE) software (ReSe Applications GmbH, Switzerland). Mosaicking
of the flight lines was performed in the ENVI image analysis software
(Harris Geospatial Solutions, Inc., USA). The hyperspectral TOC radi-
ance orthomosaic was then used to estimate mean leaf chlorophyll a + b
content per investigated experimental plot (see section 2.3.3.1).

2.2.3. Aircraft data
The HyPlant sensor is a hyperspectral imaging system for airborne

data acquisition developed by the Forschungszentrum Jülich (Germany)
in cooperation with the company Specim Ltd. (Finland). It consists of
two sensor heads. First, the DUAL module consists of two line-imaging
push-broom hyperspectral sensors utilising a common fore objective
lens and providing contiguous spectral information from 370 to 2500
nm with a FWHM of 3.65 nm in the VNIR and 10.55 nm in the short

Table 1
Overview of barley plot parameters derived from destructive laboratory analysis of sampled individual plants collected on 29 June 2018. Leaf chlorophyll a+ b content
was retrieved from a hyperspectral orthomosaic by inversion of the PROSAIL radiative transfer model (see sections 2.2.2 and 2.3.3.1). BBCH stands for Biologische
Bundesanstalt, Bundessortenamt and CHemical industry crop development scale, and LAI stands for leaf area index.

Plot
ID

Variety BBCH crop development
stage

LAI
[m− 2⋅m− 2]

Dry matter content (Cdm)
[g⋅cm− 2]

Water content (Cw)
[cm]

Chlorophyll a + b content (Cab)
[μg⋅cm− 2]

200 HOR21770 83 9.53 0.0044 0.0126 43.565
217 HOR21770 83 8.05 0.0041 0.0110 40.271
228 HOR21770 83 6.32 0.0044 0.0081 44.835
205 HOR11300 77 8.00 0.0034 0.0434 32.179
212 HOR3939 85 4.01 0.0044 0.0041 36.469
222 HOR3939 83 1.80 0.0009 0.0023 38.562
203 HOR9707 83 3.74* N/A N/A 39.168
215 HOR9707 83 3.74* N/A N/A 39.939
233 HOR9707 83 3.74 0.0034 0.0038 40.572

* Due to missing laboratory measurements, LAI was estimated from plot 233 having the same crop variety and comparable mean normalised difference vegetation
index (NDVI) of 0.36 (plot 203), 0.36 (plot 215), and 0.41 (plot 233), respectively.
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wavelength infrared (SWIR) spectral range. Second, SIF is measured
with a separate FLUO push-broom sensor, which records data in the
range between 670 and 780 nmwith a distinctly finer spectral resolution
(FWHM= 0.28 nm). The FLUO spectral characteristics enable retrieving
SIF inside the O2-A and O2–B absorption features located at 760 and
687 nm, respectively. A detailed description of the HyPlant sensor sys-
tem can be found in Siegmann et al. (2019) and Rascher et al. (2015).

The HyPlant sensor system was installed aboard a Cessna 208B
Grand Caravan aircraft operated by the Global Change Research Insti-
tute (Czech Academy of Sciences, Czech Republic). The study site was
overflown six times on 29 June 2018 at two different flight altitudes: i)
350 m (12:42 and 14:54) and ii) 680 m above ground level (11:15,
12:29, 14:40, and 15:54), leading to GSDs of 0.5 by 1 m and 1 by 1 m,
respectively.

The raw data acquired by both sensor modules were processed to
final image products using the standardised HyPlant processing chain.
First, the CaliGeoPro software (Specim Ltd., Finland) was used to
radiometrically correct HyPlant DUAL and FLUO data to produce at-
sensor radiance and subsequently SIF was retrieved from FLUO radi-
ance data (see section 2.3.1.3). To obtain top of canopy (TOC) radiance
and reflectance from the DUAL data atmospheric correction was con-
ducted in the ATCOR-4 software (ReSe Applications GmbH,
Switzerland). Exact locations and orientations measured with GNSS and
IMU systems during HyPlant DUAL and FLUO data acquisitions were
used to facilitate geometric corrections of the flight lines. An extensive
description of the HyPlant processing chain used in this study can be
found in Siegmann et al. (2019).

2.3. Data processing

2.3.1. Field and airborne vegetation canopy properties

2.3.1.1. Estimation of crop leaf angle distribution. Due to the varying
canopy height, induced by crop lodging, a strong influence of leaf angle
distribution on traits retrieved from remote sensing data was assumed.

Therefore, we quantified the amount of non-lodging and lodging barley
plants in each sampled plot using the slope of the crop DSM (Fig. 1). A
slope analysis was conducted in ArcGIS Desktop (v10, Esri Inc., USA),
due to its previously shown suitability for detecting damaged crops
(Garcia Millan et al., 2020). As a first step, a digital terrain model,
constructed by applying the ArcGIS function “trend”, was subtracted
from the DSM to derive a crop surface model (CSM). Next, the slope of
the CSM was calculated, and a slope threshold of 35◦, chosen based on
the Otsu-Method for histogram analysis (Otsu, 1979), was applied to
detect edges of lodging areas. This process resulted in a binary raster
mask of the classes “edge” and “other”, which was converted to polygons
while removing very small areas (<0.3 m2). The class “other” was then
split into “non-lodging” and “lodging” parts based on the actual CSM
height differences with the ArcGIS “rescale by function” tool. The leaf
angle distribution (LAD) of the “lodging” class was assumed as plano-
phile and of the “non-lodging” class as spherical. This classification
enabled a calculation of the percentage of planophile and spherical LAD
in each plot, which was consequently used for modelling of fAPAR in
DART simulations (see section 2.3.3.2).

2.3.1.2. Photosynthetically active radiation. PAR present at the time of
measurement is a quantity often used for normalising SIF. PAR was
estimated from downwelling irradiance of the AirSIF system as the
average of irradiance measurements taken during each flight (Fig. 1). To
cover the PAR spectral range of 400–700 nm, AirSIF downwelling irra-
diance (500–700 nm) had to be extrapolated towards 400 nm. A linear
model was fitted to the measured irradiance between 500 and 520 nm
and applied to estimate the missing values between 400 and 500 nm.
Finally, spectrally resolved measurements in W⋅m− 2⋅nm− 1⋅sr− 1 were
integrated to PAR in W⋅m− 2. The diurnal course of PAR was recon-
structed by fitting a polynomial function and PAR values for HyPlant
flights, temporally slightly offset from AirSIF flights, were predicted
using the best statistical fit (see Fig. 2).

2.3.1.3. SIF retrieval. Spectra collected with the AirSIF instrument were

Fig. 1. Overview of the data processing workflow. PROSPECT-D, 4SAIl, Fluspect-Cx, DART are radiative transfer models, TOC is top of canopy, PAR is photosyn-
thetically active radiation, APAR and fAPAR are apparent PAR and fraction of APAR respectively.
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converted from intensity digital numbers to physical at-sensor radiance
units by applying laboratory measured radiometric calibration co-
efficients. Each upwelling radiance measurement was coupled to the
downwelling irradiance measurement collected at the closest time. F760
was retrieved by applying the spectral fitting method (SFM) (Meroni
et al., 2010; Meroni and Colombo, 2006) implemented in the SpecFit
Matlab algorithm (Cogliati et al., 2015).

To retrieve F760 from HyPlant FLUO data, an airborne-based imple-
mentation of the SFM was applied. The SFM was originally introduced
by Cogliati et al. (2015) and later improved for more robust character-
ization of atmospheric interferences. It is based on a combined surface-
atmospheric radiative transfer modelling, which is applied to generate
at-sensor radiance spectra around the O2-A absorption band. The
MODTRAN5 model (Berk et al., 2005) is used to simulate trans-
mittances, path radiance, and spherical albedo to represent atmospheric
absorption and scattering effects (details in Rascher et al., 2022; Sieg-
mann et al., 2019). Subsequently, mathematical functions, i.e., poly-
nomial, and Gaussian-like functions, are employed to model SIF and
reflectance spectra. The actual retrieved F760 corresponds to the one
with the best fit between simulated and measured at-sensor radiances.

2.3.1.4. AirSIF drone footprint selection. With the aim to use high-
quality and statistically robust spectra collected within the experi-
mental plot boundaries, each AirSIF spectroradiometer footprint had to
be screened and examined for sufficient spectral information of the
barley canopy. In a first step, footprints having their centroid within a
sampled plot were preselected. In a next step, the area of each footprint
lying within the plot boundaries was calculated and footprints with less
than 50 % area inside the plot boundaries were removed (Fig. 6). This
threshold was chosen to keep enough footprints per flight, and to satisfy
the assumption that the majority of the spectroradiometer signal origi-
nates from the footprint centre. The spectral response within the FOV of
the spectroradiometer is assumed to have a three-dimensional Gaussian
spectral shape that rapidly declines towards the footprint edges (Mac
Arthur et al., 2012). The spatial analysis was conducted in ArcGIS
Desktop (v10, Esri Inc., USA).

2.3.1.5. HyPlant airborne data pixel aggregation. To extract SIF infor-
mation for each experimental plot from HyPlant SIF data, we applied a
spatial aggregation approach developed by Krämer et al. (2021). We
first masked out outlier pixels in geometrically corrected at-sensor
radiance data of the FLUO module according to a robust outlier detec-
tion scheme. Here, we chose a modified version of the widely used
Hampel identifier, which was found to be highly resistant to outlier
values (Hampel, 1974). The modification consisted of substituting the
MAD scale estimator by the mean of absolute deviations for the samples’
median to avoid implosion effects (Krämer et al., 2021). Next, we pro-
duced a shapefile containing geospatial vector data of single experi-
mental plots including a negative buffer of 0.3 m reducing the border
effect, as shown in Fig. 6. Based on the geospatial vector data, we
aggregated radiance of every experimental plot by applying a weighted
mean function, where weights corresponded to the fractional canopy
cover of pixels within the buffered plot outlines. In a last step, SIF values
for individual barley plots were extracted from the aggregated radiance
spectra by applying the SFM retrieval, as described in section 2.3.1.3
(see also Fig. 1). More details on the aggregation SIF retrieval method
can be found in Krämer et al. (2021).

2.3.2. SIF normalisation
F760 was normalised to the fluorescence efficiency factor as sug-

gested by Yang et al. (2020). The method design starts with the factors
influencing TOC SIF, expressed in the light use efficiency model equa-
tion for GPP estimation as:

FTOC = iPAR • fAPARgreen • εF • fesc, (1)

where FTOC is F760 measured at TOC level, iPAR is the TOC incoming
PAR, fAPARgreen is the fraction of absorbed PAR by green canopy foliage,
εF is SIF efficiency, defined as the apparent εF at the whole leaf level in
nadir direction, and fesc is the fluorescence escape fraction. The SIF ef-
ficiency factor aims at minimising impact of physical interactions of PAR
as well as F760 with structural elements inside the canopy, resulting in
photon scattering and absorption. The effect of vegetation canopy
structure on these two processes was proposed to be characterised by the
fluorescence correction vegetation index (FCVI):

Fig. 2. (A) DART-simulated PAR (W.m− 2, black line, interpolated using 2nd order polynomial), black vertical line ~ solar noon, and APAR (W⋅m− 2, coloured by
LAI), between 11:15 (38.6◦ SZA) and 17:00 CEST (47.87◦ SZA) on 29 June 2018. (B) The same data visualised as the ratio of PAR to APAR. Input values for the DART
simulations are listed in Table 3.
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FCVI = RNIR − RVIS, (2)

where RNIR is the directional reflectance at the NIR plateau, in this study
767–772 nm, and RVIS is the broadband visible reflectance between 400
and 700 nm. Consequently, the FCVI-based fluorescence efficiency
(ϵF FCVI) was computed as:

ϵF FCVI =
π⋅FTOC

iPAR⋅FCVI
, (3)

where the units of FTOC and iPAR are mW⋅m− 2⋅nm− 1⋅sr− 1 and
mW⋅m− 2, respectively, producing ϵF FCVI in nm− 1.

The second tested approach is standardisation with NIRv and its
extensions NIRvH1 and NIRvH2. NIRvH1 uses a single vector decom-
position to estimate the soil single scattering contribution and a logistic
function to estimate the bi-directional reflectance factor of vegetation at
the red edge, i.e., wavelengths at 675–800 nm (Zeng et al., 2021).
NIRvH2 is its simpler version, where a soil reflectance spectrum within
red edge is assumed to be linear. NIRv-based fluorescence efficiency
(ϵFNIRvH1/H2 ) was computed as:

ϵFNIRvH1/H2 =
π⋅FTOC

iPAR⋅NIRvH1/H2
, (4)

A shortcoming of SIF normalisation methods using iPAR is the
assumption that the amount of PAR absorbed by the canopy (APAR) can
be approximated by the actual iPAR quantity. This assumption, how-
ever, neglects influence originating from solar illumination angles in
combination with the canopy architecture and soil background that, in
turn, cause decoupling of iPAR and APAR. To test and compare per-
formance of this approach, we modelled canopy APAR and SIF for our
experimental barley plots in the DARTmodel (Gastellu-Etchegorry et al.,
2017), analysed the 3D radiative budget of iPAR per-canopy, APAR, and
F760, i.e., a combined leaf SIF emission from photosystem I and II (PSI
and PSII), modelled simultaneously with the TOC SIF radiance at 760
nm (as described in section 2.3.3.2).

2.3.3. Radiative transfer modelling

2.3.3.1. Leaf chlorophyll content retrieval by PROSAIL inversion. Because
the leaf chlorophyll a+ b content (Cab) measured by laboratory chemical
analysis was found to be unreliable, we retrieved Cab of experimental
plots from their UAS hyperspectral TOC reflectance images through
inversion of the PROSAIL radiative transfer model (Jacquemoud et al.,
2009). The image GSD was aggregated to 0.08⋅0.08 m pixel size and
spectrally smoothed with a 3 × 3 pixels moving kernel mean filter to
increase the signal to noise ratio. As the PROSAIL inversion is sensitive
to spatially varying canopy structure, we excluded heterogeneous can-
opy parts of the image based on information extracted from the canopy
DSM (see section 2.2.2, Fig. 1). The DSM raster (GSD = 0.02 m) was
spatially resampled to fit the 0.08 m pixel size hyperspectral image.
Then a DSM slope image was calculated and pixels with a slope > 35◦
were excluded (section 2.3.1.1). In a next step, the hyperspectral image
was superimposed over the DSM, enabling the spatial match of both
raster layers, and the drone image was clipped with the experiment’s
plot boundaries, reduced by 0.4 m to exclude edge effects, and with the
slope mask from the DSM. As a result, only pixels in the experimental
plots with a DSM slope ≤ 35◦ were used in the PROSAIL inversion.
Finally, we retrieved Cab with the Automated Radiative Transfer Models
Operator (ARTMO) look-up-table inversion tool designed for
PROSPECT-D (Féret et al., 2017, 2021) and 4SAIL models (Verrelst
et al., 2014). The PROSPECT-D input parameters were adopted from
value ranges for wheat listed in Berger et al. (2018) and 4SAIL param-
eters were based on actual conditions at time of the drone flight and on
results from laboratory analysis of the individual plant samples (see
Table 2).

2.3.3.2. DART SIF and APAR simulations. To investigate and compare
normalisation performance of ϵF FCVI and ϵFNIRvH1/H2 , we created and
simulated a virtual 3D scene of our experimental barley plot in a fully
controlled environment of DART (v5.8.5). DART simulations of SIF and
APAR radiative budgets were carried out for varying canopy LAI, three
potentially occurring LADs, and varying leaf optical properties,
including joint PSI plus PSII fluorescence quantum efficiency (FQE),
simulated with the leaf radiative transfer model Fluspect-Cx (Lamsal
et al., 2022; Vilfan et al., 2018). The simulations were executed in the
flux tracking radiative transfer mode, without presence of atmosphere,
using mean bottom of atmosphere (BOA) solar irradiance as measured
with the AirSIF upward looking channel for solar zenith and azimuth
angles (SZA and SAA) of the four overflight times on 29th June 2018.
Actual values and ranges of leaf biochemical and physical properties
were measured in the laboratory (Table 1), or, as for instance of leaf
mesophyll structure parameter N, adopted from scientific literature
(Jacquemoud et al., 1996). Bare soil ground reflectance was measured
in-situ with an optical ASD soil-probe attached with an optical fibre to
the ASD FieldSpec-4 spectrometer (Malvern Panalytical Ltd., UK). The
virtual infinitely juxtaposed 3D canopy was represented by a 0.6 m high
rectangular assembly of equilateral triangular leaves (leaf area of 0.001
m2), distributed homogeneously with varying LAI and LAD. Actual
values of the DART scene parameters are listed in Table 3 and detailed
DART settings, allowing to reproduce the DART simulations, are avail-
able in appendix B. In total, we simulated 45,000 different parameter
combinations and stored their SIF and APAR outputs in a MySQL data-
base for further processing.

2.3.3.3. Estimation of fAPARgreen and canopy SIF escape factor. An esti-
mate of fAPARgreen is required to calculate APAR based on the concept of
light use efficiency (APAR = fAPARgreen*PAR; Monteith, 1977). Apart
from Cab, fAPARgreen is driven by LAI, PAR intensity and LAD. Cab was
restricted to a narrower range of 20–50 μg.cm− 2, closer to the PROSAIL
estimates for the investigated measured experimental plots (Table 1),
and fAPARgreen was then modelled as a function of LAI for each solar
zenith angle (SZA) and for two LADs: i) spherical, representative for
non-lodging barley plants, and ii) planophile, typical for lodging plants.
The relationship between LAI and fAPARgreen was quantified with a
self-starting asymptotic regression function (SSasymp, R “stats” package
v3.6.2). Unlike exponential functions, the asymptotic function does not
produce predictions of values >1, which would not be meaningful for
fAPARgreen. Separate regression functions were fitted to planohile and
spherical LADs, and to different SZA corresponding to the time of the
airborne sensor overflights (Fig. S1). The quality of the fit was assessed

Table 2
Input parameters used in PROSAIL simulations for retrieval of leaf chlorophyll a
+ b content.

Parameter Values Unit Description

PROSPECT-D
N 1–2.5 - Leaf mesophyll scattering parameter/

leaf structure index
Car or Ccx 0–14.5 μg⋅cm− 2 Total carotenoid content
Cab 0–80 μg⋅cm− 2 Leaf chlorophyll a + b content
CAnth 0–40 μg⋅cm− 2 Total anthocyanin content
Cbp 0–100 - Brown pigments
Cw 0.001–0.05 cm Equivalent water thickness
Cdm 0.001–0.01 g⋅cm− 2 Dry matter content
4SAIL
LAI 0.45–8 m2⋅m− 2 Leaf area index
hspot 0.01–0.4 m⋅m− 1 Hotspot parameter
ALIA 10–90 deg Average leaf inclination angle
skyl 10–30 - Fraction of diffuse radiation
tto 0 deg Observer zenith angle
Rho soil measured

spectrum
% Soil reflectance

tts 28.09 deg Solar zenith angle
psi 165.51 deg Azimuth angle
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by comparing the observed fAPARgreen, calculated from DART, to
fAPARgreen predicted by applying the fitting function of LAI for each
modelled SZA and LAD separately (Fig. S2). Consequently, the co-
efficients describing the asymptotic functions were applied to estimate
fAPARgreen and APAR of experimental plots of interest. The second
component, fesc, was modelled as a function of LAI per SZA and LAD in
the same way as fAPARgreen (Fig. S3 and S4). Resulting fAPARgreen and
fesc, assigned to each plot, were computed as weighted averages ac-
cording to the percentage of non-lodging and lodging parts of the canopy
per plot (as described in section 2.3.1.1). The analysis was conducted in
R Statistical Software (v4.0.3; R Core Team, 2021).

Deriving fAPARgreen and fesc for the measured data allows for
comparing fesc modelled in DART and estimates of fesc based on SIF
normalisation with vegetation indices as suggested in Siegmann et al.
(2021):

fesc ≈
FCVI/NIRvH1/H2
fAPARgreen

, (5)

2.3.3.4. Relative error of SIF normalisation methods. Yang et al. (2020)
suggested to assess the relative error (RE), i.e., the bias, of the SIF nor-
malisation method using a reference ϵF value. In our case, ϵF leaf is rep-
resented by:

ϵF leaf =
π⋅leaf F760
APAR

, (6)

Leaf F760 emission is driven by diurnal variations in APAR intensity,
and it is complementary to leaf photosynthetic efficiency (i.e., photo-
chemical quenching – PQ) and heat energy dissipation (i.e., non-
photochemical quenching – NPQ). Due to the absence of a leaf
biochemical photosynthetic model in DART, PQ and NPQ are not
modelled and none of the leaf photoprotective adaptations (e.g., chlo-
roplast movement or upregulation of the xanthophyll cycle) is consid-
ered in modelled APAR. Additionally, DART-simulated leaf ChlF
emissions do not account for microclimatic conditions (e.g., local tem-
perature, humidity, or wind aerodynamics). These factors are nearly
constant in a vertical profile of a structurally homogeneous spring barley
canopy (height of only 60 cm) and their impact on variability of SIF
emissions is, compared to other drivers, negligible. Therefore, a nor-
malisation of leaf F760 by APAR modelled in DART produces ϵF leaf

compensating for optical interactions of SIF with canopy structures and
soil, as well as leaf biochemical contents with internal leaf anatomy and

3D spatial distributions of modelled foliar components (see Table 3). RE
of ϵF FCVI was subsequently expressed as:

RE [%] =
ϵFFCVI − ϵFleaf

ϵFleaf
*100, (7)

RE of ϵFNIRvH1/H2was calculated the same way, just substituting ϵF FCVI

by ϵFNIRvH1/H2 . Additionally, Yang et al. (2020) suggested not to compute
RE of ϵF FCVI for sparse canopies, as the physical theory underlying the
ϵF FCVI concept is valid only for canopies with LAI >1. Thus, RE can be
also used for screening purposes, to exclude data points where ϵF FCVI has
too large uncertainty.

3. Results

This section is divided into results originating from: i) DART
modelling of SIF, specifically F760, ϵF FCVI, and ϵF NIRvH1/H2, as functions
of canopy biophysical and biochemical traits, and ii) application of those
results on the experimental airborne AirSIF and HyPlant SIF data and
comparison with the outcomes of DART modelling.

3.1. DART modelling

3.1.1. F760, PAR, and APAR
The aim of TOC SIF normalisation is to minimize confounding can-

opy structural effects in the remotely sensed SIF signal, but also to
reduce the signal dependency on diurnally changing available PAR and,
consequently, APAR. The computed ϵF FCVI, and ϵF NIRvH1/H2 are ex-
pected to closely approximate the F760 emitted by plant leaves. Both
TOC and leaf F760 were extracted from the DART simulations of virtual
barley canopies. F760 increases with increasing LAI (0.5–8) from close to
0 to 14 mW⋅m− 2⋅nm− 1⋅sr− 1 at the canopy level, while it is reaching
values 23 mW.m− 2.nm− 1.sr− 1 at the leaf level (Fig. A1). Furthermore,
canopies with planophile LAD showed a significantly different linear
regression slope compared to spherical and erectophile canopies. For all
cases, TOC F760 is smaller than leaf F760, with slightly varying slopes
(0.498–0.528), with slope increasing with increasing LAI. For LAI ≥ 2,
TOC F760 is in general, 50 % lower than F760 emitted from the leaves,
which clearly indicates a strong influence of canopy architecture on TOC
F760.

The simplest normalisation of TOC F760 is its division by PAR, where
PAR is used as a proxy of the canopy APAR. Fig. 2A shows the diurnal
course of PAR according to the data acquisition times and SZA in the
field study. The variability of DART-simulated APAR showed that LAI
<2 leads to APAR ≤50 % of the observed PAR. Other factors causing the
variation of APAR are LAD and Cab, with planophile canopies inducing
higher APAR than erectophile canopies (results not shown). In addition,
when looking at the ratio of PAR to APAR in Fig. 2B it is apparent that
this ratio is nearly constant over the day for high LAI >2 but varies over
the day for LAI<2. Fig. 2 clearly demonstrates that PAR is, in most cases,
not a sufficient approximation of APAR. Especially in sparse canopies,
PAR is considerably larger than the amount of energy available for
photosynthesis at the leaf level due to neglection of canopy architecture
and soil background.

3.1.2. Relative errors of F760 normalisation approaches
Yang et al. (2020) suggested the RE of FCVI to be used as a screening

tool for excluding cases where the assumption of the physical theory
behind the SIF normalising index is invalid, e.g., sparse canopies (see
2.3.3.4). Since the dataset modelled in DART had freely varying vari-
ables, e.g., N-number and FQE of the photosystems I + II, we could
determine specific RE thresholds for tested indices from our simulations
(Fig. 3). The FCVI threshold was later applied to classify reliability of the
airborne observations (Fig. 7). Fig. 3 shows the relative error (RE) of
ϵF FCVI and ϵFNIRvH1/H2 per actual value of the index, coloured by LAI. The
RE increases exponentially for low FCVI and NIRv/H1/H2 values

Table 3
Parameters and values used for DART barley plot simulations. More detailed
DART settings can be found in the supplementary information Table S1.

Parameter Values Unit Description

Cab 10, 25, 40, 55, 70 μg⋅cm− 2 Leaf chlorophyll a + b content
Ccar 2, 5, 8, 11, 14 μg⋅cm− 2 Leaf carotenoid (total) content
Cdm 0.0041* g⋅cm− 2 Dry matter content
Cw 0.0081* cm Equivalent water thickness
N 1.0, 1.5, 2.0, 2.5 - Leaf mesophyll structure

parameter
LAI 0.5, 1.0, 2.0, 4.0, 8.0 m2⋅m− 2 Leaf area index
LAD spherical, planophile,

erectophile
- Leaf angle distribution

Plot x, y 1, 1 m Size of simulated juxtaposed
scene

Canopy
height

0.6 m Canopy height

FQE (PSI +
PSII)

0.005, 0.01, 0.02,
0.03, 0.04, 0.05

- Fluorescence quantum yield
efficiency for photosystems I&
II

SZA 38.6, 33, 27.9, 35.26,
47.87

deg Solar zenith angle

SAA 122.04, 137.05,
192.11, 229.67,
254.67

deg Solar azimuth angle (from
north clockwise)

* Computed as median of the measurements listed in Table 1.
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Fig. 3. (A) Relative error (RE) for FCVI, (B) NIRv, (C) NIRvH1, and (D) NIRvH2 based fluorescence efficiency per index value, calculated for barley canopies
simulated in DART after Yang et al. (2020). The dashed lines show the RE range at 30 % RE and the dotted lines represent the RE range at FCVI threshold 0.18 as
suggested by Yang et al., 2020.In B-D: RE of NIRv, NIRvH1, NIRvH2- based fluorescence efficiency and respective RE at 30 %.
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(<0.3). For moderate to high FCVI and NIRv/H1/H2 values (>0.3) RE is
higher for planophile LAD than for spherical and erectophile canopies.
Yang et al. (2020) identified a FCVI value of 0.18 as a practical threshold
to exclude estimates of ϵF FCVI with a relative error > 30 % (dotted
horizontal lines in Fig. 3A). For our simulated data, the 0.18 FCVI
threshold corresponds to a RE of 80–130 % (dotted vertical line in
Fig. 3A). To retain the recommended minimum of 30 % RE cut-off, we
set a threshold of 0.28 and 0.3–0.31 for NIRv/H1/H2, respectively
(dashed vertical lines in Fig. 3). These thresholds equate to canopies
with LAI of 1–2, depending on LAD. Significantly higher errors occurred
for planophile canopies, i.e., RE up to 100 % for FCVI and 85 % for
NIRv/H1/H2, respectively.

3.1.3. F760 efficiency
To address and minimize the influence of canopy architecture and

PAR/APAR, we applied the ϵF FCVI and ϵFNIRvH1/H2 normalisation ap-
proaches on DART simulations as described in 2.3.2. Fig. 4 shows a
comparison of efficiency factors against ϵF leaf for the smallest and
largest simulated SZA, coloured by simulated LAI. For ϵFNIRvH1/H2 , plotted

points are located close to the 1:1 line (R2 0.98–0.99) with slopes close to
1 and intercepts <0.05. ϵF NIRvH1 tracks ϵF leaf best with the lowest root
mean square error (RMSE) of 0.55 nm− 110− 5. Additionally, ϵF NIRvH1
shows no dependency on LAI, whereas ϵF NIRv overestimates ϵF leaf for
low LAI <1 and ϵF NIRvH2 underestimates ϵF leaf for LAI <1. Therefore,
ϵF NIRvH1 was chosen for further analysis. For ϵF FCVI, Yang et al. (2020)
observed a strong dependency on low LAI. Results of our 3D DART
simulations confirmed that FCVI underestimates ϵF leaf (R2 0.93) with a
slope of 0.79 (Fig. 4). The underestimation is larger for canopies with
LAI <2. Hence, ϵF NIRvH1 was found to be least sensitive to vegetation
canopy LAI changes and tracking ϵF leaf most reliably.

Fig. 5 shows the influence of LAI and LAD on TOC F760 divided by
APAR, ϵF NIRvH1, ϵF FCVI in higher detail. In comparison with TOC F760
divided by APAR, both ϵF NIRvH1 and ϵF FCVI compensate well for the
effects of LAI and LAD when LAI is 2 or larger. For LAI equal to 0.5 and 1
(not shown), ϵF NIRvH1 is clearly superior to ϵF FCVI. It is noticeable that
the relationship between ϵF leaf and ϵF FCVI becomes non-linear for high
ϵF, which is not the case for ϵF NIRvH1.

Fig. 4. Comparison of F760 efficiency factors calculated from TOC F760 ϵF FCVI and ϵFNIRvH1/H2 against ϵF leaf (see Eq. 6). Data is shown for 14:00 (27.9◦) and 17:00
(47.87◦) CEST (SZA) and coloured by LAI 0.5–8. The dashed line indicates the 1:1 line, the black line is the linear regression line for all LAI combined, and R2

indicates the coefficient of determination, RMSE is the root mean square error in nm− 1 and MAPE is the mean absolute percent error. Input values for the DART
simulations are listed in Table 3.
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3.2. Aerial observations

Fig. 6 displays an overview of the experiment field with AirSIF
footprints acquired at 15:30 CEST and projected over the nine sampled
barley plots (panel A). Only the footprints that have been included in the
analysis after the spatial filtering process described in 2.3.1.4 are shown.
Panel B shows HyPlant TOC F760 for the flight conducted at 15:00 CEST
with a pixel size of 0.5⋅1 m. Panels C and D show ϵF FCVI and ϵF NIRvH1
respectively, computed per pixel of the same flight raster data. Clear
differences in F760 can be observed between plots, with higher F760
occurring in plots containing larger portion of green than senescent
biomass (see RGB representation in panel A). This general pattern per-
sists also in the map of ϵF FCVI (panel C), however, pixels at the plot edges
with prevailing green biomass show increased ϵF FCVI compared to the
pixels in plot centres. The map of ϵF NIRvH1 (panel D) shows, in general,
similar patterns when compared to ϵF FCVI . Yet, very high values of
ϵF NIRvH1 at edges of experimental plots and over bare soil, indicated by
the yellow-coloured pixels, suggest unrealistic overestimates for barley
pixels mixed spectrally with bare soil. For further analysis, AirSIF and
HyPlant measurements were integrated per experiment plot. The mean
value per plot was used for AirSIF data, whereas the pixel aggregation
approach described in section 2.2.3 was employed for HyPlant F760
images.

The comparison of the efficiency factors pooled for all observation
times/SZA and both aerial sensors is shown in Fig. 7 (Panel A). The TOC
SIF efficiencies are coloured by sensor type, shape of symbols indicates
FCVI values ≤0.28 or > 0.28 according to the relative error threshold
established in Fig. 3. Only two datapoints showed a FCVI <0.28.

HyPlant observations from high overflights deviated stronger than UAS
observations and low HyPlant flights. Panel B shows the same rela-
tionship of the modelled data for comparison after restricting it to the
range of measured data of LAI 1–8, LAD planophile or spherical, Cab
20–40 μg⋅cm− 2, and ϵFFCVI/NIRvH1 ≤10 nm− 1⋅10− 5 (see also Fig. S7).
Compared to the modelled data (R2 = 0.98) a similarly strong but
slightly weaker correlation (R2 = 0.93) was found and errors increase in
the measured data, indicated by a higher RMSE and mean absolute
percent error (MAPE). FQEs shown in panel B suggest that the FQEs of
measured data ranged between 0.01 and 0.03.

To evaluate diurnal courses measured from the aerial platforms
AirSIF and HyPlant, all sampling plots are pooled per overflight and
presented as TOC F760 and its normalisations by APAR and the two ef-
ficiency approaches. Fig. 8 shows values from the nine experimental
plots (depicted in Fig. 6) sorted by time of overflight and distinguishing
low (350 m) and high (680 m) overflights of HyPlant. The diurnal course
of mean canopy APAR has been added for a better orientation. The
overall TOC SIF, displayed in panel A, is lower in the late morning than
in the afternoon and indicates that F760 reaches the highest diurnal
emissions about 1–2 h after solar noon, which is also the case for all
three normalised datasets (panels B–D). The variance in the high-
altitude HyPlant overflights is the largest (grey), particularly for the
overflight at 14:45 CEST. Remaining TOC SIF values range predomi-
nantly between 0.5 and 1.5 mW⋅m− 2⋅nm− 1⋅sr− 1. After normalising TOC
SIF by APAR (panel B), the overall data distribution pattern stays
similar, especially from late morning until 14:00 CEST. In comparison to
panel A, the afternoon values are slightly shifted, especially for the
17:00 CEST overflight (see also Fig. S10). Similarly, ϵF FCVI (panel C) and

Fig. 5. Comparison of DART simulated leaf level F760 efficiency factors ϵF leaf against TOC F760 normalised by APAR, ϵF FCVI and ϵF NIRvH1 calculated from TOC F760
for LAI 0.5–8 (indicated at the top of each panel), and coloured according to leaf angle distribution (LAD) functions. The dashed line indicates the 1:1 line, the black
line is the linear regression line for all LAD combined, and R2 indicates the coefficient of determination. RMSE stands for root mean square error, and MAPE is the
mean absolute percent error. Input values for the DART simulations are listed in Table 3.
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Fig. 6. Barley experimental field on 29 June 2018 with plot outlines shown in red depicting: (A) AirSIF drone F760 measurements for the flight conducted at 15:30
CEST with orthophoto in the background (pixel size of 0.03 m) and plot IDs (see Table 1), (B) HyPlant F760 flight at 15:00 CEST, pixel size of 0.5⋅1 m, acquired at 350
m above ground level, (C) ϵF FCVI computed from the same HyPlant flight, and (D) ϵF NIRvH1 also from the same HyPlant flight. The arrow and sun symbol indicate the
solar azimuth angle at 15:00 CEST. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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ϵF NIRvH1 show the largest change on the diurnal distribution in the late
afternoon. Note that the variability per flight is driven by contrasting
barley phenotypes and corresponding crop development stages and
uncertainties in the measured radiances and SIF retrieval. To better
assess the effects of ϵF FCVI and ϵF NIRvH1, Fig. 9 shows the same data as
Fig. 8 but plotted against TOC F760. In this visualisation, a weaker
relationship indicates decoupling from TOC F760. ϵF NIRvH1 shows a
larger deviation from TOC F760, indicating a slightly larger effect on the
diurnal course of the data.

Finally, we assessed fesc calculated from Eq. 5 in a direct comparison
against fesc in nadir direction of green vegetation simulated in DART (fesc
DART) (Fig. 10A). fesc FCVI strongly differs from fesc DART and the non-
systematic deviation is driven by LAI, combined with a systematic bias
caused by FQE and LAD (see Fig. S11). fesc NIRvH1, in turn, tracks fesc
DART closely (R2 = 0.88, RMSE = 0.03) (Fig. 10B). In the case of
measured data, we found a close match (R2 = 0.81) between fesc FCVI
and fesc NIRvH1, but the fesc values were in general lower than in
simulated data when restricted to the range of measured LAI, LAD and
Cab (see Fig. 10C-D).

4. Discussion

4.1. Performance and limitations of FCVI and NIRvH1 SIF efficiency

4.1.1. Modelled outcomes
In this study, we used a radiative transfer modelled dataset and TOC

SIF in-situ data from two independent airborne sensor platforms to study
the impact of canopy structure on the relation between leaf and TOC
F760. Specifically, we studied the performance and limitations of the
FCVI and NIRv-based F760 normalisation approaches in cereal crop
canopies.

In the DART simulations, F760 emitted by all leaves in the canopy was
in general twofold higher than F760 at the top of the canopy, which is in
line with result demonstrated by previous studies (Malenovský et al.,
2021; Yang and van der Tol, 2018; Zhang et al., 2016). Both TOC F760
and leaf F760 are driven by APAR, which is mainly dependent on solar
zenith angle (SZA) and LAI (Fig. 2). APAR is not stable over the course of
the day, which indicates that normalisation of TOC F760 by PAR or APAR
is insufficient for revealing relative changes of the diurnal course of leaf

F760. To find the most suitable F760 normalisation approach for crop
canopies with varying structure, we compared the performance of TOC
ϵF (Eqs. 3, 4) of FCVI, NIRv, NIRvH1 and NIRvH2 against ϵF leaf . DART
radiative budget simulations allow to accurately approximate leaf F760
and compare ϵF approaches. Based on the DART simulated results,
performance of ϵF NIRvH1 is superior to the other NIRv-based approaches
and ϵF FCVI. Not only does it match ϵF leaf very closely, but the rela-
tionship is also least biased compared to the other approaches (see
Figs. 4 & 5).

It must be noted that fluorescence quantum yield efficiency (FQE)
was varied between 0.005 and 0.05 in DART simulations (personal
communication P. Yang), where 0.05 refers to the maximum realistic
FQE that is not likely to be reached during most days. Additionally, LAD
and LAI influenced the relationship between ϵF FCVI and ϵFNIRvH1/H2 , with
LAI below 2 (i.e., FCVI<0.28, NirvH1/H2 0.3–0.31) producing ϵF FCVI or
ϵFNIRvH1/H2 RE ≥30 %, respectively (Fig. 3). This observation has been
confirmed by the theoretical deduction of FCVI in Yang et al. (2020). In
their study, they suggested to exclude cases where ϵF FCVI is not reliable,
by setting an FCVI threshold of 0.18. RE for low FCVI values, simulated
in the SCOPE model with a realistic soil background, was found to be
negative (Yang et al., 2020). In our study, we observed mainly positive
RE for FCVI and NIRvH1/H2 simulated with the soil spectra measured at
the study site (and for a black soil, see Fig. S5). RE became negative for
LAI of 8 but never reached more than 20 %. The explanation is that for
very low FCVI ϵF modelled in SCOPE are higher compared to ϵF from
DART, causing the RE to be positive in DART and negative in SCOPE.
However, these are extreme cases, which are not likely observed in in-
situ data.

In general, there is a difference between both studies in the magni-
tude of observed ϵF FCVI, which is ~0.25–2.5⋅10− 5⋅nm− 1 in SCOPE
compared to 1–17⋅10− 5⋅nm− 1 in DART. This difference can be partially
explained by the simulation input parameter ranges. In the SCOPE
simulations, the SZA were 30–60◦ and viewing zenith angles of 0–60◦,
while PAR was 100–800 W⋅m− 2. In the DART simulations, solar and
viewing angles were constrained to the range of our field measurements,
i.e., SZA of 28–50◦, nadir viewing zenith angles of 0◦, and PAR 300–420
W⋅m− 2. Since additional 49 sensor viewing zenith angles were modelled
in DART, we computed F760 efficiency factors for the viewing directions
closest to the hotspot (i.e., the viewing direction closest to SZA and SAA)

Fig. 7. (A) Comparison of F760 efficiency factors ϵF FCVI and ϵF NIRvH1 for the barley experiment plot measurements, coloured by sensor type and shape of symbols
corresponds to FCVI class according to the relative error threshold (FCVI = 0.28) determined in simulated data (Fig. 3; n = 90). (B) F760 efficiency factors ϵF FCVI and
ϵF NIRvH1 from DART simulated data restricted to the range of measured data 0–10 nm− 1⋅10− 5. Visualised data are constrained to LAI 1–8, spherical and planophile
LAD, Cab 20–40 μg⋅cm− 2, and coloured by fluorescence quantum yield (FQE). The dashed line indicates the 1:1 line, the black line is the linear regression line, and R2

indicates the coefficient of determination, RMSE stands for the root mean square error, and MAPE for mean absolute percent error.
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Fig. 8. Diurnal observations of TOC F760 acquired by HyPlant flying at 350 and 680 m above ground (in orange and grey, respectively), and AirSIF flying at 8–10 m
above ground (blue). Overflights were conducted between 11:15 and 17:00 CEST on 29 June 2018. Panels show: (A) TOC F760, (B) TOC F760 normalised by APAR,
and (C) F760 normalised by the efficiency factors ϵF FCVI and (D) ϵF NIRvH1. Mean APAR (black solid line) is displayed on the second y-axis. Box plots show the average
of 9 experimental plots, which consisted of different barley varieties (cf. Fig. 6). (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

Fig. 9. The same diurnal observations of TOC F760 are shown as in Fig. 8, comparing TOC F760 (y-axis) against TOC F760 normalised by APAR (left), normalised by the
efficiency factors ϵF FCVI and ϵF NIRvH1 (x-axis), coloured by data acquisition time.
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and darkspot (i.e., opposite to hotspot), to assess performances of FCVI
and NIRvH1 for the three most oblique simulated SZA (Appendices C
and D). Comparable RMSE and MAPE to the nadir direction were
observed for near hotspot and darkspot for both ϵF FCVI and ϵF NIRvH1.
Additionally, no significant differences were found between the near-
hotspot and near-darkspot F760 efficiency factors, which means both
indices are able to correct for structural effects of prevailingly sunlit and
shaded canopies, observed under viewing zenith angles up to 50◦. Yet, as
in nadir simulations, the FCVI correction underperformed in the case of
off-nadir oblique scenarios with LAI = 0.5. It should be noted that there
are methodological differences between the two canopy models. SCOPE
is a 1D four-flux radiative transfer model with a canopy represented by a
turbid medium filled with infinitely small leaves (Yang et al., 2021a),
whereas DART is a discrete 3D multi-flux model working with canopies
built out of geometrically explicit leaves of realistic sizes and physically
modelled shadows (Regaieg et al., 2021).

There are also differences between our study and Zeng et al. (2021)
in the results of ϵFNIRvH1/H2 that can be explained as follows. First, the soil
measured in our experiment field was brighter (reflectance 0.3 at 800
nm) compared to Zeng et al. (2021) with reflectance 0.1–0.22 at 800 nm.

In our study we modelled LAI up to 8 as opposed to maximum LAI of 5 in
Zeng et al. (2021). We modelled the Cab range from 10 to 70 μg⋅cm− 2 in
comparison to 20–100 μg⋅cm− 2 in Zeng et al. (2021). Finally, we varied
N-number from 1 to 2.5, whereas Zeng et al. fixed N-number at 1.4.
Despite these differences, we observed, similarly to Zeng et al. (2021),
that NIRv is influenced by the soil background more than NIRvH1 or H2.

In conclusion, results in this study confirmed that ϵF FCVI can
compensate most of the canopy structural influences for canopies with
LAI ≥ 2. The ϵF NIRvH1 normalisation is more accurate but computa-
tionally more complex, intensive, and time consuming and requires
hyperspectral observations of soil reflectance. ϵF NIRvH2 could serve as a
compromise, as the computation is simpler, and it was performing only
slightly worse than ϵF NIRvH1. It should be noted that dynamic and
complex variations of leaf F760 efficiency occur as a function of PAR and
other leaf biochemical photoprotective mechanisms, causing changes in
leaf photosynthetic and consequently fluorescence quantum efficiencies.
These dynamics are not present in DART and had to be supplied as a
range of predefined FQEs.

Fig. 10. F760 escape fractions (fesc) for modelled data: (A) nadir fesc against estimated fesc FCVI (see Eq. 5) both simulated in DART, (B) nadir fesc against estimated fesc
NIRvH1 both simulated in DART, (C) estimated fesc FCVI and NIRvH1 both simulated in DART but restricted to the range of measured data, and (D) fesc FCVI and
NIRvH1 both retrieved from measured data, and coloured by sensor and flight altitude (HP stands for HyPlant, the shape seperates FCVI <> 0.28).
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4.1.2. Measurements from drone and aircraft platforms
To evaluate the advantages and shortcomings of ϵF FCVI or ϵF NIRvH1,

we applied both approaches to remotely sensed SIF observations ac-
quired from different sensors and platforms. These datasets had, how-
ever, the following limitations. First, the canopies’ architectures within
the experimental barley plots were inhomogeneous due to partially
lodging plants, caused by an early ripening. We attempted to take the
canopy structure into account by calculating the percentage of non-
lodging and lodging canopy per plot and assigning a weighted average
of fAPARgreen and ESC to every plot(see section 2.3.3.1).

Second, we could observe only nine experimental plots with the
drone-based sensor AirSIF, due to the maximal drone flight time of only
10–15 min, and due to the necessity to collect several measurements
over each plot. This approach ensured enough measurements close to
the plot centre, allowing for a scientifically sound statistical analysis.
Yet, some measurements, located at the edge of a plot because of the
limited drone navigation accuracy, had to be discarded.

Third, only a limited number of pixels was located in each plot due to
the relatively large GSD of HyPlant airborne images, i.e., 1⋅0.5 m and
1⋅1 m, with respect to the barley plot size of 3⋅6 m. Consequently, small
inaccuracies in georeferencing could lead to deviations in spectral sig-
natures. The risk of these inaccuracies was minimised by extracting plot
pixels from a vector file directly drawn onto the HyPlant image, while
excluding pixels along the plot edges, and by applying spatial aggrega-
tion techniques (see section 2.3.1.5).

Data from HyPlant flights at 680 m AGL presented the highest
variability, similar to Krämer et al. (2021). During the investigated day,
TOC F760 increased and decreased with PAR/APAR as expected, how-
ever, only a little decrease was observed in the afternoon (Fig. 8). It
should be mentioned that TOC F760 tends to decrease less in mature
canopies (Campbell et al., 2019), which is the case of our measurements.
Krämer et al. (2021) found a stronger afternoon decrease of TOC F760 in
neighbouring wheat plots of an earlier phenological stage. When
comparing TOC F760 normalisation by APAR, ϵF FCVI, and ϵF NIRvH1, only
little changes in the diurnal pattern were observed and the impact was
strongest on the afternoon observations. A stronger effect of TOC F760
normalisation was expected but was not observed due to the heatwave
causing early ripening of the barley crops. The early ripening led to a
reduction in TOC F760 and additionally larger phenological variability
among barley cultivars. It should be noted that calculation of APAR for
measured data required fAPAR estimates, which were generated from a
statistical model fitting based on LAI. Thus, inaccuracies in measured
LAI impact the estimation of APAR.

Our results confirmed the statistically significant agreement between
ϵF FCVI and ϵF NIRvH1 (Fig. 7A; R2 = 0.93) in the measured data, which is
comparable to the DART-modelled results restricted to the value ranges
of the measured data (Fig. 7B; R2 = 0.99). Nevertheless, Fig. 8 shows
that the normalisation approaches had somewhat limited effect on the
large variability that was revealed for data acquired with both platforms
during different overflights throughout the day. The closest agreement
was found for HyPlant acquisitions at 350 m altitude and AirSIF mea-
surements taken at 12/13:00 and 15/15:30 CEST, respectively. No
further quantitative comparison of drone and aircraft was attempted
data because of the limited number of observed plots (n= 9) (see Fig. S9
for plot-level data).

Finally, we observed a discrepancy between fesc estimated from
measured data and radiative transfer simulations with NIRvH1 and
FCVI. Since fesc for measured data relies on correct estimations of LAD
and LAI used to calculate fAPAR in the form of lookup tables (see Fig. S1,
S3), uncertainties in estimating fAPAR propagate into fesc estimation
(Yang et al., 2021b). On the other hand, TOC F760 modelled in DART
may be higher than what was observed in our in-situ data. For instance,
Xu et al. (2021) observed a lower fesc simulated in SCOPE than fesc
estimated with FCVI from measured data in potato crops.

4.2. Limitations and general remarks

The presented results show a detailed analysis for a single crop type
of four structurally different barley cultivars. Consequently, the impli-
cations of our findings cannot be directly transferred to structurally
different crop types or plant functional types, especially those contain-
ing woody elements (i.e., shrubs and trees). One reason is that esti-
mating LAI, LAD, and foliage clumping characteristics for tree canopies
at such a high spatial resolution as applied in this study is challenging.
Our results included simulations of geometrically explicit leaves with
modelled shadows, but no specific foliage clumping was included, as it is
not expected to be significant for cereal canopies of later growth stages.
Consequently, the results are not applicable to highly clumped canopies
either. Transferability to grasslands is, however, likely due to the simi-
larity in canopy structure.

Our study is systematically comparing two types of TOC F760 nor-
malisation approaches that have been published recently (Yang et al.,
2020; Zeng et al., 2021). Since the publication of both approaches,
studies that apply these approaches have been conducted, but none of
them systematically assessed their strengths and weaknesses (Merrick
et al., 2021; Nagy et al., 2024; Wu et al., 2023). Yang et al. (2020) and
Siegmann et al. (2021) assessed some performance of FCVI, which is
partially confirmed and further extended by results of our study. We
confirmed its limited applicability to low LAI with an independent
radiative transfer model but found a different threshold for reliability of
FCVI (0.28 as opposed to 0.18). Finally, it must be noted that our study is
focussed on finding the most reliable method to estimate ϵF leaf for high
spatial resolution data. Estimation of GPP, as attempted in Yang et al.
(2023) or Dechant et al. (2022), is beyond the scope of this study.

5. Conclusions

The discrete anisotropic radiative transfer modelling of canopy
bidirectional reflectance factor, APAR and SIF radiative budgets was
found to be an efficient tool for testing performances and assessing
limitations of two canopy SIF efficiency standardisation methods in the
case of a spring barley experiment. On one hand, it enabled us to
investigate robustness of the ϵF FCVI and ϵFNIRvH1/H2 normalisation, which
employ the FCVI and NIRv/NIRvH1/H2 optical indices as a spectral-
invariant reflectance-based proxy compensating for canopy structural
impacts. On the other hand, DART facilitated computation of the F760
nadir escape probability factor fesc for 3D virtual barley canopies and
estimation of fAPAR through lookup tables that could be applied to in-
situ data of experimental fields from independent drone and airborne
SIF observations.

Results of this study suggest that ϵFNIRvH1 approximates ϵFleaf accu-
rately, even in sparse canopies with a low LAI. ϵF FCVI is a suitable tool
for normalising TOC F760 emitted by agricultural crops with canopy LAI
≥2. Unlike fesc NIRvH1, we observed a biased relationship between fesc
FCVI and fesc DART, non-systematically influenced by LAI and system-
atically influenced by FQE and LAD. In those cases, the overestimation
of fesc FCVI is causing an underestimation of ϵF FCVI. Nevertheless, when
applied to the diurnal airborne in-situ observations, both ϵFNIRvH1 and
ϵF FCVI had a similar effect on the diurnal trend of the data. Results from
this study are limited to barley cultivars and should be confirmed by
investigating structurally different plant types. In summary, both
downscaling methods for scaling TOC F760 to leaf F760 were found to be
effective, except for FCVI in sparse canopies, and are applicable to high
spatial resolutions F760 observations.
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Appendix A

Settings and values of input parameters used for discrete anisotropic radiative transfer (DART) simulations of barley plots (PAR = photosyn-
thetically active radiation, VIS = visible wavelengths, F = fluorescence). The most essential DART settings can be found in the main document
(Table 3).

Parameter Unit Value

3D scene
Voxel dimensions (fixed) m x = 0.5, y = 0.5, z = 0.5
Horizontal & vertical dimensions (fixed) m x = 1, y = 1, z = 0.6
Slope (fixed) ◦ 0
Geolocation & elevation (fixed) ◦ & m.a.s.l. Lat. = 50◦ N, Long. = 7◦ E, Alt. = 225
Spectral settings
Solar irradiance (varied) W⋅m− 2⋅nm− 1 Measured per wavelength with radiometrically calibrated drone based AirSIF spectroradiometer in diurnal cycle of 29

June 2018
Ration of direct vs. diffuse irradiance
– SKYL (varied)

rel. Measured per wavelength with radiometrically calibrated PAR ceptometer in diurnal cycle 29/06/2022

Soil reflectance (fixed) % Measured in-situ: 18 % at 550 nm, 26 % at 686 nm, 28 % at 740 nm
PAR spectral band (VIS) (fixed) nm 400–700 (centre at 550 nm)
Fluorescence spectral band (fixed) nm 759.6–760.4 (centre at 760 nm)
Radiative transfer settings (all fixed)
Light propagation mode – Forward flux-tracking & radiative budget (without atmosphere)
Propagation threshold – 1.0E-7
Max. no. of iterations – 10
Scene albedo exitance threshold – 0.001
Max. no. of scenes crossed by a ray – 1000
Smaller mesh size of irradiance source m 0.001
Illumination spatial distribution – Semi-random
Factor N for division sub-cells per cell – 2
Factor M for division sub-face per face – 4
Barycentre on intercepted surfaces – yes
Barycentre on exiting sub-surfaces – yes
Use of sparse voxel acceleration – yes
No. of triangles for acceleration inside a
voxel

– 10
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Appendix B

Linear regressions of leaf and TOC nadir* F760 simulated in DART for LAI 0.5–8 (shown in separate panels) and coloured according to LAD (i.e.,
erectophile, planophile, and spherical). The dashed line indicates the 1:1 line, the black line represents the combined linear regression for all three
LADs and R2 indicate the coefficient of determination for these regressions. Input values for the DART simulations are listed in Table 3. *Hemi-
spherical-directional reflectance factor and oblique multidirectional F760 were also simulated but are not shown here.
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Appendix C

Comparison of DART-simulated leaf level F760 efficiency factor ϵF leaf against ϵF FCVI and ϵF NIRvH1 for sensor viewing angels close to the hotspot per
LAI between 0.5 and 8, coloured by the local time/SZA. The dashed line indicates the 1:1 line, the black line is the linear regression line for all
displayed simulations together. R2 indicates its coefficient of determination, RMSE stands for the root mean square error, andMAPE for mean absolute
percent error. Input values for the DART simulation are listed in Table 3.
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Appendix D

Comparison of DART-simulated leaf level F760 efficiency factor ϵF leaf against ϵF FCVI and ϵF NIRvH1 for sensor viewing angles close to the darkspot (i.
e., opposite to hotspot) for LAI between 0.5 and 8, coloured by the local time/SZA. The dashed line indicates the 1:1 line, the black line is the linear
regression line for all displayed simulations together. R2 indicates its coefficient of determination, RMSE stands for the root mean square error, and
MAPE for mean absolute percent error. Input values for the DART simulation are listed in Table 3.

Appendix E. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.rse.2024.114521.

Data availability

Data will be made available on request.
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